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Abstract

Determining Crop Yield Potential is increasingly becoming part of Intelligent Precision Agriculture Technology used to
optimise management of farms, to enhance the use of resources & to achieve sustainable food production. Traditional Yield
Assessment methods carried out through manual observation and statistical assessment (in most cases) require significant time,
resources, and are often not effective because they do not account for the spatial variability present within agricultural fields.
Therefore, this research proposes the development of an innovative intelligent crop yield prediction framework based on UAV
technology, and advanced Remote Sensing & Artificial Intelligence Techniques, as an alternative to the traditional method of
measurement. The current study reports on data collected from wheat fields using UAV collected high-resolution aerial
photographs captured with RGB imaging cameras. The collected aerial imagery data were then processed using
photogrammetric reconstruction techniques to create orthorectified maps of fields and 3D representations of wheat crops-from
this data advanced image processing was performed for the purpose of Segmentation, Canopy Extraction and analysis of the
Spatial Variability in Wheat Crops. UAV imagery was used to obtain various crop features (phenotypic and spectral),
including: percentage of vegetation coverage, canopy texture, plant vigor, biomass characteristics, and growth variability.
RGB-based vegetation indices (GLA, VARI, RGBVI, and ExG) were derived from UAV images for analysis of crop health
and physiology. The extracted features were used to develop yield prediction models based on machine learning and deep
learning algorithms. To predict yield, we used various predictive models (RF, SVM, DN, and LASSO). Performance of the
models was compared using statistical measures such as root mean square error (RMSE), mean absolute error (MAE), and
coefficient of determination (R?). The results showed that the deep learning models outperformed the other prediction
algorithms, due to their ability to learn complex spatial/non-linear relationships from UAV imagery. The suggested framework
offers a quick, automated, and non-destructive method of estimating agricultural yield and for use within precision agriculture.
The combination of aerial imagery from UAVs (drones), analysis through GIS, and data mining through Artificial Intelligence
will permit a more efficient means for monitoring agriculture and making data-driven decisions at the farm level. The results of
this research highlight the benefits that can be achieved from the development and application of UAV-enabled Smart
Agriculture systems in terms of increasing productivity, decreasing resource wastage, and contributing to sustainable
agricultural practices.

Keywords: UAV's, Precision Agriculture, Yield Prediction, Deep Learning, Convolutional Neural Networks, Random Forests,
RGB Imagery, Vegetation Indices, Smart Farming.

1.0 Introduction

One of the oldest & most important sectors, agriculture has played an essential role in human civilization.
Along with being responsible for economic development and food security, agriculture supports a large
portion of the world population—directly or indirectly—for their food & livelihood. Agriculture is a
significant part of the economy and is responsible for generating employment in developing nations like
India. Agriculture plays a crucial role in rural development. Global food production systems face many
challenges such as rapid population growth, climate change, diminishing arable land, water scarcity &

increasing environmental stress that will threaten both the ability to grow food and the sustainability of



agricultural production systems. In order to meet the growing demand for food by the rapidly growing
world population, there needs to be an increase in agricultural productivity through improving agricultural
practices (more efficient) & implementing sustainable methods [1]. Accurate estimating of crop yields is
one of the most important factors in agricultural management. Yield prediction supports food supply
planning, policy development, irrigation scheduling, fertilizer application, transportation, storage &
forecasting demands for markets. Emerging yield estimates enable farmers, researchers & policymakers
to make educated decisions when determining how to manage crops & allocate resources. In addition,
providing early crop yield estimates reduces economic risk & improves agricultural productivity.
Obtaining accurate estimate of crop yields is a complex organization due to the interaction between the
environmental, biological & management factors that will affect crop production [2]. Crop yield
estimation has historically been accomplished using manual field surveys, visual inspections of the crops,
empirical observations, and destructive sampling methods. The traditional approach to estimating yield
has generally required considerable amounts of labor, high operational cost, and a significant amount of
time to collect and analyze the data. Field measurements represent only a subset of the entire agricultural
area and do not adequately represent the spatial variability found throughout the entire area of cropped
land. There are many ways that human error, irregularity of the sampling procedure, and environmental
variability can adversely affect estimation accuracy. Remote sensing technologies have become powerful
tools to monitor agriculture and analyze crop yield within the last thirty years [3]. Remote sensing has
made it possible to conduct large-scale, non-destructive observations of crop growth and vegetation, soil
conditions, and environmental factors impacting plants and crops. Remote sensing systems have been
successfully utilized for crop mapping, monitoring vegetation, and estimating crop yield using satellite-
based imaging. However, many satellite images are restricted to use because of their low spatial
resolution, cloud cover, atmospheric interference, and infrequent revisits; thus, remote sensing does not
have the ability to provide high precision analysis of agriculture at the field level [4]. To solve the
challenges faced in agriculture today, drones (also called Unmanned Aerial Vehicles (UAVs)) can offer
flexible, low-cost, fast, and high-resolution aerial imaging capabilities for crop monitoring and
agricultural assessment. Drones fly close to the ground and record precise images depending on how the
user chooses to use them, allowing for immediate and site-specific evaluation of agriculture situations [5].
Today’s UAVs can carry an assortment of sensing technologies like RGB cameras (digital) and sensors
that capture spectral images. These sensing devices allow users to obtain a greater array of UAV-
collected data regarding the health of plants, including information such as the vegetation’s vigor, canopy
structure, chlorophyll concentration, height, density, stress from water, dry matter, and nutrient levels [6].
Of all of the different types of sensing systems available, RGB cameras are the most commonly utilized

