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ABSTRACT 

A Multi-platform Comparison of Phenology for Semi-automated Classification of 
Crops 

Sarah Kanee 
 
 
 

 Remote sensing has enabled unprecedented earth observation from 

space and has proven to be an invaluable tool for agricultural applications and 

crop management practices. Here we detect seasonal metrics indicating the start 

of the season (SOS), the end of the season (EOS) and maximum greenness 

(MAX) based on vegetation spectral signatures and the normalized difference 

vegetation index (NDVI) for a time series of Landsat-8, Sentinel-2 and 

PlanetScope imagery of potato, wheat, watermelon, olive and peach/apricot 

fields. Seasonal metrics were extracted from NDVI curves and the effect of 

different spatial and temporal resolutions was assessed. It was found that 

Landsat-8 overestimated SOS and EOS and underestimated MAX due to its low 

temporal resolution, while Sentinel-2 offered the most reliable results overall and 

was used to classify the fields in Aljawf. Planet data reported the most precise 

SOS and EOS, but proved challenging for the framework because it is not a 

radiometrically normalized product, contained clouds in its imagery, and was 

difficult to process because of its large volume. The results demonstrate that a 

balance between the spatial and temporal resolution of a satellite is important for 

crop monitoring and classification and that ultimately, monitoring vegetation 

dynamics via remote sensing enables efficient and data-driven management of 

agricultural systems. 
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Chapter 1: Introduction and Background 

 

1.1 Remote sensing 

Remote sensing is the detection of an object’s physical characteristics 

from a distance by measuring its reflected and emitted radiation. Over the last 

several decades, it has proved to be an invaluable tool for enhancing our earth 

observation capacity. It enables the collection of global scale information about 

Earth’s surface and is utilized in diverse fields including geology, ecology, 

oceanography, and meteorology (Liu P., 2015). The range in applications is due 

to the different spectral, spatial, and temporal resolutions of satellite platforms.  

The spectral resolution defines the sensor’s ability to resolve finer 

wavelengths of light within defined intervals, called ‘spectral bands’. Multispectral 

sensors are defined as having 3-6 spectral bands from the visible and near-

infrared region, while hyperspectral sensors nearly have a continuous spectral 

reflectance signature with up to several hundred spectral bands in the visible, 

near infrared, mid-infrared, and short-wave infrared regions (Govender, M., 

2009). Additionally, satellites can range in the time they take to revisit the same 

area, known as the “revisit time,” from daily (e.g., PlanetScope) to every 16 days 

(e.g. Landsat-8) for some of the sensors used herein. The revisit time is 

dependent on the imaging platform and satellites have fixed intervals because of 

their placement in Earth’s orbit. Satellites can also range in their spatial 

resolution, i.e., the amount of detail expressed within a pixel, spanning low 
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resolutions (>100m/pixel), medium resolutions (10-100m/pixel) and high 

resolutions (<5m/pixel), although this distinction is rather arbitrary.  

Another important aspect of remote sensing is the availability of ground 

truth data for calibration and validation, for discriminating real features in the 

imagery from artifacts, and for modeling biophysical and biochemical properties 

based on the spectral bands of the image data. Ground truth data is sometimes 

referred to as “labeled” data and is important for the validation of prediction and 

classification tasks. One of the major challenges in remote sensing is attaining 

labeled datasets for a variety of reasons including the inaccessibility, 

unavailability or large size of the dataset. This is particularly true in machine 

learning applications where acquiring labeled data is the biggest human 

bottleneck (Roh Y., 2019).  

Accurate and timely information about the spatial and temporal distribution 

of surface features on Earth, such as agricultural crops and plantations, is 

important for their management. For example, the timing and length of growth 

stages can be identified from remote sensing datasets and used as a guide for 

current and future agricultural efforts. This is known as land surface phenology 

and has been the subject of numerous studies since the advent of remote 

sensing (Helman, D., 2018).   

1.2 Crop monitoring via remote sensing 

Phenology is the study of the timing of periodic biological events in the life 

cycle of plants and animals. Plant phenology is considered a strong bioindicator 
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of climate change because plants are particularly sensitive to changes in 

temperature and precipitation (Parmesan & Yohe, 2003). Global warming 

induced by high levels of CO2 can have a positive effect on crops by improving 

photosynthesis and crop water productivity (Schmidhuber & Tubiello, 2007), but 

increasing temperatures expedites plant development, shortens growing 

seasons, and can reduce yields (Wheeler et al., 2000). Agriculture remains the 

field affected the most by global warming (Fisher et al. 2012) and because of the 

pivotal role cropping systems play in climate change, food security, and 

downstream economic activities, it is of paramount importance to understand the 

relationship between plant growth dynamics, phenology, and environmental 

conditions (Pretty et al., 2010). 

There are many ways to identify plant phenology stages visually, including 

field surveys, ground-based digital photography, and satellite-based remote 

sensing. Field surveys are expensive and time-intensive, and humans generally 

cannot distinguish gradual changes in phenology beyond major events such as 

tree leafing and flowering (Sparks, T.H, and Menzel, A., 2002).  Phenocams are 

an example of digital cameras that are mounted in a fixed location and provide 

near-continuous ultra-high resolution RGB imagery (Richardson et al., 2007). 

Ground-based Phenocams have primarily been used to monitor vegetation in 

natural settings such as deserts, forests, and grasslands in North America 

(Brown et al., 2016; Browning et al., 2017; Sonnentag et al., 2012) with little 

focus on agricultural cropping systems (Aasen et al., 2020). Because of its ultra-

high spatiotemporal resolution, digital repeat photography is often used for 



13 
 

phenology validation and not for environmental monitoring because it collects 

only single point observations.  

On the other hand, agriculture and vegetation dynamics have been 

extensively monitored from space due to the availability of high-quality satellite 

imagery of different spatial and temporal resolutions since the 1970s (Weiss et 

al., 2020). By taking advantage of the information derived from satellite remote 

sensing, crop health and development can be monitored. For example, by 

utilizing the association of healthy green vegetation with red and infra-red 

reflectance, vegetation properties can be magnified at different spatial and 

temporal scales by combining two or more spectral bands (Rouse, 1973).  

1.3 Crop monitoring via vegetation indices 

Healthy plants are characteristically green because chlorophyll pigment 

absorbs light in the red and blue regions of the visible light spectrum and reflects 

green wavelengths during photosynthesis. Additionally, healthy plant leaf cells 

reflect near-infrared wavelengths and provide information about leaf structure.  

These differences in spectral reflectance can be transformed into vegetation 

indices (VI’s) that reveal specific characteristics of vegetation and allow the 

health, productivity and density of plants to be monitored at any given moment 

(Rouse, 1973).  

There are over one hundred indices that can be used to analyze 

vegetation, but the most popular is the normalized difference vegetation index 

(NDVI). Although it is simple to use and generally effective, it is sensitive to soil 
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background signals and atmospheric influences in dense vegetation 

environments. The soil adjusted vegetation index (SAVI) corrects for soil 

brightness in NDVI, and the enhanced vegetation index (EVI) corrects for both 

sensitivities as well as aerosol scattering (Bannari A., 1995). Using vegetation 

indices, it is possible to extract vegetation properties over time and compute 

plant phenology metrics that are necessary for effective crop management such 

as the timing of field sowing and harvesting and of peak vegetation greenness, 

as well as the length of the growing season.  

