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Abstract

Modern agricultural research is flooded with various types of data - climate information,
soil survey data, crop monitoring feeds, and the scholarly literature that connects it all.
However, the majority of Al algorithms utilized in this field remain largely stateless - they
analyze what they have in front of them but fail to remember anything, making it difficult
to transfer knowledge gained during one harvest season to another one. This paper
presents URAIAER (Unified Retrieval-Augmented Intelligence for Agricultural and
Environmental Research) - a retrieval-augmented generation (RAG) approach based on
three pillars - IoT-based environmental sensing, machine learning forecasting, and the
vector memory of observations accumulated by the model over time. Environmental
sensing is provided by the system via distributed sensor nodes, providing information
about air quality, temperature, humidity, soil moisture, pH levels and other environmental
factors that need to be taken into account. Data provided by these sensors is processed,
embedded into vector space, and indexed in a vector database to enable future reasoning
about previous observations. Thus, URAIAER combines real-time environmental
monitoring with accumulated vector memory to retrieve external knowledge and use both
in conjunction with domain-specific machine learning models to make predictions and
recommendations. The retrieval model in URAIAER is derived from the Retrieval
Augmented Generation (RAG) model proposed by Lewis et al. [1], while the memory
system in URAIAER borrows concepts from the latest works on memory-augmented Al.
The IoT-based sensing model in URAIAER uses established paradigms from smart
agriculture and IoT literature [6], [7]. Pradhan and Unhelkar [12] have studied a similar
sensing model, which illustrates the use of IoT to provide environmental monitoring and
make sustainable decisions, which has influenced the design of the data acquisition model
here.

1. Introduction

Agriculture continues to be one of the most critical sectors that support food security and economic
growth; however, modern agriculture is burdened with a range of challenges, such as climate change,
unpredictable weather conditions, soil degradation, pest infestations, and decreasing resources.

Dealing with these issues requires intelligent systems that are capable of processing the large amounts of
information that is available in agriculture and the environment today.
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Advancements in the field of artificial intelligence have facilitated the use of predictive analytics in
agriculture. The current methods of applying predictive analytics are still constrained by small context
windows and an inability to retain knowledge acquired during a long period of time, thus useful
knowledge gained during previous crop cycles and environmental observations is lost during the process.

The use of external knowledge retrieval together with language generation, called as Retrieval-
Augmented Generation, was shown by Lewis et al. [1] to have a positive impact on factual reasoning. The
principle behind such an idea became the cornerstone of the retrieval subsystem applied in URAIAER.

On the other hand, 10T technologies allow collecting real-time data from agriculture using the distributed
sensor network infrastructure. Pradhan and Unhelkar [12] considered a similar sensing ecosystem,
emphasizing the importance of such an infrastructure for environmental monitoring and sustainable
decision making, which was applied while designing the acquisition subsystem. However, currently
available solutions do not utilize the collected data within any reasoning process.

The importance of the distributed sensing infrastructure and collection of environmental data through
IoT architectures was emphasized by Gubbi et al. [7].

In order to solve this problem, this paper will introduce the URAIAER framework which unifies the data
acquisition through IoT, Retrieval-Augmented Generation, machine learning predictions, and vector
memories.

This design is motivated not only by the ideas presented by Unhelkar and Gonsalves [8] about using Al
techniques for decision making but also the need to use both the real-time situation in the field and
historical information to base their agricultural decisions on.

Unlike current solutions, which mostly focus on retrieval, prediction, or sensing, respectively, URAIAER
will unify all four components in one agricultural intelligence system, namely RAG, loT-based sensing,
machine learning predictions, and vector memories.

2. Problem Statement

It is worth noting that agricultural operations take place in an environment that constantly changes over
time. There is no doubt that Al has shown its potential to help decision-making in this area, although
there are a number of solutions that currently are confined to short-term processing of data with little
context awareness. This is caused by the fact that the use of static data makes such solutions unable to
utilize the accumulated history of observations.

Moreover, it should be said that predictive models and knowledge retrieval methods are designed
separately, which means that the integration between these solutions will hardly be effective. As for the
lack of persistent memory, it means that such solutions are not able to learn from previous observations,
which makes reasoning and trend analysis impossible. As far as agriculture becomes increasingly
dependent on data analysis, there is no doubt that there should be such frameworks.

