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ABSTRACT 

Using Google Earth Engine for Automated Mapping of Center Pivot Irrigation fields in 
Saudi Arabia  

Areej Al Wahas 

 

Groundwater is a vital non-renewable resource that is being over exploited at an alarming 

rate. In Saudi Arabia, the majority of groundwater is used for agricultural activities. As 

such, the mapping of irrigated lands is a crucial step for managing available water 

resources. Even though traditional in-field mapping is effective, it is expensive, physically 

demanding, and spatially restricted. The use of remote sensing combined with advanced 

computational approaches provide a potential solution to this scale problem. However, 

when attempted at large scales, traditional computing tends to have significant 

processing and storage limitations. To address the scalability challenge, this project 

explores open-source cloud-based resources to map and quantify center-pivot irrigation 

fields on a national scale. This is achieved by first applying a land cover classification using 

Random Forest which is a machine learning approach, and then implementing a circle 

detection algorithm. While the analysis represents a preliminary exploration of these 

emerging cloud-based techniques, there is clear potential for broad application to many 

problems in the Earth and environmental sciences.  
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Chapter 1: Introduction 

1.1 Research Scope 

According to the Food and Agriculture Organization estimates, the agricultural sector will 

need to increase food production at least 50% to meet the demands of a growing 

population by the year 2050 [1]. Agriculture relies heavily on natural resources that are 

non-renewable, such as soil and groundwater, which are being increasingly exploited at 

an alarming rate [2]. Soil degradation has affected almost one third of the world’s 

farmable lands according to United Nations reports [3] and could lead to desertification 

[4]. Furthermore, the depletion of groundwater resources represents the inevitable 

consequence of continuously withdrawing water at an unsustainable rate [5]. With the 

majority of these water resources being used for irrigation and agricultural activities [6], 

the accurate mapping of irrigated lands is an important step that can help to better 

manage available water resources and monitor land use. In Saudi Arabia, Center Pivot 

Irrigation (CPI) is one the most popular irrigation systems due to its relative ease of 

installation and reported high efficiency (although this may be questionable in hot-arid 

environments). It is also commonly employed in countries such as the USA and Brazil [7]. 

The concept of a CPI is based on a movable pipe structure that rotates around a water 

source located in the center of a circular field but can also be utilized as a linear 

installation. In Saudi Arabia, it is not uncommon for these structures to cover an area of 

approximately 1 km2, resulting in a circular-shaped crop area as illustrated in Figure 1.1.  
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Figure 1.1: Illustration of a typical center pivot irrigation structure 

Manual field mapping and counting of active center pivots can be expensive, physically 

demanding and time consuming [8]. Hence utilizing advanced technologies such as 

remote sensing and machine learning algorithms can facilitate a process of automating 

mapping at much larger scales. Nowadays, precision agriculture is gradually merging 

these new approaches to enable big-data analytics, providing for more comprehensive 

data analysis to deliver and support on-farm decision making processes [9]. 

1.2 Remote Sensing 

Remote sensing (RS) is the process of acquiring information about objects or phenomena 

from a distance. In the context of agriculture, it typically refers to using radar or optical 

sensors attached to space-borne satellites, airborne platforms like drones, that collect 

electromagnetic radiation that is either emitted or reflected from the Earth’s surface [10] 

(see Figure 1.2). 
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Figure 1.2: Satellite remote sensing 

Reflected light observed by onboard sensors has a wavelength range associated with it, 

which is referred to as the spectral signature or a spectral band. In many applications, 

remote sensing works on the bands of visible light (380–750 nm), infrared (750–1 mm), 

and microwave (1 mm–1 m) in the electromagnetic spectrum (see Figure 1.3). Spectral 

data, when collected as imagery corresponding with spatial distributions and times of 

acquisition, produce large data volumes with considerable complexity [24], representing 

a big-data analysis challenge. 

 

 

 

Figure 1.3: Spectrum of electromagnetic radiation 
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Remote sensors are characterized by multiple factors including their temporal, 

radiometric, spatial and spectral resolution. Spatial resolution is the area covered by each 

pixel i.e. a one-meter spatial resolution means that each pixel in the image represents an 

area of one square meter. The smaller the area represented by each pixel, the higher the 

resolution [11]. 

Figure 1.4: Spatial resolution at different scales (Miglarese, 2018). 

