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ABSTRACT

This study addresses the spreading disparity between global food demand and production,
particularly focusing on optimizing agricultural processes in Dera Ismail Khan, Pakistan, with
a specific emphasis on sugarcane. Leveraging ground survey data and Sentinel 2 satellite
imagery, the research employs a two-step methodology, utilizing NDVI variations for sample
selection and conducting a comprehensive field survey with the Kobo Toolbox. A total of 450
samples were collected, with 85% used for model training and 15% for validation. The
methodology incorporates RF, Support Vector Machine (SVM), Classification and Regression
Tree (CART), K-Nearest Neighbor (KNN) and K-Means clustering classification models, with
SVM demonstrating the highest overall accuracy of 90% followed by Random Forest (RF) at
81.43%. The study identifies a total sugarcane area of 54,055 acres. A novel approach for
sugarcane harvest monitoring is introduced, establishing a threshold NDV1 value of 0.25 for
identifying harvested areas, and providing real-time insights into cropping patterns. The study
also addresses challenges posed by atmospheric conditions and advocates for integrating SAR
data. The objectives include enhancing precision in sugarcane identification and mapping,
improving growth and harvest tracking, and comparing classification models. The results
showcase the potential of this SVM for sustainable crop monitoring, contributing to informed

decision-making in agriculture and addressing the global food demand-production gap.



Chapter 1

INTRODUCTION

Agriculture plays a crucial role in the economies of least developing countries like Pakistan
and is a fundamental part of people’s livelihood. It is an important sector in which our modes
of life and business innovativeness combine. It has manifold roles in the economy of any nation
and these roles include food security, poverty reduction, industrial revolution, and economic
growth (Gardner et al., 2001). Pakistan is a semi-industrialized economy with a well-integrated
agricultural sector, contributing about 22.9% to Pakistan’s Gross Domestic Product (GDP) and
sustaining 37.4% of the labor force (Economic Survey of Pakisatn, 2022-23). Pakistan is
cultivating about 23.9 million hectares out of its total 79.6 million hectares, constituting 30%
of its land area. Pakistan has the world’s largest adjoining irrigation system, and it has vast
agricultural resources, with around 80% of its cultivated area being irrigated. Agriculture is
negatively impacted by factors such as inadequate water (Afzal, 1996; Li et al., 2023), poor
crop yields (Aslam, 2016), limited financing (Elahi et al., 2018), conventional farming
practices (Ahmad et al., 2013; Talib et al., 2019), natural disasters (Farooq & Fatima, 2022;
Rehman et al., 2016), and others (Badar et al., 2007; Chandio et al., 2016; Rehman et al., 2019).

1.1 Background

The gap between food demand and food production has become larger in recent years due to
increasing global population (Godfray et al., 2010). In July-August 2022, Pakistan experienced
a heavy monsoon spell, which damaged two major sub-sectors: agriculture and livestock. The
entire damage in the agriculture industry is estimated to be Rs 800 billion (US$ 3.725 billion)
(Azam & Shafique, 2017). This sector is producing in the stage of increasing return to scale,
which means that the allocation of inputs in this sector is not optimal (Azam & Khan, 2010).
In Khyber Pakhtun Khuwa (KPK) — Pakistan, majority of farmers own small size of
landholding and having poor finical resources, 90% of farmers are illiterate and use traditional
methods of cultivating sugarcane (Pervaiz et al., 2013).

The Economic Survey of Pakistan for the year 2022-23 provides valuable insights into the
agricultural landscape of the country, highlighting the substantial contributions of essential
crops to both agricultural value addition and the GDP. During this period, essential crops
accounted for 18.23 percent of agricultural value addition and 4.18 percent of GDP, while other

crops contributed 14.49 percent to agricultural value addition and 3.32 percent to GDP



(Economic Survey of Pakisatn, 2022-23). Among the pivotal crops in Pakistan are Cotton,
Sugarcane, Rice, Maize, and Wheat, each making a distinct contribution to the nation's GDP
and agricultural value addition. Specifically, Sugarcane, recognized as one of the world's most
economically significant crops (Chen et al., 2021; Huang et al., 2018; Sumesh et al., 2021). In
the fiscal year 2022-23, Sugarcane occupied 1,319 thousand hectares of land, marking a notable
4.7% increase from the previous year. The crop's output experienced a year-on-year growth of

2.8%, reaching an impressive 91.111 million tons (Wing, 2023).

1.2 Literature Review

Geographically, Sugarcane cultivation is concentrated in the provinces of Punjab, Sindh, and
Khyber Pakhtunkhwa, underscoring its significance in these regions. However, despite its
economic importance, most sugarcane farmers in Pakistan continue to rely on manual
agronomic practices for crop monitoring and measurement. Various factors contribute to the
persistence of manual practices among sugarcane farmers, including a lack of knowledge,
limited availability of technological tools, high initial costs, poor awareness, and a general
reluctance to adopt novel technologies. Researchers have actively engaged in enhancing
sugarcane productivity, often employing human-based field monitoring and measurement
techniques (Braithwaite et al., 2007; Cherry, 2001; He et al., 2021; Huang et al., 2019; Vennila
et al., 2021; Verma et al., 2021; Wilson, 2021). These efforts highlight the gap between the
potential benefits of technology and the current practices in the sugarcane farming sector.

