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ABSTRACT: Al-based big data systems support near real-time disaster response and resource allocation. These
systems shorten reaction times by leveraging scarce resources (data, bandwidth, processing, and decision-making) more
efficiently in disaster management. A layered architecture provides distributed computing, data fusion, and decision
management for near real-time deployment. Future implementations will prototype alarm generation using social-media
and sensor data.

Large-scale disasters place severe and often insurmountable demands on emergency agencies. Under such conditions,
resource allocation plays a critical role in minimizing disaster impact, but conventional methods based on historical
data often cannot meet real-time requirements. The integration of geographical information with data from social
networks, sensor networks, and other sources can facilitate the relevant prediction and decision-making processes, but
the available data, computing, and human resources are all severely constrained—with the same scarcity of responses
and alerts as for other data types. For these reasons, proposed methods shorten response times by applying Al-based
big-data systems.
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L. INTRODUCTION

Disaster management relies heavily on data sources and computing infrastructure that enable powerful analytics for
pre-disaster forecasting, impact assessment during the event, and post-disaster recovery. The data can be generated by
geolocated social media content, open datasets published by various agencies, sensor networks, and mobile phones.
Effective integration of these sources on big data platforms with advanced real-time scabilities and support for
streaming systems is crucial. Al-based predictive models can estimate the influence of hazard events in near real time,
while allocation models can optimize the resources dedicated to the response across multiple agencies with high speed
and full pre-event reliability through a map-based decision-response framework.

Command-and-control interfaces visualize the situation with geolocated information and dedicated algorithms for field
operations, while data-generated cues can also support workflow analytics. The overall infrastructure includes a
dedicated cloud service, capable of managing the flexible combination of these specific systems and enabling a
coherent orchestration of system decisions and responses that can also take advantage of external Al models, where
appropriate.

1.1. Background and Significance

Societal dependence on information and communication technologies (ICT) continues to grow as it becomes easier and
cheaper to connect devices across the globe, and thus the volume of data flowing through these platforms increases.
The potential to leverage this wealth of information during crisis events, however, remains largely untapped. Natural
disasters create a surge in media activity, particularly in social-networking sites, and analyzing this data can improve
situational awareness: people themselves share information about incidents and request rescue via Twitter, Facebook,
and Google+. Other public data streams, such as earthquake early-warning systems, open-source-sensor networks, and
satellite images, become available and can be made accessible through Application Programming Interfaces (APIs) for
use in online applications. This information is complementary to the reports and messages transmitted by conventional
emergency-management services. When combined with information from Internet of Things (IoT) networks and
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predictions from models, such sources constitute a form of Big Data that can be analyzed and reacted to in a timely
manner.

The use of Big Data for crisis management is particularly appealing as resource allocation for response operations is
seldom sufficient compared to demand, especially in low-income countries with limited financial resources. Allocating
the share of available resources, such as rescue workers, medic crews, helicopters, and food, to minimize the overall
impact is a difficult task. Probabilistic models can capture uncertainties causing unquantified damage, such as the
potential blockade of a road, while taking complementarity of resources into account. An efficient solution can be
produced if a reasonable upper bound on the time needed to process the allocation optimization problem is respected.
An efficient Big Data architecture is hence required, offering also a data-fusion layer able to merge and understand
coarse information flowing from different sources. Various Volunteered Geographic Information and social-media data
streams are made accessible through APIs and, together with streaming-sensor data, represent a unique opportunity for
real-time crisis-management systems.
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Fig 1: Real time disaster detection system

1.2. Research design

With the increasing frequency and severity of extreme natural hazards, including earthquakes, storms, landslides, and
floods, the need for efficient disaster response systems is becoming more pressing. A variety of interconnected
technologies now make it possible to use social media, web-based open data for disaster management, sensor networks
for hazard monitoring, and crowd-sourced sensor arrays for damage assessment during disaster events. The proposed
research studies the requirements and design principles for an integrated Al-based Big Data system infrastructure that
integrates these capabilities into a coherent unit offering real-time operational support for decision-makers. A scenario-
driven methodology is employed to develop and validate the system architecture.

