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Abstract
Today’s focus on machine understandable designs that capture real world or domain information is
required for solving complex problems in agriculture. Question answering in this domain require a robust
semantic knowledge retrieval system that is vast in that domain and adequately represented knowledge
for accurate and efficient semantic reasoning. This work is aimed at carrying out a critical review
on the various representation methods, implementation approaches, and evaluation tools adopted in
conducting agriculture-based researches. The reviewed articles are collected in the domain of agriculture.
Open Research Knowledge Graph (ORKG) is adopted for creating comparisons used in this critical
review including that of representation methods for multilingual machine translations. Visualizations
from these comparisons are used in answering some competency questions surrounding this work and
communicating the various results from this research. The results show 63 % analytical implementation
work of most researches conducted in agriculture domain and 23 % automated. Knowledge graphs is
mostly adopted in locations other than India and Nigeria. The report shows a high level of usage of
general evaluation metrices such as accuracy, precision and recall for knowledge graph and ontology
representations, pointing knowledge engineers to more researches on specific evaluation tools which
are only being considered by very few of these researches. This will enhance the semantic knowledge
retrieval procedures in agricultural domains as well as knowledge representation and reasoning for
Semantic Web.
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1. Introduction

Knowledge representation and reasoning is a widely adopted sub-field of artificial intelligence
with focus on machine understandable designs that capture real world or domain information
required for solving complex problems. In line with the sustainable development goals (SDGs)
number 1 and 3 which is centered on no poverty and good health and well-being by 2030,
ORKG African Research Observatory aimed at studying researches done in agriculture and
health with emphasis on comparing the various representation formalisms or methods used in
the design for understanding and reuse by both humans and machines in providing solutions.
Most of the proposed solutions with adequate representations of domain knowledge have made
use of ontologies, knowledge graphs, logics, natural language processing models, transformer
models, etc. The solutions have their justifications made either from analytical approaches or
through automation of their frameworks followed by evaluations using standard tools. Other
properties under considerations included the study location, the dataset used and the research
problem. The reviewed articles in the comparisons were grouped based on common problem
statements. The comparisons that are considered in this review include Representations and
Reasoning for Semantic Knowledge Retrieval in Agriculture, Multilingual machine translation,
Crop Yield Improvement and Irrigation and Erosion Control in Farming. The remaining parts
of this work are organized as follows: Section 2 gives the review of contributions covered in the
comparisons. Section 3 shows the representation and reasoning comparison results obtained
from ORKG platform for selected agriculture related problem statements. Section 4 gives the
visualizations of results and discussion of the comparisons in the previous section. Section 5
gives the conclusion of the reviews.

2. Related Literature

Choudhary et al. [1] used a smart farm ontology that comprises concepts and attributes relevant
to the agricultural domain in addition to analyzing crop data gathered from an agriculture site
in Rajasthan, India, that includes both Rabi and Kharif cropping patterns. The study creates a
knowledge graph by connecting the gathered data to the smart farm ontology. Using SPARQL
queries, the created knowledge graph was used to aggregate data and offer structural information.
To the advantage of farmers and other stakeholders, the combined data is additionally utilized
in machine learning algorithms to forecast crop yield. The outcomes for the various machine
learning models that were employed were examined and contrasted by the researchers. For the
Rabi crops data set, the Gradient Boosting Regressor model performed best, whereas the XGBoost
Regressor model worked best for the Kharif-Crops data set. Inadequate data was the study’s
limitation. By combining deep learning with semantic web technologies of ontologies and
knowledge graphs, Aminu et al. [2] present disease classification, addressing the challenges of
(i) a lack of contextual information (e.g., soil or plant information) and domain-expert knowledge
in deep learning-based systems; (ii) a lack of explainability of deep learning-based systems
(e.g., disease information), especially to non-experts like farmers. The results demonstrate
that the proposed method is superior to the state-of-the-art in terms of performance and
explainability and is also appropriate for real-world scenarios. They include 0.905 (90.5 %)