In a pioneering study, Wang et al. (2019) harnessed the capabilities of Sentinel-2 imaging and
crop phenology data to effectively map sugarcane cultivation in the challenging weather
conditions of Longzhou county, China. Utilizing the Google Earth Engine (GEE) platform, the
researchers employed a comprehensive approach that fused images captured at critical stages
of sugarcane growth, including seedling, elongation, and harvest. This integration resulted in
the generation of cloud-free remote sensing images, proving crucial for accurate land use
mapping in subtropical areas prone to adverse weather conditions. The significance of fine-
resolution Sentinel-2 data became evident in addressing the challenges posed by the region's
specific weather conditions. The study underscored the pivotal role of advanced remote sensing
technology in overcoming weather-related impediments, emphasizing the need for high-quality
data for effective land use mapping. Moreover, the research proposed a streamlined method for
sugarcane mapping, leveraging Machine Learning (ML) classifiers such as Polynomial-SVM,
RBF-SVM, and RF. This innovative approach capitalizes on the capabilities of ML algorithms

to discern and classify sugarcane fields, providing a more efficient and accurate alternative to



traditional mapping methods. Notably, the application of various machine learning algorithms
in remote sensing (RS) data analysis has gained widespread recognition. Decision trees (DT),
SVM, Genetic Algorithm (GA), and Ensemble Learning (EL) have all demonstrated successful
outcomes in the realm of sugarcane crop mapping, showcasing commendable accuracy levels
(Canata et al., 2021; de Almeida et al., 2021; Jiang et al., 2019; Nihar et al., 2022; Singh et al.,
2020).

In a recent study, Lonare et al. (2022) conducted a comprehensive evaluation of the efficacy of
the cloud-based remote sensing platform, GEE, for the identification of sugarcane crops in the
village of June Khed in India. Leveraging advanced technology, the research employed various
vegetation indices, including NDVI, Enhanced Vegetation Index (EVI), and Land Surface
Water Index (LSWI). These indices have been proven effective in prior studies for vegetation
analysis (Chandrasekar et al., 2010; Chivasa et al., 2021; Imran et al., 2020; Junior et al., 2020;
Rahman et al., 2004; Rudorff et al., 2009; Xavier et al., 2006; Xin et al., 2020). In addition to
vegetation indices, machine learning models, including SVM, RF, and Classification and
Regression Trees (CART), were employed, utilizing both Sentinel-2 and Landsat-8 satellite
data. Notably, SVM with Sentinel-2 data emerged as the most effective combination, achieving
the highest accuracy at 78% and an F1-score of 0.80. The superior performance of Sentinel-2
data was attributed to its impressive spatial resolution of 10 meters and temporal resolution of
5 days, outperforming Landsat-8 in both aspects. The outcome of this research extends beyond
the realm of academic exploration, as the sugarcane maps generated through these advanced
technologies hold practical applications. These maps can serve as valuable Decision Support
Tools, facilitating crucial functions such as acreage estimation, yield prediction, growth
monitoring, and overall farm management. For local farmers in India and similar agricultural
landscapes, these tools offer a means to enhance profitability by optimizing resource allocation
and improving decision-making processes. This study contributes to the growing body of
knowledge regarding the application of remote sensing and machine learning in agriculture,
particularly in the context of sugarcane cultivation. The findings underscore the potential for
advanced technologies to revolutionize farming practices, providing farmers with actionable
insights and tools for sustainable and profitable agricultural management.

In a groundbreaking approach proposed by Zhu et al. (2019), a method for extracting sugarcane
plantation areas was introduced, utilizing deep learning techniques and multi-temporal images
from GF-2 and BJ-2 satellites over a span of four months. The methodology involved the
extraction of non-vegetation areas followed by temporal processing of sugarcane areas using a

Deep Convolution Neural Network (DCNN). The input to the DCNN included images from



the sowing period, growing period, matured period, and additional relevant data. This
innovative fusion of satellite imagery and deep learning technology demonstrated the potential
for automating sugarcane mapping and health monitoring, providing a foundation for
transformative advancements in precision agriculture. In alignment with this technological
trajectory, the integration of advanced technologies such as satellite imagery, ML algorithms,
and the GEE presents a promising avenue for revolutionizing the field. This research seeks to
build upon these foundations by developing a comprehensive remote sensing methodology.
The primary objectives include accurate identification, mapping, and growth tracking of
sugarcane using ML algorithms on the GEE platform.