Data acquisition, integration, and management are shaping up as the key challenges of a Big Data approach to disaster
response, and the research focuses in particular on the distribution of data-gathering responsibilities across a large
number of sources. New or differently used data sources are being sought, adaptive query execution strategies are being
examined, and integrated solutions combining the features of event-driven, data-streaming, and complex-event-
processing paradigms are being developed. Sizing and performance metrics of Big Data infrastructures for disaster
response are being defined in conjunction with users to ensure the suitability of the design.
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Equation 1: Assign a latency to each stage
Let:
e T,.,= data generation latency

Ty= distribution/communication latency

T,roc= processing/analytics latency

o T...— consumption latency (visualization/decision/dispatch time budget)
[ ]
Because these stages occur sequentially in the loop, total time is:

Ttotal = Tgen + Tdist + Tproc + Tcons

II. BACKGROUND AND FOUNDATIONS

Big Data Architectures for Disaster Management Architectures for managing large amounts of data related to natural
disasters are beginning to emerge. These architectures integrate various data sources and streams, including social
media, sensor and data feeds, remote sensing, and other open data sources that can aid in disaster management. Real-
time system capabilities are included within these environments, although often at a different scale from large scale
batch processing. These emerging systems have been termed "Cloud Computing for Natural Disasters’ by the authors.
Cloud Computing from the viewpoint of consumers is a Sigma utility model, where both storage and processing can be
performed within a Cloud Service Provider enabling exploitation of massive tools and offers fault-tolerance and
capacityfulfillment issues for low-cost or non-paying users.

It is with a view to automate the especially critical area of real-time impact assessment systems that these architectures
have been proposed. The ability to quickly assess damage or loss as near realtime as possible has a tremendous
influence on the timing and effectiveness of any relief response, and failure to do so results in a waste of precious time
and resources during actual disaster events.

Real-Time Analytics and Streaming Systems Real-time analytics, harnessed from Open Data, combined with Machine
Learning algorithms offer tremendous potential for computing damage in near Real Time after a natural disaster.
Recently, a Big Data cloud-based real-time analytics architecture has been proposed for natural disasters. The
architecture aggregates available Open Data from various trustworthy data providers and utilizes public-generated
content from media platforms such as Twitter and Facebook during an emergency contingent. The architecture supports
the federation of multiple Big Data sources, efficiently executes the process of data/time filtering and text
classification. Within the system, two examples of non-geographic data analysis are implemented to illustrate how to
apply the analytics as part of situational awareness and response support during a crisis.

2.1. Big Data Architectures for Disaster Management

Disaster-management systems have advanced from legacy static designs to become multi-tier Big Data architectures
capable of real-time data ingestion and processing. Ultimately, response and recovery depend on decisions made in the
command-and-control center and on field operations. Their effectiveness is determined by how well they address the
four dimensions of disaster management: prediction, prevention, impact assessment, and resource allocation.

Command-and-control operations have four goals:

* Monitor the disaster situation using sensor networks, social media, and available open data sources.

* Understand the evolution of the disaster and rapidly assess its impact by estimating the affected population and
infrastructure damage.

* Proactively manage the deployment of resources in disaster-prone areas.

* Establish a decision-management system that combines all necessary information and provides the command-and-
control team with services for decision support, reinforcement learning, and the orchestration of field operations.
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Fig 2: Big Data Architectures for Disaster Management

2.2. Real-Time Analytics and Streaming Systems

Data-driven disaster management relies on the analysis of continuously updated stream and sensor-based data sources.
Consequently, real-time data analytics are increasingly required to complement traditional batch processing. Streaming
architectures are now widely used to create and apply predictive models for sudden-onset natural disasters in tandem
with data supplied by social media. However, early-warning and evaluation systems for slow-onset disasters—such as
drought, epidemics, and conflicts—remain predominantly batch oriented. Recent advances in data-management and
analytics technologies—particularly for data streaming and sensor integration—suggest the merit of complementing
batch-based predictive modeling and impact assessment with real-time change-detection and evaluation methods.

