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Abstract 

 
Near-surface remote sensing platforms such as Unmanned Aerial Vehicles (UAVs) and 

phenocameras appear to be potential platforms for keeping track of seasonal dynamics 

at a local scale. This research focusses on extracting time series of different vegetation 

indices (VIs) from both platforms, computing seasonality events from them and 

comparing the results against spectral sensor data. 

  

Time series of UAV derived Normalized Difference Vegetation Index (NDVI) and 

phenocamera based Green Chromatic Coordinate (GCC), Excess Green Index (ExG) 

and Normalized Difference of Green & Red (VIgreen) indices were extracted for 

growing season of years 2018 and 2019. There was a good agreement between the UAV 

and spectral sensor-derived NDVI as reflected in high Pearson’s correlation coefficients 

(r2018 = 0.780 and r2019 = 0.903). Phenocamera-based GCC best approximates NDVI 

measurements from the spectral sensor, with correlation coefficients of r2018 = 0.848 

and r2019 = 0.80, closely followed by ExG (r2018 = 0.777 and r2019 = 0.798), while they 

were lowest in the case of VIgreen (r2018 = 0.719 and r2019 = 0.773). Due to small number 

of records, UAV-derived NDVI, led to slightly lower correlation coefficients when 

compared with phenocamera VIs, with GCC and ExG being the best (r2018 = 0.670, r2018 

= 0.695), while no correlation exists for the year 2019 (ρ > 0.05). Time series data were 

fitted with double logistic function for spectral sensor NDVI and phenocamera-based 

VIs, whereas a spline interpolation method was employed to fit UAV-NDVI time 

series. Despite, the offset between spectral sensor NDVI and UAV-NDVI in 2018, the 

UAV curve follows nicely the spectral sensor curve except for the year 2019. GCC, 

ExG, and UAV-NDVI based phenological transition dates estimation were consistently 

more closely associated with the visual assessments of phenology, at an accuracy of  

less than 8 days with year 2019 as an exception where Start Of Spring (SOS) was 14 

days earlier. SOS from VIgreen and spectral sensor NDVI occurred earlier (24 and 27 

days respectively), compared to visually observed phenophase dates. The transition 

dates from all platforms over the study period revealed a shift ranging between 6 – 12 

days in all seasonality events. Due to hourly temporal resolution of phenocamera, it 

provided more flexiblity in estimating important phenophase dates. Tree-canopies level 

quality information including NDVI can be obtained with high temporal resolution and 

large spatial coverage of UAV, unmatched by any other methods discussed. The 

agreement between UAV-NDVI and spectral sensor NDVI for evergreen spruce forest 



ix | P a g e  

 

reveals the adequacy of these platforms for the monitoring of tree dynamics. In addition, 

phenocameras demonstrated to offer a detailed insight into plant phenology at fine 

spatio-temporal scales. 

 
Keywords: Geography, Ecosystem Analysis, Near-surface Remote Sensing, UAV, 

Phenocamera, Forest Phenology, Phenophase, Seasonality, NDVI, GCC 
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1 Introduction 
 

Vegetation phenology describes the various life cycle events that occur throughout the 

year and has been long identified as a way of studying various processes of an 

ecosystem (Richardson et al., 2018). For instance, the monitoring of phenology 

dynamics over the years at various ecological scales helps in understanding how the 

plants are responding to global change and the way it impacts the forest ecosystems 

(Klosterman et al., 2017; Park et al., 2019; Berra et al., 2019; Moore et al., 2016).   

 

At the earlier days, plant phenology involved direct human observations of specific 

phenophase stages (e.g. seedling, flowering, leaf out etc.). Despite such expensive and 

labor-intensive observation, researchers collected detailed and precise phenological 

data for a long period of time (Peter et al., 2018; Richardson et al., 2009) at the cost of 

measurements at a scale of individual species across small geographic areas 

(Richardson et al., 2006). As a result, the method would be problematic and less reliable 

in case of generalizing the phenology over regional or global extents based on the series 

of observations made over few individual species (Richardson et al., 2009). This 

situation led to the development of new methods that make use of a wide range of 

sensors.  

 

Modern phenology studies use sensors capable of automatically measuring time series 

of vegetation at high frequency (Richardson et al., 2013b) from local to the global scale 

(Klosterman et al., 2014). Satellite based remote sensing has the advantage of 

evaluating regular patterns of plant cycle at regional and global levels (Eastman et al., 

2013; White et al., 2014; Rodriguez-Galiano et al., 2015). However, coarse spatio-

temporal resolution associated with satellite observations are insufficient for portraying 

the spatio-temporal dynamics of vegetation phenology at a larger region (Whiteman 

and Nemani 2006).  

 

Low-cost high-quality cameras are available making possible to expand the 

understanding of ecological studies (Brown et al., 2016). An array of imaging sensors 

often referred to as “near-surface remote sensing”, collect data at a high frequency 

close to the ground to supplement the satellite remote sensing data (Rossi et al., 2019). 

This ultimately helps to scale up between traditional in-situ observations and satellite 

monitoring.   
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Additionally, UAV imagery is capable of generating orthomosaics, by means of 

photogrammetric techniques, that display vegetation canopy from both nadir and off-

nadir positions. This view permits the identification and analysis of a larger number of 

individual species and area than through phenocameras. Several studies have found 

good agreement between satellite based remote sensing and phenocameras based on 

different greenness indices (Liu et al., 2017; Richardson et al., 2018; Cui et al., 2019). 

However, there is very little research comparing phenocamera RGB-based vegetation 

indices to UAV-derived Normalized Difference Vegetation Index (NDVI), especially 

in the case of evergreen forests. Comparing these two datasets may provide insight on 

the reliability of UAV-derived NDVI, the capability of phenocamera to monitor 

seasonal dynamics, the combination of results from these platforms together with 

spectral sensors’ data, and the causes of potential differences, similarities and 

limitations of each indices and platforms.  

 

2 Aim 
 

This study aims to evaluate the ability of UAV and phenocamera data for tracking all-

year phenology pattern in an experimental spruce forest, with special focus on spring 

and fall seasons, using visual inspection data for validation. The study will observe the 

annual seasonality parameters i.e. Start Of Spring (SOS), End Of Spring (EOS), Start 

Of Fall (SOF) and End Of Fall (EOF) obtained from both platforms taken over a 

common region of interest, with the prime aim to investigate the following research 

questions:  

1) How accurately does UAV-derived NDVI represent the spectral sensor-based 

NDVI measurements?  

 

2) Which color indices: Green Chromatic Coordinate (GCC), Excess Green Index 

(ExG) and Normalized Difference of Green and Red (VIgreen) do represent best 

the NDVI trajectories from UAV and the spectral sensor? 

 

3) Is there any variability in the Vegetation Indices (VIs) trajectories among 

multiple Regions of Interests (ROIs) i.e. (horizon, individual tree canopy) and 

across the annual time series, extracted from phenocamera images? 

 

4) Is there any agreement between phenology phases (start and end of season) 

derived from phenocamera and UAV datasets? 
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3 Background 

3.1 Remote sensing of vegetation phenology  

 

Land surface phenology is defined as the science which studies the transition of 

seasonal pattern in vegetated land surfaces using remote sensing techniques. The study 

of canopy phenology of vegetation during the last decade was based on remote sensing 

observations from field plots to regional and global scale. Images captured by different 

sensors store Red (R), Green (G), Blue (B) and/or Near Infrared (NIR) radiance, 

depending on the sensor type. In order to differ the status of vegetation from images, 

different metrics are used. The most common metric is called “reflectance”, for a 

specific wavelength band of electromagnetic radiation. Reflectance is used to compute 

vegetation indices (VIs) such as NIR-visible indices, such as NDVI, or Enhanced 

Vegetation Index (EVI).  