Sensors can be multispectral or hyperspectral depending on the number and the width of 

their spectral bands, which is known as the spectral resolution of the sensor. Multispectral 

sensors have between three to 20 narrow bands that can provide valuable information 

related to crop health. [12]. For example, multispectral imagery has been used to monitor 

vegetation vitality and biomass [13], perform crop yield analysis [14], detect flooding and 

forest fires [15], create land cover classification maps [16], and perform change detection 

[17]. Hyperspectral sensors on the other hand can have hundreds of narrow bands that 

provide even greater insights into a plant’s biophysical and biochemical characteristics, 

including aspects such as chlorophyll content [18], carotenoids [19] and leaf water 

potential [20]. However, from an operational satellite perspective, there are considerably 

fewer hyperspectral sensors available in orbit, which limits the amount and frequency of 
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hyperspectral imagery. On the other hand, the volume of data available from numerous 

multispectral satellites is considerable and that makes it more reliable for monitoring 

applications [21]. Table 1.1 lists several commonly used multispectral satellites along with 

their specifications [22][23]. 

 
Table 1.1: List of some common multispectral satellites and their sensor specifications 

Satellite Provider Spatial 
Resolution 

Temporal 
Resolution 

Spectral 
Resolution 

Launch 
Year 

Access 

Landsat 7 
ETM+ 

NASA/USGS 30-m 16 Days 8 1999 Free access, use and 
redistribution 

Landsat 8 NASA/USGS 30-m 16 Days 11 2013 Free access, use and 
redistribution 

Sentinel 1 ESA 10-m 12 Days C-band SAR 
instrument 

2014 Free access, use and 
redistribution 

Sentinel 2 ESA 10-m 10 Days 13 2017 Free access, use and 
redistribution 

MODIS NASA 250-m Daily 36 Terra: 1999 
Aqua: 2002 

Free access, use and 
redistribution 

PlanetScope Planet 3-m Daily 4 2014 License application is 
required 

 

1.2.1 From spectral bands to agricultural monitoring 

Agricultural remote sensing studies typically rely on visible-to-near-infrared (VNIR) 

sensors that facilitate plant vegetation studies, short wavelength infrared (SWIR) sensors 

for plant moisture studies, microwave sensors for soil moisture studies, and thermal 

infrared (TIR) sensors for crop field surface or crop canopy studies [25][26][27][28]. In 

addition, these spectral bands/signatures provide the information needed to calculate 

what are commonly referred to as vegetation indices (VI), which can be used to infer the 
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relative health and condition of vegetation in a remotely sensed image. For example, the 

Normalized Difference Vegetation Index (NDVI) is one of the most widely used indices 

that has been employed to provide information related to plant health and stress level 

using only two spectral bands. A direct application of NDVI is to characterize canopy 

growth and density [229]. NDVI can be calculated simply using the expression below: 

 

𝑁𝐷𝑉𝐼	 = 	"#$	%	$&'
"#$	(	$&'

  

Equation 1.1: Normalized Difference Vegetation Index Equation 

 

 

 

 

 

 
 

 

 

Figure 1.5: The Normalized Difference Vegetation Index 

 
CPI systems often have a large circular shape that can be seen and identified through 

satellite imagery, which has popularized the use of remote sensing data in applications 

like the identification and monitoring of active irrigation areas. Satellite images can 

provide the coordinates, centroids, and distributions of center pivot irrigation systems, 

which offer valuable insights for monitoring the development of trends or changes in 

management and operation in precision agriculture. It is important to note that satellite 

data are not particularly useful in their raw form: they need to be pre-processed and 
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analyzed, which requires considerable time and large processing resources. Raw satellite 

data contain noise and deformations cause by atmospheric conditions, and interactions 

between different sensors need to be atmospherically, radiometrically and geometrically 

corrected [30]. Atmospheric correction is entirely dependent on information of the 

atmospheric conditions during image acquisition, which adds a layer of complexity to 

complete the correction process. Aspects related to sensor sensitivity, topography and 

sun angle, as well as atmospheric scattering and absorption, influence the level of 

required radiometric correction. Geometric correction tends to cause distortions related 

to the angle and the altitude of the remote sensing platform. Other factors include its 

speed, sensor sensitivity, and rotation of the earth that can also impact image quality, 

such as squeezing, stretching, shifting, and twisting of remotely sensed image pixels, in 

relation to actual points on the ground. Both raw remotely sensed images and corrected 

data, can be compiled into data products at multiple levels [30]. 

