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ABSTRACT: Generative Al shows promise in automating intelligent field equipment, enhancing the efficiency of
physical work in agriculture. Current research in agricultural machinery automation, encompassing both field
equipment and robotic systems, has witnessed groundbreaking advancements aimed at addressing the increasing labor
shortage in agriculture. Additionally, autonomous vehicle research has achieved considerable deployment within
government and industrial robotics programs. Farm machinery automation primarily employs symbiotic, classical, task-
oriented Al techniques, while robotic harvesting and retrieval remains application-specific. These systems rely heavily
on robust and specialized sensors to support perception, state estimation, mapping, planning, and control for real-time
operation in unstructured outdoor environments.

The second area influenced by GAI is pharmaceutical crop yield prediction. Yield forecasting systems tailored to the
pharmaceutical supply chain for cannabis and hemp production have recently emerged. These systems leverage novel
generative Al techniques for modelling crop growth and inferring phenotypic characteristics through data fusion
involving multispectral and hyperspectral imaging, alongside 2D, 3D, and 4D imaging. A scalable system architecture
for GAI implementation in agricultural applications has been presented, addressing aspects related to data pipelines,
associated sensor infrastructure, and an edge device network for reducing latency, bandwidth requirements, and privacy
concerns.

KEYWORDS: Generative Artificial Intelligence,Smart Agricultural Automation,Precision Agriculture,Pharmaceutical
Crop Yield Prediction,Machine Learning in Farming,Autonomous Agricultural Equipment,Al-Based Crop
MonitoringPredictive Analytics in Agriculture,Intelligent Farming Systems,Sustainable Agricultural Technologies.

I. INTRODUCTION

The future of agricultural practices that actively incorporate Generative Al remains an unaddressed question within the
scholarly literature. Generative Al refers to a family of machine-learning techniques that attempt to create new content.
The forthcoming section discusses elements of previous research where Generative Al were applied to the domain of
smart farming, covering agricultural automation with field robots and autonomous machinery and pharmaceutical crop
yield prediction. The review results can help agricultural researchers and practitioners to identify prospective
opportunities of employing Generative Al and constitute a first exploration of Generative Al usage in agriculture.

The objective is to present elements of two application domains where, based on prior research and experimental
results, Generative Al can be successfully integrated with static automation. The enthusiasm surrounding the adoption
of Generative Al in a multitude of domains is matched by a growing unease about potential abuse of the underlying
technology regarding author attribution and the potential impact on the quality of lessons learned and decision support.
Nevertheless, Generative Al provides an additional modelling and decision-support technique that relates different
forms of signal processing and functionality without requiring a specific model for the data-generating or sensorimotor
process. A generic architecture for the integration of Generative Al in agriculture is proposed, along with associated
considerations for achieving efficient realisation of individual and collective degrees of freedom of farming machinery
and field robots. Application examples covering augmentation of smart pharmaceutical crop yield prediction
capabilities and Generative Al deployment in automation of real-world farming operations are also summarised.
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Table: Smart Agricultural Equipment Automation Components

Component Role in Automation Al Techniques Used Example Applications
. Environmental sensing and object Computer Vision, Diffusion Weed detection, obstacle
Perception Systems - . e .
recognition Models identification

Locall_zatlon & Navigation and field mapping SLAM, Generative Mapping Autonomous  tractors  and
Mapping drones

. Task  scheduling and route Reinforcement Learning, Precision  spraying  and
Planning Systems L -

optimization Transformers harvesting
Robotic S . . Robotics Al, Motion . S
Manipulation Physical interaction with crops Generation Robotic fruit picking
Real-Time Control  Adaptive machinery operation Deep Learning Control Autonomous Irrigation
Systems systems

Il. FOUNDATIONS OF GENERATIVE ARTIFICIAL INTELLIGENCE IN AGRICULTURE

Generative artificial intelligence applied to agriculture is grounded in the investigation of data- and compute-hungry
systems capable of generating distributions, enabling complete simulation tools. For instance, generative models can
learn the distribution of soil noise and produce enriched populations of key parameters to assist land-use decisions.
Other examples are a hierarchical model predicting climate-impact scenarios around a potato supply chain coupled with
a generative approach estimating yields and quality of medicinal Cannabis sativa for the textile, food, and
pharmaceutical sectors. Generative methods typically require vast amounts of data and expensive compute resources,
but their unique capability to craft any type of data or data combination makes them appealing. They may serve as
distribution generators for other data-hungry paradigms, such as inverse models, covariance-aware models, uncertainty
quantification, and scenario analysis.Foundations of Generative Avrtificial Intelligence in Agriculture

Generative Al models capable of transforming multispectral, hyperspectral, and RGB data can benefit from data fusion
for plant-growth monitoring and quality assessment of plants destined for the pharmaceutical industry. These tools may
be combined into a forward and an inverse mapping to predict both quality attributes and expected crop yield — main
outcomes of interest for end-users, namely, pharmaceutical companies. These innovations are integrated into a system
architecture designed to support the implementation of generative models for smart agriculture. Central enablers are
data pipelines encompassing data acquisition, cleaning, feature extraction, modeling, deployment, and on-site
inference. To satisfy bandwidth, latency, and privacy requirements, pipelines can be implemented either locally or

remotely.
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Graph 1 — Research focus by domain (bar chart): Shows that agricultural automation (35%) and pharmaceutical

crop yield prediction (30%) received the most attention, followed by data infrastructure (20%) and field deployments
(15%).
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2.1. Core generative models and their relevance to agriculture

A farm is a complex and dynamic system, requiring sensing, planning, and control to automate basic tasks across wide
areas while adapting to the ever-changing environment. Automated sensing and actuation bridges the gap between
artificial and human intelligences, where natural capabilities are often still superior to their artificial analogues.
Generative Artificial Intelligence (Al) methods are becoming a cornerstone of generative driving in automation, but
only for a few sensing, planning, and control tasks. Autoregressive and transformer-based generative models have
gained interest for a multitude of tasks, such as scene and action recognition, machine translation, controlled text
generation, decision-making modeling with reinforcement learning, robots, multi-agent systems, and many more. They
advance autonomy in heavy field machinery and robotics operating close to human skill levels. Recent developments in
diffusion models brought forward fundamental paradigms for multimodal modeling, image generation, and video
prediction.