 

Out of these aforementioned VIs, NDVI is one of the most widely used in phenology 

mainly due to its robustness against noise, but more importantly, the availability of 

longer time series data (White and Nemani, 2006; Heumann et al., 2007). Similarly, 

EVI is the second most extensively used index for monitoring and mapping vegetation 

phenology at global scale (Zhang et al., 2006).  The relationships of these indices with 

biophysical variables are mainly based on the empirical analysis of measured or 

modelled data (Jin and Eklundh, 2014). Examples of relationship of VIs against such 

variables are well explained in Tucker, (1979), where NDVI was found to be correlated 

to biomass and, similarly, ExG was found to be significantly correlated with Gross 

Primary Product (GPP, Richardson et al., 2009). Many studies (e.g. Liu et al., 2017; Li 

et al., 2019; Cui et al., 2019; Keirith et al., 2019) have successfully revealed how time 

series of such VIs can be effectively used to keep track of change in vegetation and 

eventually extract the phenological transition dates.  

 

3.2 Near-surface remote sensing derived phenology 

 

The onset of satellite-based remote sensing created unique opportunities in the field of 

monitoring changes in spectral characteristics of different vegetation types globally. 

However, global scale phenology monitoring technology, despite having many 

benefits, are confined by the coarse spatio-temporal resolution, cloud coverage, 

uncertain atmospheric corrections and by the lack of sufficient ground validation data 
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(Keenan et al., 2014a). Recent technological development of automated near-surface 

remote sensing techniques act as a bridge between visual in-situ observations and large 

scale remote sensing products (Richardson et al., 2013b). This approach involves the 

use of radiometric/imaging sensors mounted on a vertical elevated structure (e.g. steel 

towers, buildings or poles) which record and estimate the change in vegetation at a 

spatial scale equivalent to visual human inspection.  

 

The reasons behind considering near-surface remote sensing as one of the potential 

methods for routinely monitoring of phenology as per Richardson et al., (2013b) are: 

(a) the possibility to focus on individual species (spatial scale ≈ 1 – 100 m) (b) 

continuous data acquisition (data frequency between several minutes to an hour), (c) 

the capacity of generating both quantitative (time series of seasonal greenness) or 

categorical metrics (specific phenodates based on visual inspection), and (d) relatively 

cheaper than other available techniques. The sensors are usually mounted on a tower at 

a height equivalent to capture the canopy reflectance at a very high temporal resolution.  

 

Near-surface remote sensing technologies can be categorized as radiometric sensors 

and imaging sensors. Radiometric sensors measure the incoming radiation reflected 

from the canopy in specific regions of electromagnetic spectrum while, the imaging 

sensors (Figure 1) capture digital images in RGB or multi-channel systems (Richardson 

et al., 2013b). The RGB information of the vegetation can be extracted by using simple 

image processing methods to calculate a non-NDVI based indices of plant greenness. 

A common index of greenness from such RGB images is called Green Chromatic 

Coordinate (GCC, Toomey et al., 2015; Berra et al., 2019). In addition, Excess Green 

Index (ExG) and Normalized Difference of Green & Red (VIgreen) are commonly used 

to correlate index values to phenology (Ahrends et al., 2009; Richardson et al., 2007; 

Sonnentag et al., 2012; Zhao et al., 2012). The GCC and ExG are developed as a 

measure of vegetation greenness to overall image brightness (Gillespie et al., 1987), 

while the VIgreen uses the visual Green band in place of near-infrared in NDVI formula 

(Rouse et al., 1974). Many studies have successfully revealed that the phenophase 

transition dates are computed from digital images acquired by imaging sensors and have 

well correlated with plant cycle events of spring budburst and autumn senescence 

(Toomey et al., 2015; Klosterman et al., 2018; Keenan et al., 2014a; Richardson et al., 

2017). The time series of different VIs derived from phenocamera imagery have been 
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previously utilized for evaluating satellite-based phenology products, and at the same 

time, to get an idea on how canopy phenology relates with ecosystem processes (Elmore 

et al., 2012; Toomey et al., 2015).  

 
Figure 1. Schematic diagram of a generic phenocamera deployment plan at a forested research 

site. The camera is placed on a tower taller than the vegetation, with a field of view (FOV) 

across the landscape oriented towards north to minimize lens flare and, shadows. A spectral 

reflectance sensor is also mounted on the tower, which measures NDVI. Images captured by 

the system are uploaded to the server once a day via internet (modified after Richardson et al., 

2013b).  

3.3 UAV remote sensing 

 

Another example of near-surface remote sensing platform alternative to satellite remote 

sensing is the UAV, which has the capability to tackle some of the problems of satellite-

based measurements: for instance, cloud coverage or coarse temporal resolution. UAVs 

are small, easy to deploy, and inexpensive, making them popular in the geospatial field 

for various applications. Consumer grade RGB cameras mounted on UAV, in few case 

studies (Arko and Joshua, 2012; Berra et al., 2017; Rasmussen et al., 2016) 

demonstrated the reliability of derived vegetation indices. These small unmanned 

survey vehicles can also carry different sensors such as thermal, multispectral and, 

hyperspectral cameras (Burkart et al., 2017), making them feasible to explore 

vegetation parameters such as crop surface models and chlorophyll content (Aasen et 

al., 2015). A number of studies have already shown the enormous potential of UAV in 

monitoring the phenology dynamics in various tress species across relatively large 

forest community (Berra et al., 2019; Klosterman et al., 2017; Park et al., 2019).      
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UAV datasets have revealed that the time series information from them can successfully 

extract the complete seasonal trajectories of tree species in a forest community at an 

individual tree scale, in a similar manner as that of satellites (Berra et al., 2016; Berra 

et al., 2017; Klosterman and Richardson, 2017). In addition, these studies also suggest 

that the time series retrieved from UAV images can be a valuable asset in validating 

satellite-derived phenological products. Despite the success at preliminary stage, a 

number of challenges yet remain to be solved to generate quality time series information 

for phenology monitoring. Spatial misalignment of tree crowns extracted from 

orthophotos derived from different acquisition dates, challenging to effectively 

decouple understory/overstory canopy phenology due to high spectral variability in 

forest areas, and lastly the radiometric calibration of UAV imageries are some of the 

challenges that could hamper the forest phenology monitoring with UAV. 

 

Radiometric calibration of the UAV datasets can be challenging, mainly because of the 

varying illumination conditions throughout the flights conducted within a year as a 

means to capture the change in vegetation (Berra et al., 2017). One approach as 

practiced in Berra et al. (2016) was using static settings throughout flights in a year 

making it possible for time series comparison. In an article by Burkart et al. (2017), the 

research was conducted by utilizing reflectance panels in each flight and analyzing the 

digital numbers (DN) within those panels to check if the digital values were stable over 

the time. Smith and Milton (1999) proposed empirical line calibration method which is 

the most popular radiometric calibration method and that has been used in several 

studies (Berra et al. 2017; Bueren et al. 2015) successfully to both RGB as well as 

multispectral cameras. This method assumes constant atmospheric effects across the 

image, no illumination variation in the image and consideration of Lambertian surface. 

These assumptions can be problematic in case of UAV flights as there is high chances 

of cloud cover variation during each flight and also the reflectance panels are not truly 

Lambertian thus exhibiting bi-directional reflectance properties. There exists more 

radiometric calibration method such as the darkest target method, flat field method and 

internal mean method (Yang et al., 2017). The process of radiometric calibration differs 

from study to study and method to method. Hence, the choice of the radiometric 

calibration method for measuring reflectance need to be adapted in such a way that 

facilitates to improve the comparison between UAV-derived phenology with the one 

obtained from satellite, phenocamera or spectral sensor observations. 
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4 Materials and Methods 
 
4.1 Study Area 

 
The study area (Figure 2) consists of around 900 ha of mixed coniferous forest of 

spruce, pine and deciduous trees at Asa Experimental Forest Research Station, which 

is part of the Swedish Infrastructure for Ecosystem Science (SITES) project 

(https://www.fieldsites.se/en-GB). Asa is located 37 km north of Växjö (57°10’N, 

14°47’E). For a detailed description of the study area, please see SLU (2020).  