Streaming systems are best suited for processing workloads of low latency, continual arrival patterns, and bounded
processing requirements. Alarm-triggered predictive modeling is a natural candidate for processing streaming
workloads, using historical training sets to derive prediction models that are subsequently updated as new data arrive.
For some models, real-time change detection can be employed to ascertain whether the predictive relationship persists.
In this context, both Big Data technology and application should be suitable for latencies of several minutes. Although
streaming technologies for sensor-network data have advanced significantly, such data still lack rich deployment
among local disaster-management organizations.

Equation 2: Allocation under uncertainty: “delay worsens damage” — utility function
Let D(d)be an increasing function: higher delay — higher overall damage.

So:
dD(d) >0
dd
A simple direct definition is:
U(d) = =D(d)
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III. DATA SOURCES AND INTEGRATION

Social media is changing how disasters are perceived and understood, enabling a fast and dense distribution of
information. However, Twitter, Facebook, and other platforms also produce colossal amounts of data. It has been
suggested that social media data stream can augment traditional sources in emergency management, contributing to
more timely situational awareness, textual insights on event dynamics, and knowledge on the people affected, their
needs, and available resources. Crisis-related posts are becoming an opportune complement to official sources, opening
new avenues for research and development. Nevertheless, undertaking the processing of such a flow at a suitable scale
requires careful attention since not every post is useful or truthful.

Different types of traditional information infrastructures have been conceived for large-scale disasters, yet they rarely
work when needed; they suffer from missing data and inconsistent cadences; and their deployment is labor-intensive on
affected territories often populated by first responders. Following the “small is beautiful” paradigm and the advent of
low-power wide-area networks, low-cost radio-enabled sensor systems can also be deployed ad-hoc to collect data on
specific phenomena, but their data must be integrated with those coming from social media and official open data for
enhanced situational awareness.

Equation 3: Make it risk-averse under uncertainty

Al-Based Big Data Systems for R...
Let dbe a random variable, then the decision objective is often:
max E[U(d)]

Risk aversion means the utility is concave in “benefit” (or negative damage). One common way:
o Define benefit B(d) = Bpax — D(d)(larger is better)
e Choose concave u(+)

U(d) = u(B(d))

3.1. Social Media and Open Data Streams

Data sources that are publicly accessible and support a high data rate are critical for disaster response applications.
Social media activity provides timely information about events at the location of deployment, such as earthquakes.
Open data from other organizations can provide context about the meteorological, geological, or infrastructural
characteristics of the affected area. In many cases, these channels provide information about disaster events ahead of
the official government assessments. However, the unstructured, informal nature of social media data makes it
relatively challenging to model.

The unstructured nature of social media messages makes it necessary to establish a workflow for monitoring and
processing such observations. Keywords related to emergency assessment, such as “fire,” “earthquake,” “flood,” and so
on, usually help to filter the data streams. Associated languages can be predefined for specific regions. While data from
any online source could be leveraged for impact assessment, it may not always be necessary. Specialized data, such as
that from the Global Disaster Alert and Coordination System's (GDACS's) automatic earthquake impact estimation
tool, would clearly provide more precise information than social media. However, relying solely on official estimates
may lead to delays. Because social media messages are often unstructured and rapidly generated, it is important to
design a clear workflow to monitor and process such information effectively. One common approach is to filter
incoming data streams using specific keywords related to emergencies, such as “fire,” “earthquake,” or “flood.” These
keywords help identify relevant posts quickly, allowing analysts to focus on messages that may indicate a developing
crisis. In addition, the languages associated with particular regions can be predefined so that messages in those
languages are prioritized for analysis. Although data from various online sources can be used for impact assessment, it
is not always necessary to collect information from every available platform. In many cases, specialized systems such
as the Global Disaster Alert and Coordination System’s (GDACS) automatic earthquake impact estimation tool can
provide more accurate and structured data. Nevertheless, depending only on official estimates can sometimes cause
delays in response, whereas social media can offer immediate, real-time observations from affected populations.
Therefore, combining social media monitoring with reliable official data sources can help create a faster and more
comprehensive disaster assessment process.
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Fig 3: Social Media Data in Disaster Management

