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Abstract. Greenhouse agriculture is an important contributor to food security and sustainable production. 
However, it is still difficult to manage environmental variables and make knowledge-based decisions for 
greenhouses. In the study, described the design and implementation of an intelligent Question & Answer  doc-
ument using Semantic Internet of Things (IoT). In the design of the Q&A document we focused on ontologies 
to semantically model greenhouse knowledge. From there we encapsulated a Natural Language Processing 
(NLP) module in our Q&A document that allow us to accurately parse and understand user questions. After 
user questions are understood, the document has built in semantic reasoning and SPARQL data querying that 
allows it to provide correct user answers based on context. In trial tests on test users, we showed that overall 
answering correctness increase, answering latency decrease, and that participants were satisfied and would 
use the Q&A document in their agricultural responsibilities. The Q&A document has achieved its intended 
purpose of providing better agricultural decision-space knowledge and a tool to assist decision-making.

Keywords: semantic IoT, greenhouse agriculture, question and answer system, ontology-based reasoning, 
natural language processing

1   Introduction

Greenhouse agriculture is becoming a critical component in meeting global food security, climate resilient, and 
sustainable crop production challenges [1]. In comparison to traditional open-field farming, greenhouse growing 
differs as it allows growers to make environmental alterations to temperature, relative humidity, light intensity, 
and soil moisture to facilitate plant growth. Yet, maintaining optimal growing conditions in an ever-changing and 
uncertain environment is a major limiting factor. Greenhouse managers must make timely, informed decisions 
regarding multi-variable interactions. Historically, many greenhouse monitoring and management systems have 
utilized observations and basic feedback from sensors to obtain data [2], requiring agricultural workers to inter-
pret data collected from the sensors and take action. This not only is time and labor consuming, but is also reliant 
on the abilities of human observations which can vary from person to person. Also, as the complexities of man-
aging a greenhouse increase, the amount of data produced by sensors will quickly exceed the human ability to 
analyze the data in real-time. The Internet of Things (IoT) has changed the landscape of agricultural data genera-
tion [3], with the ability to continuously generate environmental data using multi-connected sensors and devices. 
IoT-based systems produce a flood of data in real-time, presenting new opportunities for entirely automated or 
precise agricultural systems. However, raw data has little value as information. Without context and domain-lev-
el reasoning, the data is meaningless.  Semantic technologies represent an innovative solution as they provide 
improved data use to be realized in IoT systems over environmentally-related data [4]. Using ontologies and 
definitions, which are formal and machine-readable representations of the knowledge of a domain, the research 
can describe and relate greenhouse elements including types of crops, vital growth conditions, and environmental 
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limits. The semantic layer improves the information interpretation of sensor data from multiple data sources, and 
allows reasoning even when those data sources are dissimilar. The research developed an intelligent Question & 
Answer (Q&A) system to transform cumbersome IoT generated greenhouse data into interpretive, user-friendly 
knowledge. The intelligent Q&A system links semantic modeling with natural language processing (NLP) capa-
bilities to allow users from any technical background and development capability to query Q&A in basic English. 
By following the chain of reasoning of the semantic modeling and using the generated SPARQL structure [5], 
the Q&A system provided accurate and relevant contextual responses to support real-time decision-making in a 
greenhouse environment. This systematic innovation improves efficiency and accuracy of environmental control, 
as well as reduces the barriers to entry for implementation of smart agriculture capabilities. By coupling semantic 
IoT with intuitive interfaces, the aim of the proposed system is to provide actionable knowledge to greenhouse 
operators and, in doing so, enhance sustainable and productive agricultural practices.

2   Related Work

Research on IoT in greenhouse agriculture has examined numerous aspects, mainly regarding automation, en-
vironmental monitoring, and control systems. The paper by Subahi and Bouazza [6] provides a suitable basis 
for studying intelligent greenhouse systems. It describes control procedures regarding temperature, humidity, 
ventilation and irrigation, using IoT control frameworks and hardware/software implementations, which could 
be a good starting point. Their findings identify a multiplicity of connected automation systems, alarm systems 
to regulate environmental conditions in a greenhouse. Kumar et. al. [7] described a NB-IOT based intelligent 
irrigation into their findings, highlighting environmental parameters that are gathered using STM32 [8] micro-
controllers, so that they could send environmental parameters through NB-IOT modules, to adaptively control an 
irrigation system using IoT. The findings were particularly useful since it shows how IoT architecture allows real 
time monitoring and management of particular inputs, in this case irrigation science, and elevate them to a cli-
matological context which adds sustainability to greenhouse production. The authors also examined methods for 
using wireless sensor networks, such as ZigBee [9], for environmental monitoring, remote sensing and control of 
greenhouses. The use of wireless sensor networks could also help engineers build on its full potential as semantic 
structures for sensor data classification could assist the methods extent to observe and respond to environmental 
inputs in a timely fashion. There are also some interesting architectural design approaches to IoT typically in the 
case of IoT based farm management systems, such publications inherently suggest that the useful application of 
more advanced a technology into agri-environment systems could improve productivity and profit [10]. These 
frameworks frequently use digital twins, which are virtual models of physical farm systems, that allow for sim-
ulation, monitoring, and predictive management. These models allow for a complete understanding of farm sys-
tems and decision-making along the farm system. The application of IoT to sustainable agriculture also includes 
hydroponics, where the sensor technology with IoT-based monitoring can be used to manage water and nutrients 
[11]. Efforts to optimize the use of resources can be streamlined with the use of sensor data for water and nutrient 
automation, improving efficiency and yield. Dobrescu et. al. [12] have documented the design of secured IoT 
frameworks with mobile applications for real time climate and water management, and highlight the importance 
of security to ensure the protection of sensitive data and trustworthiness of the system. Overall, the literature sug-
gests a focus on semantic data structures, secure communication protocols, and intelligent control models within 
IoT-managed greenhouse systems, which aim to create increasingly stable, efficient and sustainable agricultural 
environments which support the objective of developing a semantic IoT-based intelligent question-and-answer 
system for greenhouse management with the intent of utilizing semantic technologies to interpret sensor data 
within natural language queries and aid decision-making which could increase overall management of green-
house agriculture.