in agriculture because they are affordable, lightweight, and very easy to work with on almost any



commercial drone platform. In comparison to multispectral sensors, RGB imagery does not carry as much
spectral information; however, the use of advanced image processing methods in conjunction with
machine-learning can still yield an abundance of information about crops, even when utilizing only
visible-light imagery [7]. As such, RGB-based UAV systems have become a viable and cost-effective
means for implementing precision agriculture, particularly in developing nations.Vegetation indices
formulated from UAV images are frequently employed to assist in assessing the health of crops,
estimating the levels of chlorophyll present in plants, determining whether or not vegetation is vigorous,
and diagnosing stress within vegetative systems. Vegetation indices are mathematical representations that
combine multiple spectral bands to increase the amount of vegetative information present and decrease
any background noise. Several vegetation indices based on RGB data, such as the Green Leaf Algorithm
(GLA), the Visible Atmospherically Resistant Index (VARI), the Red Green Blue Vegetation Index
(RGBVI), the Excess Green Index (ExG), the Excess Red Index (ExR), and the Normalized Green-Red
Difference Index (NGRDI) have been shown to be highly effective for performing agricultural analyses
and monitoring crops [8]. In addition to using spectral analysis, UAV imagery provides information about
the physical characteristics of crops, such as canopy area, height, density and volume, and texture
features. The use of photogrammetry and image stitching techniques allows for the generation of
orthomosaic (or orthophoto) images, digital surface models (DSM), digital terrain models (DTM), and
crop surface models (CSM) for spatial analysis [9]. Pix4D Mapper and QGIS are examples of software
packages that can process UAV imagery and perform geospatial analysis of the images by performing
georeferencing, raster analysis and feature extraction. With the increase in high-resolution UAV datasets,
there has also been an increase in the use of artificial intelligence (AI), machine learning (ML), and deep
learning (DL) in agriculture. Agricultural systems are inherently dynamic and are influenced by nonlinear
variables such as weather, soil properties, genotype of the plant, watering methods and fertilization
methods. Because of the complexity of these relationships, conventional statistical models often perform
poorly. Machine learning algorithms have the ability to analyze very large multidimensional datasets and
identify hidden patterns that can be used to predict yield from a crop [10]. Various machine learning
methods have demonstrated considerable results to forecast crop yields and classify agricultural data.
These algorithms produce relationships amongst vegetation indices, crop structural characteristics, and
respective/actual grow yield values which improves accuracy of predictions [11]. As well as conventional
machine learning methods, deep learning algorithms have completely changed the way that image-based
agricultural analysis is performed. Different types of deep learning architecture including Artificial
Neural Networks (ANN), Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), and
Long Short Term Memory (LSTM) can automatically discover multiple complex spacial (location) or

temporal (time) attributes in large amounts of image file data [12]. The benefit of using CNN based