 

Figure 2. Map showing the location of Asa Research Station, Digital Surface Model (DSM) of 

the site, UAV Orthomosaic (lower right) and a sample phenocamera image (upper right) 

The terrain within the area has flat topography in the south-eastern and western part, 

while north-western part has relatively elevated area with an altitude of approximately 

212 – 240 meters above mean sea level. The reason behind choosing this research 

station lays on the diversity in terms of tree species and, most significantly, the 

continuous UAV and phenocamera datasets for both years. In addition, it also offers 

spectral sensor measurements of NDVI which shall serve for the validation of VIs 

values obtained through UAV and the phenocamera. For a wide range of ground-based 

monitoring of vegetation health (e.g., grassland, plant and forest canopies), spectral 

sensor measures reliable NDVI (see: http://www.metergroup.com ).  

https://www.fieldsites.se/en-GB
http://www.metergroup.com/
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4.2 Datasets 

 
All the datasets used in this research was measured at Asa Experimental Forest 

Research Station and are collected as the routine observation schedule for research-

oriented activities of the station. The station is collecting different data from a wide 

range of sensors, including phenocamera, UAV, spectral sensors, climate data as well 

as flux tower measurements.  

 

4.2.1 Phenology Cameras 

 

The study used the data of one phenocamera that is mounted on a tower facing south, 

at a height of 7 meters above ground level, pointing 45° down from the horizontal, 

which captures digital imagery of the foreground canopy inside its Field of View (FOV, 

45°).  

 

The phenocamera images (for an example: Figure 3) were acquired by a Mobotix 5 MP 

RGB camera, at a resolution of 2592 × 1944 pixels. The camera captures a colored 

three-layer red, green and blue image. The images for the year 2018 and 2019 were 

downloaded from the SITES project server. All the images were captured at hourly 

temporal resolution between 5 a.m to 8 p.m.  There were altogether 5754 images for 

the year 2018, whereas the year 2019 had only 3446 images (only up to August 4th, 

after which the data transfer stopped due to hardware problems).  

 

Figure 3. Sample Phenocamera image captured on 05/24/2019 (Source: SITES) 
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4.2.2 UAV 

 

The UAV flights were conducted using a Parrot Sequoia multispectral camera, for more 

information, please see (Parrot SEQUOIA+, 2020) on board of a rotary wing aircraft 

named 3DR SOLO, for detailed description, please visit (3DR Solo Drone Review, 

2020). The hardware and operational specifications associated with this UAV are 

mentioned in the Table 1. 

 
Table 1. Detailed specifications of UAV system. The UAV system was a quadcopter with flight 

endurance upto 25 minutes at 1.2 kg take-off weight. 

 

The UAV system has the payload capability comprised of Global Positioning System 

(GPS), accelorometer, compass, and camera system loaded with Parrot Sequoia camera. 

Despite flights were conducted with both RGB and multispectral cameras on board the 

UAV, only multispectral images were used in this research. 
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The multispectral camera used in the flight was the four spectral bands Parrot Sequoia. 

The camera is designed to acquire images in several spectral bands: G, R, Red Edge 

(RE) and NIR, with central wavelength at 550, 660, 735, and 790 nanometers (nm), 

respectively. The bandwidth is 40 nm for G, R and NIR and 10 nm for RE. The 

multispectral sensor was installed under the drone facing the forest canopy. The images 

were captured by 1.2 MP monochrome sensors at a resolution of 1280 × 960 pixels in 

raw format and later saved as .tif file. Figure 4 (left) depicts the picture of multispectral 

sensor. 

 

Figure 4. Parrot Sequoia multispectral sensor (left) and Sunshine sensor (right), Source: 

Sequoia manual 

The details about the Parrot Sequoia sensor is given in Table 2. 

Table 2. Parrot Sequoia Camera Specifications (Source: Parrot Sequoia, User Manual: 

http://www.parrot.com) 

 

The flight frequency for the study period was roughly one flight per month starting from 

April to August for 2018, whereas the following year the images were captured between 

April to October (Table 3, Appendix A). The flights were not conducted in a fixed 

interval of time mainly because of weather conditions. The missions were programmed 
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to fly at a flying height of 80m above ground level with frontal and side overlap of 80%. 

Most of the flights were conducted at mid-day (between 9 a.m. and 4 p.m.) on either 

clear days or evenly overcast days. The UAV was pre-programmed to follow the 

waypoints that would cover up the study area in two flights of approximately 10 

minutes each. The camera and image settings were kept identical for all flights, in auto 

mode (i.e. camera chooses shutter speed and ISO value while it has a fixed aperture) 

for exposure compensation. The incoming radiation data during the missions were 

measured and recorded by the sunshine sensor mounted on the UAV. The primary 

purpose of using sunshine sensor was to calibrate the images depending upon the 

incoming sunlight. The provision of sunshine sensor makes it possible for light 

normalisation of the photos irrespective of the sunlight variations during image 

acquisition. The sensor is depicted in Figure 4, right.  

 

Three teflon reflectance panels (see more at: https://www.labspherestore.com/product-

p/as-008xx-x00.htm), often defined as ground calibration targets (GCTs), and ground 

control points (GCPs) were placed within the UAV survey’s coverage on all image 

acquisition dates for the purpose of radiometric calibration and georeferencing, 

respectively. The detailed information on all of the UAV flights carried out during the 

study period is mentioned in Table 3 (Appendix A). 

 

4.2.3 Spectral Sensor 

 

The spectral sensor used in the research was the NDVI Decagon SRS (Spectral 

Reflectance Sensor). The SRS-NDVI are two-band radiometers designed to measure 

the incident and reflected radiation in wavelengths suitable for the computation of 

NDVI. The SRS-NDVI system is mainly comprised of two types of sensors: (1) the 

SRS-Ni hemispherical, and (2) the SRS-Nr field-stop lens sensor. The first type is built 

with a hemispherical 180° FOV looking-up measurements of incident radiation, 

whereas the second type have FOV confined to 36° for spotting downward to measure 

reflected radiation from the forest canopy. The two sensors available on SRS-NDVI are 

depicted in Figure 5. 

 

The SRS-NDVI sensor was mounted on a fixed tower above the canopy of the spruce 

forest and the measurements were stored on a Campbell CR1000 data logger. Upward 

and downward-looking sensors measure the incident and reflected canopy radiance, 

https://www.labspherestore.com/product-p/as-008xx-x00.htm
https://www.labspherestore.com/product-p/as-008xx-x00.htm
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respectively, every 10 sec at a wavelength band of 650 nm (R) and 810 nm (NIR). Every 

10 minutes, the data collected is averaged into a single record. 

 

Figure 5. Spectral Reflectance Sensor for NDVI. Cosine corrected hemispherical sensor (left) 

and Field-stop lens sensor (right). Source: http://www.metergroup.com 

The footprint of the sensor was computed using the sensor FOV, height and off-nadir 

angle with a MATLAB software developed at the department by Jin (2011). The same 

footprint was used to extract NDVI from UAV orthophotos for comparison. The 

purpose of using the measurements from SRS-NDVI in this study was primarily for the 

validation of the UAV-derived NDVI. Alongside the validation, the NDVI trajectories 

obtained from the sensor serve as a valuable dataset for the inter-comparison of visible 

VIs from the phenocamera to check if the VI trajectories behave in a similar pattern. 

The specifications associated with the spectral sensors are displayed in Table 4.  

 
Table 4. Measurement specifications of SRS-NDVI sensor 
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4.3 Methods 

 

 
 

Figure 6. Overall workflow of the research. The workflow is the combined steps of four 

processing steps to achieve the objective of current research: data collection, data processing, 

inter-comparison and lastly the validation of those results.  
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4.3.1 Data Processing 

4.3.1.1 Phenocamera Image Processing 

 

The images from the phenocamera in Asa were processed in several steps. First, images 

with snow and light glare were filtered out manually and then complete dark images 

(night photos) were filtered out beforehand processing the images. This was achieved 

by calculating the solar elevation angle, using standard formulas based on Python 

package ‘pyephem’ (https://rhodesmill.org/pyephem/), which uses the date and local 

timestamp information, extracted from the image file name. A threshold of solar 

elevation angle less than 0° was defined to filter all the completely dark images. All the 

images with solar elevation angle less than 10° above the horizon (very dark images) 

and very bright images were excluded at this stage from processing. As per the 

experiment conducted by Sonnentag et al., (2012), the images captured at dawn and 

dusk that experiences low level of diffused sunlight illumination inclined to have lower 

VI values compared to those recorded at middle day. Therefore, the very bright (mean 

[𝐷𝑁𝑟𝑒𝑑 + 𝐷𝑁𝑔𝑟𝑒𝑒𝑛 + 𝐷𝑁𝑏𝑙𝑢𝑒] > 600) and very dark images (mean [𝐷𝑁𝑟𝑒𝑑 +

𝐷𝑁𝑔𝑟𝑒𝑒𝑛 + 𝐷𝑁𝑏𝑙𝑢𝑒] < 100)  were also filtered out on the basis of threshold defined using 

the total of mean DN across ROIs of all three bands (R, G and B). The images that 

appeared blurred and had stripes covering more than 90% area of the image were also 

removed manually. All the images that passed the series of these quality control filters 

were the valid images from which the time series of vegetation indices were retrieved. 

