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Abstract 11 
Center pivot irrigation systems are used to enhance crop production in many countries around the world. 12 
Establishing the location and extent of such fields provides information that assists in describing a range 13 
of agricultural metrics, including crop identification, yield forecasts, monitoring of irrigation requirements 14 
and crop water use, as well as supporting national and regional auditing, licensing and compliance efforts. 15 
However, detailed information on the number, extent and changing dynamics of agricultural fields is often 16 
lacking in many countries: nowhere more so than in developing regions. To address this lack, we 17 
performed a national scale accounting of center pivot fields in Saudi Arabia, using a three year multi-18 
temporal analysis of Landsat-8 satellite data. A geographic object-based image analysis approach was 19 
developed based on five 50 x 50 km sub-areas extracted from Landsat data for the year 2015, and applied 20 
to delineate individual center pivot fields at a national scale for 2013, 2014 and 2015. The extent of fields 21 
was determined via a map of the annual maximum Normalized Difference Vegetation Index (NDVI), while 22 
a 15 m spatial resolution map of annual panchromatic band minimums was used to produce an edge 23 
detection layer to delineate individual adjoining fields. Amongst a range of classification parameters that 24 
were included in the object-based mapping approach, shape information, such as the center pivot field 25 
length, length:width ratio, and elliptic fit, were identified as critical parameters. Applying the rule-set that 26 
was developed from the five 50 x 50 km sub-regions to the national scale resulted in the identification of 27 
36,052 (11,103 km2), 38,114 (11,902 km2), and 37,254 (11,555 km2) individual fields in 2013, 2014, and 28 
2015, respectively. Approximately 94% of these fields were correctly detected, while their individually 29 
measured area was mapped with > 95% combined accuracy for fields > 0.225 km2 when evaluated against 30 
manually delineated fields. Smaller center pivot fields, and specifically those adjoining neighbouring fields, 31 
had lower area mapping accuracies (> 91% in 75% of cases). The object-based approach allowed a national 32 
scale and multi-temporal assessment of center pivot field delineation and mapping, affording new insights 33 
into agricultural practice and providing a methodological basis for examining the impact of water 34 
management and related policy initiatives, amongst many other potential applications. Apart from filling 35 
a clear knowledge gap in Saudi Arabia, the approach has the potential to be expanded elsewhere: 36 
particularly to similar locations within the Middle East and North Africa.  37 
 38 
Keywords: geographic object-based image analysis; agricultural center pivot fields; Landsat; time-series; 39 
NDVI; edge detection. 40 
 41 
1. Introduction 42 
Projections indicate that the agricultural sector will need to produce at least 50% more food by 2050 to 43 
support anticipated population growth, along with changing dietary demographics resulting from 44 
increasing economic prosperity (FAO, 2017; See et al., 2015). The required increase in food production 45 
will need to be realized on degrading soils, with limited fresh water, in a sustainable manner, all while 46 
experiencing the challenges of climate change (FAO, 2017; Karthikeyan et al., 2020). To do this, timely 47 
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spatial agroinformatic insights will be needed to facilitate informed management decisions at regional, 48 
national and global scales (McCabe et al., 2017a). At a fundamental level, the mapping of agricultural 49 
fields forms a basis for a range of such insights, including food production planning, assessment of 50 
irrigation requirements (Lopez et al. 2020), and yield predictions, all of which are essential variables for 51 
local, regional and country-wide food and water security purposes (Phalke and Özdoğan, 2018; See et al., 52 
2015). Knowing the extent and distribution of agricultural fields is also important for biosecurity purposes 53 
in order to predict the location and potential spread of pest outbreaks, e.g. due to blight, beetle and locust 54 
infestation (Karthikeyan et al., 2020). It also provides supply chain information and tracing capabilities, 55 
which have proven to be particularly important in 2020 due to the COVID-19 pandemic (Seleiman et al., 56 
2020; Siche et al., 2020). 57 
 58 
Satellite-based remote sensing represents the only viable tool for derivation of agricultural information at 59 
the spatial and temporal resolutions required for regional and national scale description (Kubitza et al., 60 
2020). Remote sensing of active crop extent provides the first step for downstream product development, 61 
including the mapping, monitoring and modeling of crop types, growth patterns, irrigation requirements, 62 
pest outbreaks, and yield quality and quantity. While maps of individual agricultural fields and their 63 
distribution are considered a pathway to achieve within-field agronomic and phenotypic information, they 64 
are often informative in their own rights, especially when assessed as a time-series (Yan and Roy, 2014). 65 
Unfortunately, agricultural map products at individual field scales are often lacking in developed, let alone 66 
developing, countries. Even where they may be available, they rarely exist at the spatial and/or temporal 67 
resolutions required to make informed management decisions or assess the impact of policy initiatives. 68 
See et al. (2015) recommended to target cropland mapping for the most vulnerable and data-poor 69 
countries and identified accurate maps on the extent and spatial distribution of agriculture as essential 70 
information towards efforts to improve food security. Most arid and hyper-arid parts of the world, 71 
including the Middle East and North Africa region, fall within the category of vulnerable and data-poor 72 
countries. Furthermore, many of these regions rely on unsustainable abstraction of non-renewable fossil 73 
groundwater for agricultural production, often manifested in the form of center pivot irrigation systems 74 
(Madugundu et al., 2018; Martínez-Valderrama et al., 2020), so knowledge of such baseline data would 75 
provide a pathway towards more accurate assessment of groundwater use (McCabe et al., 2017b). 76 
 77 
Center pivot irrigation consists of pipes with sprinklers, typically attached to wheeled trusses that rotate 78 
around a field, creating a distinct circular pattern (Saraiva et al., 2020). While mapping of center pivot 79 
fields has been carried out for many decades, manual delineation has been the predominant approach 80 
(e.g. Ferguson et al., 1986; Ferreira et al., 2011; Rundquist, 1989). Methods such as the Hough Transform 81 
was developed to detect circular features, but it is not well suited for delineating partially active center 82 
pivot fields, i.e. those having a fan-shaped outline with various central angles due to crop rotation (Davies, 83 
1988; Zhang et al., 2018). One of the more popular approaches in many recent studies has been the use 84 
of convolutional neural networks (CNNs). An image classification approach by Zhang et al., (2018) used 85 
CNNs for automatic detection of center pivot fields, but had similar mapping limitations as the Hough 86 
Transform for irregularly shaped center pivot fields or fields of different sizes. In another study, Saraiva et 87 
al. (2020) developed an automated mapping approach for center pivot fields in parts of Goias and Minas 88 
Gerais in Brazil, using PlanetScope images from mid-2017 to mid-2018 and the U-Net CNN architecture 89 
for classification. However, this approach produced a one-layer mask of center pivot fields rather than a 90 
product of individually separable fields.  91 
 92 
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Geographic object-based image analysis (GEOBIA) techniques provide the ability to successfully delineate 93 
individual agricultural fields by clustering pixels into objects representing real-world features (Yan and 94 
Roy, 2014). Rule sets developed based on GEOBIA also offer an intuitive stepwise classification and object 95 
refinement approach that facilitate the interpretation of the generated results. GEOBIA is generally 96 
considered more suitable than pixel-based approaches when analyzing high spatial resolution imagery, 97 
i.e. when mapping features much larger than the pixel size (Belgiu and Csillik, 2018; Blaschke, 2010; 98 
Johansen et al., 2010). The approach takes advantage of both the added information within image objects, 99 
e.g. minimum, maximum, standard deviation, quartile values and other statistical measures of pixels 100 
forming an object, as well as the capability to incorporate object shape, class-related characteristics, and 101 
context and hierarchical multi-scale information in the segmentation and classification processes 102 
(Blaschke, 2010; Johansen et al., 2010). GEOBIA approaches are also suited for multi-scale agricultural 103 
analysis with integration of object classifications defined at different spatial scales (Hay et al., 2003) e.g. 104 
for mapping canegrub damage in sugarcane fields and detection of agricultural hedgerows (Johansen et 105 
al., 2018; Tansey et al., 2009).  106 
 107 
Essential to GEOBIA techniques are the applied segmentation approaches, aimed at partitioning images 108 
into objects representing real-world features (Hossain and Chen, 2019). Segmentation approaches can be 109 
based on simple thresholds, homogeneity criteria, edge detection, and region-based characteristics (Lui 110 
et al., 2012). For methods that apply a single initial segmentation step and subsequent classification steps, 111 
a highly accurate segmentation is required to achieve acceptable classification results (Drǎguţ et al., 2010; 112 
Ruiz et al., 2011). However, Hay et al. (2005) highlighted that segmentation parameters rarely suit all 113 
image features due to varying spectral homogeneity, size, shape and spatial distribution. Hence, for less 114 
rigid rule sets that generally include a combination of multiple segmentation and classification steps, often 115 
performed at multiple spatial scales to accurately map both small and large landscape features, the initial 116 
segmentation step acts merely as a starting point (Castilla and Hay, 2008). Further modification of object 117 
boundaries through object merging, splitting and perimeter refinement, e.g. through object growing and 118 
shrinking algorithms, combined with recurrent classification steps can improve delineation and feature 119 
extraction results (Hossain and Chen, 2019; Johansen et al., 2018). The incorporation of multiple 120 
segmentation and classification steps also enables spatial relations between land-cover classes to be 121 
explored to inform and improve the classification of objects based on topological, proximal, distance and 122 
directional relations (Liu et al., 2008). 123 
 124 
A number of studies have used GEOBIA for classification and delineation of agricultural fields. For instance, 125 
Yan and Roy (2014) used a Web Enabled Landsat Data (WELD) time-series (5 years) of selected areas in 126 
Texas, California and South Dakota, USA, to initially produce maps of the probability of crop agriculture 127 
based on Normalized Difference Vegetation Index (NDVI) values and field edge detection. They then used 128 
these maps as input for an initial segmentation, followed by the application of the watershed algorithm 129 
to divide initial objects consisting of multiple fields into individual fields. They classified center pivot fields, 130 
and those that were segmented into multiple pie-type object shapes were assigned as belonging to the 131 
same field. Although their mapping results of center pivot fields looked visually sound, only rectangular 132 
fields were validated (user’s accuracy = 83.0% and producer’s accuracy = 93.8%) against manually digitized 133 
reference fields. Watkins and van Niekerk (2019) tested two different edge detection filters (Canny and 134 
Scharr edge detectors) and three different segmentation routines (watershed, multiresolution and multi-135 
threshold segmentations) to delineate agricultural fields for a site in South Africa. They produced edge 136 
detection layers for multiple dates in a time-series of Sentinel-2 imagery and found that the aggregation 137 
of all edge layers improved the detection of agricultural field boundaries and that the Canny edge detector 138 
outperformed the Scharr edge detector. When performing the segmentations in the eCognition 139 
Developer software (Trimble, 2017) based on the aggregated edge detection layers, they found the 140 
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watershed algorithm to perform best, although it was acknowledged that results using the other two 141 
segmentation routines may be improved by adding further rules. Other studies such as Juneja and Sandhu 142 
(2009) and Maini and Aggarwal (2009) have also found the Canny edge detector to provide the best and 143 
most consistent edge detection results, which may be due to its non-maxima suppression method causing 144 
a significant reduction in noise (Shrivakshan and Chandrasekar, 2012). Vogels et al. (2019) used SPOT-6 145 
imagery, a GEOBIA approach and a random forest classification based on spectral, shape, texture and 146 
neighbourhood information to automatically segment and classify fields belonging to irrigated 147 
smallholder farming and large-scale agriculture for a study site in Ethiopia. They achieved a field 148 
classification accuracy of 94% and identified shape and texture information as important in the 149 
classification process. Several GEOBIA based agricultural mapping approaches have focused on simplified 150 
workflows, often applying a segmentation routine to an edge detection layer, followed by a supervised or 151 
unsupervised classification approach and some final object boundary and class refinement (e.g. Belgiu 152 
and Csillik, 2018; Peña et al., 2014; Rydberg and Borgefors, 2001; Vogels et al., 2019). However, to take 153 
full advantage of GEOBIA capabilities, multiple iterations of segmentation/object reshaping and 154 
classification are generally required, as hierarchical, class-related and context information only become 155 
available after an initial classification (Li et al., 2016). 156 
 157 
A review of the literature on delineation and classification of agricultural fields revealed that while some 158 
object-based and machine learning approaches have been successfully employed, little effort has been 159 
made for automated identification of center pivot irrigation systems using remote sensing (Zhang et al., 160 
2018). From a survey of recent studies, the maximum number of mapped center pivot fields varied from 161 
less than 650 to a little over 6,500 (e.g. Albuquerque et al., 2020; Saraiva et al., 2020; Watkins and van 162 
Niekerk, 2019; Yan and Roy, 2014;  Zhang et al., 2018), while the transferability of developed approaches 163 
have not been assessed on a multi-temporal basis. Importantly, no methods based on satellite imagery 164 
have been designed to extract individual center pivot fields at national scales across the Middle East or 165 
North Africa: two dryland areas where food and water security concerns are paramount (Williams, 2015). 166 
More generally, there is a lack of basic information on the number and location of center pivot fields in 167 
these regions, where frequent agricultural changes can occur year-to-year (Martínez-Valderrama et al., 168 
2020). Here, we seek to address these knowledge gaps, by: (1) undertaking the first national scale object-169 
based approach to map individual center pivot fields using time-series Landsat-8 data; (2) assessing the 170 
multi-temporal transferability of the developed approach and; (3) documenting the total number of fields 171 
and their extent for the years 2013, 2014 and 2015. The object-based approach presented herein was 172 
based on multi-threshold segmentation, object-reshaping and classification steps, and relied on Landsat 173 
data to retrospectively assess agricultural development in Saudi Arabia. Currently, there is no accurate 174 
estimate of the number or extent of active agricultural fields in Saudi Arabia, which impacts the accounting 175 
of annual groundwater use for irrigation, which is a depleting resource (Lopez et al., 2020). The research 176 
presented herein provides a novel approach due to its national-scale and multi-temporal application for 177 
mapping agricultural activities at a much greater spatial extent and for a much larger number of center 178 
pivot fields than has previously been undertaken. Data developed from this approach can be used to 179 
inform on higher level agroinformatics, such as crop types, actual and potential yield, and water use, and 180 
provide additional insights towards improved food and water security. Our work provides an important 181 
demonstration of methodological development and current capability for regions that are not 182 
traditionally the focus of the remote sensing community. It is in such regions, where issues related to food 183 
and water security will benefit the most from new spatiotemporal datasets. 184 
  185 
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2. Material and methods 186 
2.1 Description of Study Area 187 
Saudi Arabia is one of the driest and hottest countries in the world, with daily maximum temperatures 188 
often exceeding 45°C and average annual precipitation of less than 100 mm in most places (except the 189 
southwestern region of Jizan; tile 167/48, Figure 1) (El Kenawy and McCabe, 2015). In an effort to increase 190 
food self-sufficiency, agricultural production was significantly increased from the 1970/80’s through to 191 
the 2010’s, with some regarding the years around 2015 as the peak of agricultural extent (Lopez et al., 192 
2020). The production of agricultural crops relies principally on groundwater-based irrigation, with the 193 
sector accounting for 87% of the total water consumption in Saudi Arabia (Napoli et al., 2018). The main 194 
agricultural regions include Tabuk, Al Jawf, Hail, Qassim, Riyadh, Wadi ad-Dawasir, Jizan and the Eastern 195 
Province, all occurring within the extent of the 20 Landsat tiles displayed in Figure 1. These areas produce 196 
a variety of cereal, vegetables and fruit (Ouda, 2014). Center pivots, typically with a radius varying from 197 
200 to 500 m, form the predominant type of irrigation system (Figure 1). Here, we focus only on the 198 
mapping of center pivot fields, as most other fields and plantations are either too small to map at the 199 
spatial scale of Landsat-8 imagery or account for a relatively small proportion (~15%) of agriculture in 200 
Saudi Arabia. 201 
 202 