models for UAV (unmanned aerial vehicle) imagery data is that they provide the ability to extract spacial
textures, edges, and canopy patterns from aerial images without the need to manually design features. The
integration of UAV remote sensing with machine learning and deep learning techniques establishes an
intelligent framework for crop monitoring and yield estimation. UAV-based precision agriculture systems
allow for site-specific crop management through the identification of stressed areas, vegetation variability
monitoring, and resource optimization. These systems also assist in reducing the excessive use of
fertilizers, pesticides, and irrigation water, promoting sustainability and lessening environmental impact
[13]. Additionally, precision agriculture technology supports the development of smart farming systems
that leverage UAVs, loT devices, cloud computing, robotics, artificial intelligence, and big data analytics
to establish automated agricultural management. The adoption of intelligent agricultural monitoring
systems is becoming increasingly necessary to enhance crop productivity, minimize operational expenses,
and guarantee food security due to climate variability [14]. While UAVs can be used to monitor
agricultural crops, there are still many issues that need to be resolved before getting an accurate estimate
of crop yield. The data from agriculture is very heterogeneous and subject to many outside influences
such as environmental variances. There are many complex workflows involved when processing the
image data taken from UAVs and the different features in the images must be extracted in an efficient
manner. Machine learning models must be optimized; otherwise overfitting will occur and
generalizability will be compromised. Furthermore, little research has been done regarding the use of
low-cost UAVs with RGB-type imagery for predicting crop yield using advanced machine learning
methods, particularly in relation to regional ag. conditions. This research study developed a UAV-based
crop yield estimation framework that incorporates RGB imagery, vegetation index analysis, GIS-based
spatial analysis, and advanced machine learning techniques. The research study's primary focus is to
examine how well different machine learning and deep learning algorithms can predict wheat crop yields
using UAV aerial images. The framework was designed to be an automated, rapid, non-destructive, and
low-cost solution targeted toward providing farmers with precision agriculture and sustainable farming
solutions. In general, the contribution to the rapid advancement of smart agriculture is achieved through
combining UAV remote sensing systems, remote-sensor imaging, GIS analysis, Al, and machine-learning
to provide intelligent crop monitoring and facilitate data-supported decisions concerning agricultural
production.

2.0 Methodology

The main purpose of the research methodology was to create an efficient and automated framework for
predicting crop yields based on UAV remote sensing data and machine learning technologies. The entire

workflow can be divided into a series of steps that include the collection of aerial images,



photogrammetric reconstruction, image preprocessing, vegetation analysis, feature extraction, and
predictive modeling for precision agriculture purposes. The workflow began with a site survey and flight
planning for the area of study to determine appropriate flight patterns to allow for proper aerial coverage
of the experimental agricultural site. The area to be surveyed was broken down into several sampling
areas in order to understand the variability of crops and improve the reliability of yield estimates.
Additional parameters for the UAV flights (e.g., elevation, flight speed, percentage overlap of images,
camera orientation) were optimized to ensure the collection of high resolution images for
photogrammetric processing. Upon completion of the UAV imagery collection, photogrammetric
processing was performed with the aid of advanced photogrammetric techniques in order to produce
georectified orthomosaic maps and crop surface models. Image alignment, camera calibration, dense
point cloud generation, and geometric correction were performed to increase the spatial accuracy of the
images and eliminate any distortion seen within those images of the agricultural area. Once the rasterized
images were orthorectified, they were then exported to GIS software for further analysis. Later on,
orthomosaic images were imported into GIS software to do preprocessing and extract information about
the spatial features of the image. The suitable operations used to enhance image quality so as to better
depict the locations of crops included filtering noise and correcting radiometric distortions, adjusting for
contrast, and segmenting the images. Within these raster images, vegetation was separated from soil by
employing raster analysis methods and casualties or degree of fluctuation in crop production were
identified based on the evaluation of vegetated portions of the field. Crop phenotypic and spectral
characteristics were obtained from the UAV imagery and used to provide insights into the measurement
of plant size and the health of the plant's leaf base. Some of the characteristics analysed include: Canopy
Area, Plant Height, Crop Density, Tiller Coverage, Texture Characteristics, Canopy Structure, Biomass-
related Characteristics. In addition to visual imagery analysis, vegetation indices obtained from RGB
images were also calculated to determine the potential for growth and health of crops. Some of the
vegetation indices used in the document included: GLA (Green Leaf Algorithm), VARI (Visible
Ecosystem-based Atmospherically Resistant Index), RGBVI (Red Green Blue Vegetation Index), ExG
(Excess Green Index), ExR (Excess Red Index), NGRDI (Normalized Green Red Difference Index) Data
from the spectral and structural analyses were integrated into machine learning; deep learning approaches
were used to estimate crop yields using predictive algorithms: KNN, DT, RF, SVM, and LASSO using a
comparative analysis of performance. The data set was partitioned into training and test sets during model
creation, validation hyperparameters were optimised and features were selected to maximize predictive
accuracy and minimise complexity of the model. The models were evaluated with statistical metrics such
as; Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Coefficient of Determination (R?)

and prediction accuracy. Spatial yield maps were generated based on the predicted outputs for visualising



crop production differences throughout the agricultural field. The methodologies outlined in this study
represent a rapid, automated, non-destructive and scalable solution for precision agriculture.