3. Objectives
The main goals of URAIAER include:
The development of an IoT-driven agricultural intelligence platform for monitoring the environment.

The inclusion of machine learning models to perform predictive agricultural analysis.

The creation of a vector-based persistent memory that enables cumulative learning.

The provision of retrieval augmented reasoning based on agricultural literature and past data.

Evidence-based decision making related to agriculture and environment.

The development of a model independent architecture for future Al applications.
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4. Related Work

A. Retrieval Augmented Generation

Retrieval augmented generation was proposed by Lewis et al. [1] as an approach to merging neural
generation with retrieval of information from outside sources. This framework helped show that the
retrieval of relevant documents prior to generation increases factual accuracy and enables models to
retrieve information way beyond what is contained in the model’s parameterization - all of which paved
the way for knowledge-grounded Al.

In URAIAER, documents with agricultural, environmental, and climate data are retrieved from external
knowledge bases. Unlike most other RAG models, which are designed mostly for one-off query answering,
URAIAER combines retrieval with memory storage.

B. Memory-Augmented Artificial Intelligence

Existing large language models are restricted by context window limitations and often lose everything
after a session. Packer et al. [2] solved this issue using the MemGPT framework, which allows large
language models to store and retrieve information from memory stores, showing that persistent memory
allows reasoning and knowledge retention.

Following this concept, URAIAER implements an Internal Memory-Centric RAG layer that can store
historical sensor readings, predictive outputs, seasonal patterns, an reasoning states as vectors. Instead
of building a generic memory system, URAIAER develops it specifically for long-term agricultural and
environmental intelligence. This also aligns with the framework of Hex-Elementization offered by
Unhelkar and Nair [10], who advocate embedding intelligence into data structures, not adding it as an
extra layer.

C. Machine Learning in Agriculture

Machine learning has become an essential instrument for the modern farm. Kamilaris and Prenafeta-
Boldu [6] conducted a study that described successful use of deep learning techniques in the areas of crop
monitoring, disease detection, weed detection, yield prediction, and environmental assessment,
demonstrating how important is Al-enabled analytics for precision agriculture.

In URAIAER, this idea is developed further through the incorporation of machine learning into the
framework based on a retrieval-and-memory reasoning approach. Instead of serving as prediction tools,
results of machine learning models are integrated into the evolving knowledge environment that
influences future decision-making processes.

It is also inspired by the Hex-Elementization approach introduced by Unhelkar and Nair [10], where
context-based intelligence is proposed to be incorporated into the process of machine learning.

D. Internet of Things for Smart Agriculture

Indeed, the Internet of Things has changed the way environmental monitoring and precision agriculture
take place. Gubbi et al. [7] provided a basis for the IoT architecture of large scale sensory systems,
stressing the importance of real-time data gathering, communication, and intelligent processing, all of
which directly apply to agriculture, where distributed sensors have proved their capability to increase
efficiency, manage resources, and environmental awareness.

The Data Acquisition Layer of URAIAER has been developed within these smart-agriculture architectures,
and the distributed sensory system is additionally designed following Pradhan and Unhelkar [12], who
showed how large scale environmental sensors could be helpful for sustainable monitoring and decision
making.

The sensors are collecting data on temperature, humidity, air quality, soil moisture, precipitation, and soil
pH. However, unlike other environmental monitoring systems, URAIAER adds retrieval based intelligence
and memory to its data gathering process.
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E. Vector Databases and Semantic Retrieval

The retrieval of information is dependent on the effectiveness of similarity-searching capabilities.
Methods like FAISS, which is used for vector similarity searching over high-dimensional embedding
spaces at large scale, have become an essential component in modern retrieval systems and memories.

URAIAER employs vector-based storage and retrieval systems for storing agricultural observations,
research data, environmental information, and predictions in order to allow for semantic retrieval of
information related to history and reasoning over several agricultural cycles.

The use of such vector-based architecture for storage and retrieval is partly influenced by Unhelkar and
Nair [10] who investigated ways of embedding intelligence into data structures. In URAIAER,
environmental information, predictions, and outcomes are converted into vectors.