 203 
Figure 1. Location of the 20 selected Landsat tiles covering the major agricultural regions in Saudi Arabia. 204 
The numbers within each tile represent the Landsat path and row. The five magenta-coloured squares 205 
represent areas of 50 x 50 km used for development of the object-based rule set. The insert of the Al Jawf 206 
agricultural region, derived from a section of a false colour composite Landsat-8 image, highlights one of 207 
the most intensely developed agricultural regions in the country.  208 
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 209 
2.2 Data 210 
Our initial analysis focused on the year 2015, as it is generally thought to be the peak of agricultural extent 211 
in Saudi Arabia and has been identified as a key year for impact assessment of water policy changes (Lopez 212 
et al., 2020). In recent years, Saudi Arabia has implemented water-saving policies aimed at reducing or 213 
banning the production of irrigation-intensive crops. Large-scale wheat production – a key driver of Saudi 214 
Arabia’s agri-business for the last three decades – was abandoned in 2016 (USDA, 2016). Further policies 215 
aimed at reducing the production of other crops such as fodder have also been implemented recently 216 
(USDA, 2020). An assessment of all 94 Landsat tiles covering the country revealed that > 99% of large scale 217 
irrigated farming occurred within just 20 Landsat tiles. All Landsat-8 Level 1 image collections available in 218 
2015 for these 20 tiles, covering approximately 650,000 km2, were downloaded from the USGS Earth 219 
Explorer website and used for assessment of the spatial distribution and extent of active agricultural 220 
center pivot fields (Table 1). To test the multi-temporal transferability of the developed mapping 221 
approach, Landsat-8 imagery covering the same 20 tiles was also downloaded for both 2013 and 2014. 222 
Here, we define center pivot fields based on their shape, i.e. circular or fan-shaped, and identify them as 223 
active if their maximum NDVI value for the annual Landsat-8 time-series was ≥ 0.20 (bare ground generally 224 
had NDVI values < 0.15), i.e. if a center pivot field was in use for agricultural production at some point in 225 
time during each year. 226 
 227 
Table 1. The path and row numbers of the 20 Landsat-8 tiles used for mapping agricultural extent in Saudi 228 
Arabia, together with the total and cloud-contaminated (visually assessed) number of scenes available 229 
within the time-series, spanning the period from January 1 to December 31, 2015. 230 