1.3 Google Cloud Products  

There are multiple cloud-based platforms available for geospatial analysis and Earth 

observation applications, like Google Earth Engine (GEE), Amazon Web Services (AWS), 

Sentinel Hub, and OpenOE to name a few. All of these platforms have in common the 

ability to access, process, and store remote sensing big data, as well as scalability, yet they 

differ in other respects. For instance, AWS requires an advanced user knowledge to 

handle back-end servers and parallelism [31] that is beyond the needs of this particular 

project. Sentinel Hub on the other hand limits access to functions in different paid 
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subscription plans, free access plan constrain the users to only to viewing, selecting and 

downloading of raw data [32]. According to Gomes et. al 2020, both OpenEO and GEE 

provide open access to all users and are user-friendly environments. However, OpenEO 

does not guarantee that all functions will be available or that algorithms will run the same 

way in different back-end servers, because OpenEO does not apply any restrictions on 

data storage or processing [31]. Besides, it does not provide the tools to ensure the 

reproducibility of science for researchers. GEE is the only reviewed platform that 

demonstrate reproducibility, where users can share their scripts and data to allow 

reproduction of results and analysis. The level of reproducibility is considered to be 

intermediate [31], since GEE has closed functions, meaning that the implementation of 

the algorithms is not determined by the user and can be only invoked through the API. 

Any change, update, or correction in the implementation of the algorithm can affect the 

results. Moreover, GEE shows the best results for processing scalability, and therefore it 

was chosen to be further investigated in this project. Although GEE is user friendly, it has 

its drawbacks. For instance, it only support pixel-based processing, and it does not have 

ready to use region-based methods like large scale time series analysis. Also, algorithms 

that are not available through their API requires significant user effort to implement [33]. 

Further details are provided below.  

 
1.3.1 Google Earth Engine  

Google Earth Engine (GEE) is an open-source cloud-based platform that enables 

geospatial analysis to be performed at multiple spatial and temporal scales. GEE offers 
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massive computational power and resources free of charge, and also takes care of back-

end/server-side decisions related to infrastructure and process parallelization, which 

makes it both convenient to use and user friendly. Moreover, it provides a data catalog 

of satellite imagery “in the cloud” that includes all Landsat missions, Sentinel 1, Sentinel 

2, MODIS and many other Earth observation resources. It also hosts a variety of compiled 

datasets for land cover, population density, climate and air quality, besides the ability to 

load independently compiled datasets. Moreover, it enables users to access and analyze 

privately owned data or public data provided on the GEE catalog, using an array of built-

in functions including some machine learning algorithm like Regression Trees, Support 

Vector Machine, and Random Forest. The GEE platform has paved the way to tackle 

pressing environmental issues like drought and deforestation [34], natural disasters [35], 

climate and environmental issues, food security [36] and many more. Such applications  

showcase a broad spectrum of methods to analyze remotely sensed geospatial data on 

both regional and global scales. 

 

1.3.2 Google Colaboratory   

Google Colaboratory - or “Colab” for short - is a cloud-based platform that allows users to 

write and execute python code using only a browser, making it well suited for machine 

learning and data analysis applications. More technically, Colab is a hosted Jupyter 

Notebook service that does not require any prior set up or packages to be used. It 

provides free (but limited) access to central processing unit (CPU), graphical processing 

unit (GPU), and tensor processing unit (TPU) resources, which is useful when local 
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computers cannot support intensive workloads. Popular libraries such as NumPy, Scikit-

learn, Keras, Tensorflow, PyTorch, and OpenCV are all pre-installed [37]. The main Python 

library packages used in this project are NumPy which provides high level mathematical 

functions to process big arrays and matrices 50 times faster than regular Python lists, 

Scikit-learn a machine learning library that has classification, regression, and clustering 

algorithms ready to use, and finally Open-CV which contains built-in computer vision 

functions that facilitate image processing tasks.  

1.4 Project Objectives 

Precision agriculture relies on frequently updated datasets for monitoring agricultural 

activities and to derive informative conclusions, which is a crucial step for sustainable 

agriculture. Remote sensing can provide huge volumes of timely data that are needed to 

conduct these tasks. However, processing and storing remote sensing big data requires 

significant computational and storage resources. For example, a recent estimation of 

biomass by counting trees across the United States using machine learning and computer 

vision required around 40 terabytes (TB) worth of data storage and 100,000 hours of 

processing time [38]. These expensive demands make it unfeasible when free access to 

resources is not available, hence taking advantage of emerging cloud-based technologies 

can provide an adequate solution, especially to scalable projects.  

In this project, an investigation on the use of freely available cloud-based resources in 

implementing machine learning and computer vison applications to map and count center 

CPIs on a national scale, without using any local resources (i.e., memory space and 
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processing units), is undertaken. The overarching goal of this project is to accurately map 

center pivots throughout Saudi Arabia and to facilitate future projects such as calculating 

water use, or area of irrigated lands nationally, and perhaps globally.  