Leaf green-up has been the focus of vegetation phenology studies, 

especially with the recent availability of CubeSats, which offer higher spatial and 

temporal resolution imagery than more traditional remote sensing platforms. In 

addition to green-up metrics, CubeSats have recently demonstrated success 

detecting flowering stages in sub-alpine meadows as well as in West Australian 

forests (John, A., 2020; Dixon, D.J., 2021). Both studies used NDVI and random 

forest algorithms in their classification and relied on extensive ground truthing of 

their data. 

1.4 Crop classification via remote sensing 

Land cover classification is one of the most performed remote sensing 

tasks and is a crucial parameter used in ecological, hydrological, and agricultural 

modelling (Phiri, D., 2017).  Generally, there are two types of land cover 

classification methods: supervised and unsupervised classification.  Supervised 

methods can be pixel-based or object-based and require labeled data to correctly 
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classify spectrally similar features, while unsupervised methods group pixels with 

similar spectral features into clusters (Phiri, D., 2017).  According to the 

International Geosphere-Biosphere Programme, there are 17 major land cover 

classes, one of which is croplands (Belward, AS., 1992). 

While there are satellite-derived land cover maps of diverse regions of 

Saudi Arabia available (Al-Ahmadi, 2009; Alqurashi, 2016; Albalawi, 2018; Salih, 

2018), there is a distinct lack of crop classification data of the area, and no 

prevailing crop-type classification method in the literature (Heupel, K., 2018). 

Crop classification maps are difficult to construct because they require ground-

truth data for validation at a much finer scale than what is available via traditional 

satellite platforms. In agricultural settings, crop data is typically acquired via 

human reporting; however, this data is often not available or accessible to the 

public. In the Aljawf region, there has been only one published crop classification 

study and it relied on data references acquired from the Al Rajhi agricultural 

company (Al-Rhumikhani and Din, 2004).  

1.5 Analysis of remote sensing data via Google Earth Engine 

It is impossible to maximize the spatial and temporal features of a satellite 

without significantly increasing the volume of the data acquired.  Regardless of 

the resolution of the data, processing remote sensing data requires extensive 

memory and computational resources that can rapidly exceed the specifications 

of desktop computers. Cloud computing platforms such as Google Earth Engine 

(GEE) and Amazon Web Services have emerged in response to this limitation 
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and host a variety of large geospatial datasets that are ready for analysis 

(Gorelick et al., 2017; Ferrieria et al, 2020).  

GEE is the most popular cloud computing platform and has enabled 

complex as well as on-the-fly exploratory analysis of global datasets, making 

great leaps in helping address global challenges including, but not limited to, 

species habitat monitoring, flood and drought monitoring, agricultural monitoring 

and land use/land cover mapping (Tamiminia, H. et al, 2020).  However, because 

it is a shared computing resource, there are enforced memory limitations that 

require large computations to be parallelizable (Gorelick, 2017). Consequently, 

the platform performs per-pixel band-math, spectral unmixing, and statistical 

operations such as time-series analysis exceptionally well, but is unsuitable for 

lengthy operations, which require processing of large volumes of data at once, or 

for performing non-linearized data transformations. As such, there are few 

phenology studies that have been carried out within GEE itself (Descals, A., 

2020). 

1.6 The spatial-temporal trade off 

Monitoring plant phenology growth stages via vegetation indices derived 

from satellite imagery has proven possible over different spatial and temporal 

resolutions.  However, there are unavoidable trade-offs in terms of the 

information that can be acquired from any given sensor at a given time.  Sensors 

with high spatial resolution capture fine detail and can distinguish sources of 

spatial variability on the ground; however, they produce large volumes of data 
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that are expensive to process. Sensors with low spatial resolution on the other 

hand require little processing power and are low-cost, but due to the large size of 

pixels, small adjacent objects may fit into single “mixed” pixels that are unclear in 

what they represent on the ground (Small, 2004).  Sensors with high temporal 

resolution collect information frequently and can record quick changes in 

behavior but typically provide low global coverage.  Sensors with low temporal 

resolution provide high global coverage but may not record important information, 

especially where there are not enough cloud-free observations available 

(Durgun, Y.O, 2020). Imagery that combines high spatial and temporal resolution 

is typically collected via a constellation of mini satellites (e.g., CubeSats) that 

capture different locations across the globe, but often face cross-sensor 

calibration issues (Houborg, R., & McCabe, M. F., 2018).  

It is therefore crucial to consider the impact of these trade-offs on the 

individual application and either maximize one resolution at the expense of 

others or choose an overall medium resolution with no emphasis on any specific 

resolution. In this thesis, remote sensing techniques are employed in the Google 

Earth Engine (GEE) to characterize vegetation phenology over time in order to 

assess the differences in spatiotemporal capabilities across three multispectral 

satellite platforms. 

1.7 Objectives and Scope 

Agriculture has benefited tremendously from the different satellite-based 

image data options available today. However, understanding the trade-offs with 
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respect to the application is crucial in crop management. This thesis aims to aid 

decision-making by illustrating the spatial and temporal resolution trade-offs 

relevant to the identification and monitoring of crops. The main objectives of this 

study are to: 

1. Compare spatio-temporal resolutions of Landsat-8, Sentinel-2 and 

PlanetScope  

2. Derive normalized difference vegetation index (NDVI) maps from each 

dataset to construct a time-series of agricultural fields for the year 2020  

3. Extract useful phenology metrics from the NDVI time-series using a fixed 

threshold  

4. Classify fields by crop-type according to phenology metrics 

5. Assess the advantages and disadvantages of using the three platforms 

 

This thesis contains four chapters: introduction and background, data and 

methods, results and discussion, and conclusion. The first section introduces the 

general field of remote sensing, its applications across fields, cloud computing 

limitations to satellite imagery analysis, and agricultural remote sensing. The 

second describes the datasets and details the methods used to extract metrics 

important to farmers, and justifies the methods used in this study.  The third 

highlights the results of the study using vegetation indices maps, average NDVI 

time series curves of all fields and vegetation types and extracted phenology 

metrics. The fourth chapter takes the results a step further and provides analysis 

of trends in the data and evaluates the methods used in the study. The final 

chapter synthesizes the results and analysis and identifies steps for future work.  
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Chapter 2: Materials and Methods 

2.1 Study Area  

This study examined a 200 km2 farm in Al-Jawf, Saudi Arabia (Figure 1), 

located in the northern part of the Kingdom between latitudes 29-32 N and 

longitudes 36-41E. Al-Jawf is one of the country’s most productive agricultural 

regions with a total cultivated area of approximately 460,000 ha (Gomaa, 2012). 

The region exhibits hot summers and cool winters with mean monthly 

temperatures of 10°C in January and 32°C in August, and average humidity 

ranges of 25% in the summer to 55% in 

the winter (Lopez et al., 2020). The 

country is characterized by extreme 

aridity, demonstrated in Al-Jawf’s low 

mean annual rainfall of 55 mm during 

its rainy season between October and 

May (Gomaa, 2012). Olive, peach, and 

apricot trees, as well as watermelon, 

potato, and wheat crops are reportedly 

grown in this study area. Not enough water is available to irrigate the crops from 

rainfall and fields in this study area are thus entirely irrigated with water pumped 

from underground aquifers (Chowdhury et al., 2016).  

 

Figure 1. Google Earth image of study area in Aljawf, 
Saudi Arabia 
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2.2 Data  

Three satellites platforms of different spatial and temporal resolution are 

compared in this study: Landsat-8, Sentinel-2 and PlanetScope, as summarized 

in Table 1.   