Landsat 
Path / Row 

Available 
Images in 

2013 

Cloud 
Contaminated 
Images in 2013 

Available 
Images in 

2014 

Cloud 
Contaminated 
Images in 2014 

Available 
Images in 

2015 

Cloud 
Contaminated 
Images in 2015 

164 / 42 14 5 22 11 19 7 
164 / 43 14 3 22 7 21 4 
164 / 44 14 4 22 8 21 5 
165 / 41 17 6 19 5 17 7 
165 / 43 19 7 23 9 20 7 
165 / 44 19 4 23 7 22 3 
165 / 45 19 6 22 8 22 5 
166 / 41 14 4 22 11 21 6 
166 / 43 14 3 22 8 21 4 
166 / 46 13 2 22 3 22 3 
167 / 42 17 4 23 8 20 9 
167 / 43 17 5 22 7 20 8 
167 / 48 14 8 23 13 19 10 
168 / 41 15 2 20 5 20 9 
168 / 42 15 4 21 10 21 10 
169 / 41 19 5 23 7 22 12 
171 / 39 16 4 21 7 22 8 
171 / 41 16 5 22 10 22 10 
172 / 39 17 4 17 2 22 7 
173 / 40 12 1 22 5 22 6 

   231 
2.3 Data preparation 232 
As the production of crops within center pivot fields is often seasonal, and spectral reflectance varies 233 
greatly in response to plant growth and condition, the inclusion of time-series data was important to 234 
detect center pivot fields that were active at some point in a year. The use of a time-series also alleviates 235 
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issues related to cloud contamination and atmospheric effects (Yan and Roy, 2014). Time-series of 236 
vegetation indices, including NDVI, have been used extensively for mapping and monitoring of agricultural 237 
areas (e.g. Li et al., 2015; Chenhua et al, 2015; Roy and Yan, 2020). Four image layers were produced for 238 
the GEOBIA of center pivot fields, comprising the annual maximum NDVI (Figure 2a), standard deviation 239 
of NDVI (Figure 2b), the minimum panchromatic values within the 2015 time-series (Figure 2c), as well as 240 
an edge detection layer (Figure 2d) generated from the annual minimum panchromatic layer. 241 
 242 
The radiometric and atmospheric corrections of the Landsat-8 imagery were performed using the Second 243 
Simulation of the Satellite Signal in the Solar Spectrum (6SV) radiative transfer model (Kotchenova et al., 244 
2006; Vermote et al., 1997), with regional optimizations to account for adjacency effects and non-245 
spherical desert dust particles, based on the work of Houborg and McCabe (2017). For all Landsat-8 images 246 
within each tile, NDVI was generated using an in-house Python script. From the NDVI time-series, the 247 
annual maximum value for each pixel within a year was identified, producing a year-specific output layer 248 
that established field-level activity. The Function of mask (Fmask) algorithm (Zhu and Woodcock, 2012) 249 
was used to mask cloud and cloud shadows.  As cloud and cloud shadows produced low NDVI values, they 250 
did not affect the generation of the maximum NDVI layer. However, when producing the standard 251 
deviation layer from the NDVI time-series, areas with cloud cover and shadows were omitted, as they 252 
would act to artificially increase the standard deviation. The NDVI standard deviation layer was used to 253 
facilitate the differentiation between center pivot fields and plantations. Plantations generally exhibited 254 
a low NDVI standard deviation, whereas most center pivot fields have phases of fallow, greening and 255 
harvesting, resulting in larger NDVI standard deviation. Gill et al. (2017) used similar information from 256 
Landsat data to discriminate woody vegetation from crops, emphasizing that crops will generally have one 257 
or more observations in a time-series with low green cover and exhibit high variation over time. 258 
 259 

From the time-series of cloud-free (see Table 1) panchromatic bands occurring within 2015, the minimum 260 
annual value for each pixel was assigned to a 15 m annual minimum panchromatic layer, which was 261 
created to produce an edge detection layer to facilitate the edge detection and separation of adjoining 262 
field perimeters. The edge detection layer, created from the minimum panchromatic layer, was produced 263 
using the Edge Extraction Lee Sigma algorithm in the eCognition Developer 9.3 software (Trimble 264 
Geospatial, Munich, Germany) and applied to identify edges of center pivot fields. Edge identification was 265 
important to separate individual center pivot fields within close proximity of other fields (causing their 266 
edges to merge at the spatial scale of the Landsat data, which hereafter is referred to as “adjoining” center 267 
pivot fields). Bright, rather than dark, edges of the annual minimum panchromatic layer were used for the 268 
delineation to incorporate the entire center pivot fields within the delineated area. The Sigma value 269 
describes the distance of a data point to its mean in standard deviations, with higher values representing 270 
better edge detection (Trimble, 2017). A default Sigma value of 5 was deemed suitable. 271 

 272 
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 273 
Figure 2. Four input layers used for the delineation of center pivot fields, including the annual (a) 274 
maximum NDVI; (b) NDVI standard deviation; (c) minimum panchromatic; and (d) edge detection layers. 275 
Dark areas have low values, whereas brighter areas have higher values for all four layers. 276 
 277 
2.4 Geographic Object-based Image Analysis for Center Pivot Field Delineation 278 
The GEOBIA for delineation of center pivot fields was divided into three main steps. The first step 279 
endeavored to delineate all center pivot fields in 2015 using a rule set based on five 50 x 50 km areas 280 
(Figure 1) deemed to be representative of environmental conditions, management practices and center 281 
pivot characteristics encountered throughout Saudi Arabia. The rule set consisted of user-selected 282 
processes (individual steps in the rule set) and thresholds defined based on these five agricultural areas. 283 
The rule set was initially developed for the area within Landsat path/row 173/40, and then gradually 284 
expanded to include additional processes within the rule set. Expanding the rule-set to include the other 285 
four areas accommodated scenarios not accounted for in the first area and increased the transferability 286 
of the rule set to the whole of Saudi Arabia. Once processes and thresholds were defined, the entire rule 287 
set, i.e. steps 1-10 in Figure 3, could be executed for the whole of Saudi Arabia without further 288 
intervention. While the performance, accuracy and mapping results of the rule set was evaluated herein, 289 
the finalized delineation and accounting of fields incorporated two additional steps. The first was a semi-290 
automated approach that manually identified incorrectly delineated center pivot fields, and then applied 291 
a selection of rule set steps to improve the delineation results. The second step involved manual editing 292 
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to adjust delineated field perimeters (if required) and separate adjoined fields. All GEOBIA was undertaken 293 
with the eCognition Developer 9.3 software. 294 
 295 

