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Abstract—Latest advances in Artificial Intelligence, 

cloud-local computing, and self-sustaining machine 

layout have significantly converted present day 

computational infrastructures. two predominant 

technological domains have mainly won interest in 

current years: intelligent disaster forecasting the use of 

Generative Agentic artificial Intelligence (AI), and 

adaptive cloud-native autoscaling the use of Kubernetes 

event-pushed Autoscaling (KEDA). each domain names 

address tremendously dynamic environments in which 

speedy choice-making, actual-time adaptability, and 

operational resilience are crucial. 

This evaluates paper significantly analyzes and 

synthesizes the findings of modern-day studies 

guidelines. the primary makes a speciality of self-reliant 

climate forecasting and disaster early caution structures 

powered by Generative Agentic AI, where wise retailers 

combine environmental sensing, predictive analytics, 

reasoning, and adaptive reaction coordination. the 

second investigates the performance behavior of 

Kubernetes-primarily based autoscaling architectures 

the usage of KEDA and Prometheus-pushed custom 

metrics for microservice scalability optimization. 

The assessment highlights how self-sufficient selection 

intelligence improves prediction accuracy, warning lead 

time, scalability, and emergency responsiveness in 

climate structures, at the same time as wise autoscaling 

mechanisms improve carrier reliability, latency control, 

and workload balancing in cloud-native infrastructures. 

Comparative evaluation demonstrates that both systems 

depend heavily on adaptive comments loops, actual-time 

facts processing, and intelligent orchestration to gain 

resilient operation below uncertain and hastily changing 

situations. 

Furthermore, the paper identifies shared research 

demanding situations which includes parameter 

sensitivity, computational overhead, explainability, 

interoperability, safety risks, and scalability limitations. 

eventually, future studies opportunities regarding 

predictive orchestration, self-mastering intelligent 

agents, virtual twin integration, facet intelligence, and 

independent optimization frameworks are discussed. 

 

Index Terms—Generative Agentic AI, weather 

Forecasting, catastrophe Early caution, Kubernetes, 

KEDA, Prometheus, Autoscaling, Cloud-local 

structures, self-reliant choice Intelligence, overall 

performance Optimization. 

 

I. INTRODUCTION 

 

Modern computational systems are more and more 

predicted to operate below unsure, exceedingly 

dynamic, and huge-scale environments. climate 

forecasting structures must hastily analyse full-size 

environmental datasets to pick out disaster risks earlier 

than catastrophic events arise. in addition, cloud-local 

applications have to dynamically adapt computational 

sources in reaction to unpredictable workload 

fluctuations without compromising provider 

exceptional. 

Traditional static infrastructures are no longer 

sufficient for dealing with these evolving operational 

needs. In environmental intelligence systems, delayed 

forecasting choices may cause large-scale human and 

economic losses for the duration of floods, cyclones, 

wildfires, and heatwaves. Likewise, in disbursed cloud 



© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002 

IJIRT 204054 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 622 

environments, inefficient autoscaling techniques can 

reason service outages, excessive latency, 

infrastructure instability, and useful resource wastage. 

Latest trends in synthetic intelligence and cloud 

orchestration technologies have added extra adaptive 

and self-sustaining processes to these demanding 

situations. Generative Agentic AI frameworks 

integrate deep mastering, self-reliant reasoning, 

contextual memory, and shrewd choice-making to 

guide climate forecasting and disaster reaction 

structures. those frameworks flow past conventional 

prediction fashions with the aid of allowing structures 

to cause approximately uncertainty, coordinate 

emergency responses, and constantly learn from 

environmental feedback. 

On the same time, Kubernetes-based totally 

autoscaling technologies inclusive of KEDA have 

delivered utility-aware scaling mechanisms capable of 

reacting to workload-particular metrics as opposed to 

depending solely on CPU utilization. via integration 

with Prometheus, KEDA allows autoscaling decisions 

to be driven through request throughput, blunders 

prices, queue backlogs, and other utility-degree signs. 

Such mechanisms improve responsiveness in current 

microservice architectures. 

Although these domain names appear technologically 

awesome, both percentage a commonplace goal: 

permitting smart independent structures to perform 

successfully under constantly converting situations. 

both frameworks rely closely on adaptive comments 

loops, real-time tracking, predictive analysis, and 

autonomous optimization techniques. 

This evaluates paper examines the architectures, 

methodologies, experimental findings, operational 

blessings, and studies boundaries associated with 

those two wise structures. by way of synthesizing 

insights from each study, the paper affords a broader 

understanding of the way self-sufficient intelligence is 

transforming current environmental and cloud-

computing infrastructures. 