2.2.1 Landsat-8 

Landsat-8 is a multispectral, medium-resolution satellite that has been 

collecting global imagery since February 2013. It is a sun-synchronous near-

polar satellite with a revisit time of 16 days and depending on the spectral band, 

can resolve 15-100 meters on the ground. It carries two instruments: the 

Operational Land Imager (OLI) and the Thermal Infra-Red Sensor (TIRS), which 

collectively cover 11 bands in the visible, near infrared, short-wave infrared, and 

thermal infrared regions of the electromagnetic spectrum. The red, blue, green 

and near infrared bands have 30-meter resolution and are often used for 

agriculture, forestry, and land use/cover applications (Sishodia, 2020). For this 

study’s purposes, the USGS Landsat 8 Surface Reflectance Tier 1 image 

collection was selected because it is geometrically and atmospherically corrected 

and includes a quality assessment band that represents the quality of a given 

pixel in terms of surface, atmosphere and sensor conditions (Li, H., 2019).  This 

band was used to remove poor quality images due to cloud coverage from the 

dataset. 
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2.2.2 Sentinel-2 

The Sentinel-2 constellation comprises two identical multispectral, high-

resolution satellites launched in June 2015 and May 2017. They are sun-

synchronous near-polar satellites that operate within the same orbit at an angle 

of 180° from each other, offering different viewing angles of the earth’s surface. 

Their combined revisit time is every five days, and they can resolve 10-60 meters 

on the ground, depending on the spectral band. They each cover 13 bands in the 

visible, near infrared, and short wave infrared spectral range. The red, blue, 

green and near infrared bands have 10-meter resolution and are used 

extensively in agricultural and environmental monitoring (Sishodia, 2020). Here, 

the Copernicus Sentinel-2 MSI: MultiSpectral Instrument, Level-2A image 

collection was selected.  Similar to the Landsat-8 dataset, the Sentinel-2 imagery 

available on GEE is geometrically and atmospherically corrected and contains 

the quality assessment band that was used to mask and remove cloudy images 

from the dataset. 

2.2.3 PlanetScope  

PlanetScope is a constellation of over 150 multispectral, high-resolution 

CubeSats called “Doves” that collectively provide daily global coverage. The 

doves are sun-synchronous near-polar satellites with 3-meter spatial resolution. 

PlanetScope data is often used for real-time monitoring of agricultural fields 

because of its high spatial and temporal resolution (Planet, 2018). Due to the 

large volumes of high-quality data offered, the data is not free-of-charge and 
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requires significant processing power. For this study, images were chosen from 

the PS Analytic Ortho Scene product--an atmospherically and geometrically 

corrected surface reflectance product--that covers red, blue, green, and near 

infrared spectral bands. Images of the area that were collected on the same day 

were merged using GDAL in python. The accompanying metadata used for pixel 

quality assessment, ie the Usable Data Mask (UDM2), was lost in the merging 

process and limited the ability to remove clouds from the dataset. Additionally, 

the data proved too large to upload to GEE given its 250GB memory limit and 

had to be uploaded and analyzed in two separate batches.   

 

Table 1. Summary of sensor spatial/temporal resolutions of bands of interest 

Sensor Band Resolution Revisit time 

Landsat-8 Band 4 
Band 5 

30 m 
30 m 

16 days 

Sentinel-2 Band 4 
Band 8 

10 m 
10 m 

5 days 

PlanetScope Band 3 
Band 4 

3 m 1 day 

 

2.3 Methods 

 Phenology metrics were derived from each platform to assess the effect of 

spatial and temporal resolution on phenology metric estimates. The resulting 

metrics were then used to classify fields in the Aljawf farm in a semi-automated 

manner.  For each platform, this process involved computing the NDVI time 

series over the year 2020, interpolating missing values in the series, smoothing 

the data with a regression line and using a fixed threshold value to extract the 
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start of the season (SOS), end of the season (EOS), peak greenness (MAX), and 

the length of the season (LOS).  This workflow is summarized in Figure 2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.4 Normalized Difference Vegetation Index 

One of the most widely used vegetation indices is the Normalized 

Difference Vegetation Index (NDVI), detailed as follows: 

NDVI = (NIR – R)/(NIR + R) 

where NIR and R are the near-infrared and red reflectance bands, 

respectively. NDVI values range between -1.0 and +1.0. Positive values 

represent vegetation, with higher NDVI values indicating healthy and dense 

vegetation, and lower values indicating unhealthy or sparse vegetation. Values 

Landsat-8 

imagery 

Sentinel-2 

imagery 

PlanetScope 

imagery 

Remove clouds Merge orthotiles 

ororthotiles 

Construct mean NDVI time series for each field  

Interpolate missing data 

Fit moving linear regression for phenology metric extraction 

Assess curve fitting method  

Compare metrics Classify crops 

Figure 2. Methods flowchart 
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near zero represent non-vegetative features such as soil, rock or snow, and 

negative values represent water (Bannari, A., 1995).  

NDVI is easily computed and is a powerful proxy for vegetation 

greenness. However, it saturates in high biomass conditions and is unable to 

accurately differentiate between high or very high plant cover. It is also sensitive 

to canopy and soil background brightness. Other vegetation indices can be used 

in tropical or snowy regions where NDVI fails, however, it is suitable for the study 

of agricultural crops such as the ones in this work. 

The NDVI was computed pixel-wise for each image of the Landsat-8, Sentinel-2 

and PlanetScope datasets collected in the year 2020 between the months of 

January and October. A maximum-value composite (MVC) image was created by 

retaining only the highest NDVI value each pixel held that year and was used to 

delineate the fields of interest using Google Earth Engine’s drawing tool. This 

was completed for each satellite platform to account for the differing spatial 

resolutions.  

 

 

Figure 3. Example delineation of the fifteen fields from Landsat-8 NDVI MVC 
using the Google Earth Engine drawing tool. 
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The areas highlighted in Figure 3 show the fields used in this study. Specific 

fields were selected based on 1) the degree of similarity in their temporal 

signatures; 2) the completeness of data after accounting for Planet data issues; 

and 3) whether the time series could fit within the downloaded year of imagery.  

 

2.5 Time series analysis  

Knowing and predicting the timing of principal growth stages is of interest 

to farmers to minimize costs and maximize yields. Phenology metrics can be 

identified using NDVI as a proxy for greenness and thus stages of growth. In this 

work, extracting these metrics was done in three steps: 1) data preprocessing, 2) 

data smoothing, and 3) data thresholding.  

Data collected from satellite sensors invariably contain noise and 

discontinuities due to the condition of the sensor, as well as environmental 

conditions such as cloud coverage. Preprocessing normally involves performing 

geometric, radiometric, and atmospheric corrections as well as removing clouds 

and their shadows from the imagery. Only data corrected for atmospheric surface 

reflectance was selected for analysis, and clouds were removed from Landsat-8 

and Sentinel-2 data using CFMask (Zhu and Woodcock, 2012). On the other 

hand, clouds in the CubeSat data remained unfiltered because the dataset’s 

metadata was lost in the mosaicing process. This inevitably impacted the quality 

of the data overall, but NDVI values below 0.1 were filtered out to remove the 

most extreme values. 
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After the preprocessing, the time series was left with gaps on days that 

were excluded from the analysis for not meeting the criteria of having less than 

30% cloud coverage. This is a necessary step in time series analysis, and 

several methods of data smoothing have been demonstrated in the literature, 

performed either via empirical, data transformation or curve fitting methods 

(Zeng, 2020). Each method attempts to best fit the collected data and reduce the 

noise, with some methods addressing patterns such as asymmetric time-series 

(Jönsson and Eklundh, 2002), two-stage decline (Zhang, 2015), or multiple 

growing seasons (Eilers, 2003). There is no agreed-upon smoothing method in 

the literature, a reflection of the complexity of vegetation monitoring. 

