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ABSTRACT

Agroforestry farming is one of the challenging sectors to grow crops or farming
of variety of trees from the ancient days due to erosion and desertification. This
Culminating Experience Project explored how recommendation systems can be
developed and used in agroforestry. The research questions are Q1. What methods
can be used to improve the accuracy and reliability of soil-based agroforestry tree
species recommendation systems? Q2. How can agroforestry tree species
recommendation systems be tailored to the needs of different stakeholders, such as
smallholder farmers or agribusinesses? Q3. What will be the top three, tree
recommendations using natural language processing based on varying soil content?
Data was collected from two datasets the Agroforestry Database and the European
Commission's extension of the periodic Land Use/Land Cover Area Frame Survey.
The findings are: 1) Various Natural language processing techniques such as cosine
similarity, count vectorization, and TF-IDF can significantly enhance the system's
ability to analyze and process large amounts of Data collection, validation, and
monitoring to improve the accuracy and reliability of soil-based agroforestry tree

species recommendation systems. 2) Cosine similarity achieve to recommend tree

species based on soil test report data collected by the European Commission's
extension of the periodic Land Use/Land Cover Area Frame Survey and tailored
based on various soil properties helps the smallholders, stake holders, farmers to
best decisions to increase their growth. 3) Natural language processing techniques

such as cosine similarity, count vectorization, and TF-IDF can be employed to



analyze soil data and identify the tree species that are most appropriate for different
soil types. The conclusions are: 1) The integration of text-based processing and
machine learning methods has significant potential to refine agroforestry tree
species recommendation systems to generate reliable and acceptable
recommendations. 2) The system's recommendations can become more relevant,
practical, and acceptable, leading to higher adoption rates and better outcomes.3)
Develop The proposed agroforestry tree species recommendation system provides
top three trees’ recommendations using cosine similarity, TFIDF and Count
vectorization techniques. Furthermore, areas for future research that emerged from
this study include the need to improve the sustainability and productivity of
agroforestry practices, enhance ecosystem services, and promote economic, social
benefits and identify additional strategies for improving the accuracy and reliability
by getting additional feedback about the tree’s recommendation from the

stakeholders and farmers directly in design and development.
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CHAPTER ONE

INTRODUCTION

Agroforestry refers to land-use systems that include trees along with
crops, animals, and/or other vegetation on the same plot of land which unites
to provide numerous outputs while protecting the resource base (Pantera et
al., 2021). Farmers who practice agroforestry cultivate not only crops but also
trees and are encouraged to create a small-scale forest (Rosati et al., 2021).
The National Resources Conservation Service (Soil health) of the United
States Department of Agriculture defines soil health as the soil's continued
capacity to serve as an immensely essential ecosystem that supports plants,
animals, and people. Due to soil erosion and desertification, the productivity of
some fields has decreased by 50% (Eswaran et al., 2019).

The study finds that over the past few decades, a variety of
anthropogenic activities have considerably degraded 25% and moderately
affected 50% of the world's soil, respectively (Srivastava et al., 2019).
Agroforestry is beneficial to the environment as it contributes to soil fertility
(Ramos et al., 2015), soil quality, increased carbon sequestration, and
improved agroecosystem quality (Ospina et al., 2017). It is also economically
beneficial as it provides farmers with multiple sources of income such as
firewood, timber and fodder throughout the year.

Agricultural recommendation systems based on artificial



intelligence/machine learning are growing in popularity as they can process
large amounts of data and make more accurate predictions (Priyadharshini et
al., 2021). The development of agriculture recommendation systems is gaining
popularity is propelled by the rising need for data-driven decision-making in
agriculture ecosystem and the requirement to mitigate the challenges faced by
farmers and agribusinesses, such as increasing production costs, declining
crop yields, and increasing soil erosion (Patil et al., 2020). Natural language
processing (NLP) is a division of artificial intelligence that studies how
computer and human language interact (Kumar et al., 2021). NLP algorithms
can be used to extract information and insights from large amounts of
unstructured text data such as agricultural reports, scientific articles, and

farmer surveys (frontier).