Of all valid images, only images between 10 a.m. to 2 p.m. (solar time) were used. The 

final number of images after these steps were 3222 for 2018 and 2373 for 2019. 

 

In order to extract the vegetation indices, firstly multiple ROIs were defined at a suitable 

location within each digital image, from which the time series of RGB DN triplets were 

extracted. The ROIs were constant for all images. An effort was made to confirm that 

the time series was not affected by the possible camera movement, which would alter 

the camera Field of View (FOV) and ultimately disturb the integrity of the extracted 

information. Figure 7 depicts the ROIs selected for the study. The reason behind 

choosing multiple ROIs was to see if there was variation in time series of VIs. Most of 

the analysis in this study was based on full phenocamera FOV (ROI #5, white box in 

Figure 7) except in one particular section where the analysis was made between ROI 

#1 (red) versus the ROI #4 (green). And this analysis was limited to year 2018 only 

because in 2019 due to vegetation growth, the ROI #4 could no longer be differentiated. 

https://rhodesmill.org/pyephem/
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Figure 7. Region of Interest for extracting time series of RGB DN Triplets (each colored 

rectangle refers to a different ROI). Red and yellow colored rectangles represent ROI that are 

close to the camera and represent individual spruce tree canopies. The blue one represents a 

ROI with understory vegetation including shadows, while the green rectangle represents the 

ROI that is far away from the camera, close to horizon. Finally, the white rectangle represents 

the dominant FOV of the images. (Image Source: SITES) 

The second step of phenocamera data processing was to extract the DN values 

distributed across all the pixels in the corresponding ROI. A python code written to 

extract the mean DN values of RGB bands across the defined ROIs. Then, the extracted 

mean DN values were fed into equations (1), (2) and (3) to evaluate GCC, ExG, and 

VIgreen, respectively.  

 𝐺𝐶𝐶 =  
𝐷𝑁𝐺

(𝐷𝑁𝑅+𝐷𝑁𝐺+𝐷𝑁𝐵)
,  (1) 

 𝐸𝑥𝐺 =  2 ∗ 𝐷𝑁𝐺 − (𝐷𝑁𝑅 +  𝐷𝑁𝐵 ),  (2) 

 𝑉𝐼𝑔𝑟𝑒𝑒𝑛 =  
(𝐷𝑁𝐺−𝐷𝑁𝑅)

(𝐷𝑁𝐺 + 𝐷𝑁𝑅)
,  (3) 

 

where 𝐷𝑁𝑅= mean red DN, 𝐷𝑁𝐺= mean green DN and 𝐷𝑁𝐵= mean blue DN for the 

chosen ROI. 

 

With the calculation of these indices, the impact of variations in scene illumination can 

be mostly minimized (Toomey et al., 2015; Richardson et al., 2018b; Klosterman et al., 

2017; Sonnentag et al., 2012).  
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The same vegetation indices were calculated over the predefined ROIs with the primary 

purpose of portraying the seasonal time series of the studied forest canopy. For most of 

the applications, a very high temporal resolution (e.g. hourly resolution, like in this 

research) seems unnecessary. This is because, in general, the vegetation color over such 

short period of time remains relatively constant. With this consideration in mind, we 

preferred to calculate average of all the valid images for the vegetation indices 

mentioned above, in three different time aggregations. First, we averaged the DN values 

of pixels within each ROI for the image corresponding to noon, only. The second 

approach was the average of DN values within each ROI, calculated from all the valid 

images within 1-day interval (between 10 a.m. and 2 p.m., solar time), and the last one 

within 3-day interval, as experimented in Richardson et al. (2018b). Figure 8 shows the 

output of 1 and 3-day interval computed from the time series of GCC (a, b) for year 

2018 (see Appendix B for ExG and VIgreen and Appendix C for all VIs in year 2019).  

 

Figure 8. Example time series of phenocamera GCC for defined ROI. Grey circles are all image 

average GCC (every hour) value within ROI; blue circles are average GCC for snow covered 

images and red triangles are 1-day (a) and 3-day (b) average GCC values. 
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The reason behind choosing to explore the 1-day and 3-days average was to decide the 

level of noise that can be associated to intra-daily images. In case of every 3-day time 

step, the data appeared to be less noisy (see Figure 8) than the one compared with the 

daily timestamp. In addition to mean VI values over all the valid images, the 50th, 75th 

and 90th percentile value across a 3-day moving window were calculated for all VI. 

However, only 3-day averages were used in the analysis. In addition, by looking into 

the phenocamera images visually, we collected day of year information when green 

sprouts appear (SOS) and the day when greenness no longer changes (EOS) in the 

images which shall serve for the validation of phenophase transition dates from curve 

fitting.  

   

4.3.1.2 UAV Image Processing 

 

First, the sunshine sensor data from UAV flights were retrieved from the images’ 

metadata and then plotted, to check the incoming light conditions, using a Python code 

by reading the Exchangeable Image File Format (EXIF) tags for each single band (G, 

R, RE & NIR). Based on this plot, UAV flight data were characterized in 3 ways: (1) 

consistent sunny incoming light, (2) consistent cloudy incoming light, with slight 

variation, and (3) complex incoming light recorded during the mission. The three 

different cases are depicted as a, b and c in Figure 9 below: 

 
Figure 9. Sunshine sensor data plot showing variation of irradiance within UAV mission 

The UAV flights that presented irregular and complex light variability during the flight 

(3) (Figure 9, c) were discarded. The data that presented constant light, under sunny (1) 

(Figure 9, a) or overcast sky (2) (Figure 9, b), were further processed. The information 

regarding the flights that were accepted and rejected for further processing are listed in 

Table 3 (Appendix A).  

 

After filtering out the flights, the images were ready for the second level of processing. 

This included the exposure and vignetting effect correction of all flight images. 
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Exposure is simply about how dark or light image will appear, while vignetting is 

defined as a rate of falloff in illumination strength that relies on the angle of incoming 

radiance (Arko and Joshua, 2012). The flight data showing the consistent irradiance 

throughout the mission (1) was processed only for the exposure and vignetting 

correction before feeding into Photoscan Metashape 1.4.2 (Agisoft, St. Petersburg, 

Russia) for image processing. Similarly, the flight data that showed variation in 

irradiance data that could be handled by normalizing for incoming light condition from 

sunshine sensor data (2) were normalized using a polynomial trend of degree ‘n’ or 

spline trend, based on the nature of the data, in Python. The degree of polynomial was 

chosen in such a way that it fits the irradiance data with coherence at the start and end 

of each flight. This is because the mission captured the GCT images only at the 

beginning and end of the mission, which were later used for radiometric calibration of 

the derived orthophotos.  

 

The methods for minimizing vignetting effect was based on the use of vignetting 

polynomial which are provided in the image metadata called XMP (Extensible 

Metadata Platform). XMP allows the camera manufacturer to add metadata other than 

standard EXIF (Exchangeable Image File Format) tags. This XMP metadata was used 

for the generation of a correction factor on a pixel by pixel basis, which is simpler to 

compute and more accurate (Wonpil, 2004). All the process of exposure compensation, 

vignetting effect correction and normalization of the images were carried out using the 

Python and Geospatial Abstraction Data Library (GDAL, for more information please 

visit, https://gdal.org/) was used to save images after all corrections. The python codes 

for all these three processes were developed at the department and were allowed to use 

in this study.  

 

All the flight images that had undergone the process of these corrections were thereafter 

imported into Photoscan photogrammetry software package for image processing. 