In this study, a linear regression moving window was fitted to the NDVI 

time series to obtain a smooth curve. The linear regression line is of the 

equation: 

 ŷ = 𝑚𝑥 + 𝑏 

where ŷ is the fitted NDVI, m is the slope, x is the NDVI, and b is the 

intercept. The GEE linear regression function LinearFit() is the least-squares 

method which calculates the best fitting line by minimizing its residual sum of 

squares (RSS). This method does not allow positive values to cancel negative 

values because they are squared first then summed. The moving window was 

defined differently per platform according to their temporal resolution in order to 

maximize the line’s fit without overfitting it. The size of the two-sided moving 

window was chosen via trial and error, and selected for Landsat was 32 days, 10 

days for Sentinel and 10 days for Planet to avoid overfitting the noise too much.  
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This smoothing approach was selected to accommodate the need to process 

Planet data in different batches due to its large size. Using a smoothing algorithm 

that is based on fitting a curve to the whole series was not possible, and other 

attempted methods of smoothing proved computationally too expensive to 

perform. Nonetheless, the method is fast, works well with Google Earth Engine’s 

linearized computation capabilities, and does not require parameter tuning 

beyond the window size, thus reducing user-introduced bias. Since the linear 

regression was based on minimizing the RSS, its performance was assessed by 

taking the square root of the RSS mean, also known as the Root Mean Squared 

Error (RMSE) metric which measures the average magnitude of the error. 

 𝑅𝑀𝑆𝐸 =  √Σ(𝑦 − ŷ)2 / 𝑛  

where y is the original NDVI series, ŷ is the fitted series and n is the 

number of non-missing observations. This method has the added benefit of 

penalizing large error terms as well as being expressed in terms of the variable of 

interest, NDVI.  Additionally, the Normalized Root Mean Squared Error (NRMSE) 

is computed to give a better sense of the magnitude of the error across sampling 

sizes. 

𝑁𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸 / ȳ    

where ȳ is the average value of the observations. 

2.6 Extraction of phenology metrics 

There are many methods to extract phenology metrics using NDVI time 

series reported in the literature ranging from simple threshold-based methods 
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and more complicated change detection-based methods (Zeng, 2020). A fixed 

thresholding method was selected for this study for similar reasons explained in 

Section 2.2.3. Although a dynamic threshold can better account for differences in 

vegetation type, it is sensitive to noise, and because the fields contain singular 

crop types surrounded by soil without much interference from other vegetation 

types, a fixed threshold was appropriate. The NDVI threshold used was 0.2 to 

signify growth above barren land and soil NDVI values (Myneni et al., 1997). The 

method identifies the SOS as the first day after the threshold value and EOS as 

the last day before the threshold value. Additionally, other important metrics such 

as the peak of season greenness (MAX) and the season’s length (LOS) were 

extracted. For orchards, since they experience NDVI values above 0.2 year-

round, the MAX and MIN of the year were extracted. These metrics served as the 

basis of the comparison of the spatiotemporal trade-off among the selected 

satellite platforms. 

2.7 Classification of crops  

 One of the challenges of this study was labeled or ground truth data for 

the fields because reference datasets for this farm are not publicly available. 

Using the Google Earth Engine Inspector Tool, the derived phenology metrics 

were used to classify crop types and construct a map containing labels of each 

field.      
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Chapter 3: Results and Discussion 

In this section, results from imagery derived from the three satellite 

platforms, Landsat-8, Sentinel-2 and PlanetScope, are reported from fifteen fields 

containing three types of plant crops and two types of tree crops. Using GEE, the 

NDVI was calculated pixel-wise from the preprocessed data and visualized in the 

maps as described in Section 2.3. Figure 4 shows that overall, Sentinel-2 has the 

highest maximum NDVI values as well as the highest mean NDVI value, followed 

by Landsat-8 and then by PlanetScope.  These maps should all exhibit similar 

NDVI values, and to understand the cause of this variation, fifteen fields are 

analyzed spatially and temporally in more depth.    

            

  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
5 km 

Mean NDVI Composites 

Max NDVI composites 

L8 S2 PS 

Figure 4. Maximum (grayscale) and mean (false-color) NDVI composite maps for Landsat-8 (L8), 
Sentinel-2 (S2) and PlanetScope (PS) imagery of the study area. Brighter pixels indicate higher index 

values and thus represent greener and/or denser vegetation. 
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3.1 NDVI time series for selected fields 

The extracted phenology metrics were based on a fixed NDVI threshold 

applied to the smoothed time series. The threshold value was selected in relation 

to soil and barren land NDVI values, and any values above the threshold were 

considered part of the crop growth cycle.  As shown in Figure 5, the soil NDVI 

was relatively constant and roughly equal to 0.1 year-round. Additionally, the 

barren land exhibited slightly higher NDVI values due to very sparse vegetation 

and/or the presence of weeds, 

but generally did not surpass 

0.2.  Each group of crops (as 

delineated in Figure 3) are 

compared in this section across 

the three satellite platforms. For 

a full list of phenology metrics 

across fields, see Tables 1, 3 and 5 in the Appendix. 

3.1.1 Red Fields 

As shown in Table 2, the red fields in the Landsat time series had an LOS 

of 101 ± 9 days, with a SOS on day 90 ± 9, an EOS on day 186 ± 9, and a MAX 

on day 130 ± 12. This variation is due primarily to limitations in the smoothing 

regression algorithm which runs a two-sided moving window across each 

observation and fits a line through the time series that reduces its residual sum of 

squares.  Because of Landsat’s 16-day revisit time, the sparsity in observations 
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Figure 5. NDVI time series of soil and barren land 



31 
 

can lead to biased curve fitting, particularly when there are sharp changes in 

NDVI.  

In comparison, Sentinel time series had an LOS of 101 ± 12 days, an SOS 

on day 85±0, an EOS on day 186 ± 12, and a MAX on day 126 ± 3.  The 

variation in LOS here seems to be due to differences in EOS, which upon closer 

inspection (see Figure 2 in Appendix), are also due to the smoothing algorithm 

underfitting the observations that exhibited the sharpest changes in NDVI despite 

Sentinel’s 5-day revisit time.  

Finally, the Planet NDVI curves had a LOS of 96 ± 3 days, with an SOS on 

day 90 ± 5, an EOS on day 186 ± 7, and a MAX on day 127 ± 3. There was little 

variation across fields due to the density of observations in the Planet time series 

which led to a better fitting curve regardless of its rate of change.   