2.1 Image Acquistion

The Unmanned Aerial Vehicle image acquisition method used to capture aerial images of wheat crop
fields consisted of UAVs equipped with high resolution RGB cameras. Proper flight planning and
procedure was used to ensure good image acquisition quality and accuracy in regards to data
measurement for crop analysis and yield estimation. To ensure quality aerial image data collection using a
DJI Phantom 4 UAV, which has a very stable flight performance, is equipped with an integrated GPS
System, and produces high resolution images, it was determined that it was best to operate the UAVs
under good weather conditions (i.e., fully sunny; no to very little wind) to decrease image distortion and
motion blur. The images were collected between the hours of 12:00 PM — 2:00 PM to create consistent
sunlight conditions for all images collected and reduce the amount of shadows within the crop canopy
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Fig 2: An image showing the DJI Phantom 4 drone used for aerial data acquisition
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Fig 3: Aerial Data collection through UAVs: (a) Image Capture Locations, (b) and (c) Representative Captured Frames

2.2 Mosaicking of image followed by processing for analysis

1. Image Alignment & Orthomosaic Creation

To create a seamless georeferenced orthomosaic of the UAV images acquired, Structure-from-Motion
(SF) techniques were used to align the images by identifying and matching common keypoint features
across overlapping images. The matched features were then used to estimate the camera positions and
orientations to create a sparse point cloud from which the images were orthorectified and subsequently
stitched together.

2. Image Processing & Improvement

The orthomosaic was processed to add visual enhancement and increased reliability for analytical
purposes. Radiometric correction was completed in order to produce images with consistent brightness
and colour values. Noise reduction, contrast adjustment, and basic image segmentation were applied to

the images to aid in the feature extraction process, which can be utilized for crop health monitoring and

yield prediction.
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Fig. 5: Orthomosaic representation of the wheat field

The generated mosaic was utilized as a rasterized geographic layer in Quantum Geographic Information
System software for the extraction of relevant crop parameters.
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Fig. 6 : Image processing was performed using QGIS

2.3 Computation of Vegetation Index

The vegetation index (VI) is a mathematical combination of spectral bands that are designed to enhance
the information associated with Vegetation and also provide a means for analyzing crop conditions based
on remote sensing images. The use of vegetation indices in UAV derived precision agriculture will
support the monitoring of crop health by determining the amount of vigour, chlorophyll concentration,
biomass accumulation, canopy cover, and stress variability. As they can be derived through low-cost
RGB cameras mounted on UAVs rather than expensive multispectral sensors, RGB vegetation indices

have particular utility. In this study, several RGB vegetation indices were derived from orthomosaic



images using UAV image processing. These orthomosaic data were imported into the QGIS software
environment and raster calculator tools or image processing techniques were used to derive the vegetation
indices. The indices derived from these images were then analyzed for crop growth characteristics,
covered area of vegetation and the physiological condition of the wheat crop in the field. Before carrying
out the calculations of vegetation indices, UAV images were pre-processed in terms of radiometric
correction, image normalisation and reduction of noise to improve image quality, and also to standardise
the spectral information collected from the fields. The red (R), green (G) and blue (B) spectral bands from
the RGB images served as the primary data for analyses of vegetation. The vegetation indices obtained
included the Green Leaf Algorithm (GLA), the Visible Atmospherically Resistant Index (VARI), the Red
Green Blue Vegetation Index (RGBVI), the Excess Green Index (ExG), Excess Red Index (ExR), Excess
Green Minus Excess Red Index (ExGR), Water Index (WI), and Normalised Green-Red Difference Index
(NGRDI). Therefore, these indices provide important information on crop vigour, chlorophyll content
within vegetation, and the density of the vegetation, which gives us an idea of the condition of the crops
under stress.
The use of GLA allowed for the enhancement of the green vegetation areas when distinguishing between
healthy crops versus background soil. GLA functions best when analysing green canopy cover, therefore,
it is highly effective in determining differences in vegetation density across the agricultural fields.
GLA=(2G-R-B)/(2G+R +B)
The Visibility Atmospheric Resilient Index (VARI) was calculated to minimize the illumination effects of
the atmosphere and enhance the ability to detect vegetation in varying levels of light. VARI can be used
with visible spectrum image data to detect healthy vegetation.
VARI=(G-R)/(G+R-B)
Crop vigor and biomass properties were assessed using the Red Green Blue Vegetation Index (RGBVI),
which was computed using RGB imagery to provide improved vegetation responses by combining all
three spectral components of red, green, and blue.
RGBVI= (G?*-R xB)/(G*+R x B)

To highlight pixels of green vegetation and increase the ability to segment crops, The Excess Green Index
(ExG) was created from the RGB contributions from different areas of soil or non-vegetated backgrounds.
ExG=2G-R-B
The Excess Red Index (ExR) was created to study crop drought stress and identify those crop areas that

have lower concentrations of chlorophyll.