F. Research Gap and Motivation

This set of researches has significantly contributed to the development of retrieval systems, memory-
enabled Al, agricultural Al, Internet of Things-enabled monitoring, and vector retrieval methods, but each
of them as independent solutions. The agricultural Al systems do not have any memory; retrieval systems
do not have any environmental sensing in real time; IoT solutions are not using any reasoning.

URAIAER is one such effort to fill the gap by integrating:
¢ RAG for knowledge grounding
e Permanent and vector memory for lifelong learning
e Environmental data gathering via loT
o ML for agriculture prediction
¢ Reasoning across seasons and trends over time

It is this combination of all of these that enables URAIAER to serve as an intelligent and scalable platform
for agriculture and environmental research, not just another point solution.

5. Proposed Architecture
URAIAER includes five main layers:

A. IoT Data Acquisition Layer
IoT layer is composed of a number of distributed sensor nodes deployed at agriculture and environment
monitoring sites. This layer monitors for the following parameters:
e Environmental AQI
e Temperature
Humidity
Soil moisture
Soil pH
Rainfall
Light intensity
Atmosphere conditions

Data collected by the sensors is uploaded to a centralized cloud infrastructure using wireless
communication networks. The architecture is based on loT-based environmental monitoring approach
suggested by Gubbi et al. [7], specifically regarding the aspects of scalable sensor deployment and data
acquisition, and also takes into consideration Unhelkar's environmental intelligence concept [11].

B. Data Processing Layer

The raw information from sensors goes through a preprocessing pipeline which takes care of all aspects
such as cleaning of data, handling missing values, filtering noise, extracting features and normalizing
data. Preprocessing pipelines like these are prevalent in agriculture analytics due to their contribution to
increasing accuracy in the modeling process [6].
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C. Machine Learning Layer

Module 3 of machine learning performs the function of predicting yields, assessing soil conditions,
predicting pests and diseases, environmental risk assessment, and resource optimization using methods
such as random forest, XGBoost, and neural network based on the function.

It is a continuation of the research by Kamilaris and Prenafeta-Boldu [6], showing the effectiveness of
machine learning and deep learning in monitoring of crops, disease detection and yield prediction, and it
continues the Hex-Elementization concept of Unhelkar and Nair [10] where there is a need for machine
learning to be context aware.

D. External Retrieval-Augmented Generation Layer
The external RAG system draws on:
e Agricultural journals

Climate reports
e Government databases

Research publications
¢ Environmental studies

to ensure that the Al-generated suggestions are based on real data. This is done according to the RAG
model proposed by Lewis et al. [1], wherein retrieval knowledge aids in better contextual understanding
and prevents hallucination, and also inspired from the collaborative intelligence approach of Unhelkar
and Arntzen [9].

E. Internal Memory-Centric RAG Layer

The internal layer of RAG acts as the memory store for the system, consisting of:
e Historical sensor readings

e Previous predictions

e Seasonal crop outcomes

e Environmental trends

e Research findings

e Reasoning states

Everything gets encoded into vector form and stored in a vector database to be retrieved later on. This is
driven by the recent research done in memory augmented Al where contextual memory can persist
across multiple sessions and again by the Hex-Elementization concept [10] where historic observations
are considered as intelligence carriers.

6. System Workflow

The flow for URAIAER works in the following way:

e Environmental data is collected using loT sensors.

e The data is sent to the cloud system.

e Data preprocessing and feature extraction are done.

e Machine learning models predict something.

e The results are saved to the memory layer.

e Userrequests result in retrieval of data from both external knowledge sources and internal memory.

e The reasoning engine processes the retrieved data.

e Recommendations are made based on evidence, in a process that resembles the Al decision-support
models of Unhelkar and Gonsalves [8], where context and historical data contribute to making better
recommendations.

This creates a feedback loop: every prediction/observation is stored in the knowledge base and can be
used in further processing.
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7. Methodology

Step 1: IoT Data Collection

IoT sensors are used to monitor agricultural and environmental conditions on an ongoing basis,
consistent with the IoT architecture guidelines outlined by Gubbi et al. [7].

Step 2: Data Preprocessing
Sensor readings are pre-processed and transformed into structured data sets.

Step 3: Embedding Generation
Both structured and unstructured data are turned into vectors, allowing for semantic search and fast
access to past observations, forecasts, and scientific findings.