3   System Architecture

The architecture of the proposed intelligent agricultural monitoring and reasoning system is organized into four 
main elements: Sensor Layer, Semantic Middleware, Reasoning and Q&A Engine, and User Interaction Interface. 
This layered structure offers a modular, scalable, and semantically interoperable architectural framework to allow 
the consolidation of real-time sensor data, reasoning based on an ontology, and user-biased interpretation of user 
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queries. The system can facilitate bi-directional communications between the end-user and knowledge base to 
support on-demand environmental awareness to support informed decision-making in precision agriculture.

3.1   Sensor Layer

Geolocation modules are present in most sensors used for IoT applications and agriculture follow the same prin-
ciples listed above with spatial coordinates and environmental data being recorded at the same time for spatio-
temporal correlation and analysis [13]. Since agricultural applications are generally deployed remotely or in areas 
lacking reliable electrical power, the sensors typically feature a battery-powered design is also typically utilising 
energy harvesting devices to extend the runtime. Similarly, the communication aspect of the sensor layer makes 
use of low-power wireless transmission protocols to transmit the sensor information to edge computing nodes or 
gateways. The edge layer performs preliminary filtering, noise reduction and local processing to reduce latency 
and bandwidth and ensure a more responsive and efficient system. Each piece of sensor data can be captured and 
represented generally as a 4-tuple of a timestamp, geographic coordinates, sensor type, and measurement value. 
By making valid configuration decisions, we now have structured inputs into cloud storage, data integration and 
analysis, and ultimately final decision making - specifically regarding sensor data in a precision agriculture sys-
tem. The sensor layer connects to environmental entities and gathers data from all layers of wireless sensor net-
works and communicates that information to the next higher layer in the architecture, such that it processes that 
data in combination with the layers of the system and performs an action through the edge node:

}, , , ,( ) ( ,) 1,{i k k kD t p v u t loc k n= = …∣ (1)

3.2   Sensor Layer

The Semantic Middleware Layer in IoT-based agricultural architecture acts as the semantic center, acting as an 
intermediary between raw data retrieval and modules that will conduct some reasoning or decision-making task. 
The Semantic Middleware Layer’s main objective is to convert a structured set of sensor data into a representa-
tion that possesses semantic meaning, utilizing a standardized set of knowledge representation models and ontol-
ogies. The conversion from structured sensor data to semantically represented sensor data supports enhanced data 
interoperability, machine interpretability, and reconciling different types of heterogeneous data sources. At the 
core of the Semantic Middleware Layer is the work of using Resource Description Framework (RDF) [14], Web 
Ontology Language (OWL) [15], and the W3C SSN/SOSA ontologies [16] that offer a wide range of capabilities 
in support of the original goals laid out for the Semantic Web. RDF provides a graph-based approach to formu-
lating statements about resources in subject-predicate-object triples while facilitating flexible and extensible data 
representation. OWL utilizes RDF data representations while extending it to provide richer language constructs 
for modeling relationships, classes, hierarchical relations, restrictions, and reasoning capabilities. The Semantic 
Sensor Network (SSN) and Sensor, Observation, Sample, and Actuator ontologies provide a domain-specific 
vocabulary for modeling sensor devices, observations, features of interest, and sampling procedures that are par-
ticularly useful for an agricultural monitoring system. The core functionality of this layer is semantic annotation, 
which involves mapping syntactically structured sensor data into semantic statements that conform to these on-
tologies. This process can be formalized in the form of RDF triples, with the following structure:

( ) ( ), ,edge
i iAnnotate D Triplet Subject Predicate Object→ = (2)

3.3   Reasoning and Q&A Engine

The Reasoning and Question and Answer Engine is the intelligence layer of the framework, connecting natural 
language interpretations with semantic inference [17]. When a user issues a query, the engine first examines the 
input through a full natural language understanding pipeline, which includes syntactic parsing to figure out how 
it is grammatically structured, extraction of named entities like sensors, locations, and measurements, and clas-
sification of named entities based on their semantic types as represented in the ontology. It also contemplates the 
user intent, for example, the user is getting a value; evaluating a condition; or is looking for a recommendation. 