By harnessing the capabilities of these cutting-edge technologies, the research endeavors to
deliver valuable insights for both farmers and policymakers. Furthermore, the proposed study
aims to implement an innovative approach leveraging remote sensing to analyze temporal
harvest patterns of sugarcane. This involves the application of machine learning algorithms in
conjunction with remote sensing data to gain insights into the dynamics of sugarcane
harvesting. These objectives are central to enhancing the efficiency and sustainability of
sugarcane cultivation and management practices. In a related study, Mafuratidze et al. (2023)
conducted a spectral analysis to assess the severity of hailstorm damage to sugarcane. The
research used six spectral indices (GCI, NDVI, NDSVI, RECI, NDTI, and MSAVI2) to extract
spectral differences for each index separately. This approach provides a quantitative means of
evaluating the impact of environmental factors on sugarcane health, further emphasizing the
potential for remote sensing techniques to inform decision-making in agricultural management.
Together, these studies contribute to the overarching theme of leveraging advanced
technologies and methodologies for enhancing the precision, efficiency, and sustainability of
sugarcane cultivation. The integration of remote sensing, deep learning, and machine learning
holds promise for transforming agricultural practices, offering practical tools for farmers,
policymakers, and researchers alike.

This research endeavors to confront pivotal challenges in sugarcane cultivation through the
development and implementation of an innovative remote sensing-based methodology. The
primary objective is to significantly augment precision in sugarcane identification and
mapping, aiming for higher accuracy and reliability by seamlessly integrating remote sensing
and machine learning techniques. The study further seeks to automate and enhance the efficacy
of growth tracking, leveraging advanced technologies to streamline and optimize the

monitoring process.



1.3 Objectives

The objectives of the research are as follows:

a. Enhance Precision in Sugarcane ldentification and Mapping: Develop a remote
sensing-based method that leverages machine learning algorithms to improve the accuracy
and reliability of sugarcane identification and mapping, providing a robust foundation for
informed decision-making in agriculture.

b. Improve Growth and Harvest Tracking: Implement cutting-edge technologies to
monitor the growth tracking process, utilizing remote sensing data and machine learning
models in GEE. This objective aims to streamline monitoring procedures, providing real-
time insights into the developmental and harvesting stages of sugarcane crops.

By achieving these objectives, the research endeavors to contribute to the broader goal of

integrating cutting-edge technologies for the advancement of sustainable and informed

agricultural practices in the sugarcane industry.



Chapter 2

MATERIALS AND METHODS

2.1 Study Area

The study area for this research is Dera Ismail Khan (D.I Khan), located in Khyber
Pakhtunkhwa province of Pakistan is an agricultural district as shown in Figure 1 and has a
total population of around 1.8 million (Statistics, 2023). It has a total geographical area of 0.73
million hectares, of which only 0.24 million hectares are cultivated (Khan et al., 2008). About
one-third of the farmed area is irrigated, while the remaining two-thirds depends on rainfall
and hill torrents for moisture. Major crops grown in the district include wheat, cotton,
sugarcane, and rice. In the fiscal year 2020-21, the total cultivated area for sugarcane in D.I
Khan encompassed 23,600 hectares, constituting 21.97% of the overall sugarcane cultivation
area within the province. Concurrently, the production output reached 1.4 million tons,
contributing significantly to the regional sugarcane production at 26.54% of the total (Bureau
of Statistics 2022). DI Khan is an arid region with an estimated yearly rainfall of around 230-
268 millimeters, which can change periodically and have different intensities (Iffat, 2012)
while the average maximum and minimum temperatures are 45 °C (June) and 8 °C (January)
respectively. River Indus is the main physical feature flowing southward in the eastern part of

the study area and the major source of irrigation is the Chashma right bridge canal.
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Figure 1: Regional context of the study area, outlining provincial and district boundaries, and

highlighting the study area itself (red) and its water network (blue).
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2.1.1 Datasets

A ground survey was conducted to gather comprehensive data of different crops in the area,
resulting in the collection of over 450 ground samples of different crops. These samples
encompass a wide range of vegetation classes, including Wheat, Sugarcane, Gram, Canola, and
others. The distribution of the collected samples is as follows:
1. Sugarcane: 230 samples
2. Other Vegetation: 237 samples

Sugarcane crop is sown 2 times in a year, February and September (Khaliq et al., 2023). And
harvesting starts by the end of October. To train the model for identification of all sugarcane,
we utilized satellite data of Feb 2022 to October 2023. This is the duration in which sugarcane
from 2021 September and 2022 February, both can be identified and are present. Sentinel 2
images, Level-2A Surface Reflectance was used for this purpose. GEE provides an efficient
way to process remote sensing data and perform classification using Machine Learning Models.
The collected satellite data is also processed on GEE where images from the same period are
grouped together to create a mosaic. Each of these mosaics consists of 8 bands including Red,
Green, Blue, NIR, NDVI, NDMI, SWIR, Red Edge 1 bands (Mafuratidze et al., 2023). The
images are for the months of Feb, March, April, May, June and October. Each of the images
was carefully selected to have less than 5% cloud cover over the area. Images for the months
of July, August and September were not included due to the higher percentage of clouds. All
these mosaics from each month are then stacked together to create one single image with 48
bands. After that various image processing techniques such as masking of cloud and shadows,
extraction of a region of interest, resampling of bands from 20 m to 10 m spatial resolution,
calculation of vegetation indices as well as extraction of images for further analysis were all
performed in GEE.