Step 4: External Knowledge Retrieval
The necessary knowledge is extracted from the repository of agricultural knowledge by performing a
semantic search, based on the RAG method by Lewis et al. [1].

Step 5: Machine Learning Prediction
Predictive models create predictions

Step 6: Memory Storage
Insights, predictions, and observations are stored in persistent memory, a strategy refined through the
intelligent data representation models introduced by Unhelkar and Nair [10].

Step 7: Long-Term Reasoning
Multi-season and multi-year reasoning becomes feasible due to hierarchical retrieval strategies.

8. Experimental Results and System Architecture

A. Internal-External RAG Architecture

URAIAER utilizes a combination of Internal-External Retrieval-Augmented Generation approach for long
term agricultural reasoning and environmental intelligence. An external knowledge retrieval is
supplemented with internal, memory-based retrieval process, thus providing a system with factual
foundation and continuous stream of historical context.

Firstly, a user request is transformed into vector embeddings and fed into the RAG model. The semantic
similarity search finds the most relevant embeddings within Chat Embeddings Vessel which is a memory
repository of the framework.

The retrieved information along with external agricultural knowledge is turned into a context-aware
response.

Such approach is based on the principles of collaborative intelligence introduced by Unhelkar and
Arntzen [9] who emphasize the need of collaboration between several knowledge sources in the same
intelligent environment and Hex-Elementization framework introduced by Unhelkar and Nair [10] as the
foundation of contextual intelligence.

Once the response is created, key facts and insights are extracted, embedded and stored back into the
memory repository creating a feedback cycle which allows for learning from the previous experiences.
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Fig. 1. Internal-External RAG architecture with persistent vector memory for long-term
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B. Retrieval Performance Evaluation

In order to analyze the Internal-External RAG architecture, retrieval experiments were performed using a
knowledge base consisting of more than 2 million papers in agriculture, environment, and science
research, resulting in nearly 5 billion vector embeddings for index-based semantic search.

The following performance measures were used: retrieval score, latency, unknown response rate, and
faithfulness. Again, just like the architecture itself, this performance analysis relies on the concept of Hex-
Elementization [10], which considers intelligence to be embedded within the data structures through
embedding of observations, records, predictions, and research knowledge in vector embeddings.

Table I summarizes the retrieval results.
TABLE I. Retrieval Performance Summary

Metric Value
Average Retrieval Score 0.7838
Average Latency 3.74 seconds
Unknown Rate 10.0%
Average Faithfulness 0.732
Knowledge Repository Size ~2 Million Research Papers
Total Embeddings Generated ~5 Billion

With a comparison being made with around 2 million research papers and almost 5 billion embeddings, it
becomes clear that we are dealing with a scalable framework. A retrieval score of 0.7838 signifies good
semantic retrieval, while a faithfulness score of 0.732 implies that the response remains relatively faithful
to the evidence gathered. With latency of 3.74 seconds on average, it is quite manageable for such vast
amounts of data to be indexed. The unknown response rate of 10% further suggests that the model tends
to refrain from providing an answer instead of creating one.

These findings coincide well with the intelligence-based data representation perspective suggested by
Unhelkar and Nair [10], whereby knowledge-intensive data representations lead to improved
information discovery, context interpretation, and decision-making. Through indexing of observations,
forecasts, and extracted knowledge as vectors, URAIAER transforms raw information into reusable form.

This also supports the decision support paradigm advocated by Unhelkar and Gonsalves [8], wherein the
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usefulness of massive information sources lies in their structuring for reasoning and context. The
capability of URAIAER to fetch meaningful results out of billions of embeddings without making the
latency unreasonable amounts to a vindication of the approach of semantic retrieval, memory and RAG all
at once in an agriculture intelligence platform.

C. Weather Prediction Using LSTM

For evaluating the prediction performance of URAIAER, an LSTM was deployed in order to forecast the
climate, based on past temperature, humidity, and climatic trends.

An accuracy of 95% was achieved by the model, which is attributed to the ability of LSTM to capture the
temporal dependencies in the climate data.

This demonstrates the need for integrating deep learning into agriculture decision support systems. As
suggested by Unhelkar and Gonsalves [8], intelligent systems should enable decisions to be made through
analysis and reasoning; the climate-forecasting system will enable such decisions through accurate
environmental forecasting.