 296 
Figure 3. Flowchart of the main steps in the processing workflow for delineating center pivot fields. 297 
 298 
2.4.1 Rule Set Development for Center Pivot Field Delineation 299 
The four generated layers (Figure 2) were imported into the eCognition Developer software, with the 300 
analysis undertaken on 15 m resolution pixels. The analysis resolution was dictated by the spatial scale of 301 
the panchromatic band of the Landsat-8 imagery, as the software resamples lower resolution image layers 302 
to the pixel size of the highest resolution image layer using nearest neighbour resampling. The rule set 303 
developed for the GEOBIA-based center pivot field delineation was applied to all 20 Landsat scenes to 304 
provide national mapping of fields, following the procedure outlined in Figure 3. These 10 steps are 305 
described in detail in the supplementary section. The developed rule set seeks to account for the range 306 
of factors influencing delineation, including elements such as: i) the high-resolution and large areal extent 307 
being mapped (650,000 km2); ii) varying environmental conditions (e.g. soil colour, soil type, rainfall 308 
gradients, temperature gradients, exposure to wind and sandstorms); iii) management practices (e.g. 309 
seeding, weeding, fertilizer, pesticides, herbicides, irrigation, harvesting); iv) center pivot arrangement 310 
(e.g. well-ordered pattern, sporadic and varying distances between center pivot fields); v) center pivot 311 
shape (e.g. fan-shaped and circular) and size (0.02 – 1.125 km2); and vi) neighbouring anthropogenic and 312 
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natural features (e.g. plantations, roads, tracks, buildings, grass, rock formations, trees). While the 313 
developed rule set included many steps and associated thresholds, this was considered a strength, as it 314 
enabled the transferability of the approach to account for the diversity of conditions across Saudi Arabia. 315 
Indeed, a smaller rule set would only have worked in some situations and for some center pivot fields, 316 
limiting its broader application. Ultimately, the processes within the rule set included more than 70 317 
different thresholds. However, in more than 90% of cases, these thresholds were related to just nine 318 
specific features. In addition to the four input layers (see Figure 2), these key features included: object 319 
length; length:width ratio; elliptic fit; object area; and relative border to classified objects. An outline of 320 
the main processes and related features and thresholds of the rule set is provided below. 321 
 322 
Delineate individual circular center pivot fields: The multi-threshold segmentation algorithm splits an 323 
image into classes, i.e. classified pixels with values above a set threshold, and unclassified pixels below 324 
the threshold. The multi-threshold segmentation algorithm merges all neighbouring pixels that are 325 
classified as the same class to form individual objects (Trimble, 2017). To create initial objects in the 326 
developed rule set, the multi-threshold segmentation was used to cluster pixels with NDVI values ≥ 0.26 327 
and classify those objects as vegetation, while clusters of pixels with NDVI values < 0.26 remained 328 
unclassified. The multi-threshold segmentation approach was applied as it was i) a quick and effective 329 
approach to produce initial objects with limited over-segmentation errors for large area mapping, and ii) 330 
all active center pivot fields had high NDVI values that contrasted strongly with uncultivated bare ground 331 
(which generally had NDVI values < 0.15; see Figure 4b). Individual center pivot fields surrounded by bare 332 
ground could be directly classified based on their shape and size, but the majority of fields were located 333 
so close to each other that they adjoined at the Landsat scale based on a simple NDVI threshold. The rule 334 
set was designed to gradually classify more and more center pivot fields, and once classified, the focus in 335 
the subsequent processing steps shifted towards the remaining center pivot fields yet to be accurately 336 
delineated and classified. That meant that the remaining center pivot fields generally became increasingly 337 
difficult to classify. Those vegetation objects comprising multiple adjoining fields were progressively 338 
separated through various processing steps in the rule set, which were mainly based on edge detection 339 
techniques or the generation of a distance map. However, the basis of classifying the individual center 340 
pivot fields was the same throughout the rule set after each individual step had been applied to separate 341 
the fields, i.e. based on size and shape features. 342 
 343 
The size and shape features included in the classification of circular center pivot fields were the object 344 
length, length:width ratio and elliptic fit. The length, i.e. the widest distance from two extreme points of 345 
an object, was set to a maximum of 81 pixels (1215 m), as no center pivot fields were identified with a 346 
diameter larger than that threshold. A variety of threshold values for object length was used to focus the 347 
classification specifically on center pivot fields of various sizes. As the width of objects is measured 348 
perpendicular to the length, circular features such as center pivot fields will have a length:width ratio 349 
close to 1. In most cases, values < 1.1 - 1.2 were selected to map center pivot fields, while different 350 
thresholds were used for fan-shaped fields. The elliptic fit function measures how closely an object fits 351 
into an ellipse of a similar area, with values approaching 1 representing a circle (Trimble, 2017). In the 352 
majority of cases, values were set to be > 0.8 - 0.9, although the lowest and highest thresholds used were 353 
0.7 and 0.94, respectively. The length:width ratio and the elliptic fit value were altered in some rule set 354 
processes to facilitate the detection of less round objects, e.g. in case parts of a center pivot field consisted 355 
of lower, and hence unclassified, NDVI values, or if edge detection objects within a field affected their 356 
circular shape. The inclusion of the length:width ratio and the elliptic fit value ensured that two small 357 
adjoining fields, whose widest distance was less than the maximum length threshold (1215 m), were not 358 
classified as an individual field. 359 
 360 
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Edge detection for separation of adjoining center pivot fields: To separate adjoining center pivot fields, 361 
the dominant approach in the rule set employed the edge detection layer, which consisted of numerical 362 
values and was produced using the Edge Extraction Lee Sigma algorithm (Trimble, 2017; Figure 2d). This 363 
approach was applied at multiple stages throughout the rule set. Classification of edge objects was only 364 
permitted within remaining adjoined fields classified as vegetation. As some edges between adjoining 365 
center pivot fields were more distinct than others, large thresholds (representing distinct edges), were 366 
first applied for center pivot field separation. Subsequent classification of separated fields was based on 367 
the object length, length:width ratio and elliptic fit features and followed by pixel-based growing of the 368 
separated fields into the edge objects, which formed part of the fields. These steps, i.e. field separation 369 
by edge objects, classification of separated fields, and the growing of separated fields into edge objects, 370 
were repeated multiple times, but with a gradual lowering of the edge detection threshold from 300 to 371 
50, 1 and finally 0 to account for the different edge characteristics between adjoining fields (Figure 4). The 372 
lower the threshold, the more pixels within center pivot fields were classified as edges, which could 373 
represent both the actual edge between fields, but also edges caused by distinct field heterogeneity or 374 
the presence of the center pivot irrigation systems within a field (e.g. Figure 4e). An increase in the 375 
length:width ratio and a lowering of the elliptic fit value for subsequent classification of separated fields 376 
was required when lowering the edge detection threshold due to the larger number of pixels being 377 
classified as edge object within fields. Once some fields were classified, the search was narrowed down 378 
to the remaining adjoined fields, which were subsequently separated by a gradual lowering of the edge 379 
detection threshold, immediately followed by the classification of the separated fields (Figure 4). This 380 
reduced the number of adjoined fields being subjected to a low edge detection threshold for separation, 381 
and hence, it also reduced the likelihood of classifying a large number of fields incorrectly.  382 
 383 
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 384 
Figure 4. Separation of adjoined center pivot fields using edge detection. Initial classification of fields 385 
surrounded by bare ground (b) based on the maximum NDVI layer (a), followed by classification of edges 386 
using an edge detection threshold of ≥ 300 (c), and the expansion of these edges using a threshold ≥ 50 387 
(d). Separated fields were then classified as center pivot fields (e). In (f), center pivot fields were first 388 
grown into enclosed edge objects, followed by further growing of edges, using a threshold of ≥ 1, to 389 
separate and then classify center pivot fields, i.e. in this example one field at the bottom and two on the 390 
left-hand side. An edge detection threshold of 0 was then used (g), followed by classification of separated 391 
fields (h), i.e. one additional field in this example, and finally, growing of center pivot fields into edge 392 
objects (i). This example had two remaining unclassified fields. 393 
 394 
From those edge objects initially classified with the threshold of 300 (Figure 4c), weaker edges were 395 
mapped with progressively lower edge thresholds using the existing edge objects as seeds to grow from 396 
(Figure 4d, f and g). The pixel-based object resizing algorithm (see Johansen et al., 2011) was used to grow 397 
the edges, pixel by pixel, into those objects classified as vegetation. Even after lowering the edge detection 398 
threshold to 1, some adjoined fields appeared with a small edge gap, often 1-2 pixels wide (Figure 4f). As 399 
this precluded the separation of fields, an edge detection threshold of 0 (i.e. no identified edge) was used 400 
to close these gaps. A threshold of 0 resulted in edge objects growing in all directions, pixel by pixel and 401 
irrespective of the presences of edges, into pixels classified as vegetation (Figure 4g). While that closed 402 
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the edge gap between remaining adjoined fields in most cases, it also required a further increase of the 403 
length:width ratio to 1.2 and lowering the elliptic fit value to 0.7. In some cases, the growing of edge 404 
objects into fields affected their shape such that they could not be classified based on the length:width 405 
ratio and elliptic fit (Figure 4h). 406 
 407 
Distance map for separation of adjoining center pivot fields: Objects containing adjoining center pivot 408 
fields that could not be separated based on the edge detection approach (Figure 5b), were separated 409 
using a distance map. At this stage in the rule set, all objects were classified as “center pivot fields”, 410 
“adjoined fields” or “unclassified” areas (Figure 5b). For the objects belonging to the “adjoined fields” 411 
class (< 1% of field objects at this stage in the rule set), a distance map was produced by calculating the 412 
distance of each pixel classified as “adjoined fields” to either the nearest “center pivot fields” or 413 
“unclassified” objects, or in other words the distance to the perimeter of the “adjoined fields” class. 414 
Therefore, the pixels, classified as adjoined fields, with the largest distance to the field perimeter 415 
appeared in the center of a field (the brightest areas in Figure 5c). If two adjoined center pivot fields of 416 
various sizes formed a single object, it was not possible to simply identify their centers and gradually grow 417 
them, as this would cause the smaller of the center pivots to reach the border between the two adjoining 418 
fields first and then encroach onto the larger adjoining field. To solve this issue, pixels with a distance > 419 
20 pixels to the object perimeter were first classified (Figure 5d). As can be seen in Figure 5d, the classified 420 
field centers, based on the defined > 20 pixels threshold, had different sizes, but the same distance to 421 
grow to reach their perimeter. The pixel-based object resizing algorithm was then used to progressively 422 
grow the two classified field centers into the remaining parts of the “adjoining field” object, which 423 
prevented the growing centers from merging with each other (Figure 5e). As both field centers had the 424 
same distance, i.e. 20 pixels, to grow to reach their perimeter, it also meant that the two growing objects 425 
met approximately on the border between the two adjoining fields (Figure 5f).  426 