In comparing these metrics across platforms, it can be noted that a high 

temporal resolution is important for monitoring changes that occur on a short 

timescale. This was evident not only by how much variation was reported in SOS 

and EOS, but also in the MAX. Landsat reached peak greenness at a MAX NDVI 

value of 0.665 ± 0.056, Sentinel at 0.809 ± 0.075, and Planet at 0.581 ± 0.047. In 

the case of Landsat, field 3 did not capture the season’s peak greenness 

because it occurred quicker than the sensor’s resolution.  Planet exhibited the 

lowest MAX NDVI values due to the presence of clouds in the dataset.  Despite 

the noisy data, Planet’s high temporal resolution provided more precise 

estimates of phenology timing.  
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Furthermore, a high spatial resolution is important for understanding in-

field dynamics.  For example, Field 3 seems to exhibit the lowest MAX NDVI 

value across all platforms.  The reason for this is not obvious from the Landsat 

imagery due to its coarse 30-m resolution, however, it is clear from the Sentinel 

and Planet data (which have 10-m and 3-m resolution, respectively) that a 

portion of that field contains fewer rows of crop than the rest of it, thus lowering 

the average NDVI of that field overall. 

 

Table 2. Phenology metrics of the red fields across platforms 

Platform Landsat Sentinel Planet 

Field Red1 Red2 Red3 Red1 Red2 Red3 Red1 Red2 Red3 

SOSday 79 95 95 85 85 85 84 93 93 

SOSNDVI 0.293 0.320 0.361 0.364 0.201 0.253 0.201 0.202 0.214 

EOSday 175 191 191 173 195 190 179 193 187 

EOSNDVI 0.276 0.266 0.212 0.231 0.207 0.205 0.209 0.209 0.216 

MAXday 127 143 120 123 128 128 124 129 127 

MAXNDVI 0.710 0.684 0.602 0.855 0.850 0.722 0.606 0.609 0.527 

LOSdays 112 96 96 88 110 105 95 100 94 

 

3.1.2 Yellow Fields 

As shown in Table 3 below, the yellow fields in the Landsat time series 

had a LOS of 155 ± 9 days, with a SOS on day 20 ± 9, an EOS on day 175 ± 16, 

and a MAX on day 85 ± 10. Like the red fields, this variation was due to the 

smoothing algorithm skipping pivotal observations exhibited near the SOS and 

EOS because of the sharp change in NDVI.  

On the other hand, Sentinel time series had an LOS of 133 ± 5 days, an 

SOS on day 22 ± 8, an EOS on day 155 ± 6, and a MAX on day 79 ± 25.  There 
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is little variation in SOS and EOS across fields, except for the day on which the 

MAX NDVI is recorded.  Yellow fields 1 and 2 exhibit their MAX NDVI after their 

green-up, whereas field 3’s is before its senescence. 

Finally, the Planet NDVI curves had a LOS of 127 ± 6 days, with an SOS 

on day 25 ± 0, an EOS on day 152 ± 6, and a MAX on day 78 ± 10. Like Sentinel, 

the highest variation among its fields were in its MAX NDVI, where field 3 peaked 

later than fields 1 and 2. 

This crop seems to exhibit a wider range of estimates of the phenology 

metrics than the red fields.  The LOS, for example, varies by nearly a month 

across platforms. The biggest differences are between Landsat and Planet, 

where Landsat grossly overestimates the SOS and EOS in comparison.  This is 

because of its low temporal resolution which could not adequately capture the 

almost-vertical green-up and senescence slopes.  The MAX NDVI values varied 

little across fields, but once again, Planet exhibited the lowest MAX values 

overall due to the presence of clouds in the dataset. 

 

Table 3. Phenology metrics of the yellow (ylw) fields across platforms 

Platform Landsat Sentinel Planet 
Field Ylw1 Ylw2 Ylw3 Ylw1 Ylw2 Ylw3 Ylw1 Ylw2 Ylw3 

SOSday 15 15 31 20 15 30 25 25 25 
SOSNDVI 0.231 0.235 0.285 0.242 0.283 0.214 0.230 0.284 0.216 
EOSday 175 159 191 158 148 158 155 145 155 
EOSNDVI 0.205 0.228 0.250 0.202 0.224 0.206 0.205 0.212 0.209 
MAXday 79 79 96 65 63 108 73 71 89 
MAXNDVI 0.755 0.806 0.805 0.816 0.862 0.880 0.614 0.605 0.634 
LOSdays 160 144 160 138 133 128 130 120 130 
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3.1.3 Blue fields 

As shown in Table 4 below, the blue fields in the Landsat time series had 

a LOS of 75 ± 9 days, with a SOS on day 175 ± 16, an EOS on day 207 ± 16, 

and a MAX on day 207 ± 16. These fields exhibit the largest consistent variations 

so far due to two factors: 1) how steep the NDVI green-up and senescence 

slopes were which resulted in the smoothing algorithm poorly fitting the original 

time series, and 2) the crops seem to be grown at different times across fields as 

evident in Figure 1 in Appendix.   

The Sentinel time series had an LOS of 70 ± 9 days, an SOS on day 178 

± 14, an EOS on day 248 ± 21, and a MAX on day 210 ± 16.  The time series 

appear to be well-fitted by the smoothing algorithm, and the variation was 

primarily due to the crops not growing at the same time.  

Similarly, the Planet NDVI curves had a LOS of 67 ± 5 days, with an SOS 

on day 178 ± 13, an EOS on day 245 ± 11, and a MAX on day 207 ± 17. The 

variability is due to the same reasons mentioned in the other two platforms where 

the timing of crop growth across fields is staggered. 

It is clear that a high temporal resolution was necessary to characterize 

this crop that exhibited such a short season that could not adequately be 

captured by Landsat’s long revisit time.  A high spatial resolution was also 

necessary in order to understand why field 1 exhibited higher MAX NDVI values 

than the other fields, which was not obvious from the Landsat imagery because 

of its coarse resolution.  From Sentinel and Planet data, there seems to be more 
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erosion of fields 2 and 3, and thus more soil, which leads to lower MAX NDVI 

values. 

 

Table 4. Phenology metrics of the blue fields across platforms 

Platform Landsat Sentinel Planet 

Field Blue1 Blue2 Blue3 Blue1 Blue2 Blue3 Blue1 Blue2 Blue3 

SOSday 159 175 191 165 175 193 165 178 191 

SOSNDVI 0.253 0.255 0.290 0.246 0.213 0.201 0.227 0.229 0.227 

EOSday 239 255 255 225 253 265 233 250 253 

EOSNDVI 0.215 0.281 0.363 0.214 0.222 0.201 0.202 0.204 0.230 

MAXday 191 207 223 193 215 223 189 212 221 

MAXNDVI 0.525 0.530 0.524 0.716 0.631 0.664 0.489 0.458 0.467 

LOSdays 80 80 64 60 78 72 68 72 62 

 

3.1.4 Green fields 

The green fields are tree crops and exhibited growth year-round.  Their 

phenology was assessed in terms of minimum and maximum NDVI values 

because they did not experience a sowing and harvesting cycle like the red, 

yellow, and blue crops.  As shown in Table 5, Landsat reached a its MIN NDVI 

on day 132 ± 33, and its MAX NDVI on day 352 ± 2. Very similarly, Sentinel’s 

MIN NDVI value was on day 134 ± 42 and its MAX NDVI value was on day 354 ± 

2.  Planet’s, on the other hand, exhibited its MIN NDVI value on day MIN 205 ± 

88 and its MAX on day 49 ± 16. 

Across platforms, there is more certainty with regards to the maximum, 

whereas the minimum varies widely. The minima are reported either during the 

days before or after the season’s maximum, depending on the field and the 

sensor.  Figure 1 in the Appendix, for example, shows Landsat’s MIN NDVI 
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occurring right before its MAX at the end of the year, whereas Sentinel shows the 

MIN NDVI after the brief senescence at the beginning of the year. This is due to 

the sparsity of the Landsat data where only one observation was recorded after 

the senescence, which subjected it to the smoothing algorithm bias.  Planet on 

the other hand exhibited inconsistent behavior due to persistent clouds during 

Aljawf’s rainy season between October and May.  Overall, field 3 had the highest 

NDVI of all fields because fields 1 and 2 contained more sparsely vegetated 

areas. 