prediction accuracy on large noisy dataset, the ability to generate user-level explanations about
disease and incorporate contextual and domain knowledge, an average prediction latency of
3.8514s on 5268 samples, and 95 % of users finding the proposed method’s explanation useful.
Additionally, 85 % of users found the generated explanations to be easily understandable. Anand
et al. [3] used natural language processing and deep learning to create a system for estimating
crop disease severity and detection. Various convolution neural networks are developed to
diagnose the severity of diseases that are discovered. Both the models that are fine-tuned by
transfer learning and the trained networks that are learned from scratch are evaluated for
performance. With a 99 % accuracy rate on a validation set, GoogleNet trained by transfer
learning is the industry’s leading model. Farmers can receive information regarding crop disease
and its severity using natural language processing. With a 95 % accuracy rate for the Marathi
language, the NLP model was trained on an English to Marathi dataset. The suggested approach
might be able to reduce illness and boost agricultural productivity. To methodically extract
information from expert-written text and create a knowledge graph, Wang et al. [4] devised
a technique that uses relation extraction. Chinese texts were employed mostly in the study.
First, after carefully selecting information authored by experts on soybean diseases and pests,
the researchers identified the entities and categorized their thematic relationships into five
groups. Next, utilizing cutting-edge deep learning architectures, they developed and trained
three relation extraction models, then assessed each model’s performance on the given task.
Lastly, a sample knowledge network was constructed using the retrieved data to show how they
could be used for automatic reasoning and the recommendation of solutions for the control of
diseases and pests. The study sampled 1569 relation instances and 1038 entities in total. The
top model, the Bert-Based Model, was able to identify relations from text with an F1 score of
98.49 %, according to the experimental data. The usefulness of the sample knowledge graph was
further demonstrated by the experimental results. A fuzzy logic-based crop recommendation
system is proposed by Banerjee et al. [5] to support farmers in rural areas. The goal of the
project is to use fuzzy logic to create an effective and reliable crop recommendation system for
the Indian state of West Bengal that considers topographical pattern, rainfall, and soil factors.
Eleven soil properties, land elevation, mean annual rainfall, and associated cultivation index
were included in the dataset as input parameters and output parameters, respectively. Eight
key crops grown in the state of West Bengal are covered by the suggested model. For each
crop, distinct fuzzy rule bases were developed to facilitate faster parallel processing. A wide
range of datasets have been used to validate the model’s performance, which has produced
an accuracy of roughly 92 %. The ontology knowledge base for the durian pests and illnesses
retrieval system is presented by Visutsak [6]. The system’s primary contributions are: i) the
information base on durian illnesses and pests that has been stored; and ii) the diagnosis
of durian diseases and recommendations for treatment. Eight primary classes comprise the
ontological knowledge: illnesses, pests, cultivars, bunch symptoms, leaf area symptoms, branch
and trunk symptoms, fruit symptoms, and root and growth symptoms. 100 % precision, 88.33 %
recall, and 93.8 % overall performance were obtained from the experiment. The goal of Aydin &
Aydin [7] is to discuss how to relate site-specific parameters to sensor measurement outputs
using crop-specific trait ontologies. To achieve the following goals, a data-integration approach
for syntactic and semantic interoperability is proposed: (i) gather domain-specific data about
specific agricultural products using ontology-based data acquisition forms created by domain