D. Crop Prediction Using Random Forest

The Random Forest algorithm was employed to predict crops based on the data collected from the
environment, soil properties, and other agricultural parameters using the IoT sensing layer.

This achieved 81% accuracy, which is fairly decent but not as accurate as that of the weather forecast
model since crop prediction is based on many more factors that interact together.

This can be seen in support of the claim by Unhelkar and Nair [10], who say that intelligence must be
baked into data representation and not applied externally to the data. In URAIAER, the output of this
model becomes a part of the persistent memory of the system and contributes to reasoning in the future.

URAIAER Retrieval System Performance
Evaluation on ~5 Billion Embeddings Generated from ~2 Million Research Papers
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Fig. 2. performance evaluation of URAIAER subsystem

E. Performance Comparison
TABLE I1. Model Performance Comparison

Model Application Accuracy
Weather
0,
LSTM Prediction 95%
Random Forest Crop Prediction 81%

Overall, these findings illustrate the advantages that can be gained by merging deep learning with
classical machine learning algorithms within the framework: the weather prediction model takes
advantage of the sequential nature of climate data, while the crops model, though dealing with a more
complex situation, identifies some relationships between them.

F. Discussion
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All in all, it appears that these findings demonstrate a significant improvement of agricultural intelligence
systems through the use of 10T sensors, machine learning prediction, Retrieval-Augmented Generation,
and memory persistence. Internal-External RAG architecture facilitates continuous learning through
storing historical observations and knowledge generated through a previous generation process in vector
memory, not discarding them after each session.

UREAIAER is based on the environmental intelligence concept introduced by Unhelkar [11] as a concept
of using technology-driven environment awareness in order to make sustainability-driven decisions,
while 10T sensing technology is based on the work done by Pradhan and Unhelkar [12] on distributed
environmental sensing.

In general, these components can be united to create a scalable solution for agricultural forecasting and
decision-making. The experiment shows the feasibility of the framework and opens new possibilities for
further research.

9. Applications
Smart Farming

e Precision irrigation

o Fertilizer optimization
e Yield forecasting

Environmental Monitoring
e AQI analysis

e Water quality assessment
e Ecosystem monitoring

Climate Intelligence

e Seasonal forecasting

e Climate adaptation planning

e Environmental risk assessment

Agricultural Research
e Multi-year experiment analysis
o Crop performance evaluation
e Policy support systems

10.Advantages

The proposed framework offers:
e Real-time [oT-based monitoring
¢ Continuous data collection
e Persistent long-term memory
e Reduced knowledge loss
¢ Evidence-grounded Al reasoning
e Improved forecasting accuracy
e Scalability across agricultural regions
e Model-independent architecture
o Integration of real-time sensing, retrieval, prediction, and memory within a single framework

11. Future Scope
Future enhancements may include:
o Blockchain-based data integrity and ownership management.
o Federated agricultural intelligence networks. 985
e Drone and satellite image integration.
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Autonomous agricultural agents.

Decentralized environmental data marketplaces.

Digital twin systems for smart farms.

Multi-agent agricultural intelligence systems with collaborative reasoning, potentially incorporating
the collaborative intelligence mechanisms proposed by Unhelkar and Arntzen [9].

12. Conclusion

This paper presented URAIAER, an IoT-driven, memory-centric Retrieval-Augmented Intelligence
framework for agricultural and environmental research. By tying together distributed IoT sensor
networks, machine learning prediction, persistent vector memory, and retrieval-augmented reasoning,
the system supports continuous learning and evidence-based decision-making in a way that most
existing agricultural Al tools do not. In doing so, it lays groundwork for agricultural ecosystems that are
more scalable, more intelligent, and better equipped to handle a changing climate.

More broadly, the framework builds on prior contributions in intelligent decision-support systems [8],
collaborative intelligence architectures [9], intelligence-embedded data structures [10], environmental
intelligence [11], and loT-enabled sensing infrastructure [12], and combines them with Retrieval-
Augmented Generation [1], persistent memory systems [2], agricultural machine learning [6], and large-
scale IoT architectures [7] to arrive at a genuinely unified approach to agricultural and environmental
intelligence.
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