 427 
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 428 
Figure 5. Two distinct maps of the maximum NDVI layer (a) each presenting two examples of adjoined 429 
center pivot fields in blue (b). The distance map (c), representing the distance of a pixel to its object 430 
perimeter (brighter values = larger distance), was produced only for the adjoined fields, with their centers 431 
(in light green) (d) mapped based on a distance > 20 pixels (i.e. 300 m) to the object perimeter. Centers 432 
were subsequently grown outwards to the field perimeter (e) and finally reclassified as separated center 433 
pivot fields (f). 434 
  435 
Refine the circular shape of center pivot fields: To improve the circular shape of mapped center pivot 436 
fields, a number of object growing and shrinking steps were applied, using the pixel-based object resizing 437 
algorithm (Trimble, 2017). These steps were needed to smooth out extruding parts of center pivot fields, 438 
e.g. caused by the incorrect inclusion of parts of adjoining fields or neighbouring plantations, or fill out 439 
intruding parts, e.g. from incorrect exclusion caused by neighbouring extruding center pivot fields or 440 
omission of low NDVI areas (Figure 6b). The shrinking steps to smooth out extruding parts of fields (Figure 441 
6c) were performed with surface tension values of ≤ 0.49 - 0.50 and a box (kernel) size of 9 for large center 442 
pivot fields (> 2000 pixels), a box size of 7 for medium sized fields (> 1500 pixels) and a box size of 5 for 443 
smaller fields. This means that if a pixel kernel of 9x9, 7x7 or 5x5 pixels contained fewer than 444 
approximately 50% of pixels classified as center pivot fields, the center pixel of the kernel was reclassified 445 
from center pivot field to unclassified, i.e. excluding the respective pixel from the center pivot field object. 446 
Using the different box sizes enabled extrusions of various sizes to be smoothed. As the shrinking steps in 447 
some cases affected the outermost layers of pixels along the perimeter (Figure 6c), subsequent steps 448 
allowed the growing of the center pivot fields into one layer of the outermost pixels with an NDVI > 0.50. 449 
In addition, growing of the center pivot fields was also permitted if a kernel of 9x9 pixels was covered with 450 
more than 45% of the center pivot field object, as long as the pixels had NDVI values ≥ 0.50. These final 451 
growing steps facilitated the filling of intruding sections of the objects (Figure 6d). The number of loops 452 
for those processes including the candidate surface tension function (used to smooth extruding and fill 453 
intruding object shapes) was set to continue until no further changes occurred. 454 
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 455 

 456 
Figure 6. Classification of center pivot fields prior to perimeter refinement (b), followed by shrinking 457 
processes to smooth extruding parts (c) and growing processes and fill intruding parts (d) of the objects. 458 
The maximum NDVI layer (a) provides the background.  459 
 460 
Delineate fan-shaped fields: Fan-shaped fields with various central angles exhibited large variation in the 461 
length, length:width ratio and elliptic fit features used for the classification of the circular center pivot 462 
fields. For these reasons, three combinations of different features with varying thresholds were required 463 
for the reclassification of objects already classified as vegetation based on their NDVI values. The first 464 
combination of conditions to classify fan-shaped fields included an area-based interval from 0.11 - 0.63 465 
km2, a length:width ratio between 1.60 - 2.01 and a length between 30 - 81 pixels. This step classified 466 
most half-circular fields, which often had length:width ratios approaching a value of 2. The second 467 
combination of conditions included an area-based interval from 0.16 - 0.68 km2, objects that were not 468 
bordering any other vegetation objects, and objects that were sharing a border of < 50% with already 469 
classified center pivot fields. This step included fan-shaped fields covering approximately ¼ and ¾ of the 470 
circular shape of center pivot fields as well as those half-circular fields with a large non-vegetated part in 471 
the center. The final combination of conditions included an area-based interval from 0.32 - 0.68 km2 and 472 
a length between 30 - 75 pixels, which classified the remaining fan-shaped fields. 473 
 474 
2.4.2 Semi-automated Center Pivot Field Delineation 475 
The semi-automated editing of the delineation results using the defined rule set (see Section 2.4.1) 476 
consisted of a small number of processing steps that were applied to manually selected center pivot field 477 
objects to improve their shape and extent. The two steps used most frequently were to either grow center 478 
pivot objects if their outermost edges had been omitted, or to shrink center pivot objects that had been 479 
expanded beyond their boundaries. Both steps relied on the manual selection of those center pivot fields 480 
requiring editing, which allowed the same algorithm to be applied in one step to all selected objects. The 481 
manual selection was based on visual inspection using the annual maximum NDVI layer as the base-map. 482 
The pixel-based object resizing algorithm was used for growing center pivot fields as long as their NDVI 483 
value was > 0.25. For shrinking center pivot field objects, an NDVI threshold of ≤ 0.20 was used for 484 
stopping the shrinking process. There were two versions of both the growing and shrinking processes; one 485 
that would keep looping until the threshold was met and another that required the process to be 486 
iteratively executed for each layer of pixels grown or shrunk. The process that kept looping until the 487 
threshold was met was applied if there was no other vegetation occurring along the perimeter of the 488 
center pivot fields. If other adjoining vegetation was present, the manually executed process was used to 489 
prevent center pivot fields from growing into vegetation that was not part of the field. Another step 490 
included in the semi-automated editing process enabled unclassified holes within the perimeter of the 491 
center pivot fields to be filled using the region-growing algorithm. Any commission errors, e.g. a section 492 
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of a plantation being incorrectly mapped as a center pivot field, were corrected by unclassifying and 493 
merging those objects with their neighbouring unclassified objects. 494 
 495 
2.4.3 Manual Editing of Center Pivot Field Delineations 496 
The final step of the center pivot field delineation process consisted of visually inspecting the delineated 497 
fields and manually editing the polygons where needed (approximately 5% of center pivot fields), based 498 
on the annual maximum NDVI layer. The manual editing tool in the eCognition Developer software was 499 
used for this process to cut objects into multiple objects, to merge objects, and to delineate omitted 500 
center pivot fields. For example, some center pivot fields bordering or enclosed by plantations or other 501 
vegetation had to be manually cut to omit non-center pivot vegetation. Other fields that appeared as 502 
multiple joining objects also had to be merged. In some cases, fields that were only marginally active 503 
within a year, and had overall low NDVI values, required manual delineation along their often poorly 504 
defined perimeter. Upon completion of the center pivot field mapping and refinement, a shapefile of the 505 
delineation results was exported for further analysis of their area and distribution. 506 
 507 
2.5 Accuracy Assessment 508 
For the validation of the rule set derived mapping results (achieved prior to the semi-automatic and 509 
manual editing of objects), four regions were selected with the aim to collect a representative sample of 510 
delineated center pivot fields. The four regions included 3,133, 1,434, 2,659 and 3,946 delineated center 511 
pivot field objects in 2015 within Landsat path/row 172/39, 165/41, 168/42 and 166/46, respectively. 512 
Similar numbers of center pivot fields were evaluated for 2013 and 2014 for the same Landsat paths/rows. 513 
From these selected regions, all objects were evaluated to determine the number of occurrences (1) 514 
where objects included multiple center pivot fields; (2) where fields were incorrectly split into multiple 515 
objects; (3) with commission error (a non-center pivot field classified as a center pivot field); and (4) with 516 
omission error (an unclassified center pivot field). All other objects that did not belong to these four 517 
categories were considered correctly detected. 518 
 519 
For agricultural applications, it is generally considered appropriate to use high resolution imagery, i.e. 520 
imagery with pixels much smaller than the objects of interest, for validation of classification results 521 
(Blaschke et al., 2014). For those reasons, it was deemed suitable to carefully and manually delineate the 522 
perimeter of selected center pivot fields based on visual assessment of the three annual maximum NDVI 523 
layers produced for each year (2013, 2014 and 2015) to evaluate the accuracy of the mapped area of each 524 
field. Ten different classes were first defined, and from those 10 classes, 25 samples were randomly 525 
selected for each of the four regions from the correctly identified center pivot fields, yielding 100 center 526 
pivot fields per class, i.e. 1,000 center pivot fields in total for each year. The 10 classes, each consisting of 527 
100 objects, were produced from five area and shaped based descriptors (see below), each of which were 528 
split into fields that were either (1) completely surrounded by bare ground; or (2) having a relative border 529 
(i.e. an image object’s shared border length with neighbouring image objects of a defined class divided by 530 
the image object’s total border length) > 10%  to pixels with an NDVI value > 0.25 (generally from 531 
neighbouring center pivot fields, plantations or other green vegetation bordering the fields): 532 
 533 

 Large circular center pivot fields (> 2,000 pixels, i.e. > 0.45 km2)  534 
 Medium circular center pivot fields (1,000 - 2,000 pixels, i.e. 0.225 - 0.45 km2) 535 
 Small circular center pivot fields (< 1,000 pixels, i.e. < 0.225 km2) 536 
 Large fan-shaped center pivot fields (> 1,000 pixels, i.e. > 0.225 km2) 537 
 Small fan-shaped center pivot fields (< 1,000 pixels, i.e. < 0.225 km2) 538 

 539 
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These 1,000 manually delineated center pivot fields, for each of the three studied years, represented a 540 
separate and independent dataset used specifically for validation (not to be confused with the manual 541 
editing step described in Section 2.4.3). For all 100 samples in each of the 10 classes, the omission error 542 
(Equation 1) and commission error (Equation 2) were calculated in terms of delineated area for each 543 
individual center pivot field (Clinton et al., 2010; Ye et al., 2018). The combined delineation error in terms 544 
of area was also calculated, using Equation 3. Box-and-whisker plots were produced for each of the 10 545 
classes to display the mean, median, first (Q1) and third quartiles (Q3) and outliers of the commission, 546 
omission and overall combined errors of the individual center pivot fields. 547 
 548 