stakeholders using crop-specific trait ontologies; (ii) gather and visualize stream data about site-
specific parameters of specific agricultural products through WSNs; (iii) create domain-specific
linked open data using mapping rules created by any domain stakeholder using crop-specific
trait ontologies; (iv) store semantically annotated agricultural data across various databases
and files, including relational databases, graph databases, XML files, and RDF files, etc.; (v) to
provide syntactical interoperability using web services and APIs, which allow stakeholders to
share data for a particular agricultural product between different kinds of software applications;
(vi) to publish well-defined, well-structured and semantically annotated data concerning a
particular agricultural product using open standard in appropriate formats. An open-data
platform is developed, and its usability is evaluated to justify the viability of the proposed
approach. Furthermore, this research shows how to use web services and APIs to carry out the
syntactic interoperability of sensor data in agriculture domain. A plan for creating an ontology
specifically for the agriculture domain is presented by Kaushik and Chatterjee [8]. The suggested
strategy operates in two stages. First, it automatically extracts agricultural-related words using
natural language processing techniques and domain-dependent regular expressions. Semantic
connections between the retrieved terms and sentences are found in the second stage. For the
task, the rule-based reasoning algorithm RelExOnt has been suggested. Precision and recall
obtained from human review of the word extraction output are 75.7 % and 60 %, respectively.
With an average precision of 86.89 %, the relation extraction algorithm RelExOnt performs
admirably. A review and trend study of knowledge graphs for crop diseases and pests was
conducted by Xuesong et al. in 2019 [9]. The study finds that while knowledge graphs offer a
novel and more flexible approach to knowledge administration, current knowledge management
systems share several fundamental flaws in terms of efficiency, scalability, and application. This
study examined and categorized the most important knowledge graph technology approaches
and procedures in the field of agricultural diseases and pests in recent years, considering the
unique characteristics of crop illnesses and pest data. The definition and meaning of crop disease
and pest knowledge were presented, and a detailed analysis of the current creation process was
conducted from four perspectives: knowledge representation, extraction, fusion, and reasoning.
Additionally, the expert system, search engine, and knowledge question-answering system were
all given a thorough introduction to the use of crop diseases and pest knowledge graphs. In
conclusion, the study provided an overview of the key issues and concerns related to diseases
and pest knowledge graphs, as well as an outlook for the field based on the salient features and
challenges of current knowledge graph research.

3. ORKG Comparisons of Representations and Reasoning in
Agriculture

There are several researches with various representations and reasoning formalisms used in
agriculture-based problem statements to include ontologies, knowledge graphs, logics, natural
language processing techniques, etc. Some of the problem statements in agriculture under
consideration include crop yield improvement, semantic knowledge retrieval, multilingual
machine translation, pest management, etc. But this critical review is centered on the first three
with the number of contributions or articles in each comparison checked against each problem



statement as shown in ??.

Figure 1: Bar Chart showing Article Distribution by Problem Statement

From ??, more numbering up to 20 articles were reviewed around crop yield improvement
knowledge representation while less than 5 articles were reviewed around machine language
translation. The comparisons for the problem statements under consideration with their prop-
erties are described in the following sub sections.

3.1. Comparison on Representation and Reasoning for Semantic Knowledge
Retrieval in Agriculture

Various contributions reviewed on representations and reasoning tools adopted for the semantic
knowledge retrieval of knowledge on crop pest and disease management based on featured
properties including problem statement, problem domain, method, implementation approach,
evaluation tool, study area and control parameters as considered in the ORKG comparison pub-
lished in the link: https://orkg.org/comparison/R801641https://orkg.org/comparison/R599390/
as shown in ?? [10]. The comparison shows that ontology has been widely adopted, and im-
plementation approaches being 80 % automated and 20 % analytical. Despite the adoption of
ontology and automation, the evaluation tool in used is the F1 score and none of the reviewed
articles adopted the ontology evaluation tools such OOPs! and TDDOnto.

3.2. Comparison on Representations for Multilingual machine translation

Reviews made on representations and reasoning for multilingual machine translations in several
domains including agriculture and other related domains have properties considered in the
ORKG comparison published in the link: https://orkg.org/comparison/R801643 as shown in
?? [11] The comparison featured the use of logic, knowledge graphs and natural language
processing as representation and reasoning formalisms and several language pairs including
English–Malayalam, English–Hindi, English–Tamil, and English–Punjabi. Other languages



Figure 2: Representation and Reasoning for Semantic Knowledge Retrieval in Agriculture

considered in the reviews includes English, Chinese, Japanese, German Korean, Swahili and
other Western translation. Although not much have been done on under resourced languages.