Chapter 2: Literature Review 

2.1 Landcover Classification using Machine Learning Approaches  

Advanced remote sensing and machine learning methods have been used to perform land 

cover classification and agricultural cropland mapping [16][39]. These models were 

constructed using data collected from various sensors that have different spatial, spectral, 

and temporal resolutions [40][41]. Many studies have been conducted to explore the 

accuracy and efficiency of various classification models, since different classifiers may 

lead to different results. Both supervised and unsupervised models can be used on either 

pixel-based approaches, object-based, or a hybrid of the two for land cover and land use 

classification. Popular approaches include supervised methods such as random forest, 

support vector machines (SVM) [42], Classification and Regression Tree (CART) [43], in 

addition to unsupervised neural networks [44]. Findings in the literature have shown that 

random forest, SVM, and neural networks generally have the highest accuracies [45]. 

However, Talukdar et al (2020) argue that random forest is best suitable and is robust for 

variation in the data and relatively easier to implement [45]. While SVM is efficient and 

able to achieve a relatively high accuracy using a small training dataset, the process of 

tuning the parameters is performed in a brute force manner and is time consuming [46]. 

Neural networks on the other hand could be affected by the number of classes and the 
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size of the training dataset and is considered to have a complex implementation [47]. 

Random forest has been reported for obtaining excellent classification results, and fast 

processing for land cover and land use classification tasks [48][68]. Given its prior use and 

ease of implementation, it was chosen as an initial technique to apply in this project.  

 

2.2 Automatic Center Pivot Mapping Studies  

Irrigation systems can significantly impact the quality of agricultural production processes 

and related water resources management and land use. Mapping of irrigated lands helps 

to monitor available resources, which is the first step to informed policy making, which 

could lead us into more sustainable agriculture practices. Even though field-based 

monitoring is reliable and produces accurate results, it is both costly and time and labor 

intensive [8]. Therefore, the use of remote sensing for mapping and automated 

monitoring presents as an obvious and cost-effective solution. Similar to human 

interpretation of center pivot irrigation systems in satellite images, CPIs can be mapped 

by identifying circles in available imagery.  

A common method used to detect CPIs automatically is through use of the circular 

Hough transform technique [49]. The Hough transform works by converting every point 

in the image space into a parameter space, then find objects by a voting mechanism. It 

can be used to detect both lines and circles. However, this technique tends to be unable 

to differentiate CPIs from other circular structures, such as oil tanks. In addition, applying 

the Hough transform directly on satellite images has its drawbacks, including reports of 

low precision, extended computation time, and demand for large data storage [50]. Edge 
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and shape-based methods have also been used, but have reported low robustness for 

partially cultivated pivots, and can present anomalies at the edges of the CPIs [58]. Further 

more, the Canny edge detector along with circular Hough transform were used by 

Rodrigues et. al. (2020) on a time series of the MODIS vegetation index product 

(MOD13Q1), which provides two commonly used indices: the NDVI and enhanced 

vegetation index (EVI). Their initial results indicated an overall detection rate of 80%: 

however the rate was highly dependent on the type of region it is applied to [51].  

In recent years, machine learning has become a popular solution for image 

classification tasks [52] and object detection [53]. The Convolutional Neural Network 

(CNN) has been applied to detect a variety of objects in images in multiple fields, including 

medical imaging [54], natural disasters [55], and security [56]. In this context, Zhang et al. 

(2018) used the CNN to detect CPIs in Landsat 5 imagery with high accuracy. In their study, 

the first stage of the method involved  data pre-processing, which includes masking the 

images with Landsat and the Crop Data Layer [57] to have only cropland areas data. The 

second stage was to apply a fixed size filter/kernel over the image, then pass the resultant 

image to three different neural networks; LeNet, AlexNet, or VGGNet. The output of the 

network is whether the input image is a CPI or not. The final stage is locating the CPI using 

a variance-based approach to reduce false positives [57]. Their approach had high 

accuracy, but very slow processing. Another disadvantage of this method is that it does 

not seem to perform well in areas with high variation, and it also does not account for 

semi-circles and irregular-shaped CPIs, which could lead to overall estimation errors.  
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Yan and Roy (2014) proposed a method to apply an automated segmentation of 

crop fields from Landsat time-series data, resulting in an overall pixel-wise accuracy of 

90% [58]. The drawback of this particular method was that it does not distinguish between 

CPIs and crops irrigated using other systems or crops not irrigated at all. Another method 

that accounts for detecting CPIs with various shapes and sizes, under different vegetative 

stages, is presented by Saraiva et al. (2020) They developed a modified version of the U-

Net architecture using TensorFlow and trained it on more than 42,000 PlanetScope high 

spatial resolution images. The U-Net implementation was able to achieve a precision of 

99% to detect and map CPIs. This approach has a great likelihood to be scaled up to larger 

areas. The limitation here is the inability to detect CPIs with faint borders and irregular 

shapes and texture. However, they stated this error could be reduced by feeding the 

network more examples of such cases [8]. 