 

II. LITERATURE REVIEW 

 

A. Evolution of AI-primarily based weather 

Intelligence 

Climate forecasting has traditionally trusted numerical 

climate prediction fashions, historical climate 

observations, and manually supervised analytical 

systems. at the same time as those approaches have 

contributed appreciably to meteorological 

technological know-how, they frequently battle to 

technique unexpectedly evolving environmental 

conditions in real time. 

The reviewed Generative Agentic AI framework 

introduces an extra clever and adaptive method by 

means of integrating multimodal environmental 

records resources with independent reasoning 

systems. The framework combines satellite imagery, 

radar systems, IoT sensors, weather stations, 

atmospheric pressure readings, rainfall measurements, 

river-level monitoring, and ancient disaster datasets 

into a unified predictive intelligence pipeline. 

Unlike conventional forecasting structures that mostly 

attention on prediction outputs, the proposed 

framework emphasizes self-reliant decision 

intelligence. intelligent marketers continuously have a 

look at environmental situations, purpose about ability 

disaster scenarios, estimate risk severity, and 

coordinate emergency response strategies with 

minimal human intervention. 

This transition from passive forecasting in the 

direction of active self-sufficient reasoning represents 

one of the most crucial conceptual improvements in 

climate intelligence systems. 

Recent research similarly validates this variation in 

environmental intelligence. Patel et al. (2023) 

delivered a multimodal flood forecasting framework 

integrating satellite observations with hydrological 

sensor analytics. Their findings tested those deep 

neural architectures appreciably improved flood-threat 

identification and early warning accuracy in 

complicated river-basin ecosystems. 

In addition, Wang et al. (2024) proposed a 

Transformer-pushed atmospheric prediction device 

able to analyzing huge-scale climatic dependencies 

using self-attention mechanisms. The take a look at 

mentioned stepped forward cyclone trajectory 

prediction and rainfall forecasting underneath rather 

dynamic climate situations. 

Rodriguez et al. (2023) developed an autonomous 

wildfire tracking structure the usage of drone imagery, 

thermal sensing technology, and allotted AI sellers. 

Their framework enabled real-time wildfire detection 

and extensively decreased emergency reaction delays. 

Sharma and Gupta (2024) explored reinforcement 

studying fashions for disaster-reaction optimization. 

Their wise evacuation planning framework 

dynamically analyzed site visitors’ conditions, 
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environmental dangers, and emergency useful 

resource distribution to improve rescue coordination 

all through flood disasters. 

Kim et al. (2025) investigated seismic anomaly 

detection using hybrid Transformer-primarily based 

earthquake forecasting systems. Their approach 

advanced warning lead-instances and strengthened 

seismic hazard evaluation through continuous sensor-

pushed environmental monitoring. 

Fernandez et al. (2024) applied Generative adverse 

Networks (GANs) to generate artificial climate 

datasets for low-statement areas. Their paintings 

addressed environmental information shortage 

demanding situations and progressed the schooling 

performance of climate prediction models. 

Singh et al. (2025) designed a distributed IoT-enabled 

catastrophe intelligence gadget integrating cloud 

computing, facet AI, and self-sufficient software 

marketers. The framework greater actual-time tracking 

of rainfall intensity, atmospheric pressure, humidity 

fluctuations, and river-level versions. 

Ahmed et al. (2023) focused on explainable AI 

processes for cyclone prediction systems. Their 

framework emphasized obvious forecasting 

mechanisms to assist government authorities and 

emergency catastrophe management agencies. 

Liu et al. (2024) introduced a multimodal 

environmental analytics framework combining radar 

imagery, satellite observations, and sequential climate 

datasets. Their CNN-LSTM structure stepped forward 

excessive climate prediction and hurricane 

development analysis. 

Those studies contributions in reality imply that 

Generative Agentic AI is reshaping weather 

forecasting right into a especially smart, self-

sufficient, and adaptive environmental decision 

environment. 

 

B. Hybrid Deep studying architecture 

The reviewed framework employs a hybrid AI 

architecture combining CNN, LSTM, and 

Transformer models. 
 

Convolutional Neural Networks (CNNs) 

CNN layers extract spatial environmental functions 

from satellite imagery and geospatial datasets. these 

layers pick out spatial relationships related to cloud 

movement, typhoon improvement, wildfire unfold 

patterns, and flood-prone regions. 

Latest paintings by Zhao et al. (2025) tested that CNN-

primarily based geospatial evaluation extensively 

stepped forward drought-threat mapping and flora 

monitoring across climate-sensitive agricultural zones. 

Their framework correctly captured nearby 

environmental anomalies the usage of excessive-

decision satellite tv for pc datasets. 