220

Design and Implementation of a Semantic IoT-based Intelligent Q&A System for Greenhouse Agriculture Management

Assuming an understanding has been developed, the semantic elements of the user query are linked to formal 
concepts and relations found in the ontology. The natural language query can be modeled as:

( ) { }, ,NLUQ f text E I S= = (3)

Where E denotes extracted entities, I denotes inferred intent, and S denotes syntactic/semantic structures. It 
also contemplates the user intent, for example, the user is getting a value; evaluating a condition; or is looking 
for a recommendation. Assuming an understanding has been developed, the semantic elements of the user query 
are linked to formal concepts and relations found in the ontology. Through this linking process, the system is able 
to author formal semantic queries:

( ),formalq Q Oφ= (4)

Where O is the ontology. Executing qformal over the knowledge base retrieves relevant facts:

( )formalAnswer q K= (5)

Also, the engine is capable of semantic reasoning, which enables it to create knowledge from existing knowl-
edge, and may have access to not only explicit knowledge but also implicit knowledge. This conclusion is sup-
ported by a variety of logical rule systems such as the Semantic Web Rule Language, and reasoning engines 
incorporating standardized Description Logic. Reasoning applies inference rules over facts:

{ }newF f R F f= ∪∣  (6)

These systems can perform inference by using predefined rules on data that supports deducing implicit facts. 
For example, if a SWRL rule states that a field with soil moisture below a set threshold is at risk of drought.

( ) ( )SoilMoisture x DroughtRisk xθ< ⇒ (7)

And that observation is in the data, the engine can logically deduce the conclusion that the field is at risk of 
drought, even though this fact is not stored explicitly. The reasoning can work both forwards and backwards. 
Forward reasoning uses a rule:

1 { ( ) }t t tF F r F r R+ = ∪ ∈∣ (8)

To apply the data to create an answer. Complementing natural language parsing, semantic query formulation, 
and logic-based reasoning, the reasoning and question-answering engine generates contextually relevant answers 
for users. It not only identifies factual information but also infers and interprets it, identifying and formulating 
goals to maximize decision-making capabilities and provide timely responses in a semantic IoT environment.

3.4   User Interface Layer

The User Interface Layer is where the interaction occurs between end-users and the intelligent system [18]. The 
User Interface is not a simple display surface, but is a multi-modal communicative system that is adaptive which 
converts complex semantic and sensor-based inferences into intuitive and actionable information. Given the 
varying levels of technological aptitude within agricultural community, often in rural, resource-scarce locales, 
the User Interface prioritizes usability, inclusivity, and accessibility in the design. The User Interface supports 
multi-language processing and cross-platform capabilities, so the users can engage with the system on multiple 
platforms, such as smartphones, tablets, or low power terminals. The UI better accommodates rural collaborators 
since mobile device penetration is significantly high in remote regions. In addition, the User Interface supports 
both text-based and voice-based interactions to assist users with limited literacy and/or mobility. Users can ask 
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the system questions using speech recognition/natural language understanding, including “Do I need to irrigate 
Field B today?” or “What was the soil pH trend last month?” Formally, a user request can be described as:

), ,(UIU f m c λ= (9)

Where m represents the modality (text, speech, gesture), c the content of the query, and λ the language used. 
The User Interface provides explainable and usable outputs to assist with decision-making, using natural lan-
guage summaries, recommendations, and alerts, and accompanied using interactive visualizations. These may 
consist of time-series graphics that indicate trends over time for temperature, humidity or nutrient levels, geospa-
tial maps with sensor locations along with color-coded indicators identifying field status, and notification panels 
showing anomalies, such as weather extremes, pest threats, and upcoming action opportunities. If denotes system 
answers, the multi-modal output can be represented as:

},{ ,text speech visualA a a a= (10)

Where atest are natural language summaries, aspeech are spoken outputs, and avisual represent visualizations. 
Moreover, the interface incorporates user feedback where the user can rate a response, flag any errors, and pro-
vide context-related inputs. Improving the reasoning engine and domain ontology while customizing future in-
teractions to the user actions and domain needs. Overall, the UI Layer serves both as a window into the semantic 
intelligence of the system and a conduit for an ongoing and seamless knowledge exchange to facilitate a user da-
ta-informed decision making while also facilitating the system's growth through use-based, real-world feedback.