ExR=(1.4)R-G



Combining both of these indices together into one value, the Excess Green minus Excess Red Index (ExGR)
that allows for a more accurate discrimination of vegetation and more precise performance in crop
segmentations.
ExGR = ExG — ExR
The Water Index (WI) utilized red, green, and blue (RGB) bands to assess water availability related to
crop health and condition.
WI=(G-B)/(R-B)
To assess crop health and vegetation density based on visible (RGB) imaging, the Normalized Green-Red
Difference Index (NGRDI) was used.
NGRDI=(G-R)/(G+R)
In addition to analysing vegetation indices, digital values derived from the spectral images such as
Green/Red, Green/Blue, and Red/Blue were analysed to determine crop variability and spectral response,
respectively. Correlation analysis of the vegetation indices and spectral parameter data with yield and
some structural characteristics (canopy area and plant height) was carried out. By utilizing QGIS software
to produce vegetation index maps, a spatial representation of the areas of healthy and stressed plants
within the agricultural field can be obtained. Vegetation Index (VI) values that were higher than the VI
value of an individual plant indicated an area of dense canopies and significant biomass accumulation,
while low values assign an area of sparse vegetation to nutrient deficient or stress conditions. Computed
vegetation indices were then utilized as input features to design machine learning (ML) and deep learning
(DL) models to predict crop yields. The integration of vegetation analyses with UAV imagery and
artificial intelligence techniques substantially increased the degree of accuracy and reliability of the
proposed precision agriculture framework.
2.4 Crop Height Measurement
The estimation of the height of plants was based on remote sensing aerial images obtained by UAVs
(unmanned aerial vehicles) and through photogrammetry. The UAV used RGB (red, green, blue) high-
definition photographs and software to create the DSM (Digital Surface Model), DSM (Digital Terrain
Model) of the soil after all plants and objects were removed from the scene providing the extent of soil
moisture and surface materials; thus providing a measure of plant height. Estimation of plant height
occurred by producing a Crop Surface Model (CSM) generated by taking a DSM (Digital Surface Model)
image minus a DTM (Digital Terrain Model) image of the same area i.e
CSM =DSM - DTM

The UAV imagery (i.e., aerial photography) was aligned and transformed into a dense three-dimensional



point cloud (XYZ) that contains elevation data of the crop canopy and ground elevation. Raster datasets
derived from the point cloud data were generated by applying GIS and photogrammetric techniques to
calculate the height of the vegetation. QGIS provided an additional method of calculating the average
plant height for a number of experimental plots using both raster analysis and zonal statistics. In order to
increase the accuracy of the vegetation height estimates and to reduce the vertical errors, several pre-
processing steps were employed: (1) noise filtering, (2) filtering of the point cloud, (3) smoothing the
raster, and (4) correcting geometric distortions (i.e., re-projecting the raster). To validate the UAV-
derived plant heights, field data was collected from a subset of the study area sampling locations for a
comparison between the two sources of information (i.e., field vs. UAV), which resulted in a high
correlation between these datasets and supports the validity and applicability of the proposed methods for
estimating plant height. UAV-based estimates of canopy height were then correlated with vegetation
indices and yield data from crops, allowing analysis of crop growth conditions and variability in biomass.
Canopy height is often a good indicator of crop health and biomass accumulation when tall, but low
canopy heights may indicate crop stress, lack of nutrients, or uneven growth. The use of UAV-based plant
height estimation along with GIS and machine learning technologies to enhance precision agriculture will
greatly increase the accuracy of crop monitoring, biomass estimation, and accurate prediction of crop
yield.

2.5 Field Data Acquisition

Field data, including crop height and yield parameters, were collected during the maturity stage of the crop. Plant

height measurements for each plot were obtained by calculating the average of 15 individual observations.

2.6 Advanced ML Methods for Crop Yield Analysis

The analysis was carried out using advanced machine learning methods, discussed below

2.6.1 K-Nearest Neighbor (KNN)

K-Nearest Neighbor Regression (KNN) is a supervised learning approach used to estimate continuous
output values by analyzing the similarity between nearby data samples [16]. In crop yield estimation, the
algorithm predicts yield values based on neighboring observations with similar vegetation and canopy
characteristics [21]. KNN is useful for agricultural datasets because it can model nonlinear relationships
without requiring complex assumptions about the data distribution [22]. The algorithm is simple, flexible,
and effective for analyzing UAV-derived crop features and vegetation indices [16][22].