Figure 3: Representation for Multilingual machine translation

3.3. Comparison for representation and reasoning for crop yield improvement

This comparison considered several contributions on crop yield improvement based on
featured properties considered in the ORKG comparison and published in the link:
https://orkg.org/comparison/R659189 as shown in ?? [12]. It covers a wide range of repre-
sentation and reasoning formalisms including ontology, knowledge graphs, logics, natural
language processing with about 73.68 % of implementation approach being analytical as shown
in ?? (c). ??(a) shows statistical tools (such as F1 score, accuracy, R-square, MAE, RMSE, pre-
cision, recall), were widely used for evaluations across these articles with no mention made
on specific evaluation tools for ontologies, knowledge graphs, etc. This observation is seen



across various study locations including China, USA, Nigeria, India, Australia, Sri Lanka, Russia,
Ireland and Canada as shown in ?? (b).

Figure 4: Comparison for Representation and Reasoning Crop Yield improvement

Figure 5: Representing and Reasoning for Crop Yield Improvement

Reviewed articles called contributions in ORKG comparisons are graphically represented
with all the key concepts, attributes and the relationships clearly represented. For example,
an article titled “A Machine Learning-Based Mobile Chatbot for Crop Farmers” is graphically
represented in ORKG and graphically viewed as shown in ?? with graph depth 1, 2 and 3 viewed
as shown in ??a, b and c respectively [13]. Authors can deploy their translators [14] or find a
match using ORKG comparisons as they embark on further study. The ORKG graph view uses
different shapes and colours to represent concepts, sub-concepts, individuals (data items) while
the relationships clearly shown on the labelled directed vertices on the graph.

4. Results and Discussion

In this review, the sample comparisons cutting across three problem statements clearly show
the initial concerns of the reviews made in each case or has answered some competency
questions such as: Do these contributions use representation and reasoning formalisms? Was
the representation formalism used analyzed or automated? Did the contribution adopt any



Figure 6: An ORKG knowledge graph view of a Sample Contribution

evaluation tool? Are the tools standard tools for the adopted formalism? From the total number
of contributions considered in agriculture domain, the overall count of implementation approach
in ?? shows that about 63 % were implemented analytically, only 26 % were automated while 11
% either adopted both or not specified. The study areas of the overall reviewed articles given in
?? shows India as the lead followed by works carried out in Nigeria, China, USA and others.

?? shows the overall count of representation methods from the reviewed literature, with
ontology as the most widely used, followed by logic and then knowledge graph. The chart
in ?? gives the evaluation tool by representation method with F-measure mostly used for
evaluations in ontology. Other evaluation tools such as accuracy, precision and recall are
also widely applicable in ontologies as well as precision and recall in knowledge graphs. For
the evaluation of logical systems, other evaluation tools were widely used outside accuracy,
f-measure, precision and recall.
?? gives the chart showing the implementation approach by representation method to describe

that most of the ontologies adopted in most of the literature were analyzed and automated.
Logic and NLP are seldomly automated. Knowledge graphs and logics for reasoning sparing
use other implementation approaches other than the identified ones in this review. From the
reviewed literature, logic is widely adopted for representations and reasoning in agriculture



Figure 7: Overall Count of Implementation Approachn

Figure 8: Locational Distribution of Research Articles

related research in India, sparingly being used in China, and not fully embraced in Nigeria,
USA, Netherlands, Austria and Nepal. However, research in agriculture embracing knowledge
graphs were conducted in several locations except India and Nigeria as shown in in ??. On the
other hand, India, Nigeria and USA have adopted NLP which were not used in other locations



Figure 9: Overall Count of Representation Method

Figure 10: Evaluation Tool by Representation Method

including Netherlands, China, Austria and Nepal.

5. Conclusion

The automation of most researches conducted in agriculture domain have not yet been fully
done as a higher percentage of 63 reviewed articles still used analytical implemented approach.
This opens up more doors for researchers in India and Nigeria to embrace the use of knowledge
graphs in most of their researches as seen and adopted in other locations. The report shows
a high level of usage of general evaluation metrices such as accuracy, precision and recall



Figure 11: Chart showing Implementation Approach by Representation Method

Figure 12: Chart showing Locational Distribution Representation Method

for knowledge graph and ontology representations, pointing knowledge engineers to more
researches on specific evaluation tools such as TDDOnto and OOPs! which are only being
considered by very few of these researches. This will enhance the semantic knowledge retrieval
procedures in agricultural domains as well as knowledge representation and reasoning for
Semantic Web.
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