3.5   User Interface Layer

The entire system is founded on a robust bidirectional communication infrastructure that harmoniously inte-
grates real-time sensor data streams with asynchronous event-driven reasoning processes [19]. This architectural 
design ensures that information flows seamlessly from distributed sensing devices to computational and deci-
sion-making layers while also enabling feedback, recommendations, and control commands to be transmitted 
back to the physical environment. The system supports this dynamic data exchange through the implementation 
of lightweight communication protocols such as Message Queuing Telemetry Transport, which is optimized for 
low-bandwidth, high-latency networks, which provide standardized access interfaces for data retrieval, service 
invocation, and external system integration. Incoming sensor data is formally represented as a tuple:

, , ,S t l p v=< > (11)

Where t is the timestamp, l is the location, p is the observed property, and v  is the measured value. This data 
will be continuously ingested by the semantic middleware which will perform real-time annotation creating RDF 
triples. These triples align raw sensor observations with standard ontologies, enabling semantically structured 
and machine-understandable knowledge. Once annotated, the data flows into the reasoning engine, which applies 
logical rules for inference. The engine supports both forward and backward chaining to dynamically update the 
knowledge base. This update process is represented as:

1 } {t tK K newinferences−= ∪ (12)

Where Kt is the knowledge base at time t and new inferences are logically derived from current facts and rules. 
Moreover, the system is capable of generating proactive interventions based on predictive temporal logic.

( ) ( )t t tφ ψ→ +∆ (13)

If a condition is evaluated as true, meaning a present observation ϕ(t) implies a future action ψ after time in-
terval Δt, then the system can autonomously plan and execute ψ in advance. This continuous loop of semantic 
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annotation, reasoning, knowledge updating, and feedback enables the system to maintain situational awareness 
and deliver intelligent, context-sensitive decisions in real time.

4   Ontology and Knowledge Base Design

4.1   Ontology Structure

The knowledge base developed has been generated from OWL 2 ontologies, such that each knowledge object is 
structured in a machine-readable way to represent agricultural knowledge. Major classes in the ontology that will 
ultimately support all subject instruction include a Crop class, Environment class, Pest class, and a Management 
Action class. Each of these major classes are configured within a hierarchy that allow us to capture the complex-
ity of the domain. For example, within the Crop class there will be instances of all the major plant species with 
relationships to parameters for growth, susceptibility profiles, and environments in which growth should occur. 
In the Environment class there will be models that can account for abiotic factors such as temperature, humidity, 
soil moisture, and solar radiation factors which can influence the health of a crop and how much produce if can 
properly develop. Semantic relationships are defined using object properties. As ontologies will often be used by 
many communities of users the say ontology includes multi-lingual labels for all the key concepts and properties.

4.2   Semantic Rule Layer

To augment the inferential capabilities of the system, a rule-based reasoning layer is included via the Semantic 
Web Rule Language (SWRL). These rules formalize domain knowledge to trigger agronomic recommendations 
based on environmental readings. For example, a rule may detect suboptimal temperatures for a given crop:

( ) ( ) ( )
( )

, ,o m m oCrop c hasOptimalTemp c t observedTemp c t t t
NeedsHeating c

∧ ∧ ∧ <
→

(14)

Another SWRL rule might infer a pest control requirement when a known pest is detected:

( ) ( ) ( )
( )
, ,

,
xPest p affects p c Detected p field

TriggerControl p c
∧ ∧

→
(15)

These rule-based assertions allow the system to infer implicit knowledge from explicit observations, enabling 
real-time decision support.

4.3   Semantic Mapping and Data Integration

The semantic mapping and data integration component is a vital transformation step within the system, which 
takes sensor data brought back from the field as raw data and algorithmically aligns it with an ontological con-
cept through an annotation process using standard semantic web vocabularies. Let a single sensor observation be 
denoted by:

), , ,(d v t s loc= (16)

Where v is the measured value, t is the timestamp, s represents sensor identification/authorization, and loc 
represents geospatial coordinates. Each sensor observation is treated as a separate digital object so that it can 
be semantically mapped to its respective environmental concept in the domain ontology. For example, if a soil 
moisture sensor produced a reading, the sensor observation is not just a number, but semantically mapped to the 
SoilMoisture property in the Environment class of the ontology. This mapping ensures that the data has semantic 



223

Journal of Computers Vol. 36 No. 4, August 2025

context. The system also captures and annotates vital observed metadata with the timestamp of the observation, 
sensor identification or authorization credentials and geospatial information such as latitude and longitude co-
ordinates. Such contextual enrichment guarantees that each observation is temporally and spatially bound with 
full semantic fidelity. The system generates RDF triples, where each data point is represented as subject-predi-
cate-object statements in accordance with the ontology. These semantically enriched triples are then populated 
into a knowledge graph:

1
i

i

KG Triple
=

=
 (17)

This differs from traditional relational databases or flat file data sets because knowledge graphs allow the 
system to perform complex semantic queries, pattern-based reasoning, and logical reasoning across disparate 
datasets. This transition from unstructured raw data to structured semantic model based on an ontology provides 
the system the ability to derive higher-level insights, create data interoperability, and facilitate intelligent deci-
sion-making in agricultural contexts.