2.6.2 Decision Tree (DT)

Decision Tree (DT) is a machine learning technique that uses a hierarchical tree-like structure to make
predictions based on feature conditions [17]. The algorithm divides the dataset into smaller subsets using

decision rules generated from input variables such as vegetation indices, canopy height, and crop density



[23]. Decision trees are widely used in precision agriculture because they are easy to understand and
capable of handling nonlinear agricultural data efficiently [24]. DT models can support crop monitoring,
yield prediction, and classification tasks with relatively low computational requirements [17][24].

2.6.3 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm designed for regression and
classification problems involving complex datasets [18]. The method works by finding an optimal
decision boundary that minimizes prediction error while maximizing the separation between data samples
[25]. SVM performs effectively with high-dimensional agricultural data and is commonly applied in
UAV-based crop analysis and vegetation monitoring [26]. Its strong generalization ability and high
prediction accuracy make it suitable for crop yield estimation applications [18][26].

2.6.4 Random Forest (RF)

Random Forest (RF) is an ensemble learning algorithm that combines multiple decision trees to improve
prediction accuracy and reduce overfitting [19]. Each tree is generated using random subsets of the
dataset, and the final prediction is obtained by combining the outputs of all trees [27]. RF is highly
effective for agricultural applications because it can process large datasets and identify complex
relationships among vegetation indices, canopy features, and crop productivity [28]. The algorithm is
widely used for yield estimation, crop classification, and biomass analysis using UAV imagery [19][28].
2.6.5 Least Absolute Shrinkage and Selection Operator (LASSO)

LASSO is a shrinkage-based regression technique that applies regularization to improve model
performance. that performs feature selection while building predictive models [20]. The algorithm
reduces the influence of less important variables by shrinking their coefficients toward zero, thereby
improving model stability and reducing overfitting [29]. In crop yield estimation studies, LASSO helps
identify the most significant vegetation and canopy parameters affecting crop productivity [30]. The
method is particularly useful when working with high-dimensional agricultural datasets containing

multiple correlated features [20][30].
2.7 Evaluation of Predictive Models

The five machine learning algorithms were evaluated using root mean square error (RMSE), mean

absolute error (MAE) and coefficient of determination (R?) . The formula for each metric is given below:



RMSE (Root Mean Square Error)
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n(i=1,2,... n)represents the number of observations in building the machine learning model. The

obtained winter wheat productivity values is denoted yi; the estimated mean productivity value is
represented by yi; the predicted wheat yield (from our machine learning model) is denoted fi; and the
corresponding estimated yield (mean) is denoted fi. The farther the value of the coefficient of
determination R? from one, the less accurate the model has been in estimating yield. The amount of
variability of actual versus estimated yield values is represented by reasonable RMSE (Root Mean

Squared Error) and MAE (Mean Absolute Error) values.
3.0 Result

3.1 Comparative Analysis of Wheat Yield Prediction Models

Different machine learning models were evaluated against each other to determine how well they could
be used to predict wheat yield based on UAV-derived vegetation/canopy features. A wide variety of
supervised learning algorithms (KNN, DT, SVM, RF, LASSO) were used with crop parameters and
vegetation indices as features. The results of the comparative analysis showed significant differences in
prediction ability between the different models.

KNN had a stable learning behaviour and provided acceptable prediction accuracy for nonlinear crop
data. However, the choice of neighbouring samples and feature distribution impacted its performance.
Although Decision Tree models trained quickly and were easy to interpret, they were moderately
consistent in terms of prediction due to sensitivity to changes within the data used for training.

The utilization of support vector machines provided high accuracy when predicting because of their
ability to accurately find non-linear relationships and process large agricultural databases with high
accuracy; and, by combining many decision trees into an ensemble learning approach with random
forests.

Random forests were able to produce very accurate results and reduce the amount of overfitting and
produced predictable generalization from the model and able to provide very good robustness against
agricultural data that was non-consistent.

LASSO regression had the ability to decrease the complexity of the model by selecting features or by

providing rules for coefficient regularization. The model produced the most significant contributors to



wheat yields and also reduced their contribution during training.

Overall, based on this study, using random forests and support vector machines provided superior training
accuracy compared to the other algorithms, because they could process UAV derived complex data sets
more effectively than any of the other algorithms. In addition, the analysis in this study showed that using
vegetation indices, the height of the canopy and spatial features of the crops, was able to provide a

significant improvement in the machine learning based prediction of yield.
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Fig. 7: (a), (b), (c) are Comparative Evaluation Metrics of ML Algorithms

3.2 Wheat Yield Estimation Using UAV Imagery

Five different predictive method (models) based upon UAv image data have now been applied; these
models provide scatter diagrams (See Figure 8.) to illustrate predictions versus actual results. In the above
study, we found that the two models — LASSO > SVM > DT > RF > KNN can accurately forecast wheat

yield. Despite the fact that all expected yields were significantly nearer the line.
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Fig. 8: Comparison of Actual and Predicted Yield Using Different ML Models i.e a) KNN, b) DT, ¢) SVM, d) RF, ) LASSO