Problem Statement

Despite the many benefits of agroforestry, many small-scale farmers lack
the resources and knowledge necessary to adopt and effectively implement
these practices (Pantera et al. 2021; Jawo et al. 2023). As a result, we miss
opportunities to improve soil health, increase yields and reduce the
environmental impact of agriculture. Lack of support for agroforestry farmers
weakens the potential of agroforestry to chip into sustainable agriculture and
food security (lyabano et al. 2023). Therefore, we propose a natural language
processing recommendation system that examines data about soil and outputs

tree recommendations tailored to soil type, soil content, and farmers' needs



(Gram et al., 2018).

Research Questions

To gain a better understanding of the overall project needs, the following
guestions will be answered:
1. What methods can be used to improve the accuracy and reliability of
soil-based agroforestry tree species recommendation systems?
2. How can agroforestry tree species recommendation systems be
tailored to the needs of different stakeholders, such as smallholder

farmers or agribusinesses?

3. What will be the top three, tree recommendations using
natural language processing based on varying soil content?
This project is organized as follows: Chapter 2 reviews the literature.
Chapter 3 discuss the research methods used to answer each question.
Chapter 4 is a discussion of data collection, analysis and findings. Lastly,

Chapter 5 includes the discussion, conclusion, and areas for further study.



CHAPTER TWO

LITERATURE REVIEW

Barrios et al., (2018) reviewed six studies of agroforestry and tree cover
transitions from three continents to explore the potential for tree integration into
agroecosystems and sustainable land use. was investigated. This result
indicates that increased tree cover can significantly improve ecosystem function
and contribute to the conservation of biodiversity and ecosystem services
(Barrios et al., 2018). However, adverse effects have also been identified in
certain contexts, highlighting the need to understand which tree species to
include and how to manage them in different socio-ecological contexts. The
research also highlights the potential of natural language processing techniques
to enhance the accuracy and reliability of soil-based agroforestry tree species
recommendation systems through effective data collection, validation, and
monitoring. To ensure successful agroforestry implementation, local and
scientific knowledge must be combined, and tree-based management options
adapted to the context to minimize trade-offs and maximize synergies and
complementarity knowledge-exchange needs to be done. The author’s research
applies to this project to some extent. However, their research is less focused
on natural language processing techniques using recommendation
systems. There is no direct research related to the use of natural language
processing methods such as cosine similarity, TF-IDF and count vectorization

leveraged for building recommendation systems in the agroforestry domain.
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Therefore, we proceed with the research question and the review of the
literature that serves the project's goal of building a recommender system for

recommending trees in the field of agroforestry.

Gram et al., (2018) developed agroforestry species recommendations
tailored to the farmers' need, climate conditions, local context and soil
properties. The research used Bradley-Terry approach to rank tree species by
ecosystem services along with the local knowledge and farmers preferences
customized to recommend tree species in the agroforestry domain for

smallholder farmers.

Agriculture is a major industry in India, employing over 58% of the labor
force. The failure of farmers to select suitable crops based on soil conditions,
sowing time and geographical location has led to serious problems such as
suicide, abandonment of agriculture, and relocation to urban areas using
traditional and unscientific methods. leading to results (Ahmad et al., 2017). The
research focuses on machine learning which considers many environmental
parameters and soil properties and can assist farmers in making informed crop
selection decisions (Kumar et al., 2015). Precision agriculture, along with
current agricultural technologies such as artificial intelligence and machine
learning, can expedite utilization, enable data-driven decision-making, and
increase crop production, thereby supplying to a country's socioeconomic

growth (Priyadharshini et al., 2021).

Brandt (2023) used text mining to evaluate the potential of machine



learning to identify restoration policies across categories such as agroforestry,
soil erosion, and forest conservation. They achieved this F1 score of 0.83
measured on 14 policy agendas of 31 policy documents using an unsupervised
neural search machine learning architecture and cosine similarity and TF-IDF

techniques. Restoration Policy (Brandt, 2019).