Sugarcane crops are of two types i.e. planted and ratoon crop based on method of propagation.
The planted sugarcane is sown as seed or seedling in April-May and harvested in Feb—March
of the second year (12-month crop). The subsequent regenerated crop from the existing buds
is known as ratoon sugarcane or stubble crop and it is harvested in November (9-month crop)
(Singh et al., 2020). To cater this kind of sugarcane, satellite data for the months of October
2021, November 2021, December 2021 and January 2021 were later added in the mosaic as
well. Making a total of 80 bands in 1 single image. This image was then subsequently used for
classification. The primary objective of this data collection effort was to train a Machine

Learning model specifically designed for the identification of sugarcane. By including samples



from various vegetation classes, the model can learn to distinguish between different types of
vegetation and accurately identify sugarcane instances.
Detailed list of Datasets is mentioned in Table 1.

Table 1: Compilation of Primary and Secondary data including satellite imagery, administrative
boundaries, field survey samples, and global land cover data.

Sr. Datasets Data Source
1 Harmonized Sentinel-2 MSI: Multispectral European Union/ESA
Instrument, Level-2A (GEE)
2 Administrative boundaries Global Administrative Areas, DivaGIS
3 Samples Collected Field Survey
4 Dynamic World V1 GEE (World Resources Institute)

(Brown et al., 2022)

2.2 Flow Diagram

The overall workflow of this study is divided into 2 steps. First is the sample selection and
second is extraction of sugarcane crop mask in the study area and analyzing the harvest
patterns. Sample Fields were pre-identified using NDVI patterns and only those fields were
surveyed. First, NDVI stack from satellite imagery for the sugarcane crop cycle duration was
calculated. Final output is difference raster that is the result of minimum — maximum NDVI
raster data. Areas with higher NDVI differences were then surveyed. Detailed steps are shown
in Figure 2. Second Step is the Machine Learning Classifier training, Execution and validation
for sugarcane crop identification. After the sugarcane fields are identified harvest monitoring
patterns are also studied for the balance and harvested sugarcane for the cropping season of
2022-2023.



Sample Selection

!
1
1
1
A/

Accuracy Assessment

Harvest Monitoring

Figure 2: Flow Diagram for Sugarcane Crop Identification and Monitoring: Illustrates methodology
using NDVI values for sample selection, ML model trained with temporal images and field data, and

monthly NDVI for harvest monitoring, enhancing precision in agricultural management.
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2.3 Ground Survey

NDVI stack of October 2021 — October 2022 was created on GEE using Harmonized Sentinel-
2 MSI: Multispectral Instrument, Level-2A (Mehmood et al., 2023). These images were
carefully selected to be cloud-free and cover the entire study area. Minimum and maximum
rasters were generated from this NDVI stack using .max() and . min() filters in GEE. The
maximum NDVI raster shows areas with higher NDVI values meaning higher vegetation and
the minimum raster shows areas with lower NDVI values. A difference raster was generated
using these minimum and maximum rasters as shown in Figure 3. This difference raster is a
representation of NDVI changes during the complete period of the sugarcane crop cycle. Areas
with higher difference values of NDVI are those where some sort of vegetation was present
during this complete cycle, and it was sown and harvested. These are the areas that represent
active vegetation. And are subsequently used for surveying. This helps us to pre-identify areas
for the survey and make sure that they are well spread in the overall area. Only these vegetation
areas were selected for ground survey to avoid data redundancy, time management, speed and

efficiency.
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Figure 3: Exploring Dynamic Vegetation Patterns: Minimum, Maximum, and Differential NDVI Maps
highlight active vegetation variations, guiding targeted field surveys for ML model training.