Chapter 3: Material and Methods 

3.1 Region of Study 

Saudi Arabia is located in Western Asia between latitudes 16° and 33° N and longitudes 

34° and 56° E. The Area of Interest (AOI) included in this study as shown in Figure 2.1, and 

covers the entire country, representing a land area of approximately 1,969,000 km2. The 

study area is covered mostly by the Arabian desert, as well as semi-desert, shrubland, 

steppes, and several mountain ranges. It has an arid and semi-arid climate, with average 

annual rainfall under 100 mm. The mean annual temperature is approximately 45°C in 

summer, and 14°C in winter [59].  
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Figure 3.1: Study area of Interest (AOI) 

 

3.2 Satellite Data Description 

The open-source satellite imagery used in this study is derived from Landsat-8 images that 

are offered on the GEE Developer Catalog (https://developers.google.com/earth-

engine/datasets). Even though Landsat-8 has a moderate spatial resolution of 30 meters 

(see Table 1.1), it has been shown to be sufficient for mapping CPIs [60]. The dataset used 

is a surface reflectance product that is already pre-processed for atmospheric corrections 

using LaSRC [61] and includes a mask for cloud, shadow, water and snow developed using 

CFMASK [62], in addition to a per pixel saturation mask. Hence, there is no further image 

pre-processing required in this project. The available Landsat 8 surface reflectance images 

consist of the five visible and near-infrared bands that are needed to calculate vegetation 

indices, and two short-wave infrared (SWIR) bands processed to ortho-rectified surface 
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reflectance, and two thermal infrared (TIR) bands processed to ortho-rectified brightness 

temperature [63]. 

3.3 Dataset Preparation 

To build a land cover classification model, a dataset was composed by sampling pixels for 

each land cover class, from the image collection filtered by region of interest and 

timeframe: in this case, Saudi Arabia and the year 2015, respectively. There are four 

classes in this dataset: center pivot, plantation, bare-land, and urban. To sample pixels for 

these classes, labelled polygons were drawn on the image to corresponding land cover 

areas. For each pixel, the visible bands values from Red (B4), Green (B3), and Blue Band 

(B2), as well as the near-infrared band (NIR) were measured. In addition to the NDVI 

values (as detailed in section 1.2.1) that help to differentiate between soil and vegetation 

extent, maximum NDVI value in the time series were determined to help distinguish active 

CPIs, along with the standard deviation of NDVI (as the standard deviation tends to be 

higher than other vegetation/plantation because they go through phases of fallow, 

greening and harvesting [64]). Lastly, the Soil Adjusted Vegetation Index (SAVI) was used, 

as it is considered to be useful for applications in environments that have lower 

vegetation cover. SAVI is calculated by the equation:  

𝑆𝐴𝑉𝐼	 = 	
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 𝐿 ∗ (1 + 𝐿) 
 

Equation 3.1: Soil Adjusted Vegetation Index Equation 
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where L is the soil adjustment factor (0.5 for Landsat 8). Huete et al. (1988) 

developed SAVI with the intention to minimize soil brightness influences, by adding a soil 

adjustment factor to the NDVI equation, in order to compensate for the soil noise 

influences such as soil moisture and color, which tend to affect measurements [65]. SAVI 

is used for analysis for arid areas with sparse vegetation, exposed soils. Each class has an 

average of 20,000 sampled. The variables of the dataset are used as input to the land 

cover classification model, which is described below in Section 3.4. 

3.4 Classification  

The classification of land-cover was performed using Random Forest, which was chosen 

for its known resilience against overfitting and data noise [68]. Random Forest is a 

supervised learning technique that consists of multiple regression trees created by 

randomly selecting data samples, and then merging the prediction of each tree to get the 

best solution. For building the trees, splitting the nodes is based on searching for the best 

feature among a random subset of features, rather that searching for the most important 

feature, which introduces randomness to the model. It has been reported that a large 

number of trees does not always lead to an increase in the overall accuracy, and that is 

because after a certain number of trees, additional trees become redundant and do not 

add to the prediction result [70]. Therefore, to optimize model performance in this 

particular application, Random Search Cross Validation was used for hyper-parameter 

tuning. It is important to note that Random Forest models are able to manage high 

dimensionality and are able to achieve higher accuracies when compared to other models 

[71], hence it is one of the most commonly used classifiers for land use and land cover 



 28 

studies [72]. Random Forest classifier models are typically more robust than a single 

decision tree [73], and they are also considered to have easier implementation than other 

advanced classifiers, such as Support Vector Machines [74]. 