Agriculture automation is widely regarded as a promising path toward long-term sustainability, and generative methods
can improve efficiency in many aspects. Many generative models have well-documented application for single-agent
tasks with low correlation between input-output pairs, thus achieving limited acceleration in task execution times. In
this view, diffusion models can help overcome diffusion—-modulation redundancies in motion-generation applications.
Less explored yet equally important classes of generative models include Forward and Inverse graphics in a broader
sense, where the objective is to model natural phenomena and their effects with great accuracy at the expense of
efficiency. Accurate models of growth, phenotypic profiles, environmental—genetic interactions, and market response
are critical for reliable investments and ultimate supply chain success.

Table: Pharmaceutical Crop Yield Prediction Framework

Data Source Al Processing Predicted Output Application

Technique
Multispectral Imaging Data Fusion Models Crop health assessment Medicinal plant monitoring
Hyperspectral Imaging  Diffusion-based Modeling Chem'?al composition Pharmgceutlcal quality

prediction analysis

Environmental Sensors  Predictive Analytics Climate impact forecasting Controlled cultivation
3D/4D Plant Imaging Phenotyping Models Biomass and yield prediction Growth stage evaluation
gg:mlsors and Moisture Machine Learning Models Nutrient and water analysis Precision farming

I11. SMART AGRICULTURAL EQUIPMENT AUTOMATION

Generative models play an important role in the integration of generative Al with farming field machinery, agriculture
informatization, autonomous systems, or agricultural robotics. Research on the intelligent perception, localization,
mapping, planning, control, fault-tolerant, and real-time capabilities of equipment is extensive. Generative Al-based
methods guide or replace the human effort in various farming processes such as planting, fertilizing, weeding,
monitoring, and harvesting. Despite substantial advances in the automation of individual farming equipment, methods
for the automated synergy of machinery and robotics remain limited.

The focus of research into autonomous farming machinery and robotics has been chiefly on individual equipment and
subsystems without full consideration of the entire system. Research into navigation, autonomous control, field-of-view
fusion, and the dynamic cooperation of agricultural robots working together without human intervention is gradually
maturing, paying attention to the concurrent execution of planting, weeding, monitoring, and harvesting processes with
high degree of autonomy and efficiency. Exploring smart agricultural equipment automation through generative models
has become necessary. The need for generative design that considers all stages of the farming process is urgent, with
particular emphasis on perceptual systems, simulated training environments and other aspects.
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Graph 2 — Generative model suitability by task (radar chart): Compares diffusion models, transformers, VAEs,
and autoregressive models across image synthesis, yield prediction, scene planning, sensor fusion, and uncertainty
quantification. Diffusion models lead in image synthesis and sensor fusion; transformers dominate planning tasks.

3.1. Autonomous farming machinery and robotics

The perception, localization, mapping, planning, and manipulation components of robotic systems are essential for
implementing autonomous capabilities in various agricultural tasks, including planting, weeding, and harvesting. Such
tasks often require high operational safety, dependability, and fault tolerance due to moving robots working near
humans, animals, and expensive equipment. Real-time constraints (from perception to action) further exacerbate the
system complexity.

Commercial solutions exist for several tasks, but often implementations are tailored, and parts of the full system are
custom designed. Generally, autonomous systems in agriculture aim to improve worker productivity, workers’
conditions, and work quality while reducing operational costs and increasing availability through shifting workloads
from peak seasons to low-demand periods. Robotic systems can also exploit their size to decrease soil compaction
(narrow tracks) or provide continuous assistance to workers (semi-autonomous robots). Additionally, the use of small
vehicles and systems can enable new agronomic techniques, such as weeding at an earlier growth stage of the crops and
precision spraying. These solutions can thus decrease the use of herbicides and pesticides (and associated costs) while
increasing safety for the environment and health.

Mathematical Formuls:
1. Crop Yield Prediction Model
A general machine learning regression equation for crop yield estimation:

Y = f(T,H,S,R,N,I)

Where:
e Y=Predicted crop yield
T= Temperature
H= Humidity
S= Soil nutrients
R= Rainfall
N=NDVI / vegetation index
I=Irrigation level
This equation supports pharmaceutical crop yield forecasting discussed in the paper.

2. Multivariate Linear Regression for Yield Prediction

Y =By + B1Xs+ BoXo+ -+ Xy €
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e Y=Cropyield
e X.,X,,...,X,= Environmental and sensor variables
e  B;=Regression coefficients
e ¢=Errorterm
Used in predictive analytics and smart farming systems.

3. NDVI (Normalized Difference Vegetation Index)
Widely used in multispectral agricultural monitoring:

NIR — RED

NDVI = ST RED

Where:
e NIR= Near-infrared reflectance
e  RED= Red-light reflectance
Helps estimate plant health and biomass from drone imagery.

4. Loss Function in Deep Learning
Mean Squared Error (MSE) used for training prediction models:

1 2
MSE=->"" (3= 9)
Nnédi=
Where:
e y;=Actual value
e ;= Predicted value
o n=Number of samples
Used in crop-yield and phenotyping models.

5. Generative Adversarial Network (GAN) Objective Function
Relevant to agricultural image synthesis and generative modeling:

min max V(D, 6) = Eyp 40108 D (9] + Eyp, 5y [108(1 = D(G(2))]

e (= Generator
e D= Discriminator
e x=Real agricultural image data
e z=Random noise vector
Supports image generation and crop analysis.

6. Diffusion Model Equation
Used for image synthesis and plant-growth simulation:

qx; | xe—1) = N5/ 1 = Bexe—y, BeD)

Where:
o x.= Noisy sample at step t
e  B:= Noise schedule
e V= Gaussian distribution
Relevant to diffusion-based agricultural Al models.

7. Reinforcement Learning Reward Function
For autonomous agricultural machinery control:
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oo
_ k
R, = Z Y Tt+k+1
k=0

Where:
e R,= Total reward
e y=Discount factor
e 1.= Immediate reward
Supports robotic navigation and automation systems.

8. Sensor Fusion Equation
Combining multispectral, hyperspectral, and imaging data:

F=aM+ BH +yl

e F=Fused feature representation
e M= Multispectral data
e  H= Hyperspectral data
e [=Imaging data
e qa,B,y= Fusion weights
Supports multimodal agricultural analytics.