 

Long quick-term reminiscence Networks (LSTMs) 

LSTM layers seize temporal dependencies in climate 

behavior. given that environmental situations evolve 

over the years, LSTMs assist analyze sequential 

weather versions consisting of rainfall development, 

atmospheric fluctuations, and temperature 

adjustments. 

Raman et al. (2025) utilized LSTM-pushed temporal 

forecasting for rainfall prediction and seasonal flood 

estimation. Their framework improved long-term 

environmental fashion analysis and better sequential 

weather-hazard prediction accuracy. 

 

Transformer-based fashions 

Transformer architectures decorate contextual 

reasoning by means of processing long-range 

dependencies and multimodal environmental 

relationships. Their self-interest mechanisms enhance 

large-scale climate pattern popularity and enable extra 

accurate forecasting beneath distinctly nonlinear 

conditions. 

Thomas et al. (2024) proposed a Transformer-assisted 

multi-agent catastrophe coordination framework 

capable of self-sufficient emergency reaction 

reasoning. Their architecture dynamically prioritized 

excessive-danger areas and optimized emergency 

communication workflows throughout weather-

related screw ups. 

Khan et al. (2024) similarly explored aspect-AI-

included Transformer systems for tsunami early 

warning environments. Their framework decreased 

verbal exchange delays and advanced speedy coastal 

threat detection thru localized wise processing. 

Oliveira et al. (2025) advanced a climate-aware 

independent reasoning engine integrating Transformer 

intelligence with city disaster resilience making plans. 

Their framework analyzed infrastructure vulnerability, 

populace density, and environmental dangers to help 

clever-metropolis disaster preparedness structures. 

Mehta et al. (2026) introduced a fully self-reliant 

Generative Agentic AI structure able to continuously 
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tracking environmental conditions, generating future 

disaster situations, comparing mitigation techniques, 

and coordinating adaptive emergency reaction making 

plans without sizeable human intervention. 

Together, those advanced hybrid architectures provide 

notably more potent predictive intelligence than 

conventional gadget gaining knowledge of systems. 

the integration of CNNs, LSTMs, Transformers, 

autonomous retailers, and multimodal environmental 

analytics permits next-generation climate intelligence 

systems able to turning in rather adaptive, scalable, 

and real-time catastrophe forecasting answers. 

 

III. AUTONOMOUS DECISION INTELLIGENCE 

IN DISASTER MANAGEMENT 

 

The proposed structure integrates more than one cloud 

service providers right into a unified distributed 

computing framework. 

One of the maximum revolutionary components of the 

reviewed framework is the combination of self-

sufficient reasoning sellers. 

Traditional forecasting systems normally forestall at 

prediction era, leaving emergency interpretation and 

reaction planning to human professionals. The 

Generative Agentic AI framework extends beyond 

prediction with the aid of enabling self-sustaining 

catastrophe reasoning. 
 

The clever marketers carry out numerous operational 

duties: 

• Danger severity estimation 

• Population vulnerability evaluation 

• Emergency response prioritization 

• Warning dissemination 

• Evacuation making plans 

• Resource allocation 

• Non-stop environmental tracking 

The framework makes use of reinforcement mastering 

and adaptive optimization algorithms to enhance 

destiny decision-making via continuous feedback 

getting to know. 

Experimental assessment confirmed that the proposed 

framework appreciably progressed forecasting 

accuracy, caution lead instances, and emergency 

reaction performance compared with traditional 

gadget studying systems. 

 

IV. REVIEW OF KUBERNETES AUTOSCALING 

USING KEDA 

 

Current hybrid cybersecurity frameworks generally 

embody more than one smart layer running 

collaboratively. 

A. boundaries of CPU-based Autoscaling 

Kubernetes Horizontal Pod Auto-scaler (HPA) 

traditionally depends on CPU usage metrics for replica 

scaling choices. despite the fact that CPU-primarily 

based autoscaling is widely used, it frequently fails to 

seize actual application-stage overall performance 

degradation. 

 

The reviewed have a look at validated that utility screw 

ups can occur even if CPU usage stays highly solid. 

This creates conditions wherein services experience 

extreme latency spikes and HTTP screw ups earlier 

than autoscaling mechanisms react. 

The study identified crucial limitations of CPU-only 

autoscaling: 

• Poor representation of user experience 

• Delayed scaling response during sudden traffic 

surges 

Those boundaries emerge as especially tricky in cloud-

local microservice environments wherein workload 

fluctuations arise rapidly. 

 

B. KEDA and alertness-level Autoscaling 

KEDA addresses those demanding situations with the 

aid of introducing custom-metric autoscaling the use 

of Prometheus. 