Figure 10 shows the workflow for generating the orthomosaics from the imported 

imageries of each flight. 

The parameter settings used in Agisoft at each step mentioned in the workflow are:  

 

1. Align Photos: - Accuracy: High; Pair selection: Ground control; Point limit: 

40000; Constrain features by mask: No. 

2. Build Dense Point Cloud: - Quality: High; Depth filtering: Aggressive; Reuse 

depth maps: No. 

https://gdal.org/
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3. Build Mesh: - Surface type: Arbitrary; Source data: Dense cloud; Interpolation: 

Enabled; Face count: High.  

 
 
Figure 10. Image processing workflow in Photoscan for generating Orthophotos 

A significant amount of pixel reached the top of the spectral range (saturated pixels) in 

the images of each flight, mostly in the G band and least in the NIR band when 

exposing. To get a balanced exposure of the entire images, some of the brighter pixels 

gets overexposed. Photoscan Metashape cannot handle them. As, these saturated pixels 

influence the reflectance values, therefore, they were masked out using GDAL Python 

and the mask files were saved in TIFF format. Photoscan allowed to import these 

masks, which were used in the step of orthophoto generation, to remove the saturated 

pixels. While creating the orthophotos, the blending mode was deactivated in order to 

preserve the original DN values (Berra et al., 2017). Five Ground Control Points 

(GCPs) were used to produce georeferenced orthophoto with spatial resolution of 

approx. 0.07 m. Three GCP markers were used as check points, which resulted on a 

root mean square error (RMSE) of ~0.02 m. Only one orthophoto for each study period 

was georeferenced and used as a reference to co-register the rest of orthomosaics (16 

in total; 8 for each year). An instance of complete orthomosaic image is depicted in 

Figure 11 below: 

 

Figure 11. UAV orthomosaic of the study area. One orthomosaic (left) is from 16th April, 2018 

and the other (right) is from 26th April, 2019. Yellow dashed polygon represents the main 

experimental forest area. 
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Finally, the orthophotos were subjected to radiometric calibration using the empirical 

line method suggested by Smith and Milton (1999), which is the most widely used 

method in the remote sensing community. The method relies in mean DN values of 

three reflectance panels present in the images and their standard reflectance values. The 

three panels used in the research were black, grey and white referring to 5%, 20% and 

50% reflectance. The standard reflectance value of these panels, together with the mean 

DN of the same panel extracted from a set of images, were used to convert the 

orthophoto into reflectance, by establishing a linear relationship between those 

measurements. The study area was covered by the UAV in two separate flights because 

of limitation in battery, having images of reflectance panels at the start and end of both 

missions. Because of this, it was required to select the suitable images for radiometric 

calibration. So, as a part of this calibration, an experiment was conducted to check if 

there is an effective way of selecting the best image for the calibration. Images of 

reflectance panels were selected for each flight captured at the start and end and mean 

DN values for the panels were extracted and analysed. From the experiment, it was 

realized that the DN values over the panels were mainly affected by 3 parameters: (1) 

flight height of UAV during image acquisition of panels, (2) position of reflectance 

panels on the image, and (3) sensor temperature when camera triggered the image.  

 

It was observed that the flight height of UAV while capturing the image of panels have 

an influence on the pixel values. The images captured close to the flight height of the 

main UAV missions were selected as a way to cope with this situation. Second, the 

images with reflectance panel positioned at the centre were found to have less variation 

in DN values due to small or no influence of solar angles, compared to the edge pixels. 

Lastly, the sensor temperature for all images were taken into consideration, while 

selecting images for extracting mean DN values for the radiometric calibration. Most 

of the flights showed that the sensor was not warmed up enough at the start of mission 

(e.g., data from one flight in Figure 12), so images with reflectance panels at the end of 

the mission was preferred for the radiometric correction. However, if the sensor 

temperature was close to saturation when the first panel images were captured, the 

images from both start and end of mission were selected for the radiometric calibration.  

 

The extracted mean DN values from the selected images were averaged for each band 

and later used in the radiometric correction process. 



21 | P a g e  

 

 

Figure 12. Variation of mean DN values at different stages of UAV mission in relation with 

sensor temperature. Note that mean DN values plotted here refers to only 5% reflectance panel 

on NIR band 

The images of each flight were calibrated with the images containing reflectance panels 

carried out during the same flight, to accommodate for the exactly similar illumination 

conditions.  

 

The radiometrically corrected orthophotos were then used to compute NDVI map of all 

flights. NDVI is functional variant of simple ratio (
𝜌𝑁𝐼𝑅 

 𝜌𝑅𝐸𝐷
), with a dynamic range of -1 

to +1 (Chuvieco, 2016) and is expressed in Equation (4): 

 

 𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅 + 𝜌𝑅𝐸𝐷
,                                               (4) 

 

where  𝜌𝑁𝐼𝑅 = near-infrared reflectance, 𝜌𝑅𝐸𝐷 = visual red reflectance. The values 

around 0 represent bare soil and values of 1 refers to vigorous vegetation. 

 

The footprint of spectral sensor was approximately overlaid on top of orthophotos and 

average NDVI values within it was extracted from each NDVI maps of the study period. 

The NDVI values were finally compared against the VIs generated from phenocamera 

and also validated with the NDVI values from the spectral sensor. An instance of NDVI 

map for two of the flights are depicted in the following Figure 13. 
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Figure 13. NDVI maps for the year 2018 & 2019. Dashed ellipse (red) refers to the spectral 

sensor footprint. 

 

4.3.1.3 Spectral Sensor Data Processing 

 

The spectral sensor data was available for each year with irradiance and radiance 

measurements made by upward and downward looking sensors, respectively. The 

radiance and irradiance for both red and NIR band averaged every 10 minutes was 

collected. A subset of measurements was extracted from the full time series, which 

covered exactly between the same hours and days than the period used for the 

phenocamera, using a Python code. The calculation of spectral sensor NDVI was done 
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on reflectance, calculated as a ratio from incoming and reflected radiation, by dividing 

the downward-looking sensor data by the upward-looking sensor data. The computed 

reflectance values allowed plotting the NDVI trajectories for both years 2018 and 2019. 

The data was averaged in similar time aggregates than for the phenocamera, i.e. daily 

averaged and 3-day averaged NDVI values, and plotted on top of all NDVI values. In 

addition, the footprint of the spectral sensor was calculated and projected on the ground 

(see red dashed ellipse, Figure 13). Figure 14 shows the measured NDVI values from 

spectral sensor with 3-day average values on it. 

 

Figure 14. Plot of NDVI measurements from spectral sensor for year 2018 (a) and 2019 (b). 

Grey dots represent all the NDVI values between 10 a.m.- 2 p.m. while hollow circle symbol 

(red) represents the average NDVI values every 3 day over the study period. Red circle within 

dashed ellipse represent NDVI values on snowy day which were avoided from the analysis. 
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4.3.1.4 Phenology dates from time series data 

 

The time series data obtained from different platforms (UAV, phenocamera and 

spectral sensor) were further treated with Savitzky-Golay filter (Chen et al. 2004) to 

remove the residual irregular changes of VI values in the annual cycle prior to 

estimating phenology dates from it. This process was performed using a first-degree 

polynomial within a window size of 3 (in the case of UAV-derived NDVI time series) 

and 5 (in case of the phenocamera VI time series and spectral sensor NDVI time series).  