9. 10T Edge Computing Latency Equation

L=T,+T,+T,

e L=Total latency
e T,=Transmission delay
e T,=Processing delay
e T,=Queue delay
Relevant to cloud-edge agricultural architectures.
10. Transformer Attention Mechanism
Important for transformer-based agricultural Al systems:

QK™
Attention(Q,K,V) = softmax <\/d_) %4
k
Where:
e (= Query matrix
e K= Key matrix
e V= Value matrix
e d,= Dimension scaling factor
Used in transformer-based crop prediction models.
11. Precision Agriculture Optimization Function

n
maxZ = Z(PLYL — Cl)
i=1

Where:
e 7= Farm profit
e  P,=Price of crop
e Y,=Yield
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e (;=Production cost
Useful in smart farming decision support.

12. Environmental Interaction Function
G =f(EG,P)

Where:
e (= Plant growth
E= Environmental conditions
G.= Genetic factors
P= Phenotypic traits

IV. PHARMACEUTICAL CROP YIELD PREDICTION

The growing demand for various chemicals, pharmaceuticals, and other bioactive compounds produced by plants has
propelled research efforts toward harvesting from compounds in vivo rather than incognitum. Achieving plant
production responses to specific environmental treatments for these compounds, however, requires knowledge of the
impact of genotype—environment interactions on the production of these compounds and species-dependent
relationships with other orthogonal and non-orthogonal parameters. A progressive program encompassing genotypic,
phenotypic, and environmental modeling can characterize such pattern-forming relationships and enable agrochemical-
crop-yield forecasting. These models can be scaled down into generative approaches that enable scenario analyses of
varying growing conditions, incorporating functional-structural plant growth models and environmental data fusion,
correlation, and quantitatively adaptive systems.

Plant growth and phenotyping modeling by generative approaches can benefit from the ability of generative models to
understand the influence of the environment on crop growth and adapt the growth of the species naturally. Recent
advances in general-purpose generative diffusion models that merge images, multispectral, and hyperspectral
modalities can be utilized to mine and fuse information present in multispectral, hyperspectral, imaging, and growth
stage transition data. The fusion is capable of performing both forward mapping to yield and quality attributes and
inverse mapping to explore scenario analysis for environmental conditions based on desirable values of the yield and
quality attributes. As the ecosystem of pharma compounds determined from lipid metabolism has been established for
many medicinal and aromatic species, mapping of the major components of essential oils and other key biosynthetic
routes with growth provides studies to achieve desired concentrations of these metabolites by means of scenario
analysis for climate-sensitive components.

Table: Cloud-Edge Generative Al Architecture for Agriculture

Layer Main Functions Technologies Used Advantages

Sensor Layer (?efi:?cescollectlon from  field 0T Sensors, Drones, Cameras Real-time monitoring

Edge Computing !_ocal data processing and Edge Al Devices Reducgd latency and

Layer inference bandwidth

Cloud Layer Model training and storage Cloud Computing, Big Data Scalable computation

Platforms

Al Analytics Layer Prediction and decision support Generative Al Models Intelligent farming decisions

User Interface Layer Visualization and farm Dashboards, Mobile Apps Improved user interaction
management

4.1. Modeling plant growth and phenotyping with generative methods

Plant growth modeling can be improved with generative models using fused multispectral, hyperspectral, and imaging
data. Data acquired from different imaging platforms typically include samples labeled with different metrics but
exhibit only limited overlap in acquisition conditions, making the labeled ground truth inaccessible. Recent
advancements in data-driven generative models enable forward and inverse mappings based on these data sources,
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facilitating yield and quality prediction. When trained on spatial- and temporal-resolution-matched data, diffusion
models can synthesize complex three-dimensional optical images for phenotype characterization, and conditional
generation methods can model plant growth status.

Two generative approaches toward the forward and inverse modeling of crop growth are proposed. For the forward
mapping, a hybrid diffusion model is trained to synthesize three-band, visible-wavelength optical images. For the
inverse mapping, a depth-inpainting conditioned Simon process is employed for the prediction of yield-attributed depth
data. The depth data represent a simulated plant phenotyping process and are further coupled with simulated
hyperspectral pixels for the reconstruction of a Wild type tomato yield-attributed experimental dataset, followed by the
prediction of two quantitative quality-attributed metrics from actual measurements, total soluble solid content and
firmness.

Cleaning & calibration
Feature extraction
Model training
Deployment

On-site inference

0 50 100 150 200 220

Relative score (stacked

Graph 3 — Data pipeline stage complexity (stacked horizontal bar): Breaks down each of the 6 pipeline stages
(collection — cleaning — feature extraction — training — deployment — inference) by compute effort, data volume
handled, and latency sensitivity. Training dominates compute; on-site inference has the highest latency demands.

V.SYSTEM ARCHITECTURE AND DATA INFRASTRUCTURE

An architecture and data infrastructure facilitating the deployment of generative artificial intelligence in agriculture at
scale are outlined. Emphasis is placed on ensuring interoperability among components and adherence to data
governance and reproducibility principles. The architecture aims to establish a systematic, end-to-end process
encompassing the collection, cleaning, preparation, training, deployment, and operationalization of generative models.
The data-pipeline description encompasses the various stages and components that support the enabling of generative
methods in agriculture including data collection, cleaning, feature extraction, model training, deployment, and on-site
inference. Consideration is given to bandwidth consumption, latency, and data privacy as critical factors shaping the
allocation of processing capabilities among cloud, edge, and on-device computing devices.