Muhirwa et al., (2022) investigated the implementation of a water, energy
and food (WEF) nexus process in Africa and found that despite growing interest,
implementation is limited. A study of 237 WEF-related application projects
(demonstrating the empowerment of owners in the agriculture and food
industries, the empowerment of agroforests, and the promotion of the agro-
silvo-pastoral system) identified three resource sectors that fit the nexus
approach: Only 26 initiatives were identified. As per the statistics of term
frequency and inverse document frequency (TF-IDF), the word "production” was
particularly significant and reliable in adopting the nexus strategy. Using cosine
similarity technique, a low similarity score of 0.25 was obtained. The study also
demonstrated an imbalance in comprehending and applying nexus notions
between academic articles and project implementers reports. Effective policies,
creative techniques, and coordinated efforts from different stakeholders are

required to achieve successful implementation.

Cosine similarity, Pearson correlation, and Euclidean distance are the
most frequently used similarity metrics in recommender systems (Schwarz,
et.al, 2017). Pearson correlation is commonly used in rating-based systems,

whereas cosine similarity is popular in text-based systems (Islam, et.al, 2022).
6



Euclidean distance is a simple measurement used in content-based
recommendation methods (Schwarz, et.al, 2017). Cosine similarity is a very
famous similarity distance measure between the two vectors (Sitikhu, et.al,
2019). Computes the cosine of the angle between two vectors in high-
dimensional space and note downs, how similar they are with respect to

direction (Peipei, et.al, 2015).

Regarding text classification models, Anjuma et al. (2021), Wendland et
al. (2021) compared the impact of feature extraction and text vectorization
techniques such as count vectorization and TF-IDF on machine learning
algorithms. The results obtained showed better performance and accuracy

when TF-IDF was used as the vectorization technique.

Lovedeep et al., (2022) compared the performance of text clustering
applied following two vectorization techniques TF-IDF and Doc2Vec. They
performed their experiments on a set of tweets and obtained better reliable

results with TF-IDF as a vectorization technique (Lovedeep et.al, 2022).

Another research used a mixed methods approach to assess farmers'
perceptions of agroforestry, barriers to implementation, and welfare impacts.
Results show that agroforestry farmers report significant improvements in 8 of
the 18 indicators tested. A major impediment to implementation is the lack of
political support and initial investment. They seek coordinated strategies and
funding to integrate smallholder farmers and interdisciplinary collaborations and

leverage existing expertise to understand the strains of rural communities in



forest landscape restoration strategies (Shennan et al., 2022).

A study highlights the importance of agriculture to the Indian economy
and how uninformed sowing decisions of farmers can adversely affect local
economic conditions and the farmers themselves. To address this issue, the
authors propose applying a systematic machine learning model using a dataset
combining rainfall, climate, soil properties and fertilizer data from India. Using
machine learning models, the authors aim to recommend the top best crops for
a given season based on various criterion such as farm location, sowing time,
soil properties, and climate which can help Indian farmers in making informed
decisions about their crops and avoid the financial and emotional consequences
of wrong decisions. The authors emphasize on the importance of using correct
machine learning models to solve problems and improve farming practices in

India (Patil et al. 2022).

Different algorithms have given rise to various machine learning models
used for crop prediction based on environmental determinants like soil
characteristics, temperature range, precipitation stats and geographical situation

(Priyadharshini et al., 2021).

However, because tree species affect soil properties that can affect crop
yields in agroforest ecosystems, farmers and agroforesters interested in
maintaining or enhancing site productivity and reducing soil erosion is an
important and pressing concern for Planting trees without considering soil

properties can lead to reduced crop production in agroforestry ecosystems.



Therefore, building on these previous studies, we continue our research goal in
this project to build a machine learning model that uses natural language

processing to recommend trees based on soil properties.



CHAPTER THREE

METHODOLOGY

We introduced the following natural language processing methods used for
agroforestry tree species recommendations: Finally, we used cosine similarity to
advance both count vectorization and word frequency (inverse document
frequency).

Q1 What methods can be used to improve the accuracy and reliability of soil-based
agroforestry tree species recommendation systems?

To answer this question, the following methods will be used.