The study area does not have a stable internet connection, to tackle with this situation kobo
Toolbox was used (Lakshminarasimhappa, 2022). Kobo Toolbox is an open-source tool
developed by USAID, Harvard Humanitarian Initiative, and Brigham and Women's Hospital
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for mobile data collection. It offers accuracy, speed, data quality, analysis, and cost-
effectiveness, allowing researchers to design customized questionnaires and distribute surveys
via the Kobo Collect Android app (Poloju et al., 2022). Kobo Toolbox comes with a mobile
application and a web-based dashboard. Data collection form was created on the dashboard
with fields including Current crop in the field, Sugarcane type (in case of sugarcane), current
stage, cropping history of last 2 years (if farmer is on the field), crop sowing date, Field location
(Point), Field boundary (Polygon), image of the field/crop and any additional information
available. The ground survey activity was done using the kobo Toolbox Android application,
took 5 days in the field and collected more than 450 samples as shown in Figure 4. These
samples are well distributed in the study area and are exactly on the fields pre identified. Major
crops samples collected were Sugarcane, Wheat, Gram, Maize and Canola. Most of the
sugarcane samples were of type Ratoon. Another phenomenon of mix cropping was also
identified where people are sowing 2 crops together in a field. For example, sugarcane and
wheat or canola and sugarcane are both sown in the same field once. And they keep on growing
together. Once the wheat or canola is mature it is harvested, and the underlying Sugarcane

grows up.
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Figure 4: Map depicting the Extent and Locations of Samples Collected: A total of 467 samples,
encompassing diverse vegetation types such as sugarcane, wheat, canola, gram, and others, were
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systematically gathered through field surveys. The map illustrates the spatial distribution and coverage

of the collected samples across the study area.

2.4 Pre-Processing of Datasets

Collected samples were analyzed and matched with cropping patterns and NDVI trends to
verify collected data. A mosaic of sentinel-2 L2A Surface Reflectance was created for the
months of October 2021 to October 2022 including the spectral bands and indices that are
sensitive to different sort of vegetation greenness and water status (Di Vittorio & Georgakakos,
2018) and characterize the growth curve for individual crop types (Jackson et al., 2004; Zhang
et al., 2010). NDVI (Tucker, 1979) and EVI (Huete et al., 2002) are highly related to leaf area
index and chlorophyl in the canopy and are widely used to indicate vegetation greenness. It is
also observed from literature review that Normalized Difference Moisture Index (NDMI) is the
most used moisture index for determination of moisture in plants and bare soil (Davidson &
Finlayson, 2007; Rahman & Mesev, 2019; Strashok et al., 2022) hence it has been used here
due to the higher water content in sugarcane then other crops (Inman-Bamber & Smith, 2005).
Hence for sugarcane crop identification, spectral bands as well as spectral indices including
Red, Green, Blue, NIR, Red Edge 1, NDMI, NDVI and EVI from sentinel 2 for each month of
the complete period were stacked together. As Sugarcane crop is at highest vegetation in the
months of September and October, so a careful comparison of all the spectral bands and indices
for these 2 months was carried out and results showed that blue band, EVI, NDMI and NDVI
show significant spectral differences as shown in Figure 7. Hence only these bands and indices
were used for further classification and model training to extract sugarcane. Dynamic World is
a 10m Near Real Time (NRT) Land Use/Land Cover (LULC) dataset including class
probabilities and label information for nine different (Venter et al., 2022). Dynamic Word Data
contains crop class as well and this class was used to remove all those areas which do not fall
in the category of vegetation from the stacked image collection. This helps eliminating all the
extra areas including water, barren and builtup, only vegetation area is left to be classified
further.

2.5 Machine Learning Classifiers

Supervised and unsupervised classification methods play crucial roles in crop classification.
While supervised methods require labeled training data for classification, unsupervised
methods like self-supervised deep learning and unsupervised domain adaptation can handle
variations in environmental conditions without the need for extensive labeled data (Moumni &

Lahrouni, 2021; Senaras et al., 2023). For instance, self-supervised methods have shown
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significant improvements in F1-score performance compared to traditional models like RF
(Moumni & Lahrouni, 2021; Senaras et al., 2023). On the other hand, unsupervised domain
adaptation frameworks like STDAN combine adversarial training with self-training to generate
new training data in the target domain, proving effective in cross-domain crop type mapping
without the need for extensive analyst intervention (Moumni & Lahrouni, 2021; Senaras et al.,
2023). These approaches demonstrate the potential of leveraging both supervised and
unsupervised techniques for accurate and efficient crop classification, each offering unique

advantages in handling different challenges in agricultural management and monitoring.

RF, SVM, KNN, and Decision Trees (CART) have been extensively studied for crop
classification (Abdelmalek & Assia, 2022; Alzhanov et al., 2023; Asgari & Hasanlou, 2023;
Kolhe et al., 2022). RF (Breiman, 2001) has shown promising results in achieving high accuracy
levels while reducing training time significantly (Alzhanov et al., 2023). SVM has been utilized
for crop mapping with satisfactory results, especially when combined with VVegetation Indices
(VIs) like ARVI (Asgari & Hasanlou, 2023). KNN has been employed for crop
recommendation systems, showcasing high-accuracy rates (Mishra et al., 2021). Decision
Trees, specifically Smile CART, have been compared with other models, demonstrating
competitive performance in crop state identification (Abdelmalek & Assia, 2022).
Additionally, K-means clustering has been used in agriculture for tasks like yield prediction,
showcasing its versatility in agricultural applications (Mishra et al., 2021). Each algorithm
brings unique strengths to crop classification, with RF and SVM standing out for their accuracy

and efficiency in different agricultural contexts.