A pixel-based random forest function is available on GEE, with six adjustable input 

parameters: namely the number of trees, number of variables at each split, minimum leaf 

population, bagged fraction of input variables for each decision tree, out-of-bag mode, 

and random seed, which helps to reproduce the process of decision tree construction. 

The two main input parameters to set for Random Forest to run are the number of trees 

and the number of variables at each split, with other values set to their default settings 

[69].The function can be invoked through the GEE API. Users do not have the access to 

edit the implementation of functions available through GEE API, therefore the random 

forest classifier was used from the available python package ‘scikit-learn’ instead. [75]. 

The input parameters used were the visible bands, near-infrared band, NDVI, maximum 

and standard deviation of NDVI of the time series, and SAVI. The justification for choosing 

these parameters is provided in Section 4.1. 

 
3.5 Workflow  

As illustrated in Figure 3.2, the process of generating the dataset starts in GEE and is 

stored in the cloud. Then using Colab, the dataset is imported into the notebook, and 

divided into subsets of 90% for training, and 10% for testing, in order to construct a 

Random Forest classifier (details can be found in Section 3.4). After that, an image is 

selected and converted into a numpy array then classified using the random forest model.  
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To detect circular objects in the classified image, two methods were examined. 

The first one is using a circular Hough transform, which is a commonly used function to 

detect circular shapes [49], and is characterized by the mathematical equation of a circle 

in the x-y plane as:  

𝑟)	 =	 (𝑥 − 𝑎)) 	−	(𝑦 − 𝑏)) 
 

Equation 3.2: Equation of a Circle in x-y plane 

 
where 𝑎 and 𝑏 are the center of the circle, and 𝑟 is the radius [49].  First, Canny edge is 

applied on the image [77], then circles are drawn using the given equation of a circle for 

each edge pixel, and the maximum value in an accumulator matrix is selected as the 

center of the circle [49]. The second approach for circle detection is known as a Blob 

Detection method [78]. It starts with separating the image into a foreground for pixels 

classified as center pivot, and a background for all the other classes using a thresholding 

method. Then blob detection is done using neighboring connected components filter, 

with a minimum area and elliptical fit criteria, where elliptical fit can be generally 

expressed in the following equation:  

	
(𝑥 − 𝑋𝑐))

𝑎) +	
(𝑦 − 𝑌𝑐))

𝑏) = 1 

 
Equation 3.3: Equation of an ellipse in x-y plane 

 

Where 𝑎 and	𝑏 represent the long and short semi-axes, and 𝑋𝑐 and 𝑌𝑐 are the 

coordinates of the center point. The minimum area variable represents the size of the 

connected components while the elliptical fitting is applied on the counter of the blob to 

measure the circularity, and the values were set to account for most of the center pivots. 
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The last step is to count the circles detected in the image. After preliminary results, the 

blob detection method for circle delineation outperformed circular Hough transform, 

because circular Hough transform was sensitive to the difference in the size and shape of 

CPI, which made it less robust. Hence, this method of detecting blobs was used for the 

national scale application.  

 

 

 

 

 

 

 

 

 

 

Figure 3.2: Workflow for a) the training of the model and b) mapping center pivot irrigation systems 

 

To scale up the algorithm to the whole country, we start with getting the 

coordinates of the AOI and divide the whole area into a grid, and apply the algorithm 

described on each image. After all the images have been processed, they are aggregated 

into one image.  

a. b. 
Set Coordinates

Get Image

Divide into a grid

Classify Image

Detect Circles using 
Blob Detection

Count

Loop thrrough 
all images

Aggregate Results
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3.6 Accuracy Assessment 

To evaluate the performance of the model, accuracy and precision metrics were used 

[66]. The accuracy measures the ratio between the correctly classified pixels and all 

available pixels as described below: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠	 + 	𝑇𝑟𝑢𝑒	𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠	

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠	 + 	𝐹𝑎𝑙𝑠𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠	 + 	𝑇𝑟𝑢𝑒	𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠	 + 	𝐹𝑎𝑙𝑠𝑒	𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠	 

 

Equation 3.4: Accuracy formula 

 

Of course, accuracy can be sensitive to class imbalance in the dataset, and therefore the 

use of other metrics is more reliable. Precision is described as the ratio of correctly 

classified pixels over all pixels that are classified with the same class:  

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠	 + 	𝐹𝑎𝑙𝑠𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠		 
 

Equation 3.5: Precision formula 

 