Count Vectorization

Count vectorization is a text pre-processing method that converts
numerical characteristics from text data. Count vectorization can be applied to
plant species names in the setting of agroforestry (Temgoua, et.al, 2018).
Developing a list of different plant species names represented as a vector of
numbers representing the frequency of each term in the vocabulary (Soons et al.,

2016). The resulting vector matrix is known as the document-term matrix.

Term Frequency Inverse Document Frequency (TF-IDF)

The TFIDF methodology is a method for judging the importance of
terms in a text. TFIDF is an acronym for Term Frequency-Inverse Document
Frequency (Bruno et.al, 2014). The TFIDF number is determined by multiplying
the word frequency (TF) by the inverse document frequency (IDF). The

10



frequency of a term in a document is expressed as TF, while IDF is the
logarithm of the total number of documents divided by the number of
documents containing that term (Donghwa et.al, 2019). The tf-idf method can
be used in the context of agroforestry to weight the significance of plant

species in document term matrices (Shin et al., 2021).

Q2 How can agroforestry tree species recommendation systems be tailored to the
needs of different stakeholders, such as smallholder farmers or agribusinesses?
To answer this question, we created new features based on different farmers &

stakeholder factors.

Separated the solil into various texture groups based on the values of
sand, clay, and silt, denoted as i, j, and k, respectively. For example, powdery
soil is defined as having mostly sand and very little sediment and clay (k +
1.5% < 15). Similarly, loamy soil is defined as having approximately equal
guantities of sand, silt, and clay. Various plants or trees have different soil
texture needs, it is critical to comprehend the texture of the soil to select the

right trees or management practices (Charles et.al, 2009; USDA, 2017).

Based on the pH in CaCl2 values, added eight new categories range
from very acidic to very alkaline. Here are two features among eight classes. In
general, CaCl2 pH greater than 5 and less than 8, is the ideal soil pH range for
plant growth. When CaCl2 has a pH above 4 and below 5, this is generally
suited for very acid-sensitive crops such as some legumes and barley, and

11



more acid-tolerant plants continue to be adversely affected (Belinda, 2000).

Created two new categories that characterize the soil's nitrogen
concentration based on N (nitrogen), P (phosphorus), and K (potassium)
numbers. Nitrogen is an important nutrient for plant development that can
affect food production, quality, and soil health Four new categories represent
soil richness ratios based on N (Nitrogen), P (Phosphorus), and K (Potassium)
values. Soil fertility ratio is a measure of the proportional availability of nutrients
in soil that can be used to predict agricultural development and yields (Wassen

et al., 2003).

Q3 What will be the top three, tree recommendations using natural language
processing based on varying soil content?

To answer this question, the following method will be used.

Similarity measures

Similarities like Euclidean distance that measures the distance between
two vectors in Euclidean space and Pearson correlation coefficient that
measures the linear correlation between two vectors are commonly used in

collaborative filtering recommendation systems (Fkih, 2022).

Jaccard similarity measures the similarity between sets of items and is
commonly used in recommendation systems that deal with binary data, such

as user-item ratings (Scott et.al, 2022).

12



Cosine Similarity

Cosine similarity is commonly applied in NLP applications such as text
classification, information retrieval, and recommendation systems (Alanzi et al.,
2019). It can be used to measure the similarity between two text documents, or
two words based on their word embeddings, and to identify documents or
words (Xin et al., 2016).

The working of cosine similarity involves the following steps:

Vector Representation: Entities to be compared, such as documents and words, are
represented as vectors in a high-dimensional space (Jaegul et.al, 2013). Each
dimension of the vector corresponds to a particular feature or aspect of the
represented entity.Compute cosine similarity: Cosine similarity between two
vectors is computed as the dot product of the two vectors divided by the product of
their magnitudes (Sunita, et.al. 2004; Alfirna et.al. 2016).