Recent advancements in machine learning models have significantly enhanced crop
classification tasks. In this study, algorithms such as RF, SVM, CART, and KNN were
employed for supervised classification, while K-means clustering was used for unsupervised
classification to map sugarcane crops. To develop the supervised classification models, a field
survey was conducted to collect training and validation samples, which were split into an 85:15
ratio for training and validation, respectively. These samples were categorized into two classes:
sugarcane and other crops. The accuracy and error matrices were generated using validation
samples, resulting in overall accuracies of 90% for SVM, 81% for RF, 78.57% for CART, and
75.71% for KNN.

SVM achieved the highest accuracy due to its effectiveness in handling high-dimensional
spaces and its robustness to overfitting, particularly in binary classification problems (Braun et

al., 2012). RF, with its ensemble learning approach, provided slightly lower accuracy due to its
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sensitivity to the quality of individual decision trees but was still effective in capturing complex
patterns (Htitiou et al., 2019). CART, while simpler and more interpretable, achieved moderate
accuracy as it is prone to overfitting on noisy datasets (Shao & Lunetta, 2012). K-NN yielded
the lowest accuracy, likely due to its reliance on local neighborhood information, which can be
less effective when the class boundaries are not well-defined (Jasim & Al-Taei, 2018).

SVM is often compared to other machine learning algorithms in agricultural studies due to its

distinct advantages and disadvantages:

e« SVM vs. RF: SVM tends to perform better in high-dimensional spaces and with a
clear margin of separation between classes. However, RF is more robust to noise and
can handle large datasets with many features, often requiring less preprocessing
(Nitze et al., 2012).

e SVMvs. CART: SVM generally provides higher accuracy but at the cost of increased
computational resources and complexity. CART is simpler and more interpretable but
can overfit easily, especially with noisy data (Shao & Lunetta, 2012).

e SVM vs. K-NN: SVM is more robust to overfitting and handles high-dimensional
data better. K-NN is easier to implement and understand but can be less accurate,
especially with unevenly distributed classes or unclear boundaries (Ghosh et al.,
2022).

e SVM vs. K-means Clustering: SVM, a supervised learning algorithm, typically
outperforms K-means clustering, an unsupervised method, in terms of accuracy
because SVM leverages labeled data to learn the decision boundary between classes.
K-means, while useful for initial exploratory data analysis, often results in lower
accuracy due to its reliance on distance metrics and the assumption that clusters are
spherical and evenly sized, which is not always the case in agricultural data (Al-
Tamimi & Al-Bakri, 2005).

15



Chapter 3

RESULTS AND DISCUSSION

3.1 Accuracy Assessment

The GPS location (polygons) of more than 450 samples of sugarcane and other crops in the
study area were collected during ground survey that was used for model training and validation.
These samples are error-free, contain pure vegetation of that same class and do not have any
impurities. About 85% (375) of the data was used for model training and the rest 15% (70)
field data was used as validation samples. The total area of Sugarcane in the study area was
54055 acres as shown in Figure 7. The objective of this study was to identify the sugarcane and
differentiate it from other crops, so the confusion matrix was generated for both the classes as
shown in Table 2. A total of 4 supervised ML classification models and 1 unsupervised
classification (K-mean) were used in the study to correctly classify sugarcane in the study area
and draw a comparison of these models. The classification results were compared based on the
user’s accuracy, producer’s accuracy and overall accuracy in Table 3. To evaluate the
performance of the classification models (RF, SVM, CART, Smile Gradient Tree Boost, Smile
KNN, and Naive Bayes) in differentiating between other vegetation and sugarcane, a confusion
matrix was employed (Table 2). This analysis revealed variations in model effectiveness for
both the user's accuracy and the producer's accuracy.

User's accuracy reflects the proportion of pixels a model classified correctly within a specific
class. For example, the RF model achieved a user's accuracy of 90% for sugarcane, indicating
that 90% of pixels classified as sugarcane by the model were sugarcane based on reference
data. However, the user's accuracy for other vegetation was only 60%, suggesting the model
struggled to distinguish other vegetation from sugarcane in some cases. This pattern is repeated
across other models, with SVM and Naive Bayes exhibiting similar user's accuracy
discrepancies between the two classes.

Producer's accuracy, on the other hand, assesses the proportion of actual class pixels that the
model correctly identified. The RF model, for instance, had a producer's accuracy of 70.59%
for other vegetation, signifying that out of all the actual "other vegetation™ pixels, the model
correctly classified slightly more than 70%. However, the producer's accuracy for sugarcane
was higher at 84.80%, indicating a better ability to identify true sugarcane pixels. This trend is
again observed in other models, with some demonstrating a stronger ability to identify true

positives for one class compared to the other.
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Table 2: Confusion Matrix for Classification in GEE: Shows actual vs. predicted classes for
Sugarcane and Other Vegetation, highlighting model performance.