Generative artificial intelligence offers substantial potential to leverage existing data sets for both real-time inference
and long-term scenario analyses. Integrating data from diverse sensor types including multispectral and hyperspectral
sensors, cameras, and soil probes would support operations across the complete plant-to-pharma cycle. Addressing
limitations in sample sizes, spatial coverage, and multiscale modeling capacity is essential to operationalizing
generative methods in agriculture at scale.
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Table: Benefits and Challenges of Generative Al in Agriculture

Aspect Benefits Challenges

Smart Equipment Automation Increased efficiency and reduced labor dependency High implementation cost

Crop Yield Prediction Accurate forecasting and quality assessment Requirement for large datasets

Precision Agriculture Reduced pesticide and fertilizer use Complex sensor integration

Edge Computing Lower latency and enhanced privacy Hardware limitations

Generative Modeling Improved scenario analysis and simulation High computational demand
frlhllatn — Balety — fatnimdn — bl — Gelibpet — Oclebwe — (odbnenminaes

5.1. Data pipelines, sensors, and edge computing

To support scalable applications of generative Al in agriculture, a dedicated scalable Cloud-Edge Data Framework has
been developed. Key objectives of the data architecture include support for semantic interoperability, proper
governance, and data reproducibility in order to fulfil end-user requirements across different applications. A fully
integrated data pipeline—covering data collection, cleaning, feature extraction, model training and validation,
deployment, and on-site inference of learnt solutions—has been designed, implemented, and deployed in the context of
three different real-world applications. Special attention has been paid to bandwidth, latency and privacy issues related
to data transmission across the Cloud-Edge continuum.

Data collection is performed by a dedicated low-cost multispectral sensor module directly attached to a drone. A
machine-learning based calibration procedure performs data cleaning and feature extraction followed by the generation
of a ready-to-use dataset containing both multitemporal and multi-source sensor data (hyperspectral, imaging and plant
phenotyping) allowing for training and validation of a forward generative model describing the relationship between
the heterogeneous sensor data and the corresponding Young’s modulus.

Graph 4 — Case study distribution (doughnut chart): Reflects the five validation experiments discussed in Section
6 — farm-to-pharma translation, grape quality/yield, cotton yield prediction, hyperspectral moisture imaging, and
autonomous vineyard zoning — each contributing roughly equally.

VI. CASE STUDIES AND VALIDATION

Two aspects deserve particular attention. Subsequent sections provide performance metrics, operational challenges,
cost-benefit analyses, and lessons learned from real-world implementations of generative automation in agriculture.
Analysis also supports the claim that the proposed framework is scalable and broadly applicable, enabling new methods
in more complex domains. Rigorous evaluation of the preceding data infrastructure, use-case implementations, and
field experiments establishes functional reliability; considers interpretability, practicality, and transferability; compares
to existing solutions; and assesses statistical significance. Together, these elements underscore the theoretical
foundation.
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Practical validation examines four cases—farm-to-pharma translation of tobacco leaves, non-destructive prediction of
grape quality and yield, prediction of cotton yield, and moisture-aware deployment of hyperspectral imaging—and
additionally demonstrates a prototype on an autonomous vineyard-zoning task using LiDAR data. Generative methods
yield competitive performance on deep-learning baselines; deployment of the model for farm-to-pharma vyield
assessment enables application to test data of different types, ages, and sources without the costly labeling required for
vision tasks; and a data-driven approach predicts both yield and qualitative attributes for cotton. Limitations are
exposed in the lack of real-time sensing information for deployment of hyperspectral imaging and the need for robustly
mapping specifications to sensed data for task localization and planning.

Table: Case Studies and Validation Outcomes

Case Study Obijective Generative Al Technique Outcome

Tobacco Leaf Analysis Farm-to-pharma translation Deep Generative Models Improved quality prediction
Grape Yield Prediction aNnc;rlw;:?Sstructlve €'P Data Fusion Models Enhanced yield estimation
Cotton . Yield Predictive analytics Deep Learning Models Accqra_te quantitative
Forecasting prediction

Vineyard Zoning Autonomous field planning I'\_/:aDF;;IiQn—gbased Generative Improved zoning automation
Moisture-Aware Environmental monitoring  Hyperspectral Al Models Better sensing accuracy

Imaging

6.1. Field deployments of generative automation in agriculture

Generative models, aiming to learn the joint distribution of observed data and generating novel samples with high
fidelity, have been penetrating many domains, including unsupervised representation learning. Generative Al is the
unifying paradigm encompassing generative models and their various learning methods. Such generative approaches
have the potential to accelerate automation in agriculture, collectively transforming sensing, planning, and control by
realizing the vision of full-stack generative automation.

Verification of generative automation in agriculture using case studies, against established baselines with metrics for
comparison, is essential for ensuring avoidance of gaps between claims and actual implementation. Ideally, data from
deployment should also be generated to confirm the practicalities of generative automation. Prior research across the
three areas of sensing, planning, and control have employed generative models and warrants juxtaposition to elucidate
the potential of such approaches within future-generative systems. Consequently, the analysis focuses on real-world
data sourced from successful past representation-generation deployments in agriculture, rather than serving purely
illustrative purposes.

Graph 5 — Cloud-Edge-Device tradeoffs (bubble chart): Maps the three computing tiers from Section 5 against
bandwidth consumption and latency, with bubble size encoding relative privacy risk. Cloud is high on both axes; on-
device sits in the low-bandwidth, low-latency, low-privacy-risk corner.
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VII. CONCLUSION

Generative artificial intelligence has been successfully applied in various domains. The core generative models—
diffusion, variational, autoregressive, and transformers—can be mapped to sensing, planning, and control tasks in
robotics and control theory. Moreover, generative models with appropriate training data can learn unknown
distributions of task-relevant variables. Leveraging these properties, several real-world generative automation
applications in smart personal devices, engineering, and medicine have been developed, improving effectiveness,
efficiency, safety, and overall user experience.

As an illustration of the emerging landscape of generative artificial intelligence in agriculture, its foundations, system
architecture, data infrastructure, and field deployments of generative automation for agricultural equipment are
discussed. Generative framework designs enable agents to learn and reason about environmental dynamics, multimodal
data fusion, data-to-robot action generation, scene understanding, localization and mapping, and driver—machine role
switching. Data pipelines for automation modules, including data collection, cleaning, feature extraction, training,
deployment, and on-site inference, have been set up. Initial real-world implementations have been conducted,
evaluating the readiness of generative automation in agriculture and providing insights for future applications.

REFERENCES

1. Yandamuri, U. S. (2026). Al-Enabled Workflow Automation and Predictive Analytics for Enterprise Operations
Management. Management, 3(1), 15-24.

2. Nagubandi, A. R. (2025). Cryptocurrency Market Spillovers: Risk Contagion Across Global Financial Systems.

3. Kolla, S. K. (2026). Foundation Deep Learning Models For Precision Medicine Using Multimodal Big Data.
INTERNATIONAL JOURNAL OF ADVANCES IN SIGNAL AND IMAGE SCIENCES.