 

Of all the different curve fitting methods explained in Klosterman et al. (2014), sigmoid 

functions with double logistic model (Li et al., 2019) were used to fit the time series of 

phenocamera and spectral sensor VI data, while a spline interpolation method 

(Richardson et al., 2018b; Klosterman et al., 2014) was used for UAV-NDVI data. The 

idea behind fitting the curve is to extract the phenophase transition dates from it. The 

double logistic model applied in the research comprises two sigmoid curves, expressed 

in Equation (5): 

 𝑓(𝑡) =  𝑣1 + 𝑣2(
1

1+𝑒−𝑚1(𝑡−𝑛1) −
1

1+𝑒−𝑚2(𝑡−𝑛2)), (5) 

 

where, f(t) is the fitted vegetation index value at the day t; 𝑣1 and 𝑣2 are the background 

and amplitude of vegetation index over entire year, respectively. The pair parameters 

𝑚1 and 𝑛1 in the first sigmoid (
1

1+𝑒−𝑚1(𝑡−𝑛1)) represents the green-up phase of plant 

growth, while the parameters 𝑚2 and 𝑛2 in the second sigmoid (
1

1+𝑒−𝑚2(𝑡−𝑛2)) records 

the senescence phase of the vegetation growth. In more specific terms, 𝑛1 and 𝑛2 reflect 

dates with maximum increasing and decreasing rates of the two phases in sigmoid 

curves. In a similar fashion, 𝑚1 and 𝑚2 refer to the slopes that plays an important role 

in deciding the shape of sigmoid curves. These parameters (𝑣1, 𝑣2, 𝑚1, 𝑛1, 𝑚2, 𝑛2) in 

the double logistic function are the curve fit parameters, which were estimated using 

the Levenberg-Marquardt technique (Zhang et al., 2004) in Matlab.  

 

The phenology transition dates estimation was based on the fitted sigmoid curves, 

which were calculated based on the rate of change in curvature (Zhang et al., 2003). 

The rate of change in curvature (k) is defined in Equation (6) as: 

 

 𝑘 =
𝑓′′(𝑡)

(1+(𝑓′(𝑡))2)3/2
, (6)  
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The phenological transition dates for green-up phase correspond to the three-local 

extreme in the rate of change in curvature. These first three extreme values in the 

curvature change rate were the phenological transition dates start, middle and end of 

spring season (abbreviated as SOS, MOS and, EOS) as proposed by Zhang et al. (2006). 

These three extremes agree with the 10, 50, and 90% of amplitude in spring green-up 

phase of vegetation growth (Klosterman et al., 2014). The similar approach was adopted 

for identifying the start, middle and, end of fall season (defined as SOF, MOF, and 

EOF) in the senescence phase. No statistical method was used in order to quantify the 

uncertainty in estimates of transition dates, beside cross validating with phenological 

transition dates from visual inspection. One instance of the double logistic fit over the 

time series data (2018) and phenological transition date estimation using the concept of 

curvature rate change is shown below, in Figure 15, for all VIs from the phenocamera. 

Consider appendix D for similar fit over time series data of the year 2019.  
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Figure 15. Double logistic fit of 3-day averaged time series of GCC (a), ExG (b), VIgreen (c) 

and retrieval of phenological transition date from the fit. Green (solid, dashed dot, dashed) 

lines represent SOS, MOS & EOS while red (solid, dashed dot, dashed) lines represent SOF, 

MOF and EOF events respectively.  

 

In case of the UAV-NDVI time series, there were fewer data (only eight NDVI values 

for 2018 and seven values for 2019), for which the double logistic model was not able 

to fit the curve suitably. The spline interpolation technique resulted in a better fit and 

eventually led to more accurate phenological transition dates. The calculation of 

phenological transition dates for spring and fall from UAV-derived NDVI time series 

was the same method than for the double logistic curves, used for spectral sensor and 

phenocamera data. Figure 16 shows the result of spline interpolation fit to the UAV-

derived NDVI data and the phenological transition date estimations from the fit. 
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Figure 16. Spline interpolation fit of UAV-derived NDVI time series and retrieval of 

phenological transition date from the fit. Green (solid, dashed dot, dashed) lines represent SOS, 

MOS and EOS, while red (solid, dashed dot, dashed) lines represent SOF, MOF and EOF 

events, respectively. Upper plot and lower plot represent 2018 and 2019, respectively. 

 

4.3.2 Inter-comparison and validation 

 

The time series data and phenophase transition dates from the studied platform was 

analyzed in two levels: (1) compare VI values from different sensors, and (2) evaluate 

the accuracy in estimating transition dates of all sensors, comparing it with the visual 

inspection data. Since, the time series of VIs from different sensors are in different units 

and scale, so to facilitate the comparison, the three phenocamera-based vegetation 

indices and spectral sensor were normalized by using the process of min-max 

normalization as a means to match all the values to be in the range of 0 – 1. The NDVI 

data from spectral sensor was considered to be the most reliable time series data, and 

therefore used as a reference in comparing and validating the time series from rest of 

the sensors while the visually inspected phenophase transition dates were used to 

validate the transition dates from different sensors. The comparison and validation were 

done using RMSE and Pearson’s correlation coefficient. The RMSE and correlation 

coefficients were evaluated between UAV-NDVI and spectral sensor NDVI, 

phenocamera VIs versus the UAV-NDVI, and also between phenocamera-based VIs 

and spectral sensor NDVI. The calculation of RMSE and correlation coefficients in case 

of UAV-NDVI against spectral sensor NDVI and phenocamera VIs versus UAV-

NDVI, included identical date (e.g., April 3rd 2018, and April 3rd 2019) VI values, while 
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for phenocamera VIs against spectral sensor NDVI, it included the complete annual 

time series data.  

 

For the comparison of phenophase transition dates, visually inspected SOS and EOS 

data from phenocamera images were considered as reference. SOS was defined when 

the green sprouts started to be visible on the image, while EOS was defined when 

sprouts fully develop and no longer differentiate with rest of the leaves. However, it 

was not possible to define the dates for other seasonality events as the studied forest 

was evergreen and the changes in vegetation could not be differentiated with human 

eyes. The agreement between the phenophase dates from all sensors were compared 

against each other, and finally validated to visual inspection data. This comparison led 

to compute the bias in terms of number of days, which give clear reflection on which 

applied methods give close approximation to visually assessed dates.  

 

All the stated python codes that are written as a part of this research are available in 

https://github.com/shangharsha2929/ASA.git. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://github.com/shangharsha2929/ASA.git
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5 Result 

5.1 Comparison of UAV and Spectral Sensor-derived NDVI   

 

The computation of Pearson’s correlation coefficient revealed the agreement between 

the UAV and spectral sensor-derived NDVI values. The agreement between them was 

reflected by a positive, strong correlation (r > 0.75, Table 5). The extracted UAV-NDVI 

values of all flights from 2019 was observed to have slightly higher correlation 

coefficient (RMSE: 0.040; r = 0.903) compared to 2018 (RMSE: 0.149; r = 0.780) as 

shown in Table 5.  

 

Table 5. Pearson's correlation coefficient between UAV-NDVI and spectral sensor NDVI for 

the years 2018 and 2019 

 

* and ** indicates significance level value less than 0.05 and 0.001 respectively. 

 

The graphical plot showing raw UAV-NDVI compared against spectral sensor NDVI 

together with smoothed UAV-NDVI  is depicted in Figure 17. 

 

Based on the plot (Figure 17 and Appendix E), the UAV-NDVI values for the year 2018 

(top) seems to be following the spectral sensor-based NDVI trajectories by maintaining 

more or less constant offset distance. On the contrary, the phenomenon does not seem 

to be similar in case of 2019 (bottom). UAV-NDVI values for the first three flights in 

2019 are not following the trend of spectral sensor-based NDVI. It is observed from the 

given plot (bottom, Figure 17) that the interval between the flights in 2019 is not so 

regular as in 2018 (top, Figure 17), hence the UAV-NDVI dataset for the year is not 

optimal to apply curve fitting. The UAV-NDVI values (every 3 day) were extracted for 

both years from the spline fitted NDVI curves (see Appendix E) and was eventually 

utilized for checking the accuracy of the fit. The NDVI values from the fitted curve 

were positively correlated (RMSE: 0.104; r=0.92 & RMSE: 0.016; r=0.94) with the 

spectral sensor NDVI measurements for 2018 and 2019, respectively (Table 5). 

Year
No. of 

Samples (N)

Correlation 

Coefficient (r)
RMSE

No. of 

Samples (N)

Correlation 

Coefficient (r)
RMSE

2018 8 0.78* 0.149 42 0.92** 0.104

2019 5 0.903* 0.04 52 0.94** 0.016

Spectral sensor NDVI Vs. UAV-NDVI Spectral sensor NDVI Vs. Spline fitted UAV-NDVI
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Figure 17. NDVI values extracted from UAV (blue square markers) and spectral sensor (green 

dot markers) while the red symbols (triangle) represents smoothed UAV-NDVI values of 2018 

(a) and 2019 (b) used for curve fitting process.  