Table 5. Phenology metrics of the green (grn) fields across platforms 

Platform Landsat Sentinel Planet 
Field Grn1 Grn2 Grn3 Grn1 Grn2 Grn3 Grn1 Grn2 Grn3 

MINday 143 95 158 85 158 159 104 256 256 
MINNDVI 0.3 0.381 0.409 0.367 0.294 0.396 0.315 0.253 0.286 
MAXday 351 351 355 355 355 351 331 352 363 
MAXNDVI 0.418 0.507 0.629 0.530 0.463 0.537 0.417 0.37 0.483 

 

3.1.5 Orange fields 

The orange fields exhibited year-long growth except in the first few months 

of the year where they exhibited near-barren NDVI values of 0.2. As shown in 

Table 6, Landsat reported MIN NDVI values on day 63 ± 16 and MAX NDVI 

values on day 212 ± 9. Sentinel exhibited similar behavior and reported MIN 

NDVI values on day 64 ± 8 and MAX NDVI values on day 234 ± 82. Planet, on 

the other hand, reported MIN NDVI values on day 70 ± 15 and MAX NDVI values 

on day MAX 184 ± 1. There is variation in the Landsat MIN due to its low revisit 

time during the green-up, and there is a lot of variation in Sentinel’s MAX due to 

field 1 which exhibits relatively constant NDVI over the course of the year after its 
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green up (see Figure 2 in Appendix) and is likely due to noise in the time series. 

The NDVI MIN and MAX values are the lowest in the Planet data due to the 

clouds which lower the fields’ average NDVI values, but generally, the values are 

similar across platforms. 

 

Table 6. Phenology metrics of the orange (ong) fields across platforms 

Platform Landsat Sentinel Planet 

Field Ong1 Ong2 Ong3 Ong1 Ong2 Ong3 Ong1 Ong2 Ong3 

MINday 79 63 47 73 60 58 80 76 53 

MINNDVI 0.288 0.267 0.226 0.247 0.227 0.199 0.223 0.22 0.204 

MAXday 223 207 207 328 183 190 184 185 184 

MAXNDVI 0.426 0.503 0.399 0.466 0.530 0.409 0.403 0.461 0.378 

 
 

3.2 Statistics 

Table 7 shows the residual mean squared error (RMSE) for each crop 

across the platforms. It can be noted that Sentinel-2 consistently shows the 

lowest errors for the plant crops, while Landsat-8 shows the lowest for the tree 

crops. Sentinel-2 performed the best because it was capable of observing the 

characteristic rapid changes in NDVI of the plant crops due to the sensor’s high 

temporal resolution, and outperformed Planet because its data was not as noisy.  

Landsat-8 performs better than the other platforms in the tree crops but this was 

due to sampling bias as it has few observations overall.  
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Table 7. Root mean squared error (RMSE) and Normalized RMSE (NRMSE)   
 of NDVI time series across platforms 

 

Although Sentinel-2 exhibits low errors, they seem to be higher for the 

crops that reach the highest NDVI peaks. In this case, it is primarily due to the 

smoothing window, which could not capture steep changes in curvature, despite 

Sentinel-2’s capability of sampling those days. That said, although it provides 

consistent SOS, EOS and MAX values using the thresholding method, this 

method also seems to be limited by the platform’s temporal resolution and a 

different method would likely better estimate the SOS and EOS. This holds true 

for Landsat data as well, although most differences in metrics were due to the 

satellite’s inherent temporal resolution. 

Planet data, on the other hand, exhibits relatively larger errors, indicating 

that there was large variability in the NDVI values of its observations. This, 

understandably, is because the clouds were not removed prior to performing the 

Platform Landsat Sentinel Planet Landsat Sentinel Planet 

Field RMSE RMSE RMSE NRMSE NRMSE NRMSE 

Red1 0.045 0.034 0.043 0.184 0.150 0.206 

Red2 0.039 0.038 0.052 0.151 0.148 0.223 

Red3 0.039 0.034 0.041 0.151 0.133 0.176 

Ylw1 0.052 0.046 0.046 0.160 0.148 0.172 

Ylw2 0.054 0.055 0.056 0.169 0.169 0.203 

Ylw3 0.061 0.049 0.053 0.193 0.156 0.195 

Blue1 0.045 0.018 0.023 0.007 0.084 0.116 

Blue2 0.042 0.026 0.025 0.167 0.112 0.122 

Blue3 0.048 0.024 0.023 0.221 0.118 0.122 

Grn1 0.015 0.022 0.049 0.048 0.053 0.137 

Grn2 0.018 0.016 0.035 0.044 0.050 0.118 

Grn3 0.032 0.033 0.064 0.072 0.070 0.169 

Ong1 0.020 0.032 0.039 0.057 0.087 0.125 

Ong2 0.026 0.041 0.045 0.067 0.100 0.136 

Ong3 0.019 0.024 0.037 0.060 0.074 0.130 
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analyses but also perhaps because the CubeSat sensors are generally not well 

calibrated against each other (Houborg, R., & McCabe, M. F., 2018). However, 

despite the noise in the data, the SOS and EOS phenology metrics are easily 

distinguished from the smoothed time series using a thresholding method 

because of the platform’s almost-daily sampling of the area. It is clear that the 

least squared error fit performs well on noisy data such as this, but because of 

the cloud-reduced NDVI values, the maximum values cannot be derived 

accurately using this dataset. 

Although there was variation in reported metrics across fields and 

platforms, the different crop types exhibited distinct phenology that can be 

summarized as follows: red fields are summer crops characterized by an 

asymmetrical growth season, i.e., the green-up slope is steeper than the 

senescence slope, that lasts 3-4 months between March and July. The yellow 

fields are winter crops characterized by the long time spent at peak NDVI values 

during their growth season and exhibits the longest season overall, growing from 

the months of January to May, approximately 4-5 months. The blue fields exhibit 

the shortest season of all, ranging from 2-3 months between June and 

September. The green fields exhibit year-long growth and a bowl-shaped 

phenology curve with maximum NDVI values at the beginning and end of the 

year. The orange fields also exhibit year-long growth but reaches a distinct 

minimum in NDVI in March after which it experiences a green-up and constant 

growth. These distinct characteristics are used to classify the rest of the fields in 

the Aljawf farm in the next section. 
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3.3 Classification of crops 

 Prior to this study, 

the crops within the fields in 

Al Jawf were unknown. The 

satellite-derived phenology 

metrics and characteristics 

from Section 3.2 were used 

for a semi-automated 

classification of crop type 

across active fields (Figure 

11). This map was provided 

to the Aljawf Farmer who 

confirmed the crop types as 

potato, wheat, watermelon, olive, and peach/apricot. As seen in Figure 4, the tree 

crops seem to be grown in a rectangular system to provide ample space for 

growth. Generally, mature fruit trees tend to be as tall as they are wide, and olive, 

peach and apricot trees grow to be similar sizes ranging from 5-10 m in height 

and width. Because of their similarity in their size and field set-up, olive, peach 

and apricot trees tend to exhibit similar NDVI values. However, they were easily 

distinguishable from each other because olive trees keep their leaves year-

round, while peach and apricot trees drop all their leaves in the fall. The center 

pivots, on the other hand, are densely packed with crops that require little 

intraspace to grow, and thus exhibit very high NDVI values during their growth 

Figure 6. Semi-automated classification of Aljawf crops using phenology 
metrics derived from NDVI time series. 
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season and are near barren between seasons. Reported values in the literature 

for wheat, potato, and watermelon max NDVI are on average 0.7-0.8 (Allen, R. 