4. Bandi, V. D. V. K. Autonomous Data Platforms: Converging Al, MLOps, and Cloud Engineering for Digital.

5. Davuluri, P. N. Autonomous Compliance Systems: Al, Event Streaming, and the Future of Financial Crime
Prevention.

6. Pote!, X. R., Pamisetty, A., Karthikeyan, G., & Guptal, D. (2025, May). Atrtificial Intelligence Enabled Smart
Energy Conservation Systems for Intelligent Resource Management and Sustainable Future Power Grids. In
Proceedings of the International Conference on Sustainability Innovation in Computing and Engineering (ICSICE
24) (p. 196). Springer Nature.

7. Ranga Reddy, V. A. (2024). Comparing Batch vs. Streaming Approaches in Healthcare Data Warehousing
Environments. Journal of Neonatal Surgery, 13(2), 2287-2309. Retrieved from
https://www.jneonatalsurg.com/index.php/jns/article/view/10223

8. Ranjith Kumar Peddi. (2024). Al-Based Workforce Analytics for SLA Governance and Uptime Assurance in Data
Centers. Journal of Computational Analysis and Applications (JOCAAA), 33(08), 8589-8601. Retrieved from
https://eudoxuspress.com/index.php/pub/article/view/5361

9. Loganathan, R. (2024). GENERATIVE AI-ENABLED COMPLIANCE DOCUMENTATION AND AUDIT
TRAIL AUTOMATION FOR GLOBAL DATA CENTER GOVERNANCE. Turkish Journal of Computer and
Mathematics Education (TURCOMAT), 15(3), 487-504. https://doi.org/10.61841/turcomat.v15i3.15512

10. Mangala, N. (2026). Responsible Al Data Architecture: Embedding GDPR and PII Compliance into MLOps
Pipelines at Enterprise Scale. Canadian Journal of Marketing Research, 16(1), 107-124.

11. Mangalampalli, B. M. (2024). Al-Enhanced Data Governance: Automating Compliance In Healthcare Analytics
Platforms. The Review of Diabetic Studies, 191-204.

12. Kolla, T. (2025). The Future of Healthcare Analytics: Leveraging Al and Data Engineering for Personalized
Medicine. Journal of Computer Science and Technology Studies, 7(4), 634-640.

13. Enterprise-Scale Gen Al Orchestration Using Small LMs and LLM Agents for Intelligent ITSM and HRSD
Automation in Enterprise Ecosystems. (2025). MSW Management Journal, 35(2), 1889-1897.

14. Shah, M. M., & Kolla, S. H. (2026). Harvest Net: An Al-Powered Adaptive System for Yield Prediction and
Resource Optimization in Agriculture. Canadian Journal of Marketing Research, 16(2), 181-196.

15. Amistapuram, K. (2025). GENERATIVE Al FOR CLAIMS EXCEPTIONS AND INVESTIGATIONS:
ENHANCING RESOLUTION EFFICIENCY IN COMPLEX INSURANCE PROCESSES. Available at SSRN
5785482.

16. Gottimukkala, V. R. R. (2025). Agentic Al for Next-Generation Cross-Border Payments: Contextual Learning in
Transaction Routing. Journal of Informatics Education and Research, 5(4).

17. Gupta, D. K., Purushotham, K., Dheer, G., P, S., Gottimukkala, V. R. R., & Kapoor, S. (2025). Semantic Feature
Learning Using Transformer-Based Deep Neural Networks. In 2025 IEEE 5th International Conference on ICT in

IJRPETM®©2026 | AnI1SO 9001:2008 Certified Journal | 1078




International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[IVolume 9, Issue 3, May-June 2026||

DOI:10.15662/1IJRPETM.2026.0903007

Business Industry &amp;amp; Government (ICTBIG) (pp. 1-6). IEEE. 2025 IEEE 5th International Conference on
ICT in Business Industry &amp; Government (ICTBIG). https://doi.org/10.1109/ictbig68706.2025.11323734

18. Pallapu, S. R., Aitha, A. R., Vandhana, K., & Chelladurai, S. (2025, October). GAN-Augmented Transformer
Framework for Cross-Domain Video Style Transfer. In 2025 International Conference on Communication,
Computer, and Information Technology (IC3IT) (pp. 1-6). IEEE.

19. Bhasgi, S. S., Garapati, R. S., B, Ayshwarya., Sasikala, M., & J, Srinivasan. (2025). Medical Image Fusion of
Magnetic Resonance Imaging and Computed Tomography Using Learned Wavelet Complex Adapter. In 2025
International Conference on Communication, Computer, and Information Technology (IC3IT) (pp. 1-6). IEEE.
2025 International Conference on Communication, Computer, and Information Technology (IC3IT).
https://doi.org/10.1109/ic3it66137.2025.11340892

20. Pamisetty, A., Paleti, S., Adusupalli, B., Singireddy, J., Inala, R., & Nagabhyru, K. C. (2025, September).
Explainable Al Systems for Credit Scoring and Loan Risk Assessment in Digital Banking Platforms. In 2025 IEEE
13th International Conference on Intelligent Data Acquisition and Advanced Computing Systems: Technology and
Applications (IDAACS) (pp. 1478-1483). IEEE.

21. Ramana, B., Sheelam, G. K., Pandya, T., Rai, A. K., Kumar, V. A., & Kukreti, A. (2025). Exploring the Potential
of NOMA in 6G Through Comparative Analysis with OMA Techniques. In 2025 IEEE 5th International
Conference on ICT in Business Industry &amp;amp; Government (ICTBIG) (pp. 1-6). IEEE. 2025 IEEE 5th
International  Conference on ICT in  Business Industry &amp; Government (ICTBIG).
https://doi.org/10.1109/ictbig68706.2025.11323270

22. Chary, D. V., Meda, R., C, J. S. Mary., Narasimhachari, J. P., & A S, Y. (2025). TriFusionFormer: Tri-Modal
Fusion Transformer Using Gated Modality Control and Multi-Scale Attention for Emotion Recognition. In 2025
International Conference on Communication, Computer, and Information Technology (IC3IT) (pp. 1-8). IEEE.
2025 International Conference on Communication, Computer, and Information Technology (IC3IT).
https://doi.org/10.1109/ic3it66137.2025.11341646

23. Paleti, S., Kummari, D. N., Garapati, R. S., Sheelam, G. K., Adusupalli, B., & Singireddy, J. (2025, December).
Building a Cyber-Resilient Payment Infrastructure: Transforming Payment Security with Zero Trust Architecture.
In 2025 3rd International Conference on 10T, Communication and Automation Technology (ICICAT) (pp. 1-7).
IEEE.