Mathematically, it can be expressed as:

M=

Ai X B;

=

A-B
similarity(A,B) = =
|All x| 8]

n n
Y AP x [y B?
i=1 i=1

Figure 1: Cosine similarity formula (Lahitani et al., 2016)

where x and y are the two vectors, “.” represents the dot product, and "|| ||"
represents the magnitude of the vector.
Interpretation of Cosine Similarity: The resulting cosine similarity values range from -

1 to 1, with a value of 1 indicating that the two vectors are identical and a value of O

indicating that they are orthogonal (that is, they are not similar at all) and a value of -

13



1 indicates that the vectors are orthogonal, that they are completely different.

Advantages of cosine similarity include computational efficiency, the
ability to handle high-dimensional data, and the ability to obtain semantic
similarities between entities based on word embeddings. It is also a widely
used and well-established measure of similarity in NLP and machine learning

(Grigori et.al, 2014; Tao et.al, 2017).

To answer our research question, we choose text processing methods
such as cosine similarity, count vectorization and TF-IDF (Lahitani et al.,
2016). To create our recommendation engine, we collected a dataset from an
extension of the European Commission's topsoil survey. It has a data frame of
19969 datasets with 15 properties related to soil properties and can be easily
adapted to the needs of smallholder farmers (LUCAS, 2015). Another dataset
with limited access to specific soil properties and records of 303 tree species
that fit the purpose perfectly (Orwa, 2009; LUCAS, 2015). In order to enhance
the model, we utilized two different embedding methods count vectorization

and TF-IDF. In the next chapter, we will start with an introduction to datasets.

14



CHAPTER FOUR

DATA COLLECTION AND ANALYSIS

The agroforestry dataset used in this study was compiled from two

datasets: the Agroforestry Database (Orwa, 2009) and the European

Commission's topsoil survey (LUCAS, 2015). The finished collection includes

19,967 geo-referenced samples. The table below contains a summary of the

information.

S.no Attribute name Description Range of value

1 course coarse fragments 0to 83

2 clay clay size distribution | O to 79

3 silt slit size distribution | O to 92

4 sand sand size 0to 99
distribution

5 pH_in_H20 Ph contains in H20 | 3.21to 10.08

6 pH_in_CaClI2 Ph contains in 2.571t09.25
CaCl2

7 oC organic carbon 1to 586.8
(9/kg)

15




8 CaCO3 carbonate content 0to 944
(g/kg)

9 N total nitrogen 0to 38.6
content (g/kg)

10 P phosphorous 0to 1366.4
content (mg/kg)

11 K extractable 0 to 7342
potassium content
(mg/kg)

12 CEC cation exchange 1to 234
capacity
(cmol(+)/kg)

13 Sample_ID Sample Id’'s

14 GPS_LAT Location Latitude
information

15 GPS_LONG Location Longitude
information

Table 1: Examination of soil dataset (LUCAS, 2015).

16




Data Information

The raw data in a CSV file consists of sentences, which are large
sequences of words and punctuation marks that need to be converted into
vectors of numbers without losing content. Ideally the model wants a vector of
fixed dimension. Records contain categories such as 'Notes' and 'Point ID' that
are not very useful and are removed during processing. The soil dataset
contains 19969 rows, and the trees dataset contains 303 values. "Tags" of soil
datasets are formed by concatenating different columns in the dataset and

performing various actions on the columns (LUCAS, 2015).

The attribute in the dataset represents a comprehensive analysis of
various physical and chemical properties of samples that have been collected
and measured. The attributes that have been analyzed, include the percentage
of coarse fragments from the range 0 to 83, three attributes of particle size
distribution such as clay size distribution from the range 0 to 79, slit size
distribution from the range 0 to 79 and sand size distribution from the range O
to 99, pH in both CaCl2 and H20 respectively from the range 2.57 to 9.25
and 3.21 to 10.08, organic carbon content ranging from the 1 to 586.8 ,
carbonate content ranging from the 0 to 944 , phosphorous content ranging
from the 0 to 1366.4, total nitrogen content ranging from 0O to 38.6, extractable
potassium content from the range 0 to 7342 , cation exchange capacity from
the range 1 to 234. Each of these parameters provides valuable information

about the samples, which can be used to gain insights into their composition,
17



properties, and behaviour (LUCAS, 2015).