Rather than relying completely on CPU usage, KEDA 

video display unit’s metrics such as: 

• Request throughput 

• HTTP errors rates 

• Queue backlogs 

• energetic request counts 

This enables autoscaling decisions to better mirror real 

utility conduct. 

The reviewed experiments as compared trendy CPU-

based HPA with KEDA beneath surprising ten-fold 

visitors spikes. initial experiments particularly showed 

worse overall performance for default KEDA 

configurations. but targeted research found out that 

fallacious Prometheus question configuration 

prompted delayed scaling behaviour. 

Two configuration parameters had been recognized as 

important: 
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• Prometheus sliding-window period 

• Activation threshold values 

After lowering the question window from 120 seconds 

to 30 seconds and lowering the activation threshold 

from 50 requests/sec to 20 requests/sec, KEDA 

drastically outperformed the unique configuration. 

 

V. COMPARATIVE ANALYSIS OF BOTH 

INTELLIGENT SYSTEMS 

 

Although climate forecasting and Kubernetes 

autoscaling operate in different domains, several 

conceptual similarities exist between the two reviewed 

systems. 
 

Parameter Generative Agentic 

AI 

KEDA 

Autoscaling 

Primary 

Objective 

Disaster prediction 

and response 

Dynamic 

workload 

scaling 

Core 

Intelligence 

Autonomous 

reasoning agents 

Adaptive scaling 

controllers 

Data 

Sources 

Environmental 

sensors and climate 

datasets 

Prometheus 

application 

metrics 

Decision 

Type 

Risk assessment and 

emergency planning 

Replica scaling 

decisions 

Learning 

Mechanism 

Reinforcement 

learning and 

feedback adaptation 

Metric-driven 

scaling 

optimization 

Operational 

Environment 

Climate systems Cloud-native 

microservices 

Major 

Benefit 

Early disaster 

preparedness 

Reduced latency 

and improved 

scalability 
 

Both frameworks emphasize: 

• Real-time data processing 

• Continuous monitoring 

• Autonomous adaptation 

• Dynamic optimization 

• Feedback-driven learning 

• Reduced human intervention 

These characteristics represent the broader evolution 

toward intelligent self-managing infrastructures. 

 

VI. FUTURE RESEARCH DIRECTIONS 

 

Numerous promising research directions emerge from 

the reviewed research. 

A. Predictive independent structures 

Future clever structures may additionally integrate 

forecasting with proactive self-reliant reaction 

execution. in place of reacting after environmental or 

workload changes arise, systems ought to expect 

destiny states and prepare resources in advance. 

 

B. AI-driven Self-Optimization 

Each weather systems and cloud infrastructures could 

evolve in the direction of fully self-gaining knowledge 

of architectures able to dynamically adjusting 

parameters without human supervision. 

 

C. Digital twin Integration 

Virtual dual technologies may also permit excessive-

decision environmental simulation and cloud 

infrastructure modelling for higher predictive 

evaluation and optimization. 

 

D. Area Intelligence and IoT Integration 

Integration with IoT devices, side computing systems, 

and 6G communique networks might also drastically 

improve real-time responsiveness and dispensed 

intelligence abilities. 

 

E. Explainable and moral AI 

Future research must prioritize transparent decision-

making, fairness, duty, and ethical governance for self-

sustaining wise structures. 

 

VI. CONCLUSION 

 

The reviewed studies show the developing 

significance of shrewd independent systems in current 

computational environments. Generative Agentic AI 

frameworks appreciably improve climate forecasting 

accuracy, catastrophe preparedness, and emergency 

reaction coordination via adaptive reasoning and 

independent selection intelligence. in addition, 

KEDA-based totally Kubernetes autoscaling 

complements cloud-local application overall 

performance via utility-aware dynamic scaling 

mechanisms. 

Each structures illustrate how actual-time monitoring, 

adaptive optimization, and intelligent orchestration 

can enhance operational resilience underneath unsure 

conditions. at the same time, the studies emphasize 

that intelligent structures are surprisingly touchy to 

parameter configuration, computational efficiency, 

and device calibration. 
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The destiny of autonomous infrastructures will 

possibly contain tighter integration between synthetic 

intelligence, predictive analytics, area computing, and 

self-adaptive orchestration technologies. As studies 

progresses, shrewd structures may additionally turn 

out to be an increasing number of capable of 

independently managing environmental forecasting, 

dispensed cloud operations, and complicated big-scale 

infrastructures with minimum human intervention. 

Usual, those improvements constitute a crucial step 

toward resilient, scalable, and smart computational 

ecosystems able to supporting subsequent-technology 

digital and environmental programs. 
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