4.4   Vocabulary Alignment and Reusability

With an aim to establish interoperability and align with existing global agricultural standards, the ontology was 
aligned against various existing domain vocabularies. The main vocabularies include agrovoc maintained by the 
FAO as a multilingual thesaurus, the crop ontology from CGIAR, and Environmental Ontology used in ecologi-
cal modeling and classification. The ontology alignment process can be formalized as a mapping function:

: local externalAlign C C→ (18)

Where Clocal denotes a class in the internal ontology, and Cexternal is the equivalent concept in an external vocab-
ulary. Such mappings are typically defined using equivalence relations:

, ,local AGROVOC local CropOntology local EnvOC C C C C C≡ ≡ ≡ (19)

With semantic mappings, such as equivalence relationships between the ontology’s internal classes and the 
external vocabularies, the offering can interface with external data sources, allow for federated query processing:

1

( )
k

i
i

Answer q KG
=

=


(20)

Support knowledge component reusability. The ontology alignment provides a way of enabling semantic in-
teroperability between other systems and enhances the trust in Fig. 1, validity and extensibility of the proposed 
architecture for both research and applied agricultural contexts.

Fig. 1. Ontology-based decision support graph for crop and environmental management



224

Design and Implementation of a Semantic IoT-based Intelligent Q&A System for Greenhouse Agriculture Management

5   Q&A Mechanism and Algorithm Design

The Q&A mechanism will serve as a central service for the proposed system, as it will connect natural language 
user inputs to structured, semantically rich knowledge represented in the ontology-based RDF knowledge base. 
The Q&A mechanism will convert the farmer’s intuitive queries into formal semantic queries and the appropriate 
or right action defined in the ontology based knowledge base is returned as a result for the user. The Q&A mech-
anism will be designed as a three-stage pipeline consisting of question parsing; semantic matching, and SPARQL 
query building and execution. The Q&A Mechanism Design Table is shown in Table 1.

Table 1. Q&A mechanism design table

Stage Function Technologies / Methods used
Parsing Questions Process natural language input using NLP to 

extract intent and entities.
NER, POS tagging, dependency 
parsing, intent classification

Semantic Matching Map extracted terms to ontology using lexical 
similarity and embeddings; rank matches by 
similarity.

Lexical similarity, concept em-
beddings, ontology graph travers-
al

SPARQL Query Generation 
and Execution

Generate SPARQL query from templates and 
execute using Apache Jena, integrating rea-
soning via OWL and SWRL.

SPARQL, OWL, SWRL, Apache 
Jena

Relevance Ranking and 
Feedback Loop

Rank results by relevance; collect user feed-
back to refine the system.

Ranking algorithms, user feed-
back, adaptive learning

5.1   Parsing Questions

In the first phase of the system, when natural language questions are entered by the users via the interface, the 
Q&A mechanism will apply state-of-the-art NLP protocols to process previously provided query text. The pro-
cessing of the natural language query from the user, is to discover the intention and the relevant entity within the 
question text. Natural Language Processing mechanisms including Named Entity Recognition (NER), part-of-
speech tagging, dependency parsing, and intent classification, will enable the system to process the query struc-
ture. In the example question: “Does my tomato field need irrigation today?”, the Q&A mechanism processes 
the using NER to know “tomato” is a crop entity; “irrigation” is what they are interested in as an action; and the 
temporal context is “today.” Once the processing and extraction of the question is completed, data that represents 
an intermediate structured representation denoting the semantic frame of the natural language question.

5.2   Semantic Matching

The second stage of the process is mapping parsed query elements to formal ontology terms. This stage, called 
semantic matching, identifies potential matches between user expressions and entities and properties in the 
knowledge base using lexical similarity, concept embeddings from neural networks, and ontology graph travers-
als. Once potential matches have been identified, a similarity scoring routine, typically using either the cosine 
similarity within vector space or ontology path distance, is run to rank the potential matches. For example, if the 
user’s query expression included “watering,” it could be matched with the needsIrrigation property in the ontol-
ogy if the semantic similarity between the two exceeded a defined threshold. The approach helps in resolving 
natural language variation with the formal terminologies used in reasoning and querying. 

5.3   SPARQL Query Generation and Execution

The final step in the progression of semantic question-answering is that SPARQL query generation and execution 
takes the semantically parsed elements of the users question into a formal query language which is capable of re-
trieving information from the systems knowledge base. SPARQL Generation is implemented by a template-based 
approach in which the preset SPARQL query structures which relate to a generic type of question are filled-
in with specific ontology-aligned entities and relations recognized in previous components of natural language 
understanding. These templates serve a purpose as an organized structure that ensures that explorers are used 
correctly and maintain contextual organization irrespective of length and complexity of the subject matter. For 
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example, given a user question such as “What is the current temperature in Greenhouse A?”, the query would be 
aligned by a template that allows for parameters such as observed property, target, and time, and the recognized 
terms such as AirTemperature and Greenhouse A would be placed in the template, and completed with a us-
er-query indicating a SPARQL query that reflects the intent of the user query.  The process begins when the user 
submits their query into the RDF triple store associated with Apache Jena. Apache Jena is the semantic heart of 
the query execution environment, which provides support for storing, managing, and querying RDF data. In the 
execution process, Jena will start its embedded reasoning engine when it applies the knowledge encoded in an 
OWL ontology home and formal axioms and with rules encoded in the Semantic Web Rule Language relevant 
for that data from the RDF triple store. Data that can be stored in RDF can be simple facts that can be returned 
but can also be inferred based on rules and the domain. For example, if a rule defines average soil moisture below 
a threshold indicating an elevated risk for drought, if there exists data that meets the appropriate rule conditions, 
Jena will infer drought and include it in the response. The final product of the SPARQL execution is structured 
data that the user requested to pass off to the user interface. Depending on the context of the presentation, the 
response may be present in natural language summary, data visualization or presented as an alert to take action. 
This process completes the natural language query to a smart response to that query and providing the users and 
the decision at hand relevant and semantically enriched information.