Omission error = 1 −  
 ∩         (Equation 1) 549 

 550 
Commission error = 1 −  

 ∩        (Equation 2) 551 
 552 

Combined error =
       (Equation 3) 553 

 554 
where Xi and Yi represent the mapped area of each field and the manually delineated area (reference 555 
dataset) of each field, respectively. Any semi-automatic and visual/manual editing of the results achieved 556 
by executing the developed rule set were carried out after the validation step. 557 
 558 
3. Results: 559 
The research herein focused on developing an object-based approach to map individual agricultural 560 
center pivot fields in Saudi Arabia on an annual basis using time-series of Landsat-8 data from 2015. 561 
Validation results for 2015 were derived using the object-based rule set (Section 3.1), whereas the overall 562 
accounting of the total number of fields and their extent was based on the final results, which included 563 
the semi-automatic and manual editing steps (Section 3.2). The developed rule set was subsequently 564 
applied to years 2013 and 2014 to assess the multi-temporal transferability of the developed approach 565 
(Section 3.3). Further details and analysis of these results are provided in the following sections.  566 
 567 
3.1 Center Pivot Field Delineation based on the Rule Set 568 
The evaluation of the mapped circular and fan-shaped center pivot fields for 2015 first focused on the 569 
detection rate of individual fields. In 2015, the four regions used for validation included 11,172 objects, of 570 
which 94.06% of the center pivot fields were correctly detected (Table 2). The main reasons for incorrect 571 
detection of center pivot fields were the merging of adjacent center pivot fields (2.51% of cases) or the 572 
omission of some center pivot fields with low maximum NDVI values (2.74% of cases; Table 2). Center 573 
pivot fields in regions with a high density of fields bordering each other and consisting of various shapes 574 
were particularly challenging to separate, e.g. Landsat path/row 168/42 (Figure 7). In these circumstances, 575 
many center pivot fields were merged in the delineation process, especially if the merging of the center 576 
pivot fields formed somewhat circular objects with a length:width ratio close to 1 and an elliptic fit > 0.90. 577 
Another cause of incorrectly merged center pivot fields was related to the mapping of fan-shaped fields 578 
with various central angles. To map the fan-shaped fields in the object-based processing workflow, the 579 
length:width ratio interval was set to a range from 1.6 – 2.01 to account for fields with different central 580 
angles. As this allowed adjoined circular fields, or circular and fan-shaped fields with no visible edge 581 
between them to be merged, restrictions were included, e.g. the area of the fan-shaped center pivot fields 582 
could only be ≤ 65% of the largest circular fields (a reasonable assumption as parts of the fan-shaped fields 583 
were inactive) and the length of the fields could not exceed that of the largest center pivot fields. 584 
However, in some cases, this still caused small adjoined fields, with no edge clearly visible between them, 585 
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to be merged, as can be seen in Figure 8. Figure 8 also displays the most common example of omission 586 
error: center pivot fields with low annual maximum NDVI pixel values, which precluded identification of 587 
distinct edges and the field shape. 588 
 589 
Table 2. Center pivot (CP) field detection rates and error types for the four regions in 2015. 590 

Landsat path/row 172/39 165/41 168/42 166/46 All 
Objects with merged CP fields 4 28 169 79 280 
Objects covering divided CP fields 2 0 14 26 54 
Objects incorrectly classified as CP fields 23 1 20 5 49 
Omitted CP fields 13 48 151 81 306 
Correctly detected CP fields 3,091 1,357 2,305 3,755 10,508 
Total number of objects 3,133 1,434 2,659 3,946 11,172 
% correctly detected CP fields 98.66% 94.63% 86.69% 95.16% 94.06% 

 591 
Commission errors (i.e. objects incorrectly classified as center pivot fields) and center pivot fields that 592 
were incorrectly divided into two or more parts, contributed less than 1% towards the overall detection 593 
error (Table 2). Center pivot fields that were incorrectly divided occurred due to either two or more 594 
different crop types, potentially with different growing seasons, being grown within the same center pivot 595 
field, or if the center pivot irrigation system created a distinct line through the field (Figure 8). While 596 
commission errors were uncommon (< 0.5%), some sections of plantations forming a square pattern with 597 
relatively high maximum, but somewhat seasonally varying NDVI values (higher NDVI standard deviation) 598 
were incorrectly mapped as center pivot fields. That was because they fulfilled the threshold requirements 599 
of the elliptic fit, length:width ratio, and length, and ended up forming a relatively circular object when 600 
subjected to the growing and shrinking steps applied to improve the circular shape of mapped center 601 
pivot fields (Figure 8). 602 
 603 
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 604 
Figure 7. Maximum annual NDVI maps and associated validation results of center pivot field detection 605 
within selected regions of Landsat-8 path/row 165/41, 166/46, 168/42, and 172/39 in 2015, showing 606 
omission (magenta) and commission errors (blue) together with those mapped center pivot fields that 607 
were incorrectly split (light green) or merged (yellow) based on the processing steps of the rule set. 608 
Correctly identified fields are marked dark green, while plantations are denoted in red.  609 
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 610 
Figure 8. Examples of the most frequently occurring types of omission errors (magenta; fields with low 611 
NDVI values), commission errors (blue; parts of plantations with seasonally varying NDVI values), and 612 
incorrectly split (light green) or merged (yellow) center pivot fields in 2015 based on the processing steps 613 
of the rule set. 614 
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 615 
A second validation step assessed the mapped area of correctly detected center pivot fields against 616 
manually delineated fields of various shapes, sizes and proximity to each other. In terms of the 2015 617 
mapped area, the omission errors were generally larger than the commission errors. The majority of fields 618 
(87.5%) had an omission error < 10% and overall mean and median omission errors of 6.52 and 5.64% (n 619 
= 1,000), respectively (Figure 9). The majority of omission errors occurred along the edges of the fields, 620 
where mixed pixels representing both crops and bare ground lowered the NDVI values. The growing and 621 
shrinking routines applied to improve the circular shape of fields may also have contributed to omission 622 
errors in some cases. Larger center pivot fields appeared to have lower omission errors than for smaller 623 
fields, generally because the number of edge pixels relative to the field size was smaller for the larger 624 
fields (Figure 9). The same rationale largely explained why fan-shaped fields had larger omission errors in 625 
relation to circular fields of similar size, i.e. the edge pixel to field size ratio increased for fan-shaped fields. 626 
As can also be seen in Figure 9, fields surrounded by other vegetated fields tended to have lower omission 627 
errors than fields of corresponding size surrounded by bare ground, although some outliers occurred for 628 
some of the adjoined fan-shaped fields. Those adjoined fields with lower omission errors tended to slightly 629 
encroach on the adjoining fields (hence no omission), while those fields with larger omission errors were 630 
encroached upon by the adjoining fields (hence high omission, causing high commission error for the 631 
adjoining field). 632 
 633 
The higher commission error of adjoined fields in comparison to fields surrounded by bare ground is 634 
immediately apparent in Figure 9. Despite the higher commission error of adjoined fields, the majority of 635 
fields (90.0%) had commission errors < 10%, with overall mean and median commission errors of 2.11 and 636 
1.08% (n = 500), respectively. Fields surrounded by bare ground had a mean and median commission error 637 
of 0.23% and 0%, respectively, with 97.8% of those fields having a commission error < 2% (n = 500). Based 638 
on the combined error, patterns similar to the omission errors were observed for the large, medium and 639 
small circular center pivot fields (Figure 9). For all circular and fan-shaped center pivot fields, the combined 640 
error was < 5% in 62.2% of cases, and < 10% in 94.1% of cases, producing overall average and median 641 
combined errors of 5.11% and 4.32%, respectively. For both the small and large fan-shaped fields, the 642 
combined error was largest for adjoined fields mostly due to poorly defined borders between fields, 643 
causing either omission or commission errors.  644 
 645 
When applying the semi-automated steps to the rule set-based mapping results for 2015, all occurrences 646 
of objects being incorrectly classified as center pivot fields or fields incorrectly divided into two or more 647 
objects were corrected. Omitted fields, as well as those objects consisting of multiple merged fields, 648 
required additional manual editing. Implementing this semi-automation step increased the detection 649 
accuracy to 94.98%. Following the pixel-based growing and shrinking steps (see Section 2.4.1), the average 650 
combined accuracy of all large, medium and small circular and fan-shaped center pivot fields surrounded 651 
by bare ground was improved to 99.42% (an improvement of 4.33%) when assessed against the 652 
independent manually digitized reference fields. In this case, both the average omission and commission 653 
errors was < 1% for all individual fields. The combined error of adjoined circular and fan-shaped center 654 
pivot fields was on average reduced by 1.26%, i.e. an improvement from 5.32 to 4.06%. 655 
 656 
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657 