3.2. Sensor Networks and IoT Deployments

The advent of the Internet of Things (IoT) and the significant investments worldwide in sensor networks for a variety of
applications spanning environmental monitoring, physical security, infrastructure condition assessment, and more
combined with the recent tremendous growth of event-sensitive video and audio scanning networks offer a wealth of
new real-time data sources available for disaster response and resource management tasks. These sources attract
interest beyond their primary intended use (e.g., for hazard monitoring or security applications) and are often motivated
by the desire to visually record any disaster impact in order to assist the public and relief agencies with disaster
information, assessments, and resource acquisition. Their coordination is key to true value generation, for example
allowing users to merge these heterogeneous data streams with real-time social media, damage-impact models, and the
decision-support models mentioned previously in order to produce timely and actionable information.

Real-time social media analytics and open-data fusion mechanisms will leverage these new data sources in order to
monitor developing situations and to conduct field-operations fertilization and resource-allocation optimization
processes. The latest enhancement in real-time social media fusion capability extends the spatial surveillance provided
by these camera- and audio-based networks and supports the near-real-time identification and visualization of
unwanted and crisis events and their underlying conditions in specific urban and rural areas. Audio event-detection
models based on Deep Learning techniques have recently been extended to jointly enable the automatic detection of
specific sounds and the location of their sources, even in the presence of multiple overlapping sound events. Advanced
fusion techniques, including deep visual-field-based video fusion, now provide the capability to assemble the views of
available monitoring camera networks in order to generate a global perspective of recorded events in the monitored
urban and rural locations.

IV. MODELING FOR REAL-TIME DECISION SUPPORT

A variety of applies models may be integrated into a real-time disaster-management system's architecture to enhance
decision support in impacted communities. Predictive models estimate potential human impact and infrastructure
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damage with actionable reliability during an evolving disaster. Stochastic optimization problems accommodate the
inherent uncertainty in resource requests and priority levels derived from estimated damage.

Whether used independently or together, predictive models and resource-allocation modules can be applied to
community-disaster-management systems capable of operating in a fully automated mode. In such a setup, a region
exposed to a natural hazard is monitored, and, as soon as a disaster occurs, models run in real time. Corrections are
provided to disaster-response organizations, and resources are allocated automatically. Clearly, the automatic mode is
only a secondary feature. An increasing degree of automation is intended to enable organizations to comply with
legislation requiring compliance with NIMS at the appropriate level.

Predictive models that assess human impact and infrastructure damage rely on traditional impact models to estimate
fatalities and injuries. Additionally, Open Street Map (OSM) data, newly available during a disaster, are combined with
the core building inventory to quantify the impact (building loss or damage) on the primary road network and other
important classes of buildings (hospitals, police stations, and fire brigades). The predicted degree of damage to
buildings is used as input for HydroGeoSphere—an integrated surface-subsurface hydrological model—to assess the
potential effect of flooding on those areas for which no models are provided.

Data Labeled Data —» EFeaturg . Dimenslof\ahtv —» Model
Wranghog ngineering Reduction Evaluation

Decision Visualization

Fig 4: Real-Time AI-Based Informational Decision-Making Support System

4.1. Predictive Modeling for Impact Assessment

Full-scale disasters such as hurricanes and flood require real-time action on geographical and operational parameters.
Communication and transportation resources such as airports need to be momentarily shut-down for incoming supplies,
while other resources like hospitals need temporary increase of capacity to take care of the victims. Typically it is the
disaster-science communities who used to be the end users of the scientific models. Consequently, the scales of the
models have not been designed for real-time action. Over the years many modeling platforms are developed, which can
predict the impact on different dimensions, but the synchroneity and coherence among these models has not been
clearly defined. Many of these models also have not generated data in real-time manner. Operations managers need to
know the change in operations capacity in terms of logistics, shelter, food, command and control, communication
systems — both terrestrial and satellite, hospital facilities, and transportation networks, etc. in real-time. Some models
provide estimates but the model scales or time steps may not be correct for emergency decision-making. Community-
based participatory simulation systems such as Synergia provide prediction tool kits but they have open-ended scales.