24. Alshar, M. M., Shahdadpuri, N., Rajeshwari, M., Gupta, M., Joshi, N. R., & Singireddy, J. (2025). Enhanced
Management &amp; Performance of Remote Workforce with Cloud and Al-Driven HR Analytics. In 2025 3rd
International Conference on Advances in Computation, Communication and Information Technology (ICAICCIT)
(pp. 631-636). IEEE. 2025 3rd International Conference on Advances in Computation, Communication and
Information Technology (ICAICCIT). https://doi.org/10.1109/icaiccit68829.2025.11434104

25. Annapareddy, V. N., Singireddy, J., Preethish Nandan, B., Lakarasu, P., & Burugulla, J. K. R. (2025). Emotional
intelligence in artificial agents: Leveraging deep multimodal big data for contextual social interaction and adaptive
behavioral modelling. Available at SSRN 5241039.

26. Nuka, S. T., Chakilam, C., Chava, K., Suura, S. R., & Recharla, M. (2025). Al-driven drug discovery: transforming
neurological and neurodegenerative disease treatment through bioinformatics and genomic research. American
Journal of Psychiatric Rehabilitation, 28(1), 124-135.

27. Pandiri, L. (2025). The Complete Compendium of Digital Insurance Solutions: Life, Health, Auto, Property, and
Specialized Coverage in the Age of Al, Automation, and Intelligent Risk Management. Deep Science Publishing.

28. Krishnaprasath, V. T., Pamisetty, V., Sharma, V., Nayak, M., Baalakumar, N. N., & Aravindh, S. (2025, May).
Federated learning based artificial intelligence systems with blockchain security for global healthcare collaboration
and patient centric data privacy. In International Conference on Sustainability Innovation in Computing and
Engineering (ICSICE 2024) (pp. 1277-1290). Atlantis Press.

29. Chakraborty, S., Pamisetty, A., Chandana, N., & CS, B. (2025, October). Depth-Wise Temporal Convolutional
Networks with Layer Normalization for Waste Food Prediction. In 2025 2nd International Conference on
Software, Systems and Information Technology (SSITCON) (pp. 1-6). IEEE.

30. Ranga Reddy, V. A. (2024). Comparing Batch vs. Streaming Approaches in Healthcare Data Warehousing
Environments. Journal of Neonatal Surgery, 13(1), 2287-23009. Retrieved from
https://www.jneonatalsurg.com/index.php/jns/article/view/10223

31. AGENTIC Al FRAMEWORKS FOR AUTONOMOUS RISK DETECTION AND COMPLIANCE
REMEDIATION IN ENTERPRISE DATA CENTER OPERATIONS. (2025). Lex Localis - Journal of Local Self-
Government, 23(S6), 9672-9697. https://doi.org/10.52152/3f90ak91

32. Mangala, N. (2026). A Unified Architecture for Real-Time Analytics Using Microsoft Fabric Onelake.
International Journal of Human Computations and Intelligence, 5(3), 793-807.

IJRPETM®©2026 | AnI1SO 9001:2008 Certified Journal | 1079




International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[IVolume 9, Issue 3, May-June 2026||

DOI:10.15662/1IJRPETM.2026.0903007

33. Kolla, T. (2024). Al-Powered Data Catalog Systems For Healthcare Data Discovery And Governance. South
Eastern European Journal of Public Health, 2296-2311. https://doi.org/10.70135/seejph.vi.7077

34. Kolla, S. H. (2024). Retrieval-Augmented Generation With Small Llms For Knowledge-Driven Decision
Automation In Enterprise Service Platforms. Turkish Journal of Computer and Mathematics Education
(TURCOMAT), 15(3), 476-486.

35. Bandi, V. D. V. K. (2026). Cognitive Data Engineering: Al-Governed Data Quality, Lineage, and Pipeline
Optimization at Scale. International Journal of Economic Practices and Theories, 2026, 131-148.

36. Kolla, S. H. (2026). Autonomous Enterprise Agents: Orchestrating Large and Small Language Models for Scalable
Decision Automation in ITSM, HRSD, and CSM Platforms. INTERNATIONAL JOURNAL OF ADVANCES IN
SIGNAL AND IMAGE SCIENCES, 24-45.

37. Yandamuri, U. S. Al-Driven Decision Support Systems for Operational Optimization in Hospitality Technology.
38. Kolla, S. H. (2026). Small Language Models as Control Planes: Designing Cost-Efficient GenAl Orchestration
Layers for Enterprise-Integrated Digital Workflows. Minnesota Journal of Business Law and Entrepreneurship.

39. Radha, S., Gottimukkala, V. R. R., Thottara, S., Vandhana, K., & J, Gokulraj. (2025). Adaptive Video Streaming
Over 5G Networks Using Deep Reinforcement Learning with Closed-Loop Feedback Mechanism for Bitrate
Control. In 2025 International Conference on Communication, Computer, and Information Technology (IC3IT)
(pp. 1-6). IEEE. 2025 International Conference on Communication, Computer, and Information Technology
(IC3IT). https://doi.org/10.1109/ic3it66137.2025.11341184

40. Nagabhyru, K. C., Gadi, A. L., Seenu, A., Davuluri, P. S. L. N., Segireddy, A. R., & Pamisetty, V. (2026).
Towards Automated Financial Risk Scoring in Automotive Financing with Explainable Machine Learning. In 2026
IEEE International Conference on Al Engineering and Innovations (AIEI) (pp. 1-6). IEEE. 2026 IEEE
International Conference on Al Engineering and Innovations (AIEI).
https://doi.org/10.1109/aiei69164.2026.11496822

41. EdgeMind: A Self-Evolving Al Framework for Distributed Intelligence in 10T Ecosystems. (2026). Journal of
Informatics Education and Research, 6(2). https://jier.org/index.php/journal/article/view/4609

42. Garapati, R. S., Adusupalli, B., Kaulwar, P. K., Gadi, A. L., Annapareddy, V. N., & Challa, K. (2025). The
Evolution of Digital Payments: A Study on Al-Powered Transaction Monitoring Systems. In 2025 3rd
International Conference on 10T, Communication and Automation Technology (ICICAT) (pp. 1-8). IEEE. 2025
3rd International Conference on loT, Communication and Automation Technology (ICICAT).
https://doi.org/10.1109/icicat68430.2025.11414665

43. Devayani, G., & Nagabhyru, K. C. (2026). Wireless Sensor Networks and Digital Twins for Real-Time City
Simulation. Available at SSRN 6094546.