658 

 659 
Figure 9. Omission, commission and combined errors of the area of individual center pivot fields in 2015. 660 
L, M and S refer to large, medium and small, respectively. FS CP references fan-shaped center pivot fields. 661 
Fields were considered to be adjoined if they had a relative border > 10% to pixels with an NDVI value > 662 
0.25. Boxes: interquartile range (IQR); lower limit of boxes: first quartile (Q1); upper limit of boxes: third 663 
quartile (Q3); whiskers: Q1-1.5(IQR) and Q3+1.5(IQR); dots: outliers; line through boxes: median; and 664 
diamonds: average. 665 
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3.2 Accounting of Irrigated Agricultural Fields and Their Extent 666 
Prior to this research, an accurate accounting of irrigated center pivot fields did not exist for Saudi Arabia. 667 
For the year 2015, thought to be the peak for agricultural extent in Saudi Arabia, our mapping results 668 
established that a total of 37,254 circular or fan-shaped center pivot fields > 0.02 km2 were in active use 669 
at some point during the year (Figure 10). These center pivot fields covered a total area of 11,555 km2 and 670 
had a first quartile, median, mean, and third quartile value of 0.16, 0.26, 0.31 and 0.43 km2, respectively. 671 
The largest center pivot fields measured 1.125 km2 and had a diameter of approximately 1.20 km. While 672 
the majority of fields were located in the Hail, Qassim, and western Riyadh regions (approximate 20,000 673 
center pivot fields, median = 0.221 km2), they were smaller than those in Al Jawf (median = 0.489 km2), 674 
Tabuk (median = 0.377 km2) and Wadi ad-Dawasir (median = 0.376 km2) (Table 3). 675 
 676 

 677 
Figure 10. Mapped center pivot fields in 2015 within the 20 selected Landsat tiles, including most 678 
agricultural areas in Saudi Arabia. The insert shows the mapped center pivot fields within a section of the 679 
Al Jawf agricultural region. 680 
  681 
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Table 3. Number of center pivot fields, their total area, and their mean and median size for the main 682 
irrigated agricultural regions across Saudi Arabia in 2015. 683 

Regions Center Pivot Fields Area (km2) Mean (km2) Median (km2) 
Al Jawf 5,713 2,613.64 0.458 0.489 
Tabuk 1,551 581.47 0.375 0.377 
Hail-Qassim-Western Riyadh 19,729 4,925.72 0.250 0.221 
Rest of Riyadh 2,219 550.27 0.248 0.266 
Eastern Province 3,757 1,290.65 0.344 0.316 
Wadi Ad-Dawasir 4,266 1,587.73 0.372 0.376 
Jizan 19 5.46 0.287 0.241 
All 37,254 11,554.94 0.310 0.263 

 684 
3.3 Evaluating Rule Set Transferability to Multi-temporal Imagery 685 
The rule set developed based on the 2015 Landsat data was applied to the same extent for 2013 and 2014 686 
to test the transferability of the rule set over time. Evaluating the center pivot field detection rate and the 687 
area based accuracy assessment of the mapping results for 2013 and 2014 involved the same steps as 688 
carried out for those from 2015, i.e. evaluating the results against 1,000 manually delineated fields (see 689 
Section 2.5). The accuracies of the center pivot field detections for 2013 (Table 4) and 2014 (Table 5) were 690 
very similar (< 0.55% difference for all fields) to those reported for 2015 (Table 2). The detection accuracy 691 
was slightly higher in 2013 and slightly lower in 2014 compared with 2015. Similar to the 2015 dataset, 692 
neighbouring merged center pivot fields (2.35 - 2.60%) and omitted fields (2.68 – 3.04%) were the main 693 
contributors to detection errors for 2013 and 2014.  694 
 695 
Table 4. Center pivot (CP) field detection rates and error types for the four regions in 2013. 696 

Landsat path/row 172/39 165/41 168/42 166/46 All 
Objects with merged CP fields 5 8 158 82 253 
Objects covering divided CP fields 4 2 18 9 31 
Objects incorrectly classified as CP fields 4 2 35 9 50 
Omitted CP fields 14 8 172 95 289 
Correctly detected CP fields 3,029 1,213 2,491 3,426 10,159 
Total number of objects 3,056 1,233 2,874 3,621 10,784 
% correctly detected CP fields 99.12% 98.38% 86.67% 94.61% 94.20% 

 697 
Table 5. Center pivot (CP) field detection rates and error types for the four regions in 2014. 698 

Landsat path/row 172/39 165/41 168/42 166/46 All 
Objects with merged CP fields 5 17 176 76 274 
Objects covering divided CP fields 1 1 17 4 23 
Objects incorrectly classified as CP fields 30 2 28 6 66 
Omitted CP fields 10 34 211 65 320 
Correctly detected CP fields 2,947 1,294 2,274 3,336 9,851 
Total number of objects 2,993 1,348 2,706 3,487 10,534 
% correctly detected CP fields 98.46% 95.99% 84.04% 95.67% 93.52% 

 699 
In 2013 and 2014, a total of 36,052 and 38,114 circular or fan-shaped center pivot fields > 0.02 km2 were 700 
mapped as active within the 20 Landsat tiles (Figure 1), covering 11,102.52 and 11,901.87 km2, 701 
respectively. Similar patterns to those in 2015 in omission and commission errors for the area of individual 702 
center pivot fields were identified for 2013 and 2014. However, the omission and commission errors were 703 
generally slightly lower in 2013 and 2014 than in 2015. The slightly lower omission errors in 2013 and 704 
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2014 could have been due to differences in cloud-free image availability, which might have better 705 
coincided with key agricultural activities in 2013 and 2014, and hence facilitated field detection. The lower 706 
commission errors were in some cases attributable to the lower NDVI standard deviation time-series 707 
values of plantations, which precluded sections of these plantations from being incorrectly classified as 708 
center pivot fields, especially for some olive tree plantations that were newly planted in the Al Jawf region 709 
in 2013 and 2014. The slightly lower omission and commission errors of center pivot fields resulted in 710 
lower combined errors for both years (Figure 11). Overall, the similar or slightly higher mapping accuracies 711 
for 2013 and 2014 demonstrate the multi-temporal transferability of the rule set for very large areas.  712 
 713 

 714 
Figure 11. Combined errors of the area of individual center pivot fields in (a) 2013 and (b) 2014. L, M and 715 
S refer to large, medium and small, respectively. FS CP references fan-shaped center pivot fields. Fields 716 
were considered to be adjoined if they had a relative border > 10% to pixels with an NDVI value > 0.25. 717 
Boxes: interquartile range (IQR); lower limit of boxes: first quartile (Q1); upper limit of boxes: third quartile 718 
(Q3); whiskers: Q1-1.5(IQR) and Q3+1.5(IQR); dots: outliers; line through boxes: median; and diamonds: 719 
average. 720 
 721 