More common accuracy measures for evaluating the detection part have been used, 

including the Error of Omission (EO) and Error of Commission (EC) [75]. EO refers to the 

reference elements that were left out and not classified as their true class in the classified 

map, also referred to as a Type I error. It can be calculated as: 

 

𝐸𝑂	 = 	
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑	𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠

𝑇𝑜𝑡𝑎𝑙	𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠		  

 
Equation 3.6: Error of omission formula  
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EC on the other hand, refers to the reference elements that are classified incorrectly, 

and can be calculated as: 

𝐸𝐶	 = 	
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑	𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠
𝑇𝑜𝑡𝑎𝑙	𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑	𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠		  

 

Equation 3.7: Error of commission formula  

 
 The ground-truth data that were used to verify the mapping accuracy for ‘Center 

Pivot’ class were provided by Johansen et. al. [64] from a study they in the year 2015 to 

count CPIs across the same AOI, mapping over 37,000 individual fields [64].  

As an additional assessment, Producer’s and Use’r accuracies were used as well. 

Producer’s accuracy is the complement of omission error, and it represents the accuracy 

of the classified map from the map maker point of view, meaning how often the actual 

landcover on the ground is classified correctly [79]. On the other hand, the user’s accuracy 

is the classified map from the user point of you, and it is the complement of commission 

error. It measures the rate of correctly classified landcover or features in the classified 

map [79].  

 

Chapter 4: Results and Discussion 

4.1 Land cover classification results  

The input parameters were chosen in a brute force manner, that means features were 

added and eliminated manually until ending up with 8 parameters that achieved the 

highest accuracy. The NDVI values distinguish the vegetation from soil pixels, whereas the 
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maximum NDVI helps to map active CPIs from inactive ones. The standard deviation of 

NDVI can help the model to distinguish CPI pixels, as CPI tend to have higher standard 

deviation than other plantations due to sowing, greening, and harvesting stages [64]. The 

optimized random forest classifier takes around 16 hours of training to achieve 97% 

accuracy, with a precision of 98%. Figure 4.1 shows the resultant images after land cover 

classification, and Table 4.1 lists the accuracy results (detailed in Section 3.6) of the Center 

Pivot class. The white pixels represent CPIs, and the black pixels are all the other classes 

i.e., plantations, bare land, and urban.  

 

Figure 4.1: Classification results of landcover classification 

Table 4.1: Accuracy results of land cover classification 

Criteria Formula Results 

Producer’s Accuracy (1 − 𝑂𝑚𝑖𝑠𝑠𝑖𝑜𝑛	𝐸𝑟𝑟𝑜𝑟) ∗ 100 98% 

User’s Accuracy (1 − 𝐶𝑜𝑚𝑚𝑖𝑠𝑠𝑜𝑛	𝐸𝑟𝑟𝑜𝑟) ∗ 	100 97.7% 

 

The random forest classifier can work well in Saudi Arabia or on similar landcover, since 

the classifier was only trained on reflectance data of Saudi Arabia. To demonstrate the 

challenge of transferability, the classifier was applied on Colorado in the United states 

and achieved very low results of 47%. To solve this problem in the future, the training 
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dataset should have a more diverse samples of other land cover types or develop region 

specific models.  

4.2 Circle Detection Results – Small Scale 

The detection method was applied on the classified images. First, it was tested on smaller 

regions of areas around 250 km2 (as shown in Figure 4.2) in order to evaluate the 

performance before scaling up. Ten test regions were chosen from different areas around 

the country that represent different conditions, such as the landscape and the variance 

of the sizes and shapes of CPIs in that area. In Figure 4.2 for example are four different 

regions: Figure 4.2-a and 4.2-c represent regions that have rectangular plantations and 

different shapes and sizes, and not just regular CPIs, and Figure 4.2-b and 4.2-d are images 

of areas with fewer CPIs and very high reflectance data of the desert, and low reflectance 

of dark mountains, respectively. The producer’s accuracy for small regions ranges from 

96%, which is considered the best result for small areas, down to 65% which is considered 

the worst. The best user’s accuracy achieved was 92%, while the worst was 80%. Although 

most CPIs were detected using the blob detection method, they are poorly delineated.  

 

 

 

 

 

 

 
2 km 2 km 

b. a. 
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Figure 4.2: Results of small-scale application using blob detection 

4.3 Circle Detection Results – Large Scale 

Figure 4.3 shows the detection results for Aljouf region, which has an area of about 

100,000 km2, and was used to examine the methods ability to be scaled up to larger 

regions. Around 4,890 CPIs were counted correctly out of 5,251 detected that are shown 

as green small circles in Figure 4.3, reaching a producer’s accuracy of 79%. The user’s 

accuracy was 95.2%. The results for national wide application can be seen in Figure 4.4, 

with Figure 4.5 showing close ups of the results. The grid has over 5000 sub-images, each 

image taking around 60-90 seconds to be processed, adding up to a total timespan of 

around 2.2 days of processing for the entire AOI.  