5.4   Relevance Ranking and Feedback Loop

After candidate answers are retrieved, they are ranked according to how closely they address the context from 
where the query originated. The relevance for ranking encompasses aspects such as temporal proximity, spatial 
relevance, and data freshness. The top-ranked relevant candidate answers are presented to the user concisely, and 
in an explainable format that may or may not include visualizations. To support continuous improvement of the 
system, and establish a feedback loop, users are able to indicate how helpful the answers were, or provide correc-
tive input that can be since used to improve parsing models, expand synonym sets, and tune similarity thresholds. 
This adaptive mechanism gradually makes the Q&A engine more robust, as well as personalizes it, especially 
with respect to new language and agricultural contexts in Fig. 2.

Fig. 2. Semantic question answering workflow for RDF-based systems

6   Experiments and Results

The line Fig. 3 depicts changes in hourly temperature and humidity for a 24-hour period. The temperature change 
is represented with a red line and humidity change with a blue line. The x-axis on the graph indicates the hour of 
the day and the y-axis the value of the measurements. The temperature line indicates some slight changes. The 
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temperature trend line indicates a gradual increase from about 22°C until 6 AM to a high of around 26°C, and 
then a small decline from about 7 AM to 11, with a minimum around 20 °C at about 10 AM. After that the tem-
perature tends to plateau in the 19-21 degree range, not increasing much until the very late evening, when it does 
reach about 23 °C at 24:00. Overall the hourly temperature graph suggests that temperature of the environment 
may have been controlled artificially in a greenhouse or some sort of controlled facility, since the hourly tempera-
ture record does not have a pronounced midday temperature peak typical of temperature variations in open air. In 
contrast, the humidity curve shows a clear diurnal pattern of inversion. Humidity is consistent at night and in the 
early morning period, remaining at 65 - 68%. Then at about 6 am, we see a steep decline in humidity potentially 
to about 50% by 10 am. This rapid decline is likely due to solar radiation driving evaporation. From 11 am to 5 
PM, humidity fluctuates like the same low levels, stabilizing within the range of 50-55%. And then in the eve-
ning, humidity begins to increase and returns to about 68% by the end of the day. This behavior is typical and re-
flects normal environmental responses to daily heating and cooling patterns: the rise in temperature results in re-
duced relative humidity from evaporation, while the evening cooling develops condensation, leading to increased 
humidity in the evening. There are critical environmental and management factors that may lead to the above de-
scribed trends. If the measurements are taken from within a greenhouse, livestock shelter or similar environment, 
then controlling variables may also include system response from managing temperature and humidity using ven-
tilation, misting or heating. The apparent relationship in the data between the temperature increase during the day 
and decrease in humidity resiliency from daytime temperature increase also suggests that evaporative dynamics 
may be playing a role. From an agronomic perspective, humidity changes in this manner can provide context to 
transpiration rate which may help determine levels of disease risk, especially from fungal pathogens that thrive 
in high humidity levels. Moreover, there is pend from the demonstrated data that maintaining temperatures in the 
range of 20-26°C is considered optimum for many horticultural practices. However, prolonged periods of relative 
humidity at levels greater than 65% may increase the risk of developing fungal disease. These observations have 
real-world applications for precision agriculture. During the daytime, in the presence of low humidity when tem-
perature is stable, there may be an opportunity for reduced watering demands especially in situations where there 
is adequate soil moisture. On the other hand, there may be occasions at night with high humidity levels which 
could lead to the need for de-humidification or ventilated control to avoid fungal disease outbreaks. It would be 
prudent to set automated thresholds, for humidity at a low limit of 50% and minimum temperature of 20ºC, if 
they were part of an environmental control or alert. These results could be linked to crop models and disease risk 
models as part of a smart farming intervention. In conclusion, the temperature and humidity data showed a clear 
rhythmic diurnal pattern with a controlled range in temperature and an inverse change in humidity. The rhythmic 
patterns give us the impression that the overall environmental control appears semi-controlled, and the observa-
tions provided information useful for managing variation in environmental control, monitoring for crop health, 
and making informed farming management decisions. The data is shown in Table 2.