 

5.2 Comparison of Phenocamera-based VIs with spectral sensor NDVI 

 

The phenocamera-based VIs computed for ROI that covered full phenocamera FOV 

(ROI #5) were compared with spectral sensor NDVI. And the results of our 

comparisons showed that in Asa Research station, the phenocamera-based index values 

GCC and ExG in 2018 were highly correlated to spectral sensor NDVI (Pearson’s 

correlation of 0.848 and 0.777, respectively), while VIgreen for the same year had the 

lowest correlation (r = 0.719) to the spectral sensor-based NDVI (Table 6). Similar 

trend of correlation was observed in 2019 with the GCC and ExG indices being highly 

correlated to spectral sensor NDVI, with correlation coefficients of 0.80 and 0.798, 

respectively. On the contrary, the correlation of VIgreen in 2019 with spectral sensor-

based NDVI is comparatively higher (r = 0.773) than in 2018 (Table 6).   
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Table 6. Correlation between phenocamera vegetation indices over full field of view (FOV) 

versus spectral sensor derived NDVI values computed within overlapping footprint of sensor 

with the phenocamera and UAV-derived NDVI, using Pearson's correlation value 

 

* indicates significance level value less than 0.05. 

 

Figure 18 as shown below visually compares the phenocamera indices: GCC (a), ExG 

(b), and VIgreen (c) to the spectral sensor NDVI separately across the growing season 

of both years.  

 

Figure 18. Time series of spectral sensor NDVI (black dots for 2018, blue circles for 2019) and 

phenocamera-based VIs namely GCC (a), ExG (b) and VIgreen (c). The y-axis is a normalized 

scale from indices minimum to maximum values while x-axis is the temporal period of 

observations. Gap in time series of spectral sensor NDVI refers to removal of low 

measurements on a snowy day. 

GCC ExG VIgreen GCC ExG VIgreen

2018 0.848* 0.777* 0.719* 0.670* 0.695* 0.631*

2019 0.800* 0.798* 0.773* 0.669 0.706 0.630

Statistically insignificant (p>0.05)

Year
Correlation to NDVI (Sensor) Correlation to NDVI (UAV)
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It was also noticed considerable disparities between the phenocamera-based indices and 

spectral sensor NDVI values. The slope of the curve is not so steep in the case of 

VIgreen. The slopes are steeper in the phenocamera-based indices curves, especially in 

the case of GCC and ExG, than in the spectral sensor NDVI curve, during both green-

up and senescence phase of vegetation growth. This ultimately leads to a narrower 

season described by the phenocamera and also a bias in phenological transition dates 

(see Table 8).   

 

5.3 Comparison of Phenocamera-based VIs with UAV-NDVI  

 

The comparison of phenocamera VIs with UAV-derived NDVI (see Figure 19) resulted 

out positive-good correlation values, but slightly lower than with the spectral sensor-

based NDVI values for the year 2018 (Table 6).  

 

Figure 19. Time series of phenocamera based VIs namely GCC (a), ExG (b) and VIgreen (c) 

versus UAV-NDVI for both year 2018 and 2019. The y-axis is a normalized scale from indices 

minimum to maximum values while x-axis is the temporal period of observations. Filled circles 

(black) and hollow circles (black) represent UAV-NDVI for 2018 and 2019 respectively. 
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For the same year, GCC and ExG was related well to UAV-NDVI (r = 0.670 and r = 

0.695), while VIgreen was correlated with lowest correlation coefficient (r = 0.631). 

Further experiments on evaluating correlation between UAV-NDVI and phenocamera-

based VIs for the year 2019 showed that they are not correlated at all i.e. they are 

statistically insignificant (p > 0.05). 

 

5.4 Annual variability of VIs from Phenocamera 

 

The VI values plot (Figure 18, 19) represents the full phenocamera FOV i.e. ROI #5. A 

notable seasonal trajectory was observed in the studied area in almost all phenocamera-

based vegetation indices:- GCC, ExG and VIgreen. The annual vegetation curves 

exhibit a sharp rise in GCC and ExG values starting around March, towards an annual 

peak around May, to slowly drop down to winter dormancy, with a local minima at 

DOY 330 (Figure 18, Figure 19).  

 

The inter-annual trajectories of phenocamera-based VIs, when compared against each 

other, allowed to analyse the changes among the information provided by each VI 

(Figure 19). GCC and ExG for both years are similar and follow the same trajectory, 

while the peak of the season depicted by VIgreen in both years is not so prominent and 

present some linear offset, with respect to the other VIs. Upon splitting the VI 

trajectories into green-up and senescence phase, GCC and ExG are coupled with each 

other closer in the spring, compared to the fall. The offset distance among VIgreen 

versus GCC and ExG is seen more clearly in green-up phase, while the three VIs 

trajectories are closer in the senescence phase. If we compare years 2018 and 2019, all 

the phenocamera-VIs show a linear shift in the peak of the season, being around 10 

days later in 2019. However, the amplitude of the phenological curve remains constant 

in both years.  

 

Furthermore, an attempt was made to check and quantify how well these phenocamera-

VIs correlate among each other.  

Table 7. Correlation among phenocamera-based indices: GCC, ExG, and VIgreen 

 

GCC - ExG ExG-VIgreen GCC - VIgreen p

0.981 0.887 0.914 < 0.001

0.994 0.894 0.921 < 0.001

Pearson's Correlation coefficient (r)
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The Pearson’s correlation computed between these indices revealed that GCC is highly 

correlated to ExG for both years 2018 and 2019, respectively (r = 0.981 and 0.994), 

while the ExG index was correlated to VIgreen with slightly lower value (r = 0.887 and 

0.894). In addition, GCC was correlated to VIgreen slightly lower than to ExG but 

higher than to ExG-VIgreen (r = 0.914 and r = 0.921) respectively. This is in perfect 

agreement with what the visual assessment (Figure 18 and 19) reflects.  

 

5.4 Variability of VI trajectories within different ROI 

 

Out of multiple region of interests within camera field of view (Figure 7), two ROIs 

were interesting to inter-compare.  

 

 
Figure 20. Vegetation indices profiles for 2018 between two different ROIs within phenocamera 

FOV. Y-axis represents the normalized scale to make VI values appear between 0 and 1. 

 

The two ROIs were ROI #1, chracterized as the region focussing individual tree canopy 

close to phenocamera, and ROI #4 that was the region drawn close to the horizon.  
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One noticeable thing is the peak of greenness (Figure 20), ROI #4 is reflecting larger 

amplitude which eventually means the maximum greenness occurs a couple of days to 

a week later, compared to ROI #1. In addition, the slightly elevated trajectories at the 

end of the year (after 300th day of year) is smoothened in case of region of interest 

drawn close to the horizon in the three VIs profiles.  

 

5.5 Phenological dates estimated from different platforms 

 

Phenological transition dates derived from visual inspection demonstrated varying 

degrees of correspondence to dates identified using different platforms. The 

phenological dates for different VIs, dates when VIs reach the peak (MAX), and bias 

of dates when compared to visual estimates are reported for each type of phenocamera-

based VIs, UAV and spectral sensor-derived NDVI values (Table 8). 

 
Table 8. Phenocamera-derived VIs (GCC, ExG, VIgreen), spectral sensor-NDVI and UAV-

NDVI estimates of Start Of Spring (SOS), Middle Of Spring (MOS), End Of Spring (EOS), Start 

Of Fall (SOF), Middle Of Fall (MOF), End Of Fall (EOF), visual inspection and maximum of 

season (MAX) day of year.  