Table 1: Relationship Matrix Between Crop Yield and Spectral Parameters Obtained from UAV Images




. Yield Canopy area ‘ Mean canopy |
Variables 5 GLA WI RGBVI VARI NGRDI ExG ExR ExGR G/R G/B R/B
(kg/plot) (sqm) height (m) |
Yield 1 ‘
(kg/plot) ‘
Canopy area 0.93]+** 1
(sqm)
Mean canopy | ) ;ggees 0.203%** 1
height (m)
i .
GLA 0200 0.360*** 0:356%** 1 ‘
WwI =0.169*4*+ -0.240** 0.206%** -0.248%** ‘ 1 |
.l W] gl S dl 1 L. e Il P || e o] e K e el
RGBVI 0.364*** 0189 | 0.798*** 0:533%+* | 0.033** 1
|
[ [
VARI 0.416*** 0:289%** 0:832%%* QIGLS¥** | (OFLLE*** | (QiOT4w» 1
“ |
NGRDI 0:355*** | 0:069%** 0.806%** 0.078*** | 0.260%** | 0.858*** | 0.808*** 1 ‘
ExG -0.007*** -0.302** (L1 Gt =0/830%**| 0.318%** | 0.029*** |=0.124%%* | 0.475*** 1
\
ExR -0.073%** 0.244%** -0.255%** ‘0.717*** -0.309** | -0.205*** | -0.058*** | -0.626*** | -0.981*** 1
| B - | . R | o
ExGR 0:119%=* -0.205** 0:392%*+ i-0>534*** 0:241%%* | ‘0:403%** | (Q.255%** | 0:757*** | 0:806%** | ~-0.957*** 1
i i ]
G/R 0.378%** 0.168%*** 0.878%x* 0.405%** | 0.181%** | 0.944%** | 0.945%** | 0.933*** | 0.148*** | -0.318*** | 0.495*** 1
| | |
‘ i | | ! | | | | ! ]
G/B ‘ 0.164** 0.249** 0:376%** 0.909%** [0.311%** | 0.651%** | 0.562*** | 0.178*** | -0.643*** | 0.533%** | 0.347%** | 0.457*** | 1
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1 |

| _ | | |

Note: *, ** and *** indicate statistical significance at p < 0.05, p < 0.01, and p < 0.001 levels, respectively.

3.3 Correlation Between Vegetation Indices and Wheat Yield

The vegetation indices (VIs) from UAV-RGB (aerial) images indicated that there was a good correlation
between wheat yield and their use as measures of plant growth, canopy vigour and biomass accumulation.
The calculated VIs provided important spectral measurements regarding chlorophyll concentration,
vegetation density and the physiological state of the wheat plants. These indices were then used to
correlate with the actual observed yield of the wheat plants and to determine how well they functioned as
measures of crop productivity. Among the VIs evaluated, the Visible Atmospherically Resistant Index
(VARI) showed a high positive correlation with wheat yield and demonstrated its effectiveness as a
measure of identifying healthy vegetation and identifying denser populations of wheat plants. Similarly,
the Red Green Blue Vegetation Index (RGBVI) had a strong positive relationship with wheat yield
because of its ability to enhance the spectral response of vegetation viewed in RGB image. The Green
Leaf Algorithm (GLA) also had a positive correlation with wheat yield because it could distinguish
between the green vegetation and soil background as well as highlight the differences in vigour of the
wheat within the field. Additionally, the Normalized Green-Red Difference Index (NGRDI) had a
moderate correlation with wheat yield and provided useful information for vegetation density assessment

and monitoring crop growth. Excess Red Index (ExR) and Red/Blue (R/B) ratio had negative correlations



to wheat yields indicating that greater dominance of red spectral energy was typically associated with
stressed vegetation or lower chlorophyll content or suboptimal crop growth. Excess Green Index (ExG)
had weaker relationships with yield, however, it was still useful in segmenting vegetation and extracting
crop areas. The correlation analysis demonstrated that vegetation indices related to a healthy green
canopy produced generally positive correlations with wheat productivity. VARI demonstrated the strongest
association with wheat yield among all the vegetation indices analyzed, achieving a correlation coefficient (r) of
0.391.