G., 2005; Hao, P., 2015; Sadeh, Y, 2021), and they were distinguishable 

primarily by the timing and length of their seasons. Wheat tended to have a 

longer season where it greens up very quickly, lingers at its peak for a while and 

then experiences senescence just as quickly. Potatoes tended to exhibit a 

shorter season and an asymmetrical growth pattern where the green up 

happened at a faster rate than the senescence. Watermelons exhibited brief 

green up and senescence and experienced the shortest season overall.  

 While it was generally straightforward to group the vegetation types using 

their time series, it was difficult to distinguish between more subtle features of the 

curves. For example, there were several fields that exhibited growth patterns and 

metrics that were similar but not identical to the red fields, i.e., potato. There 

were also fields that behaved similarly to the yellow fields, i.e., wheat, but 

exhibited a dual crop season that year. Both were confirmed by the farmer as 

different varieties of potato and wheat. Although most crops were easily grouped, 

the subtle differences in wheat and potato crops proved the need for ground 

truthing in phenology analysis.  

 In summary, it was possible to classify the fields in the Aljawf farm using 

crop phenology metrics.  Although it was possible to perform this task across 

platforms, Sentinel-2 provided the most reliable time series and were used for the 

classification in this study.  This is because Landsat overestimates the length of 

seasons because of its low temporal resolution and the quality of Planet data due 
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to its clouds lead to an underestimation of peak greenness.  Although Planet’s 

high temporal resolution provided precise estimates of the metrics, it is unclear 

how accurate these are given their radiometric inconsistencies (Sadeh, Y, 2021; 

Houborg, R., & McCabe, M. F., 2018). Therefore, of the three platforms, Sentinel 

provides the fastest and most reliable dataset for phenology analysis. 
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Chapter 4: Conclusion 

 

Remote sensing has proven to be an indispensable tool for crop 

monitoring. In this work, a farm in Al Jawf was selected with little information 

regarding the identity of its vegetation types to compare and contrast the 

capabilities of three satellite platforms of varying spatiotemporal resolutions. It 

was evident from the phenology metrics extracted from the NDVI time series that 

the Landsat-8 data could not accurately capture the SOS and EOS due to a 

combination of its low temporal resolution of 16-days, in addition to the 

smoothing regression algorithm which depended on its revisit time.  Sentinel-2, 

which has a temporal resolution of 5 days, performed best overall, capturing 

SOS, EOS and MAX consistently, although it was also limited by the choice of 

smoothing algorithm. For this reason, the classification of crop type was 

performed on all fields in the Aljawf farm using Sentinel-2 imagery. Planet had 

the highest reported RMSE due to the unmasked clouds in its imagery in addition 

to the Planet product not being radiometrically normalized, which resulted in 

reduced NDVI values. However, it nonetheless identified the days of the SOS, 

EOS and MAX the most precisely because of its high temporal resolution of 

nearly-one day. The threshold method used was straightforward to apply but the 

value selected did not represent any underlying biophysical meaning, and while it 

served as a direct way for comparing across platforms, it could not represent all 

types of vegetation or locations.  
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Limitations to this study included access to Planet imagery via the Google 

Earth Engine console. Due to the large size of files, the 250 GB storage limit set 

by GEE was reached rather quickly. This caused the Planet data to lose its 

metadata and required processing in two separate steps, which limited the range 

of appropriate methods to analyze it. Earth observation data is inherently non-

linear, and in this study, linear interpolation, linear regression, and a fixed 

threshold were used to analyze the data. Future work should utilize GEE’s cloud 

optimized geotiffs to upload data to the console and retain the metadata for cloud 

masking in order to remove the large source of noise in the PlanetScope data 

and to more accurately assess its potential for phenology detection. Additionally, 

a more appropriate smoothing algorithm for all temporal resolutions should be 

selected such that it does not overfit noise or underfit metrics.  It is clear that the 

benefit of this application is not limited to the study area -- with the advent of new 

technologies, it is necessary now, more than ever, to monitor crop dynamics in 

response to climate change not only over a given year, but over time, in order to 

study the effect of changing phenology on agricultural production and to better 

understand the social and economic implications of that change. 
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APPENDIX 

 

 

Figure 1. NDVI Landsat-8 phenology curves.  Row 1 is potato in red, row 2 is wheat in yellow, row 

3 is watermelon in blue, row 4 is olive in green and row 5 is peach/apricot in orange. 
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Table 1a. Landsat-8 phenology metrics (plant crops) 

Crop 
type 

SOS 
(day) 

SOS 
(NDVI) 

EOS 
(day) 

EOS 
(NDVI) 

MAX 
(day) 

MAX 
(NDVI) 

LOS 
(days) 

Potato1 79 0.293 175 0.276 127 0.710 112 

Potato2 95 0.320 191 0.266 143 0.684 96 

Potato3 95 0.361 191 0.212 120 0.602 96 

Mean 89.7 0.325 185.7 0.251 130 0.665 101.3 

Std. 9.2 0.034 9.2 0.034 11.8 0.056 9.2 

Range 16 0.068 16 0.064 23 0.108 16 

Wheat1 15 0.231 175 0.205 79 0.755 160 

Wheat2 15 0.235 159 0.228 79 0.806 144 

Wheat3 31 0.285 191 0.250 96 0.805 160 

Mean 20.3 0.250 175 0.228 84.7 0.789 154.7 

Std. 9.2 0.030 16 0.023 9.8 0.029 9.2 

Range 16 0.054 32 0.045 17 0.051 16 

Watermelon1 159 0.253 239 0.215 191 0.525 80 

Watermelon2 175 0.255 255 0.281 207 0.530 80 

Watermelon3 191 0.290 255 0.363 223 0.524 64 

Mean 175 0.266 249.7 0.286 207 0.526 74.7 

Std. 13.1 0.017 7.5 0.061 13.1 0.003 7.5 

Range 32 0.037 16 0.148 32 0.006 16 

 

 

Table 1b. Landsat-8 phenology metrics (tree crops) 

Plantation 
type 

MIN 
(day) 

MIN 
(NDVI) 

MAX 
(day) 

MAX 
(NDVI) 

Olive1 143 0.300 351 0.418 

Olive2 95 0.381 351 0.507 

Olive3 159 0.396 351 0.539 

Mean 132.3 0.359 351 0.488 

Std. 33.3 0.052 0 0.063 

Range 64 0.096 0 0.121 

Pchapr1 79 0.288 223 0.426 

Pchapr2 63 0.267 207 0.503 

Pchapr3 47 0.226 207 0.399 

Mean 63 0.260 212.3 0.443 

Std. 16 0.032 9.2 0.054 

Range 32 0.062 16 0.104 
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Table 2. Landsat-8 goodness of fit RSS, MSE, RMSE 