Table 2. Temperature and humidity data

No. Temperature (℃) Humidity (%) Description Trend
1 25.41 63.93 Mild and humid Humidity rising
2 30.54 49.22 Warm Stable
3 65.1 61.83 Very hot Heat rising
4 25.18 46.89 Mild Normal
5 51.56 60.43 Hot and humid Increasing
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The Fig. 4 compares answer accuracy from two different Q&A systems, the Traditional Q&A system and the 
Semantic Q&A system. The vertical axis shows the Answer Accuracy ranging from 0 to 1, which represents a 
scale of 0-100%. The horizontal axis indicates the systems being compared. Each bar shows the average accura-
cy obtained by the systems across a common set of questions.  

Fig. 4. Comparison of answer accuracy: traditional vs. semantic approach

The Traditional Q&A system provided an approximate accuracy of 68% and the Semantic Q&A system had 
an approximate accuracy of 93%, which represents an approximately 25 percentage point improvement in accu-
racy with the use of semantic methods compared to traditional methods.

In terms of a technical description, traditional Q&A systems usually use keyword matching, template-based 
retrieving, shallow parsing that can provide limited performance on dealing with linguistic variability, rephras-
ing, implied references, and logic. Traditional Q&A systems, as a standard, usually identify and extract answers 
by matching exact surface terms in the users question either to indexed documents that have been indexed by 
these terms or to preformatted answer sets. This makes traditional systems considerably less robust facing ques-
tions that are rephrased, differ in the context, or have implicit meanings. Conversely, semantic Q&A systems use 
ontologies, knowledge graphs, and semantic parsing for understanding the meaning of a question.query. This un-
derstanding is meaningful because these systems convert the natural language query into formal representations 
in order to interact with structured knowledge bases. They also have the ability to handle synonymy, hierarchical 
chains, and inferencing over domain-specific rules. This systematic understanding of the intent of the query and 
the relationships to the identified entities is a major reason for their superior performance with regard to answer 
accuracy. 

The gap in performance depicted in this chart is especially crucial for applications in sectors like smart agri-
culture, health care, and scientific research, where the accuracy and interpretability of answers are critical. For 
example, an incorrect answer about pesticide application, or failing to correctly diagnose crop stress, could lead 
to loss of income or ecological harm. Thus, while incorporating semantic technologies into domain-specific 
Q&A systems is beneficial, it is arguably essential. In conclusion, the data provided in the bar chart suggests that 
it is clear semantic Q&A systems have a considerably higher accuracy compared to traditional techniques. The 
measurement as reflected in a 93% accuracy indicates that semantic Q&A systems are more efficient, more con-
textualized, and thus more effective within knowledge-intensive environments than traditional Q&A systems. As 
Q&A technologies continue to develop and evolve, a standard for using semantic understanding and reasoning 
will likely develop for high-stakes and domain-specific applications [20]. 

The Fig. 5 displays the breakdown of users’ satisfaction with the system used, using five total levels of user 
satisfaction: very satisfied, satisfied, neutral, dissatisfied. From a visual analysis, the vast majority of responses 
showed users were in the very satisfied category, probably close to 45-50% response-wise of total responses. This 
indicates almost half of the users reported a highly enjoyable system, as it was probably effective, reliable, or 
the system met their full expectations. Around 30% users reported they are satisfied with the system, as they had 
nothing adverse to say about the system. So, combining users who are either very satisfied or satisfied, we can 
conclude that around 75-80% users reported having some variation of a positive experience. The overall neutral 
category was situated around 15% of total responses, which suggests a more moderate proportion of users neither 
approved nor disapproved of the system. Perhaps they believed there were features they had no way of accessing, 
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or no features stood out to them. The dissatisfied users likely represented a very minimal share of users, some-
where around maybe 5-7% or so, and so only a small amount of users reported they found some shortcomings or 
friction points when using the system. The very dissatisfied users either supported no responses, or only enough 
responses that is null or visually negligible on the pie graph, which again indicates the system was a reliable 
option and a way for users to communicate their needs. The implications of this distribution are numerous. To 
begin, the large volume of Very Satisfied and Satisfied users supports the system’s effectiveness, usability, and 
quality of overall design. The small volume of dissatisfied users suggests that a serious usability or functional 
issue is either unlikely or the impact of such occurrences is managed. Nevertheless, the sizable Neutral group 
demonstrates an opportunity for improvement of either personalization, support, or features to convert neutral 
experiences into positive experiences. The near absence of not-experienced extreme dissatisfaction reflects sta-
bility and an opportunity for women and men from the contemporary thought and literature of “contemporary 
science” to become the user’s through the use of reliability, crisis preparedness, and urban resilience when using 
user-centered design principles; farmers, humans managing health conditions, and keeping track of environmen-
tal impacts. Focusing on the evolution of the system to preserve the strengths generating satisfaction; understand-
ing observations that supported users being neutral users and what intervention would potentially convert neutral 
into satisfied users; and thinking about evolving the quasi-neutral state. Acknowledging and acting on user input 
via an ongoing feedback loop will assist in preserving user satisfaction while working towards addressing some 
of the edge-case concerns posed by users. In summary, both pie charts illustrate a generally positive user expe-
rience, with over three-quarters of users reporting satisfaction and even fewer reporting they were dissatisfied. 
This indicates that the system is functional, positively received, and has the potential for optimization based on 
user-centred refinement.