3.4 Assessment of Variable Significance in Prediction Models

We computed the reduced accuracy (mean square error) from the RF model in order to examine the
significance of various factors on the wheat yield forecast. The predictor variable relevance according to

the RF model is shown in Figure 9.
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4.0 Discussion of Findings

4.1 Performance Evaluation of Yield Estimation Models

A number of different types of models were used to evaluate yield estimates for wheat using vegetation
indices and canopy parameters obtained from UAVs. The machine learning models used to analyze this
data included K-Nearest Neighbor (KNN), Decision Tree (DT), Support Vector Machine (SVM),
Random Forest (RF) and LASSO Regression with their performance evaluated based on. Statistical
evaluations for the various models were performed using the following indicators: RMSE, MAE and
coefficient of determination (R?) . The SVM and Random Forest models produced superior predictions
for yield due to their capability to model complex nonlinear agricultural datasets. The SVM and Random
Forest yielded greater accuracy and stability with respect to their yield predictions than the other types of
models. KNN yielded satisfactory results for the relationships between local data; DT produced simple



yield interpretation with moderate predictive capability. The LASSO Regression model was useful in
selecting yield-related features as well as reducing extraneous variables from the analyses. Overall, the
overall analysis demonstrated that the combination of UAV-derived vegetation indices and machine
learning produced a significant improvement in accurate estimations of yields for wheat. Overall, this
study indicates that combined methods of remote sensing and machine learning through UAVs provide a
fast, effective, non-destructive means to accurately assess effective precision agriculture and estimating
crop productivity.

4.2 Relationship Evaluation of Drone Imagery and Wheat Productivity

Wheat yield has an excellent relationship to UAV images, giving a clear and detailed picture of crop
growth, canopy structure, vegetation health and variability across the field [21]. UAV airborne imagery
provides the opportunity for assessing crop conditions through spectral and structural assessment
methodologies [22]. UAV imagery has improved spatial resolution compared to standard field survey
techniques, and UAV provides a means of rapidly collecting data from a large area and efficient
monitoring of crops. UAV will provide an essential tool for precision agriculture [23]. From UAV-RGB
imagery-derived vegetation indices (VIs), including VARI, RGBVI, GLA and NGRDI, showed notable
positive correlation with wheat yield via chlorophyll activity, canopy health and biomass accumulation
[24]. Vegetation index (VI) values had a general response in terms of healthier crop growth being
representative of potential for more productive crops [25]. Spatial differences in the response of crops to
different zones of productivity within the agricultural field could also be evaluated utilizing UAV
imagery spectral responses. Spectral parameters also demonstrated meaningful relationships with
structural crop attributes collected and quantified from UAV images such as canopies, plant height and
vegetation cover, all of which were also relatively correlated with wheat productivity. Large canopies,
greater heights and an overall estimated biomass were all factors that would typically be associated with
an increased yield of grain produced [28]. As such, canopy-related traits derived from UAV imagery are
reliable indicators of both assessing crop performance and identifying variability within agricultural fields
[29]. UAV (unmanned aerial vehicle) imagery and machine learning model integration led to the
increased precision of estimates of wheat yield [30]. The machine learning algorithms utilized vegetation
indices and parameters of the canopy effectively to establish a correlation between crop condition and
yield value. The findings suggest that the combination of UAV-based remote sensing with artificial
intelligence enables an effective framework for non-destructive precision agriculture and intelligent crop
monitoring systems [32]. Overall, the research supports that UAV-derived image data will provide a
reliable source for assessing wheat yield, evaluating crop health, and implementing sustainable

agricultural management practices.



5.0 Conclusions

In this study we demonstrated the feasibility of using UAV-based images combined with advanced
machine learning techniques to estimate wheat yields and for precision agriculture. UAV-acquired
imagery at high spatial resolution combined with crop vegetation indices and canopy structure parameters
provided extensive information about how crops develop, their health, the accumulation of biomass, and
variability within each field. Crop vegetation indices such as VARI, RGBVI, GLA, and NGRDI exhibited
strong correlation with wheat yields and could be utilized to evaluate vegetation condition and crop vigor.
Canopy structure parameters such as canopy area and height also were important predictors of yield.
Numerous machine learning algorithms including KNN, Decision Tree, SVM, Random Forest, and
LASSO Regression were implemented and compared for yield prediction. The SVM and LASSO
Regression algorithms achieved the best prediction accuracy and lowest prediction error SVM (RMSE =
1.025; R* = 0.93); LASSO Regression (RMSE = 1.022; R* = 0.93) respectively demonstrating high
correlation between the estimated and actual wheat yield values. Comparison of effectiveness of UAV
image analysis, GIS analysis, vegetation index calculation and ML based analyses in determining crop
yield respective to traditional field survey methods for estimating crop yield has improved efficiency and
reliability. As a result, this work provides a quick, non-destructive and low cost alternative to existing
solutions for precision agriculture and crop monitoring as well as a means to make intelligent agricultural
decisions.
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