During Disasters, Impact on Natural Resources is quite important. Systemic impact evaluation tools such as MCDM
provide predictive services by generating big data bases on natural-resource front. Again, the cool-and-hot map of the
Natural Vulnerability and Exposure are present for the examined area, and the maps can be statistically knowledgeable
for real-time prediction. These two areas of impact assessment are quite critical and require updated information.
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Equation 4: Helicopter heuristic as a decision inequality

Let:
ty ()= ground travel time to site {

tq (i)= air travel time to site i
At(i) =ty (i) — tg(i)= time saved
e 7= user-defined threshold

Decision rule:
Use helicopter fori & At(i) >t

4.2. Allocation Optimization under Uncertainty

Minimizing estimated field operations costs typically involves minimizing the use of expensive resources such as
helicopters. However, this goal should not come at excessive delays that worsen the disaster’s general impact.
Consequently, the use of helicopters can be preferred when the expected increase in operations costs is small compared
to the expected improvements in the area’s overall damage. A heuristic can be defined to recommend helicopter use
when the estimated time saved in reaching a site due to air transport exceeds a user-defined threshold. Broadly
categorized, field operations are often executed by emergency teams. Actions involving teams of a specific type (e.g.
search-and-rescue teams) are generally executed first; the order of execution among actions involving teams of
different types is commonly defined based on local damage estimates; finally, actions of the same type can often be
performed in parallel. Such prioritization and ordering can therefore be easily integrated in the allocation modeling
step.

The absence of full knowledge regarding disaster impact naturally translates into uncertainty in the field operations
allocation decision. Aiming to recommend allocations that minimize expected allocation costs, the model incorporates
a risk-averse behavior quantified through a utility function defined in terms of the impact on overall damage caused by
delays in performing the operations. The utility function depends on an estimate of the relationship between delays and
overall damage, which can be established based on historical data. The decision on whether a particular decision should
be performed can follow similar principles. If the allocation of field operations is based on damage estimates
dx1,...,dxR, representing their values in case of complete knowledge, the decision on operation i can take place if and
only if the allocation costs (the resources actually used to perform operation i) belong to a defined price interval
associated with dxj and dxk, where j and k correspond to the operations previously defined as first and second
priorities, respectively.

V.SYSTEM ARCHITECTURE AND INFRASTRUCTURE

Architecture and infrastructure decisions are critical to the success of the approach. The real-time response
requirements impose strict latency restrictions on the system, dictating suitable technology choices and deployment
configurations. Notably, geospatial data that are generated and consumed by field assessments become painfully out of
date in rapidly turning situations, making the time to ingest, fuse, and utilize location-targeted information a crucial
aspect of the design. In addition to the analytic frameworks, the system architecture and infrastructure must also
support data coherence and fusion, given the utilization of disparate common—user data sources that are independently
produced and updated.

Duality is a key property of real-time data—stream fusion processes, giving rise to efficient computing strategies.
Efficient resource utilization within a distributed computing environment is realized through workload partitioning that
explicitly decomposes the total response time into the constituent latencies of data generation, distribution, processing,
and consumption. This development highlights the time required for data generation in distributed environments, which
depends on the generation and processing latencies at the source nodes and the traversing time over the communication
links. Appropriately, analytic approaches that are conducted at the source nodes usually impose minimal time overhead
on the total budget.

5.1. Distributed Computing for Latency-Sensitive Workloads
The volume and velocity of data generated during disasters necessitate the use of distributed cloud architectures so that
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advanced Al capabilities can be deployed without affecting system responsiveness. Frameworks such as Apache Spark,
Apache Flink, or Storm enable the dynamic, scalable execution of data-intensive processes on clusters of computers in
the cloud. An executive dashboard can employ predictive models to inform high-level decision-making, but reaction
and mitigation actions require low latency, as relevant information often deprecates within minutes. Danger warning,
evacuation, and damage inspection planning require predictable response times and delivery of optimally chosen
resources to field operations in the right place and in time. Such operational research problems lead to dynamic
optimization formulations that can also be visualized using simple spatial graphics.