Type RSS MSE RMSE 

potato1 0.044874 0.00204 0.045163 

potato2 0.033816 0.001537 0.039206 

potato3 0.033902 0.001541 0.039256 

wheat1 0.059845 0.00272 0.052156 

wheat2 0.065219 0.002964 0.054447 

wheat3 0.084033 0.00382 0.061804 

watermelon1 0.046269 0.002103 0.04586 

watermelon2 0.038876 0.001767 0.042037 

watermelon3 0.052353 0.00238 0.048782 

olive1 0.005534 0.000252 0.01586 

olive2 0.007418 0.000337 0.018363 

olive3 0.022724 0.001033 0.032139 

pchapr1 0.009655 0.000439 0.020949 

pchapr2 0.015853 0.000721 0.026844 

pchapr3 0.008596 0.000391 0.019767 
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Figure 2. Sentinel-2 NDVI-derived phenology curves. Row 1 is potato in red, row 2 is wheat in 

yellow, row 3 is watermelon in blue, row 4 is olive in green and row 5 is peach/apricot in orange. 
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Table 3a. Sentinel-2 NDVI-derived phenology metrics (plant crops) 

Crop 
type 

SOS 
(day) 

SOS 
(value) 

EOS 
(day) 

EOS 
(value) 

MAX 
(day) 

MAX 
(value) 

LOS 
(days) 

Potato1 75 0.203 173 0.231 123 0.855 98 

Potato2 85 0.201 195 0.207 128 0.850 110 

Potato3 80 0.205 190 0.205 128 0.722 110 

Mean 80 0.203 186 0.214 126.3 0.809 106 

Std. 5 0.002 11.5 0.014 2.9 0.075 6.9 

Range 10 0.004 22 0.026 5 0.133 12 

Wheat1 20 0.242 153 0.215 65 0.816 133 

Wheat2 15 0.283 150 0.200 63 0.862 135 

Wheat3 30 0.214 158 0.206 108 0.880 128 

Mean 21.7 0.246 153.7 0.207 78.7 0.853 132 

Std. 7.6 0.035 4.0 0.008 25.4 0.033 4 

Range 15 0.069 8 0.015 45 0.064 7 

Watermelon1 165 0.246 225 0.214 193 0.716 60 

Watermelon2 175 0.213 253 0.222 215 0.631 78 

Watermelon3 193 0.201 260 0.214 223 0.664 67 

Mean 177.7 0.220 246.0 0.217 210.3 0.670 68 

Std. 14.2 0.023 18.5 0.005 15.5 0.043 9.1 

Range 28 0.045 35 0.008 30 0.085 18 

 

 

Table 3b. Sentinel-2 NDVI-derived phenology metrics (tree crops) 

Plantation 
type 

MIN 
(day) 

MIN 
(value) 

MAX 
(day) 

MAX 
(value) 

Olive1 85 0.367 355 0.530 

Olive2 158 0.294 355 0.463 

Olive3 158 0.409 355 0.648 

Mean 133.7 0.357 355 0.547 

Std. 42.1 0.058 0 0.094 

Range 73 0.115 0 0.185 

Pchapr1 73 0.247 328 0.466 

Pchapr2 60 0.227 183 0.530 

Pchapr3 58 0.199 190 0.409 

Mean 63.7 0.224 233.7 0.468 

Std. 8.1 0.024 81.8 0.061 

Range 15 0.048 145 0.121 
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Table 4. Sentinel-2 goodness of fit RSS, MSE, RMSE 

Type RSS MSE RMSE 

potato1 0.026169 0.001189 0.034489 

potato2 0.033147 0.001507 0.038816 

potato3 0.025958 0.00118 0.03435 

wheat1 0.046662 0.002121 0.046054 

wheat2 0.067538 0.00307 0.055407 

wheat3 0.053594 0.002436 0.049357 

watermelon1 0.007828 0.000356 0.018863 

watermelon2 0.015373 0.000699 0.026435 

watermelon3 0.013403 0.000609 0.024682 

olive1 0.01068 0.000485 0.022033 

olive2 0.006271 0.000285 0.016883 

olive3 0.025138 0.001143 0.033803 

pchapr1 0.023826 0.001083 0.032909 

pchapr2 0.037335 0.001697 0.041195 

pchapr3 0.013059 0.000594 0.024364 
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Figure 3. PlanetScope NDVI-derived phenology curves. Row 1 is potato in red, row 2 is wheat in 

yellow, row 3 is watermelon in blue, row 4 is olive in green and row 5 is peach/apricot in orange. 
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Table 5a. PlanetScope NDVI-derived phenology metrics (plant crops) 

Crop 
type 

SOS 
(day) 

SOS 
(value) 

EOS 
(day) 

EOS 
(value) 

MAX 
(day) 

MAX 
(value) 

LOS 
(days) 

Potato1 88 0.201 179 0.209 124 0.606 91 

Potato2 93 0.202 194 0.209 129 0.609 101 

Potato3 89 0.206 185 0.215 127 0.527 96 

Mean 90 0.203 186 0.211 126.7 0.581 96 

Std. 3 0.003 8 0.003 2.5 0.047 5.0 

Range 5 0.005 15 0.006 5 0.082 10 

Wheat1 23 0.204 153 0.210 71 0.61 130 

Wheat2 19 0.21 145 0.200 71 0.605 126 

Wheat3 25 0.216 155 0.209 89 0.634 130 

Mean 22 0.210 151.0 0.206 77.0 0.616 129 

Std. 3 0.006 5.3 0.006 10.4 0.016 2 

Range 6 0.012 10 0.010 18 0.029 4 

Watermelon1 163 0.206 230 0.203 189 0.489 67 

Watermelon2 178 0.229 249 0.204 212 0.458 71 

Watermelon3 191 0.227 259 0.204 221 0.467 68 

Mean 177 0.221 246.0 0.204 207.3 0.471 69 

Std. 14 0.013 14.7 0.001 16.5 0.016 2.1 

Range 28 0.023 29 0.001 32 0.031 4 

 

 

Table 5b. PlanetScope NDVI-derived phenology metrics (tree crops) 

Plantation 
type 

MIN 
(day) 

MIN 
(value) 

MAX 
(day) 

MAX 
(value) 

Olive1 104 0.315 331 0.417 

Olive2 256 0.253 352 0.37 

Olive3 256 0.286 363 0.483 

Mean 205.3 0.285 349 0.423 

Std. 87.8 0.031 16 0.057 

Range 152 0.062 32 0.113 

Pchapr1 80 0.223 184 0.403 

Pchapr2 76 0.22 185 0.461 

Pchapr3 53 0.204 184 0.378 

Mean 69.7 0.216 184.3 0.414 

Std. 14.6 0.010 0.6 0.043 

Range 27 0.019 1 0.083 
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Table 6. PlanetScope-2 goodness of fit RSS, MSE, RMSE 

Type RSS MSE RMSE 

potato1 0.041179 0.001872 0.043264 

potato2 0.061627 0.002801 0.052927 

potato3 0.037965 0.001726 0.041541 

wheat1 0.047743 0.00217 0.046585 

wheat2 0.0691 0.003141 0.056044 

wheat3 0.063299 0.002877 0.05364 

watermelon1 0.012253 0.000557 0.0236 

watermelon2 0.014386 0.000654 0.025571 

watermelon3 0.012207 0.000555 0.023555 

olive1 0.05456 0.00248 0.0498 

olive2 0.027625 0.001256 0.035436 

olive3 0.091749 0.00417 0.064579 

pchapr1 0.034385 0.001563 0.039534 

pchapr2 0.04462 0.002028 0.045035 

pchapr3 0.03049 0.001386 0.037228 

 