Programming and Libraries

Python: Python is a popular high-level programming language widely used to build a
variety of apps, including web applications, scientific computing, data analysis, and
artificial intelligence (Hao & Ho, 2019). Some of the well-established python libraries
are numpy and pandas which are capable of handle large amount of data (Hao &
Ho, 2019). We have utilized pandas and NumPy for analysing and manipulating the

data in our project.

Data Set Analysis and Results

Initially, to build a cosine similarity we are going to apply the following steps:

1) Get the Land Use/Land Cover Area Frame Survey (LUCAS, 2015) dataset ready
for use.

2) Perform text mining like deleting unnecessary features, adding new features to
the data, and applying text preprocessing methods.

3) Next step would be to choose the correct model for the content-based
recommendation system.

4) Selecting the embedding methods (Count Vectorization and TF-IDF).

5) Apply Cosine similarity based on the Count Vectorization and check the
recommendations output.

6) Finally apply cosine similarity based on the TF-IDF and check the
recommendations output.

This project used the Anaconda platform and Jupyter notebooks. It is an

18



integrated development environment (IDE) used primarily by Python
programmers for a wide range of essential tools for building machine learning
models. | first installed the panda’s library to read the dataset. After uploading
the dataset to the environment, create two variables 'X' and 'Y" to pass all
characteristics of the dataset to 'X' except the 'target’ column assigned to Y.
bottom. After effectively reading and writing the variables, we choose an
appropriate algorithm (in this case cosine similarity) to use for our agroforestry

recommendation system.

We used Count Vectorization (Shahnoor et.al, 2017) to describe
agroforestry practices, and associated information in a numerical format before
applying cosine similarity to our agroforestry suggestion system. Each
paragraph is converted into a vector of word counts by Count Vectorization,
where each word represents a feature, and its count reflects the worth of that
feature (Shahnoor et.al, 2017). This enables us to describe the paragraphs in a

way that permits them to be readily compared using mathematical methods.

The input was then processed by the TFIDF Vectorizer. TFIDF stands
for Term Frequency-Inverse Document Frequency and is a method of de-
emphasizing words that appear frequently in documents and increasing the
importance of words that appear infrequently (Shahnoor et.al, 2017). This is
done to offer more weight to discriminative terms and less weight to non-

discriminative words.

Finally, we calculated the cosine similarity between each pair of

19



paragraphs using their count vectorize and TFIDF vectors. The input was then
processed by the TFIDF Vectorizer. TFIDF stands for Term Frequency-Inverse
Document Frequency and is a method of de-emphasizing words that appear
frequently in documents and increasing the importance of words that appear
infrequently (Shahnoor et.al, 2017). We thus found the topmost comparable
data between each pair of vectors and recommended only the top three vector
scores to the user by calculating the cosine similarity between all sets of

content.

Results:

Below are the top three trees’ recommendations using the TFIDF and
Count Vectorization techniques calculated with the help of cosine similarity
between the 2 vector pairs. A function named recommend was created with
the logic of count vectorization and TF-IDF. Soil id was passed as an argument

to the function to get the three topmost tree species recommendations.
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Recommendation Based on Count Vectorization

f recommend(id):
soil_id=df[df['sample_ID']==id].index[@]
distances=similarity[soil_id]
trees_list=sorted(list(enumerate(distances)),reverse=True,key=lambda x:x[1])[1:4]

for i in trees_list:
print(dfc.iloc[i[@]].Species_Name)

recommend(31035)

Irvingia wombolu
Calliandra calothyrsus
Acacia auriculiformis

Figure 2: Results of recommendations using Count Vectorization

Recommendation Based on TF-IDF

def recommendl(id):
soil_id=df[df['sample_ID']==id].index[@]
distances=similarityl[soil_id]
trees_list=sorted(list(enumerate(distances)),reverse=True,key=1a a x:x[1])[1:4]

for i in trees_list:

print(dfc.iloc[i[@©]].Species_Name)

recommend1(31035)

Ficus glumosa
Pentaclethra macrophylla
Acacia aneura

Figure 3: Results of recommendations using TF-IDF.
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CHAPTER FIVE

DISCUSSION, CONCLUSION AND AREAS OF FURTHER STUDIES

Discussion

The research questions are:

1. What methods can be used to improve the accuracy and reliability of soil-based
agroforestry tree species recommendation systems?