Spark Streaming implements mini-batch sampling, where the constantly accumulating data stream is periodically
assembled into batches, allowing workloads to take full advantage of the advanced capabilities of cloud infrastructures.
Real-time management of disaster situations poses highly demanding and complicated tasks that often combine
streaming with batch processes, but still make it possible to leverage the analytical capabilities of cutting-edge Big Data
structures without compromising their inherent characteristics: speed, streaming capability, and the presence of
domain-experts who can use the information before it can be assimilated by conventional decision-support systems.
Smart city infrastructures and Internet of Things deployments can exploit the availability of resources such as high
volume and high velocity data streams to help improve the lives of their citizens.

Illustrative time saved by air transport vs ground
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5.2. Data Fusion and Coherence Mechanisms

Real-time data generated through social media, remote sensing, proactive dissemination campaigns and on-site sensor
deployments presents unique advantages for disaster management but also formidable challenges. In a single disaster,
data may originate from hundreds of thousands of independent sources, reporting on the same topics concurrently and
often referring to the same spatial-temporal domains. While the availability of such information can be harnessed by
real-time decision-management systems to support impact assessment and resource allocation, it can also produce a
massive spike in the required data-processing capacity and create annoying noise in the final outcome.

To address these challenges, complex-event-detection and data-reduction methods can be approached in a more
coordinated manner. Three levels of coherence can be defined for disaster-oriented big-data infrastructures: spatial
coherence, which guarantees that information originating from the same geographical area is pre-processed together in
order to enable coordinated fusion (for instance, sensor readings monitored by crowdsourcing applications); temporal
coherence, which imposes the same condition on the time dimension, making it possible to add temporal aggregation
procedures to the regular data preparation and enrichment cycle; and semantic coherence, facilitating the integration of
pieces of information that use different sensors but still refer to similar phenomena, permitting functionally-oriented
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aggregations. Such mechanisms can significantly reduce both the amount of information to be processed and the
processing latency.

VI. DECISION-MANAGEMENT FRAMEWORKS

Data fusion, predictive modeling, resource allocation, and impact assessment all represent key components of a
coherent system for disaster response. Yet, as a real-world application demonstrated during the 2013 Colorado floods,
these elementsmust also be assembled into a decision-management framework capable of supporting simulated-
annealing-style operations at multiple layers of a disaster-management command and control hierarchy. Such a
framework encompasses a user interface for the control center as well as higher-order support for orchestrating the
different missions undertaken by on-the-ground operations. An effective decision-management framework should close
the looparound the predictive modeling and resource-allocation functions, feeding their results back into the control-
canter interface.

Wondrous developments in computerized technology have fundamentally changed the nature of disasters and their
consequences. During the 2013 floods in Colorado, for example, the possibility of fatal retreat across the Boulder
Canyon was reverse engineered, largely through social-media and satellite data. Rescues considered impossible the day
before had occurred by the next morning, aided by crowdsourcing and new approaches in command and control.
Capable systems were developed, after the event, to automatically incorporate these lessons into future allocations—a
near miracle with respect to past floods. Nonetheless, synchronization between data from the field and the command
center remains problematic, indicating that the same data within flows should become the object of on-the-fly fusion
for the purpose of secondary, higher-order processes.

Illustrative latency budget breakdown by architecture scenario
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6.1. Command and Control Interfaces

A decision-management framework for disaster-management supports officials and first responders leading operations
before, during, and after disruptive events. These manage a range of diagnostics, resource supplies, impact estimates,
and predictive warnings derived from public-safety incidents, digital volunteer reports, local governmental datasets, on-
board time-stamped media, seismological systems, and weather forecasts. Surveillance-camera feeds from local
businesses can be included, together with aircraft imagery, and IoT data sparsely covering larger areas. Responses will
follow repeated activation and after-tremor scenarios set up by authorities. Prioritized resources will serve mission
scenarios gradually saturating the available maritime capacity.
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Integrating different data sources by means of data fusion techniques is always a challenge, particularly when
addressing problems characterized by high uncertainty. Recent research has focused on the recursive distributed and
decentralized fusion of data from spatially distributed and possibly heterogeneous sources. Such techniques were
developed for the real-time predictive fusion of data from different sensing modalities, working on the recursive storage
and fusion of incoming data when new observations become available. These smart data-fusion approaches fully tested
on data from different sensing modalities are relatively easy to apply in a disaster-management context.