Classifier Class Other Sugarcane Total
Vegetation

RF Other Vegetation 12 8 20
Sugarcane 5 45 50
Total 17 53 70
SVM Other Vegetation 17 3 20
Sugarcane 4 46 50
Total 21 49 70
CART Other Vegetation 10 10 20
Sugarcane 5 45 50
Total 15 55 70
KNN Other Vegetation 11 9 20
Sugarcane 8 42 50
Total 19 51 70
k-Means Other Vegetation 4 16 20
Sugarcane 15 35 50
Total 19 51 70

Finally, the overall accuracy summarizes the total percentage of pixels correctly classified
across both classes. The Support Vector Mchine achieved the highest overall accuracy (90%),
followed by the RF (81.43%). While these models performed well overall, k-Nearest Neighbor
(75.71%) had a lower overall accuracy, highlighting the need for careful model selection based
on the specific classification task.

Table 3: Performance Comparison of Machine Learning Models for Crop Classification.

Model RF SVM CART KNN k-Means
User's Accuracy Other Vegetation 60 85 50 55 20
User's Accuracy Sugarcane 90 92 90 84.00 70
Producer's Accuracy Other 70.59 80.95 66.67 57.89 21
Vegetation

Producer's Accuracy Sugarcane 84.80 93.87 81.81 82.35 69
Overall Accuracy 81.43 90 78.57 75.71 78

Kappa Coefficient 0.5237 0.758 0.432 0.395 -0.107

Figure 5 compares the area of sugarcane and other crops classified by all 6 classification
models. The unsupervised classification model (k-Mean) gives the highest while KNN gives
the lowest area for sugarcane. According to (FAO, 2024) total area for sugarcane cultivation
for Dera Ismail Khan in 2022 was 53258 acres and in comparison with SVM (54055) and RF
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(55163), we have achieved 98% and 96% accuracy respectively. CART and K-mean show

over-estimation of sugarcane while KNN shows under-estimation.

Area comparison of sugarcane and other crops using multiple ML models
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Figure 5: Area Comparison of Sugarcane and Other Crops by Machine Learning Models

A comparative analysis of the performance of all five classification models, including K-
Nearest Neighbors (KNN), SVM, RF, CART, and K-Means, in distinguishing sugarcane from
non-sugarcane fields across four different locations is presented in Figure 6. The results
indicate that SVM outperforms the other models, achieving the highest accuracy in all four
locations. RF follows closely, demonstrating a strong performance in sugarcane classification.
In contrast, KNN, Smile Cart, and K-Means exhibit varying degrees of accuracy. Green color
represents sugarcane while yellow represents other vegetation and samples are shown in red
outline. SVM has correctly classified all the validation sample locations followed by RF which
shows more stray pixels within the field. K-mean clustering unsupervised classification model
shows more smooth results but that is highly overestimated. These findings suggest that SVM
and RF are the most suitable models for sugarcane classification, and their performance is

robust across different locations.
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Figure 6: Comparison of Classification Models for Sugarcane and Non-Sugarcane Classification
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Figure 7: Sugarcane Fields map with a total area of 54055 acres for the year 2022-2023 identified

through the Application of SVM in GEE. The classification result shows 2 sugarcane and other crops.

A detailed comparison of high-performing classification models RF and SVM is presented
here. Among the five models tested, SVM and RF emerged as the top performers with overall

accuracies of 90% and 81%, respectively as presented in Table 3.

The SVM classifier achieved the highest accuracy, indicating its effectiveness in distinguishing
between the two classes (Figure 7). SVM works by finding the optimal hyperplane that
maximally separates the classes in the feature space. This method is particularly effective in
high-dimensional spaces and performs well even when the number of dimensions exceeds the
number of samples. However, SVMs require careful parameter tuning, such as selecting the
appropriate kernel and regularization term, which can be computationally intensive and time-
consuming. Additionally, SVMs are less effective on noisy datasets with overlapping classes,

making them less robust in certain scenarios.

On the other hand, the RF classifier, while slightly less accurate, offers several practical
advantages. RF is an ensemble learning method that constructs multiple decision trees and
merges their predictions to improve accuracy and control overfitting. This model handles large
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datasets and high-dimensional data more efficiently than SVM, making it scalable for larger
applications. RF also provides insights into feature importance, enhancing interpretability and
allowing researchers to understand which features contribute most significantly to the
classification task. However, RF can be biased towards classes with more instances and is
generally less interpretable compared to single decision trees. RF classification results show a

total area of 55163 acres for Sugarcane as shown in Figure 8.
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Figure 8: Sugarcane Fields map with a total area of 55163 acres for the year 2022-2023 identified

through the Application of RF in GEE. The classification result shows 2 sugarcane and other crops.