2. How can agroforestry tree species recommendation systems be tailored to the
needs of different stakeholders, such as smallholder farmers or agribusinesses?
3. What will be the top three tree recommendations using natural language
processing based on varying soil content?

What follows is the discussion of the findings and conclusion, followed by

suggestions for areas for further study.

The findings and conclusion for each of the questions:

Q1. Various natural language processing techniques can significantly enhance the
ability of soil-based agroforestry tree species recommendation systems to analyze
and process large amounts of data. Cosine similarity, count vectorization, and TF-
IDF are some of the techniques that can be used to achieve this (Shahnoor et.al,
2017). Count vectorization turns text into a matrix of token counts, and TF-IDF
measures the importance of terms within a record (Shahnoor et.al, 2017). By
improving the system'’s ability to analyze and process large volumes of data

accurately, the recommendations provided by the system can become more
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effective and reliable, leading to better outcomes for soil-based agroforestry
systems.

Q2. Using the similarity measures, cosine similarity (Alanzi et al., 2019) can
recommend top varieties of trees on the topsoil survey data taken from European
union database. To meet the requirements of small-scale farmers and stakeholders,
cosine similarity approach can easily be customized to give recommendations using
soil features like potential of hydrogen, percentage of nutrient content and texture of
the soil. The system can enhance acceptance and aid in the success of agroforestry
systems by offering recommendations that are pertinent and useful to the
requirements of many stakeholders.

Q3. The application of natural language processing techniques namely cosine
similarity measurement, count vectorization conversion, and Term frequency inverse
document frequency assessment can be effectively leveraged in analyzing topsoil
data, to determine ideal tree species selections based on soil specialties. With the
recommendation systems ability to assess vector similarities as well as to transform
textual material into token matrices while identifying significant vocabulary terms,
this proposed system is a key resource that could substantially benefit farmers,
foresters or any other stakeholders seeking guidance on ideal strategies for availing

agroforestry system benefits.

Text based processing methods along with machine leaning can be
leveraged in the recommendation systems, refining the accuracy and
acceptance of recommendations in agroforestry tree species systems. The

objective of this project to provide a top three tree recommendations has been
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achieved by incorporating cosine similarity, Term frequency inverse document
frequency, and Count vectorization techniques, which are discussed in chapter

3.

Furthermore, the recommendation systems build for recommending tree
species can be personalized as per the farmers soil test report and

requirements.
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Conclusion

The integration of text-based processing and machine learning methods
has significant potential to refine agroforestry tree species recommendation
systems. With a focus on accurately handling data within a given context these
innovative approaches can generate reliable recommendations for optimal tree
species.

The tree species recommendations given by the model can be tweaked
as per the soil test report and requirements of the small holder farmers or
agricultural businesses.

The recommendation system outputs the top three trees fulfilling the
primary objective of the thesis project. Such a system can be a valuable tool for
farmers, foresters, and other stakeholders involved in agroforestry systems
which would help them to select the most suitable tree species for their land and

increase the productivity and sustainability of their agroforestry systems.
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Future work

Areas for further study need to improve the sustainability and productivity
of agroforestry practices and enhance the ecosystem services they provide.
Future studies could explore additional strategies for improving the accuracy and
reliability of agroforestry tree species recommendation systems, such as
incorporating feedback from stakeholders and farmers directly into the system's
design and development. This could help to refine the system's
recommendations and ensure they are more practical and relevant to the needs

of different stakeholders.
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APPENDIX A

CODE OF CRUCIAL PART
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Code

#Import necessary

Libraries

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.feature_extraction.text import CountVectorizer
from sklearn.metrics.pairwise import cosine_similarity

from geopy.point import Point

import numpy as np

import pandas as pd

#Reading csv file

df=pd.read_csv('LUCAS_TOPSOIL_vl.csv')
dfc=pd.read_csv("Agroforestry_treespecies.csv")