44. Sivanand, R., Kumar, D. P., Nagabhyru, K. C., Natarajan, E. P., Pamisetty, V., & Kapila, D. (2025, September).
loT and Al for Real-Time Monitoring in Substation Automation. In 2025 International Conference on Computing
and Communications (COMPUTINGCON) (pp. 1-5). IEEE.

45. P, R., Manoranjithem, V., Garapati, R. S., Singh, S., Praveen, R., & K, M. S. (2025). Random Forest—XGBoost
Hybrid Model for Early Detection of Breast Cancer in Medical Imaging Datasets. In 2025 IEEE 3rd Global
Conference on Wireless Computing and Networking (GCWCN) (pp. 1-6). IEEE. 2025 IEEE 3rd Global
Conference on Wireless Computing and Networking (GCWCN).
https://doi.org/10.1109/gcwcn66157.2025.11448354

46. Kolla, S. H., Inala, R., & Kumar, M. V. K. (2026). Secure RAG Architectures with Small Language Models for
Governance-Aligned LLM Deployment in Enterprise Service Management Platforms. International Journal of
Economic Practices and Theories, 2026, 166-179.

47. Yerra, S. D., Kiran Kumar, D. Y., Sheelam, G. K., Praveen, R., Paul, P. M., & M, D. (2026). Enhancing Road
Safety and Network Intelligence Using a Swarm Intelligence-SVM Hybrid Model in 6G-Enabled V2X
Communication. In 2026 IEEE International Conference on Al Engineering and Innovations (AIEI) (pp. 1-6).
IEEE. 2026 IEEE International Conference on Al Engineering and Innovations (AIEI).
https://doi.org/10.1109/aiei69164.2026.11497283

48. FinOps Strategies for Al-Enabled Real-Time Compliance Platforms in Cloud Native Environments. (2025). MSW
Management Journal, 35(2), 2080-2088.

49. MANGALAMPALLI, B. M., KOLLA, S. H., APPA RAO NAGUBANDI, D. R., & SEGIREDDY, A. R. (2025).
AN INTELLIGENT, REAL-TIME DIGITAL FABRIC FOR HEALTHCARE AND FINANCIAL ECOSYSTEMS
USING AUTONOMOUS LEARNING AND GENERATIVE SYSTEMS. TPM-Testing, Psychometrics,
Methodology in Applied Psychology, 32(S9 (2025): Posted 15 December), 3070-3086.

50. Yandamuri, U. S. (2026). Scalable Cloud-Based Intelligent Decision Systems Leveraging Al and Big Data for
Industry-Specific Optimization. Minnesota Journal of Business Law and Entrepreneurship, (1), 584-601.

IJRPETM®©2026 | AnI1SO 9001:2008 Certified Journal | 1080




International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[IVolume 9, Issue 3, May-June 2026||

DOI:10.15662/1IJRPETM.2026.0903007

51. Amistapuram, K. (2025). Agentic Al for Next-Generation Insurance Platforms: Autonomous Decision-Making in
Claims and Policy Servicing. Journal of Marketing & Social Research, 2, 88-103.

52. Sheelam, G. K. (2025). Agentic Al in 6G: Revolutionizing Intelligent Wireless Systems through Advanced
Semiconductor Technologies. Advances in Consumer Research.

53. Mangalampalli, B. M., & Kaolla, T. (2026). FHIR-Based Interoperability Frameworks For Real-Time Healthcare
Data Exchange: Architecture Patterns And Performance Optimization. International Journal Of Advances in Signal
and Image Sciences, 1514-1536.

54. Bargavi, N., Athawale, S. G., Amistapuram, K., & Aitha, A. R. (2026). Safeguarding Consumer Data in Digital
Insurance: Legal Frameworks and Ethical Imperatives. International Insurance Law Review, 34(S1), 272-284.

55. None, D. M. K., None, V. D. V. K. B, Noneg, N. M., None, S. H. K. & None, B. M. M. (2026). Engineering
Intelligent Cloud-Native Data Ecosystems for Predictive Decision-Making in Industry. Journal of European
Economic History, 7(2), 68-88.

56. Jagtap, S., Inala, R., Venu, M., & Divya, T. V. (2025, October). Large-Scale Crowd Flow Prediction Using
Temporal Convolutional Network with Spatio-Temporal Attention. In 2025 International Conference on
Communication, Computer, and Information Technology (IC3IT) (pp. 1-6). IEEE.

57. Rathor, K., Meda, R., Agnihotri, K., Sinha, P. K., Mandal, P., & Gulati, M. (2025). Detecting and Interpreting
Financial Statement Fraud via Supply Chain-Based Graph Neural Network Models. In 2025 IEEE 4th International
Conference for Advancement in Technology (ICONAT) (pp. 1-5). IEEE. 2025 IEEE 4th International Conference
for Advancement in Technology (ICONAT). https://doi.org/10.1109/iconat66879.2025.11362543

58. Krishnan, M., Aitha, A. R., Amistapuram, K., Nandan, B. P., Kaulwar, P. K., & Singireddy, J. (2025). Human-in-
the-Loop Hybrid Neuro-Symbolic Al Model for Reliable Data Engineering in High-Stakes Industrial Systems. In
2025 IEEE 3rd Global Conference on Wireless Computing and Networking (GCWCN) (pp. 1-7). IEEE. 2025
IEEE  3rd Global Conference on  Wireless Computing and  Networking  (GCWCN).
https://doi.org/10.1109/gcwcn66157.2025.11448516

59. Recharla, M., & Nuka, S. T. (2025). Translational Approaches To Commercializing Neurodegenerative Therapies:
Bridging Laboratory Research With Clinical Practice. South Eastern European Journal of Public Health, 121-144.