 

 

 

 

 

1.5 km 1.5 km 

c. d. 
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Figure 4.3: Results of regional scale application using blob detection 

The detection result was 39,276 CPIs, but only 30,312 pivots were counted correctly out 

of the 37,250 CPIs previously counted in Saudi Arabia by Johansen et al. (2021). The 

accuracy results for detecting CPIs are listed in the table below:  

Table 4.2: Accuracy results of CPI detection on national scale 

Criteria Formula Results 

Producer’s Accuracy (1 − 𝑂𝑚𝑖𝑠𝑠𝑖𝑜𝑛	𝐸𝑟𝑟𝑜𝑟) ∗ 100 81.38% 

User’s Accuracy (1 − 𝐶𝑜𝑚𝑚𝑖𝑠𝑠𝑜𝑛	𝐸𝑟𝑟𝑜𝑟) ∗ 100 82.24% 

 

Figure 4.4: National scale detection results 
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Figure 4.5: A close up of national scale detection results of figure 4.4 

4.4 Factors Effecting the Detection Process  

The process of detecting CPIs was affected by many factors: namely the size and the shape 

of CPIs, as well as the landcover classification results. The omission error is the ratio of 

not detected CPIs to the ground truth CPI polygons. Some CPIs were not properly detected 

due to the threshold values of minimum area, minimum circularity, and elliptical fit 

variables in the circle detection function. Threshold values were updated iteratively to fit 

most CPIs and that lead to discarding blobs or objects that did not satisfy these threshold 

values. Also, some CPIs had lower NDVI values that were classified as non-CPI in the land 

cover classification step. In short, CPIs that have lower NDVI values and standard 

deviation, were more prone to error, because the model will classify them as other 

100 km 
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plantation, and therefore they will not be seen for the detection process.  Also, some 

“donut shaped” CPIs were missed because they do not meet the minimum area or 

ellipticity requirements as illustrated in Figure 4.6.   

 

Figure 4.6: Small region containing “donut shaped” CPIs  

 

The blob detection algorithm has a relatively slower processing time when applied 

on larger areas, that could be solved with allocating more CPUs. Unfortunately, these the 

GEE cloud-based platforms control computation resources management, which includes 

resource allocation, parallelism, job queueing, and data distribution [76]. This introduces 

challenges in both designing and using cloud-based systems, in addition to the fact that 

accessing these cloud-based resources still require considerable technical expertise and 

effort.  

Chapter 5: Conclusion  

Google’s cloud based platforms (GEE, Colab) has the required storage and processing 

resources to implement an otherwise computationally expensive process such as the one 
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explored in this thesis work i.e.  a national scale application for mapping and quantifying 

CPIs in Saudi Arabia. The developed algorithm starts with conducting a supervised 

landcover classification and then applying a circle detection method. This method outputs 

pixel based images that need to be further processed in order to map and count the 

desired objects. Hence the circle detection step was introduced, which adds a level of 

time and processing complexity. This demanding algorithm was successfully completed 

with a producer’s accuracy that achieved 81% for detecting CPIs, in addition to an 82% for 

user’s accuracy which is a similar result to what is presented in the literature using 

supervised methods [51]. Other methods using unsupervised techniques such as neural 

networks have achieved higher accuracies above 95% [8] [57].  

A limitation to the presented method is the poor performance of the model when 

translated to other countries and areas that have different landscape, such as Colorado 

in the United States, which achieved a low accuracy of 46%. The reason is due to the fact 

that Colorado has more vegetation cover and different bare-land types, and therefore the 

reflectance data is different which can confuse the land cover classification model. Given 

that the classifier was trained on dataset that consists of reflectance data of Saudi Arabia 

only (that has a very low vegetation cover and a distinct landscape) this is not an 

unexpected result. However, this translation shortcoming is an important aspect to 

recognize when applying to much larger scales or different geographic locations. While it 

can be addressed by training the model on more diverse datasets that involve reflectance 

data of variant landcover types, it may be better to develop many individual models rather 

than seek a single approach. Furthermore, deep learning may prove to be a better 
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alternative than the random forest landcover model developed in this project, since 

neural networks have shown great potential to deal with image classification tasks. Other 

deep learning and segmentation methods will be explored as a future extension of this 

study, to determine whether they will account for the different shapes, sizes, and textures 

of the CPIS, which represented a challenge for the current method.   
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