#Based on Sand, Clay and Silt Features values creating a Soil Texture
def soiltextureclass(sand,clay,silt):
textural_class=[]
for i,j,k in zip(sand,clay,silt):
if k + 1.5%j < 15:
textural_class.append('sand')
elif k + 1.5%j >= 15 and k + 2*i < 3@:
textural_class.append('loamy sand')
elif (j >= 7 and j < 20 and i > 52 and k + 2*j >= 38) or (j < 7 and k < 50 and k + 2*j >= 30):
textural_class.append('sandy loam')

elif j >=

7 and j < 27 and k >= 28 and k < 50 and i <= 52:

textural_class.append('loam')
elif (k >= 50 and j >= 12 and j < 27) or (k >= 50 and k < 80 and j < 12):
textural_class.append('silt loam')

#Based on pH in CaCl2
def soilph(pH_in_CaCl2
soilphval=[]
for i in pH_in_CaC
if i>5 and i<8
soilphval.
elif i>=4 and
soilphval.
elif i>=3.7 an
soilphval.
elif i<3.7:
soilphval.
elif i>=8 and
soilphval.
elif i>=9:
soilphval.
else:
soilphval.
return soilphval

#Based on N (Nitrogen)
def nitrogencontent(N)
nitroper=[]
for i in N:
i=(i/1000)*100
3f (1y=1.5"
nitroper.a
elif i<1.5:

values creating a New Feature

)i

122

;ppend('Ideal soil pH range for plant growth')

:;:Z;d('plants that are highly sensitive to acidity,such as some legumes and barley, are adversely affe
:p;::;('At a low pH, beneficial elements such as molybdenum (Mo), phosphorus (P), magnesium (Mg) and ca

append('No plant growth possible at this pH value as it is too acidic Applying sufficient lime to lift
i¢9:
append('when the pH(CaCl2) is greater than 7.5, calcium can tie up phosphorus, making it less available

append('Alkaline soils are characterized by soil-solution pH greater than 7.8, which is caused by build

append( 'incorrect value')

, P (phosphorus), K (Potassium) values creating a New Feature Nitrozen Content

ppend('Suitable level of nitrogen present in soil for most plant growth')
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#Based on N (Nitrogen), P (phosphorus), K (Potassium) values creating a New Feature Nitrozen Content
def nitrogencontent(N):
nitroper=[]
for i in N:
i=(i/1000)*100
if i»=1.5:
nitroper.append('Suitable level of nitrogen present in soil for most plant growth')
elif i<1.5:

nitroper.append('Nitrogen level is low, nitrogen fixation required Nitrogen is the element responsible for lush g
return nitroper

#Based on N (Nitrogen), P (phosphorus), K (Potassium) values creating Soil richness ratio
def soil_richness_ratio(N,P,K)
soilrichnessratio=[]
for i,j,k in zip(N,P,K):
try:
if(i*108)/j<14.5 and (i*100)/k<2.1:
soilrichnessratio.append('N-limited site')
elif(i*100)/j>14.5 and k/j>3.4:
soilrichnessratio.append('P or P+N-limited sites')
elif(i*100)/k>2.1 and k/j<3.4:
soilrichnessratio.append('K- or K+N-limited sites')
else:
soilrichnessratio.append('No value')
except ZeroDivisionError:
soilrichnessratio.append(@)
return soilrichnessratio

Method 1: Count Vectorization
cv=CountVectorizer(max_features=500,stop_words='english"')
cvl=CountVectorizer(max_features=302,stop_words='english')
vectors=cv.fit_transform(df['tags']).toarray()
new_vectors=cvl.fit_transform(dfc[ 'Description’']).toarray()
similarity=cosine_similarity(vectors,new_vectors)
recommend(31035)

recommend(13291)

#Method 2: TFIDF Vectorizer
tfidf_vectors=tfidf.fit_transform(tags).toarray()
tfidf_new_vectors=tfidfl.fit_transform(description).toarray()
similarityl=cosine_similarity(tfidf_vectors,tfidf_new_vectors)
recommendl1(31035)

recommend1(13291)
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