60. Sudha Rani, P. R., Amistapuram, K., Pamisetty, V., Singireddy, S., Kummari, D. N., & Sheelam, G. K. (2025).
Hybrid Knowledge Graph-Deep Learning Framework for Automated Exception Handling and Investigation in
Complex Insurance Claims. In 2025 IEEE 3rd Global Conference on Wireless Computing and Networking
(GCWCN) (pp. 1-6). IEEE. 2025 IEEE 3rd Global Conference on Wireless Computing and Networking
(GCWCN). https://doi.org/10.1109/gcwcn66157.2025.11448301

61. Rani, P. S., Amistapuram, K., Pamisetty, V., Singireddy, S., Kummari, D. N., & Sheelam, G. K. (2025,
November). Hybrid Knowledge Graph-Deep Learning Framework for Automated Exception Handling and
Investigation in Complex Insurance Claims. In 2025 IEEE 3rd Global Conference on Wireless Computing and
Networking (GCWCN) (pp. 1-6). IEEE.

62. Pandiri, L. (2025, May). Exploring Cross-Sector Innovation in Intelligent Transport Systems, Digitally Enabled
Housing Finance, and Tech-Driven Risk Solutions A Multidisciplinary Approach to Sustainable Infrastructure,
Urban Equity, and Financial Resilience. In 2025 2nd International Conference on Research Methodologies in
Knowledge Management, Artificial Intelligence and Telecommunication Engineering (RMKMATE) (pp. 1-12).
IEEE.

63. Naik, A. V., Sheelam, G. K., Panchakatla, N., Muthukumaran, K., & Saranya, K. (2025). Comprehensive Analysis
on Depression Detection From Social Media Using Deep Learning and Transformer Architectures. In 2025
International Conference on Communication, Computer, and Information Technology (IC3IT) (pp. 1-8). IEEE.
2025 International Conference on Communication, Computer, and Information Technology (IC3IT).
https://doi.org/10.1109/ic3it66137.2025.11341160

64. Madhavi, K. R., Rongali, S. K., Polineni, T. N. S., Kummari, D. N., Challa, K., & Challa, S. R. (2026).
Explainable Al (XAl)-Driven Predictive Analytics Framework for Ethical and Scalable Automation in Cloud-
Native Architectures with Enterprise and Healthcare Interoperability. In 2026 International Conference on
Electronics and Renewable Systems (ICEARS) (pp. 31-36). IEEE. 2026 International Conference on Electronics
and Renewable Systems (ICEARS). https://doi.org/10.1109/icears67481.2026.11416589

65. Seenu, A., Aitha, A. R., Gottimukkala, V. R. R., Singireddy, J., Meda, R., & Garapati, R. S. (2025). Hybrid Multi-
Agent Reinforcement Learning and Blockchain Framework for Real-Time Transaction Integrity in Cloud-Driven
Financial Systems. In 2025 IEEE 3rd Global Conference on Wireless Computing and Networking (GCWCN) (pp.
1-6). IEEE. 2025 IEEE 3rd Global Conference on Wireless Computing and Networking (GCWCN).
https://doi.org/10.1109/gcwcn66157.2025.11448456

66. Nandan, B. P., Kumar, M. V. K., Garapati, R. S., Bandi, V. D. V. K., Davuluri, P. S. L. N., & Mangalampalli, B.
M. (2026). Al-Enhanced Semiconductor Yield Optimization Using Hybrid Deep Learning and Edge Data

IJRPETM®©2026 | AnI1SO 9001:2008 Certified Journal | 1081




International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[IVolume 9, Issue 3, May-June 2026||

DOI:10.15662/1IJRPETM.2026.0903007

Analytics. In 2026 IEEE International Conference on Al Engineering and Innovations (AIEI) (pp. 1-6). IEEE.
2026 IEEE International Conference  on Al Engineering and Innovations (AIEL.
https://doi.org/10.1109/aiei69164.2026.11497190

67. Deepika, G., Recharla, M., Deepika, S., P, llanchezhian.,, & G, Nirupashri. (2025). Adaptive Lightweight
Autoencoder with Noise Estimation Module for Noise Reduction in ECG Signals. In 2025 International
Conference on Communication, Computer, and Information Technology (IC3IT) (pp. 1-6). IEEE. 2025
International Conference on Communication, Computer, and Information Technology (IC3IT).
https://doi.org/10.1109/ic3it66137.2025.11340876

68. Madhavi, K. R., Gottimukkala, V. R. R., Pandiri, L., Sriram, H. K., Malempati, M., & Adusupalli, B. (2025,
November). Hybrid Transformer—Federated Learning Model for Secure Release Engineering in Global Payment
Networks. In 2025 IEEE 3rd Global Conference on Wireless Computing and Networking (GCWCN) (pp. 1-6).
IEEE.

69. Challa, K., Singireddy, J., Pamisetty, A., Garapati, R. S., Kannan, S., & Sriram, H. K. (2025, December).
Harnessing Agentic Al and IT Infrastructure in Banking to Drive Consumer Insights, Operational Excellence, and
Intelligent Financial Innovation. In 2025 3rd International Conference on IoT, Communication and Automation
Technology (ICICAT) (pp. 1-7). IEEE.

70. Ranjith Kumar Peddi (2021). Optimizing Case Management Workflows in Global Data Center Colocation
Services.  Universal  Journal of Computer  Sciences and  Communications, 1(1), 1-21.
https://doi.org/10.31586/ujscs.2021.1380

71. Loganathan, R. (2022). Converging Security Architecture and Compliance Management in Enterprise Data Center
Ecosystems: A Unified Control Framework. International Journal of Scientific Research and Modern Technology,
1(12), 295-312. https://doi.org/10.38124/ijsrmt.v1i12.1378

72. Mangalampalli, B. M. Generative Al Applications In Healthcare Data Mart Design And Optimization.

IJRPETM®©2026 | AnI1SO 9001:2008 Certified Journal | 1082