26 
 

4. Discussion 722 
Overall, the object-based rule set worked well for delineating center pivot fields. The use of the multi-723 
threshold segmentation for initial center pivot field delineation was found to be quick and effective 724 
because of the distinct contrast between active fields and surrounding bare ground. The multi-resolution 725 
segmentation approach in the eCognition Developer software (Benz et al., 2004), which has frequently 726 
been applied for image segmentation, was found to be too time-consuming for large area mapping. 727 
Because of the varying sizes, shapes and compactness of center pivot fields as well as within-field spectral 728 
heterogeneity (Drǎguţ et al., 2010), no single scale factor or shape and compactness criteria were 729 
identified as suitable for the whole of Saudi Arabia. In contrast, the multi-threshold segmentation was not 730 
affected by within-field spectral heterogeneity, as long as the NDVI values of individual pixels were above 731 
the set threshold, and hence provided a much simpler and more appropriate approach for large area 732 
mapping of fields across Saudi Arabia. Even though a simplified segmentation approach was initially 733 
applied, the developed rule set contained a large number of processes (steps in the rule set) to delineate 734 
individual center pivot fields. While the inclusion of many processes may be perceived as a limitation and 735 
a hindrance to increased automation, the opposite was in fact the case. Through the inclusion of rule set 736 
processes tuned to address specific variability, most scenarios occurring across Saudi Arabia were 737 
accounted for, which acted to increase the automation level of the rule set. 738 
 739 
The center pivot field delineation produced detection accuracies of approximately 94%. These accuracies 740 
are in line with those achieved in related research studies using different deep learning or object-based 741 
field boundary delineation approaches, albeit for other parts of the world and using other types of satellite 742 
imagery (Saraiva et al., 2020; Vogels et al., 2019; Wagner and Oppelt, 2020; Waldner and Diakogiannis, 743 
2020). The omission of fields and objects with multiple merged center pivot fields were the main 744 
contributors to detection error (Tables 2, 4 and 5). While the omission of center pivot fields with low NDVI 745 
values might be difficult to map without increasing the commission error, improvements might be 746 
achieved for objects consisting of multiple center pivot fields through further research. Both the Canny 747 
and Lee Sigma edge detection filters were explored in order to facilitate the separation of adjoining fields. 748 
Even though somewhat similar results were achieved with both filters, slightly higher mapping accuracies 749 
resulted when using the Lee Sigma edge detection filter. Although the Canny filter significantly suppressed 750 
noise in the produced edge layer, edges were in some cases omitted in the areas of adjoining center pivot 751 
fields. Despite the additional noise in the Lee Sigma filter, edges of adjoining center pivot fields were 752 
better identified and left smaller gaps than the Canny filter (Figure 12). While the minimum panchromatic 753 
layer only displayed minor differences in pixel values of neighbouring center pivot fields, it was enough to 754 
produce weak edges for the Lee Sigma filter, whereas these minor differences were considered as noise 755 
in the Canny filter. The application of high spatial resolution imagery such as Sentinel-2 or Planet CubeSat 756 
data may reduce the field proximity issue and further improve field boundary delineations (Saraiva et al., 757 
2020; Valero et al., 2016). Of course, an increase in spatial resolution may also reveal additional details 758 
within individual fields, e.g. because of differences in plant condition and growth patterns, which may 759 
lead to the detection of unwanted edges that do not represent the outer perimeter of fields. Hence, with 760 
any increases in spatial resolution beyond that employed herein, the Canny filter may reduce the 761 
detection of unwanted edges and become more advantageous than the Lee Sigma edge detection filter. 762 
 763 
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 764 
Figure 12. Outputs using the (a) Canny and (b) Lee Sigma edge detection filters based on the annual 765 
minimum panchromatic layer of center pivot fields located within the Al Jawf region (Landsat path/row 766 
172/39). 767 
 768 
Watkins and van Niekerk (2019) produced edge detection layers for multiple images (and multiple bands) 769 
in a time-series and aggregated all edge detection layers. In our study, we first aggregated all images in 770 
the time series to produce the annual minimum panchromatic layer and then generated an edge detection 771 
layer based on the aggregated images. As change in the agricultural extent of center pivot fields may vary 772 
significantly within a year, e.g. because of crop rotations, and different center pivot field sections being 773 
used at various times, the initial image band aggregation prevented the detection of multiple short-term 774 
edges occurring only in a few images. These observations were similar for both the annual minimum 775 
panchromatic and maximum NDVI layers. Batra et al. (2016) showed that detection of weak edges can 776 
cause unwanted noise within fields, which can impact a segmentation approach based on edge detection 777 
layers. Our mapping workflow took a different approach that did not directly rely on the segmentation of 778 
edges, but rather used edges for identifying cut-off locations between adjoining center pivot fields, i.e. 779 
the boundaries of neighbouring center pivot fields located so close to each other that they appeared to 780 
adjoin at the Landsat image scale. Despite the importance of identifying the edges of center pivot fields, 781 
our approach relied less on edge detection for segmenting objects than other research studies (e.g. 782 
Watkins and van Niekerk, 2019), as object adjustment steps based on the annual maximum NDVI layer 783 
were included throughout the processing workflow to achieve higher mapping accuracies. While this 784 
required the rule set to be expanded, it ensured that its application was suited at the national scale to 785 
account for varying field edge scenarios (such as those depicted in Figure 12). Watkins and van Niekerk 786 
(2019) acknowledged the limitation of relying solely on edge detection techniques for individual field 787 
segmentation.  788 
 789 
Kohli et al. (2013) defined rule set transferability as the degree to which a particular method is capable of 790 
providing comparable results for other images and areas with only minor manual adaptations required 791 
for different imaging conditions. We developed our rule set based on five 50 x 50 km areas, i.e. 12,500 792 
km2 of the image data from 2015, which accounted for approximately 2% of the 650,000 km2 study area 793 
that the rule set was applied to. Hence, the object-based rule set developed herein clearly demonstrated 794 
its transferability across environmental conditions and management practices, accounting for differing 795 
center pivot field patterns, shapes, sizes and conditions, and in areas with varying anthropogenic and 796 
natural features bordering the center pivot fields across three different years, i.e. 2013, 2014 and 2015. 797 
The transferability of the rule set was validated by correctly detecting > 93.5% of over 36,000 center pivot 798 
fields in 2013, 2014 and 2015 across the 650,000 km2 area, with median errors < 4% for mapping their 799 
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areal extent. Other object-based (e.g. Watkins and van Niekerk, 2019; Yan and Roy, 2014) and machine 800 
learning approaches (e.g. Albuquerque et al., 2020; Saraiva et al., 2020;  Zhang et al., 2018) have focused 801 
on much smaller study areas with fewer center pivot fields (633 - 6,556). These studies occurred within 1-802 
3 study sites, and covered less than the extent of a single Landsat tile. In contrast, our focus area covered 803 
20 Landsat tiles, spanning over 1,500 km. Considering the extensive study area encompassing all the key 804 
agricultural regions of Saudi Arabia, it seems likely that our rule set should be transferable to other regions 805 
with similar environmental conditions, such as countries within the Middle East and North Africa, with 806 
little to no modifications required. Future work will focus on testing this hypothesis and expanding center 807 
pivot field accounting to these other locations. 808 
 809 
While the rule set used for the object-based processing routine to delineate center pivot fields could be 810 
completed in a matter of hours for Saudi Arabia, when applying a batch processing approach for the 20 811 
selected Landsat tiles, the data preparation and semi-automated and manual editing steps increased the 812 
computation time. Future work should explore the potential to build models, e.g. using machine learning 813 
approaches, that are based on the highly accurate map products generated in this project for 814 
extrapolation to epochs with no available training data. Cloud-based platforms such as the Google Earth 815 
Engine and the Amazon Web Services may be suitable for such applications (Gumma et al., 2020; Kharel 816 
et al., 2020; Samasse et al., 2020). For example, Marszalek et al. (2020) found that a random forest 817 
approach for mapping crop type and field boundaries from Sentinel-2 imagery with the Google Earth 818 
Engine could be used for predictions in 2018, based on a model trained with data from 2016 and 2017. 819 
Their results are similar to ours in that the rule set developed herein was based on imagery from 2015 820 
and successfully applied to imagery from both 2013 and 2014. While environmental factors such as 821 
extreme rainfall or drought events may significantly alter the appearance of landscape variables and 822 
growth patterns, and hence affect the representativeness of training data used for machine learning 823 
approaches executed on cloud-based platforms (Johansen et al., 2015; Marszalek et al., 2020), these 824 
factors pose less of an issue in Saudi Arabia due to the consistently dry and hot climate (Alkolibi, 2002). 825 
 826 
With climate change and associated water depletion predicted to affect agricultural production in the 827 
future, it is imperative to develop tools and approaches that assist with the management and monitoring 828 
of agricultural activities (Basso and Antle, 2020). Accurate and timely national scale mapping of 829 
agricultural extent and spatial distribution can contribute to policy development as well as guide and 830 
assess the impact of implemented policies or sustainable practices (Grindle et al., 2015). Indeed, the 831 
development and adoption of automated mapping approaches are increasingly required to enable 832 
informed decision-making by both governments and farmers, with the aim of increasing food production 833 
while reducing the use of irrigation. Such tools are particularly relevant in Saudi Arabia and other Middle 834 
Eastern countries, where the unsustainable exploitation of fossil groundwater systems has significantly 835 
depleted aquifers (Martinez-Valderrama et al., 2020). Without accurate and actionable information on 836 
the extent and location of individual agricultural fields, it is impossible to reverse further degradation of 837 
water resources or to accurately estimate the amounts of water used for irrigation and abstracted from 838 
aquifers (Lopez et al. 2020). Another important step for provision of accurate information on agricultural 839 
water use is the classification of crop types within individual center pivot fields, due to their differing 840 
irrigation requirements (Deines et al., 2019). The map products derived herein provide a foundation for 841 
classification of crop type for individual center pivot fields. They also provide an overview of the proximity 842 
of various fields, which is important from a biosecurity perspective, as that can facilitate predictions of 843 
potential spreading of pest outbreaks, e.g. from aphids, beetles, and locust (Johansen et al., 2018; 844 
Johansen et al., 2014; Karthikeyan et al., 2020). These and similar examples emphasize the application 845 
value of accurate maps detailing the distribution and extent of agricultural fields to support food and 846 
water security. 847 
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 848 
5. Conclusions 849 
A geographic object-based image analysis approach was developed to document the annual total number 850 
and extent of individual center pivot fields in Saudi Arabia, using a time-series of Landsat-8 imagery for 851 
the years 2013, 2014 and 2015. A detection rate of approximately 94% was achieved for center pivot fields 852 
using the object-based rule set. The area of individual circular and fan-shaped center pivot fields was 853 
mapped with an average combined error of ≤ 5.11%. Larger center pivot fields were generally mapped 854 
with higher accuracies than smaller fields. The 36,052, 38,114 and 37,254 mapped center pivot fields 855 
covered an area of 11,103, 11,902 and 11,555 km2 in 2013, 2014 and 2015, respectively. The benefits and 856 
application value of our research are manifold. The results of our object-based mapping approach can 857 
provide direct agroinformatic insights, and complement and support further application needs to predict 858 
water use and future irrigation needs, both regionally and nationally. They can also facilitate production 859 
forecasts and optimization, assist with biosecurity assessments, inform supply chain requirements, and 860 
better manage water, fertilizer and pesticide applications. Expanding the object-based approach for 861 
multiple decades would provide information on the impact of government subsidies, policy initiatives, 862 
import and export taxation regulations, and other initiatives to control and shape the agricultural sector, 863 
whether in Saudi Arabia or in other country level mapping exercises. Of considerable interest is the 864 
potential use of such maps as highly accurate and extensive training data for the development of machine 865 
learning approaches, with future work aiming to explore these application options for extended epochs 866 
in other dryland environments. With increasing food and water insecurity presenting as issues of global 867 
concern, the development and adoption of novel approaches suited for large scale mapping will be 868 
imperative for providing timely and actionable information for farmers, governments and other 869 
management agencies. 870 
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