Equation 5: Priority-based execution + “price interval” rule (formal statement)

Step-by-step formalization

Step 1 (Define operations and damage estimates):

Let operations be i € {1, ..., R}.

Let dx;be the estimated damage/criticality for operation i.

Step 2 (Define priority ordering):

Let j= index of highest priority operation,

k= index of second priority operation.

(These come from sorting dx;descending.)

Step 3 (Define allocation cost):

Let C;be the realized allocation cost of operation i(resources used, monetary cost, etc.).

Step 4 (Price interval rule):

Let [P(dx]-), P(dxk)]be a cost interval determined by the top priorities.

Then the paper’s rule “if and only if allocation costs belong to a defined price interval...” becomes:
Execute i & (; € [P(dx;), P(dxy)]

6.2. Workflow Orchestration for Field Operations

Support for manipulating supporting information in a command-and-control diagram leads to controls for such a
design. The emer-gency management decision-support system enables connections of operations for field teams to
online decision-management devices. For incidents categorized as too consequential for tasking by command and-
control diagrams alone, authorities establish or delegate responsibilities for high-level management of those operations.
Emergency management command and-control diagrams provide the basis for the standard tasks of a supervisory-
control unit, linking incident particulars such as mission, logistical and material requirements, resources needed, and
anticipated outcomes. Command-and-control diagrams covering conventional mission responsibilities support a top-
down direction mechanism; additionally available symbols suit incident-specific task types, such as execution of
prescription-and-mop-up operations on predesignated sites or executing the strategy in semi-structured incidents. In
these latter cases, operational-planning officers are authorized to orchestrate all involved assets rather than supervise
control-functions allocation on a case-by-case basis, minimizing response time and maximizing morale and
collaboration among team members by placing command in familiar hands.

VII. CONCLUSION

Al-based Big Data Systems for Real-Time Disaster Response and Resource Allocation. Use an academic, objective
tone with clear, evidence-based statements reflecting the topic.

Timely, accurate information is critical for effective emergency response and management systems during natural
disasters. Consequently, Big Data technologies are increasingly deployed for integrating heterogeneous data- streams
into unified, low-latency infrastructures. These datasets, employed for crisis management decision support and
command-and-control tasks, cover the full cycle of pre-crisis analysis, real-time situational awareness, and coordination
of the response and recovery of government agencies and non-governmental organizations.

This work surveyed the available solutions and ongoing research in the context of Al-based Big Data systems, focusing
particularly on the real-time operational phase of disaster management. Novel concepts, models, and architectures were
proposed for enabling predictive disaster impact assessment and optimizing the online allocation of emergency
resources while considering uncertainty in demand estimation. The proposed systems rely on cloud-based distributed
Computing for supporting latency-sensitive workloads, integrating data from any number of heterogeneous social-
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media and sensor-network information streams, and providing coherent situational-awareness services to decision-
management frameworks.

Operation a);lmage estimate ((I;:ionl;nd time Air time (min)  Ground cost ($k)
Rescue A 0.9 70 25 12

Rescue B 0.7 55 22 10

Medical C 0.8 65 28 11

Supply D 0.5 80 30 9

Table : Toy allocation + helicopter heuristic (illustrative)

7.1. Future Directions

Research on Al and big-data systems for disaster-response applications is still in its early stages. Available approaches
are generic and can be adapted to specific use cases, such as floods and earthquakes, only during later phases of a
project. Advanced systems are essential, especially for critical components relying on real-time data collection and
analysis. A big-data infrastructure dedicated to disaster-response management is needed to deliver valuable real-time
information on predictive impact assessment and resource-commitment optimization.

The long-term aim is to develop an integrated platform that offers all the services, models, and predictive analytics
required to support decision makers before, during, and after a disaster. Future research activities will include the
formal specification and definition of a detailed architecture able to fulfill all requirements, including a workflow for
orchestrating the deployment of decision-management systems used by remote commanders to support field operations.
Activities will also involve the development of dedicated components, such as a command-and-control system for local
smart-city management during disasters and a generic interface to remotely deploy real-time prediction and resource-
allocation models on newly established clusters in the vicinity of an event.
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