3.2 Harvest Patterns

Sugarcane Sown areas were identified because of Machine Learning classification. NDVI,
NDMI, EVI, and Red Edge 1 showed larger differences in spectral response for sugarcane and
were considered as the differentiating features to distinguish sugarcane from other crops. Hence
these were used for model training. The total area of sugarcane identified for Dera Ismail Khan
was 60808 Acres. Sugarcane Harvesting starts in late October and ends in late February to
March (Faroog & Gheewala, 2020; Hassan et al., 2017). Sugarcane shows high values of NDVI

in October when it is at full maturity while other crops in the same area are already harvested,
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or new crops are being sown including gram and wheat. Based on this fact we identified the
harvesting patterns for sugarcane in the study area using NDVI values drop for fields where
sugarcane is already identified. By the end of December 19934 acres of sugarcane was
harvested leaving behind 40874 acres. Subsequently, these areas show a drop in NDVI where
sugarcane was harvested, and it is completed by the end of February to the first week of March.
The detailed harvesting trends are shown in Table 3 and Harvesting Maps/trends are shown in

Figure 9.

Novermber December January

November: 43765 Acres
December: 40874 Acres
January: 22655 Acres
February: 12086 Acres
March: 2142 Acres
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Figure 9: Temporal Dynamics of Sugarcane Harvest: Visualizes acreage trends, starting at 43,765 acres

in November and declining to 2,142 acres in March, highlighting seasonal harvest impacts.

3.3 Spectral Features

In our endeavor to develop a robust machine learning model for sugarcane identification,
meticulously selecting the most informative spectral features was paramount. A comprehensive
analysis of all Sentinel-2 images features, including bands and derived indices, was conducted.
Recognizing that sugarcane exhibits heightened vegetation and becomes readily
distinguishable from other land covers during its peak growth period, we focused on the months
of September and October for feature comparison. This in-depth comparison revealed
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noteworthy spectral differences in the blue band, EVI, NDMI, and NDVI. Notably, previous
research by (Wang et al., 2022) and (Rauf et al., 2022) identified the Blue band as particularly
effective in discerning sugarcane due to its sensitivity to chlorophyll absorption. Additionally,
studies by (Jones & Vaughan, 2010) and (Rossini et al., 2012) highlighted the discriminatory
power of EVI and NDV1 in capturing vegetation health and biomass, while NDMI's sensitivity
to moisture content (Gao, 1996) proved valuable for differentiating sugarcane from drier land
covers. Therefore, recognizing the enhanced discriminative power of these specific features,
we strategically selected them for model training and validation Figure 10. This data-driven
approach ensures our model leverages the most informative spectral characteristics, ultimately
aiming to yield robust and reliable sugarcane identification, similar to the success achieved by
previous studies utilizing machine learning for crop classification (Suresh Kumar & Mohan,
2023).
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Figure 10: Spectral Features for ML Model Training: Shows distinctive responses of Blue Band, EVI,

NDMI, and NDVI for sugarcane and other vegetation, aiding effective classification and extraction.
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Chapter 4

CONCLUSION AND RECOMMENDATIONS

The importance of Machine Learning models and RS technology for sugarcane crop
classification and harvest patterns was investigated in this study. NDVI, NDMI, EVI, Blue
band and EVI from sentinel 2 show higher spectral differences between sugarcane and other
vegetation and hence these are features, helpful to distinguish sugarcane from other crops in
the area and show great potential for detecting crop type, crop conditions (harvested or
growing) and mapping sugarcane cropped areas for small sized farms over 1 acre in Dera Ismail
Khan. Temporal and spatial data was utilized for the Machine Learning Models, SVM, RF,
CART, KNN and k-Means classifiers and SVM gave highest 90% overall accuracy. The
sugarcane maps prepared in this study will be used as a basis for precise acreages for increased
accuracy in yield forecasting. Given that sugarcane is a highly dynamic crop with essential
phenological characteristics, it is determined that the ML methods using RS data is certified to
be usable, with good accuracy, in sugarcane crop classification. However, the optical RS data
can perform very little in case of cloudy weather. Sugarcane and other crops were affected by
haze during the month of February and due to that a significant drop in NDVI values is
observed while the on-ground sugarcane field was not harvested. The monsoon season in the
region also adds in the situation when Optical Images fail due to the cloudy weather. This
creates a data gap that represents a certain growth stage of the sugarcane crop. However, while
assimilation of optical and SAR data aids in covering that phenological stage data, it does not
give the best accuracy. As a result, there is room to examine the technique for dealing with
foggy optical satellite images. Future work will focus on sugarcane variety identification,
distinguishing between plant cane and ratoon cane, sugarcane phenology discrimination and

identification and mapping of other crops in various regions of Pakistan.
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