Fig. 5. Distribution of question types in the semantic QA system

This Fig. 6 compares the query latency across the two types of Q&A systems: a Semantic system and a 
Traditional system. Query latency is the time required for each type of system to process a user query and re-
turn a response. The results illustrate that the Semantic system returns a significantly lower and more consistent 
query latency to the user than the Traditional system. In the example of query latency, the median query latency 
returned by the Semantic system was just below 0.4 seconds with the interquartile range (IQR) of approximate-
ly 0.35 to 0.43 seconds. The total spread of values ranged from approximately 0.29 seconds to 0.54 seconds. 
Importantly, the lower and upper adjacent values are close together, and there are no outliers, which demonstrates 
stable system performance regardless of the user query. In contrast, the Traditional system had a higher median 
latency of around 0.68 seconds, and had a wider IQR of around 0.62 seconds to 0.74 seconds, and a total range 
of approximately 0.47 seconds to 0.87 seconds. There were two outliers: one on the low end, and one on the high 
end. The presence of these outliers suggests that the Traditional system has infrequent spikes in response time, 
which indicates less stable performance and less consistent system performance overall. This difference in over-
all latency performance provides several insights. Even if semantic systems are regarded as more involved, due 
to some processing associated with things like the ontology alignment generation of individual SPARQL queries, 
and reasoning, the results presented here indicate the Semantic system outperformed the Traditional system not 
just in that it provided the “more accurate answers,” also in the overall latency performance between both sys-
tems. We suspect that this may be due to the internal architecture being more appropriate in terms of less compu-
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tational leverage at runtime, for example, using a graph database, semantic indexing, or, query caching process 
that all lower computational overhead at run-time. Whereas the Traditional system, we likely used options that 
are not as efficient in either. The use of keyword document retrieval is likely very limited and keyword or rigid 
patterned matching approach of most layers in the context of complex content structure will be more of a bottle-
neck. The implications for practice are important. In time-sensitive contexts, such as real-time decision-making 
support for agricultural, health care or disaster response applications, reduced and more predictable latency al-
lows for greater system responsiveness and ultimately higher user satisfaction. Stability with latency naturally 
promotes greater user confidence and retention, especially in potentially transaction-heavy user contexts such as 
interactive mobile apps or conversational agents. Consistency in latency also enables greater scalability in high-
load situations, which is a necessary consideration for any systems that may be deployed in production. In sum-
mary, the data in the boxplot corroborate that the Semantic Q&A system is favorable to Traditional Q&A system, 
not only for accuracy, but also for efficacy. The Semantic system has a lower median latency, less variability, and 
lack of outlier cases; therefore, it has shown better comparatively each and every typical and extreme case. This 
study illustrates the utility of semantic technologies for the development of durable, reliable, robust, intelligent 
knowledge-based systems.
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Fig. 6. Comparison of query latency: semantic vs. traditional approach

7   Conclusion

This paper presents a new semantic IoT-based intelligent Q&A system developed for greenhouse agricultural 
management. The system addresses the distinct challenge of converting raw environmental data into usable, 
actionable, and context-aware knowledge through not only the integration of IoT sensor data in real-time and on-
tology-based modeling, but also through NLP. The use of structured ontologies gives underlying structure for the 
semantic annotation over heterogeneous agricultural concepts: plants, environmental parameters and pest man-
agement practices, while ensuring interoperability and machine-readable representations in the domain of using 
knowledge to manage systems in a greenhouse. Through the embedded NLP, users of the intelligent Q&A system 
who typically have no expert knowledge of ontologies and the formal representation of knowledge in them will 
be able to interact with the intelligent system using a natural language query that is parsed, semantically matched, 
and finally constructed into knowledge in the form of SPARQL to finding correct and decisive information of 
knowledge that have been generated by the intelligent Q&A system .

Evidence from the system trials and the experimental validation of the Q&A platform identified the marked 
advantage of using the intelligent Q&A system, namely accuracy, latency, journalistic quality, and, satisfaction 
and usability metrics. The intelligent Q&A platform performed well across a number of use cases that maintained 
the distinct advantages of real-time predictive modeling to facilitate decisions petaining to the dynamic nature of 
decisions realted to managing systems in greenhouse environments. Moreover, the scale of modular components 
and ontology-driven architecture suggest that there is substantial extensibility and the possibility for applications 
for other areas of precision agriculture. This research shows how semantic IoT integration can provide benefit by 
improving greenhouse management. The proposed system both gives greenhouse operators timely and accurate 
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information, and minimizes the cognitive and technical hurdles associated with data-heavy agricultural systems. 
The provision of semantically-enhanced knowledge through an intelligent and intuitive interface contributes to 
sustainable, efficient, and scalable smart farming solutions through an easy to use Q&A system.
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