 
 

Seasonality parameters mainly the SOS, MOS, EOS, SOF, MOF and, EOF in case of 

2018 and 2019 extracted from phenocamera-based VIs were observed to be similar in 

general when compared among each other, except for the VIgreen, which showed very 

early SOS and very late EOF. SOS is also early for spectral sensor-based NDVI in both 

years, compared to GCC and ExG. All VIgreen transition dates were found to be more 

related (less bias in terms of number of days) to spectral sensor-NDVI. UAV-NDVI 

Seasonality 

Parameters
Year

Visual 

Inspection
GCC ExG VIgreen

NDVI 

(Sensor)

NDVI 

(UAV)
GCC ExG VIgreen

NDVI 

(Sensor)

SOS 117 111 111 93 90 112

MOS * 126 129 126 126 136

EOS 155 147 150 147 162 163

SOF * 174 174 174 180 187

MOF * 201 207 216 219 235

EOF * 240 249 261 261 *

SOS 120 117 120 90 90 106

MOS * 138 141 126 132 133

EOS 167 165 165 162 168 163

SOF * 180 183 180 186 184

MOF * 213 213 210 228 235

EOF * * * * * 265

For the case of visual inspection '*', refers difficulty to define the day of year for corresponding event

2018

2019 159 159 156 183

Note: * Refers to lack of the data

MAX (DOY)

153 150 147 165

Vegetation Indices (DOY)
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SOS was similar to GCC, and ExG whereas the rest of dates differ having bias of 10 to 

34 days in the case of GCC, while 7 to 28 days in the case of ExG). However, the 

transition dates obtained from UAV-NDVI  and spectral sensor NDVI were similar, 

with a minimum bias (1 – 10 days), except for the SOS. Visually assessed dates (SOS 

and EOS) compared against dates estimated from the UAV products, phenocamera (i.e., 

GCC and ExG) and spectral sensor data showed a bias of 5 – 8 days, while the bias is 

slightly more for SOS estimation from VIgreen and spectral sensor NDVI, with bias 

ranging between 24 – 27 days in 2018. The estimated day of maximum greenness 

(MAX) was almost similar in all phenocamera-based indices with spectral sensor NDVI 

as an exception, where the peak in greenness was achieved slightly later for 2018.  

 

The phenology transition dates between GCC and ExG for year 2019 were well related 

to each other (maximum difference in transition dates are just 3 days), than 2018 where 

the difference ranges between 3 – 9 days. The exceptions for year 2019 were also none 

other than dates estimated from time series of VIgreen and spectral sensor-based NDVI. 

The transition date for SOS from these two were observed significantly earlier (27 – 30 

days) than the rest of the VIs, while UAV data at the same time showed less variation 

(11 – 16 days). Other parameters achieved from spectral sensor and UAV-NDVI, 

except the SOS, were quite relatable, meaning that the bias was very small (1 – 7 days). 

The transition dates from VIgreen and spectral sensor NDVI are very similar in 2018 

and 2019. The visual inspection of SOS and EOS date exhibited a very low bias of 2 – 

3 days against dates estimated from GCC and ExG in 2019. VIgreen and spectral sensor 

NDVI resulted SOS 30 days earlier, while EOS was 5 days earlier in case of VIgreen, 

and 1 day delayed in case of spectral sensor NDVI. The estimated day of maximum 

greenness (MAX) was almost similar in all phenocamera-based indices, being spectral 

sensor NDVI an exception, where the peak in greenness occurred very late.  

 

The phenological transition dates of phenocamera indices (GCC, ExG and VIgreen), 

spectral sensor NDVI, and UAV-NDVI for the year 2019 revealed a seasonality shift 

of a week to two weeks (Table 8), than the previous year for all the seasonality events.   
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6 Discussion 

 

In this research, an effort has been made to compare the phenology of a forest defined 

through different near-surface remote sensing methods. Using combined methods of 

UAV photography, phenocamera and a spectral sensor, we explored the different 

phenological trajectories drawn by these platforms and we evaluate the meaning of each 

to describe a plant community level phenology.  

 

We realized that the year 2019 had slightly different view of forests because of the 

growth and movement of camera (Appendix F). In addition, the routine of UAV flights 

in 2019 were different than 2018. So, it was decided to carry out the processing of 

datasets in 2 separate years. The outcomes of this study showed that UAV 

photogrammetry is an effective tool as a means to understand the divergent 

phenological behaviours of plant phenology. A strong positive relationship between 

UAV-NDVI and spectral sensor NDVI measurements was observed for both study 

years. However, even though the strong correlation, there is remarkable offset among 

UAV and spectral sensor, which has implications in terms of quantifying the 

photosynthetic activity of the forest from each of the two methods except for the year 

2019. The reasons behind such behaviour of UAV-NDVI compared against spectral 

sensor NDVI especially in 2019 can be related to the different precision associated with 

the sensors, calibration, processing of data, and not enough UAV-NDVI samples. The 

UAV-NDVI samples in 2019 is accumulated in spring and fall making a big gap in the 

middle of the summer, which biases the curve. Despite the offset between spectral 

sensor NDVI and UAV-NDVI in 2018, the UAV curve follows nicely the spectral 

sensor curve. The relationship between NDVI from UAV and spectral sensor shows 

that it is important to cover all the season with regular flights, if we want to have a 

smooth curve leading to find the transition dates accurately. To determine, if the spline 

interpolation technique was not overfitting the seven UAV-NDVI values, the samples 

for the same DOY as that of spectral sensor were used to calculate the correlation and 

RMSE against the spectral sensor NDVI. These parameters also support the correlation 

between UAV and spectral sensor NDVI. Both approaches show that these sensors 

follow the same trend, although it is clearly seen that there is a linear offset between 

the phenology trajectory of both platforms (UAV and spectral sensor) and they did not 

perform similarly in 2018 and 2019. When the phenological transition dates extracted 
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from UAV-NDVI and spectral sensor NDVI are compared, it is observed that they vary 

only on 9 days, on an average, to a maximum of 22 days, in the case of the SOS. Given 

that UAV-derived products are georeferenced, the UAV-based phenology parameters 

can be valuable asssets for the validation of other phenology-related remote sensor, 

such as satellite imagery, as ground truth data. The background cover in a forest stand 

and individual trees, which can affect the phenology transition estimates, can also be 

studied using UAVs, given the fine spatial resolution. This is an advantage, in 

comparison to satellite data, which can study ecosystem dynamics, but not at such level 

of details.  

 

Of all the studied phenocamera-based VIs, GCC were most closely correlated with the 

time series of both spectral sensor- and UAV-NDVI (except for the year 2019, where 

there is no correlation at all between phenocamera VIs and UAV-NDVI). GCC and 

ExG showed high correlation with spectral sensor NDVI at Asa, suggesting that both 

platforms are capturing the same vegetation green-up. On the contrary, VIgreen was 

not so strongly correlated to both spectral sensor- and UAV-NDVI, which was 

completely unexpected as it was designed to mimic NDVI index. This finding is in 

agreement with a current study (Peter et al., 2018). Nevertheless, Pearson’s correlation 

values for VIgreen against spectral sensor NDVI slightly improved for the year 2019. 

On the other hand, phenocamera VIs were not correlated at all (statistically insignificant 

i.e. ρ > 0.05) to UAV-NDVI for 2019, which can be explained by number of records 

for phenocamera and UAV, are very different (hundreds vs. five). In addition, many 

UAV records could not be compared against similar dates VIs from phenocamera, since 

they were flown on the fall, when there was no data from phenocamera sensor. And, 

the rest of UAV records concentrate in spring and are not evenly distributed along the 

season. In general, we observed that the correlation between phenocamera VIs and 

UAV-NDVI weaker than between phenocamera VIs and spectral sensor NDVI. One 

possible reason for this is the different temporal resolution of the phenocamera (hourly) 

versus the UAV data (nearly a month). Despite the wide use of phenocamera in 

phenology studies (Peter et al., 2018; Berra et al., 2019; Klosterman et al., 2018), the 

oblique FOV of these can cause uncertainties in the time series of canopy greenness 

(Keenan et al., 2014). As the phenocameras are tilted to some extent from the 

horizontal, they can capture a vertical profile view of the canopy, while UAVs capture 

the reflectance of the top of canopy. In addition, phenocamera images depict different 
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objects depending on the sensor-target distance within the image (that were addressed 

with different ROIs in this study). This also explains the slightly lower correlation 

values between UAV-NDVI and phenocamera indices, in comparison to spectral 

sensors VIs, which is in agreement with Peter et al. (2018).  As a result of this sensor-

target distance variation, it eventually can alter the quality of time series data, as the 

targets that are far away from the sensor present weaker signals (underestimation) and 

have higher atmospheric influence than the targets that are close to sensor, which 

receive strong signals (i.e. overestimation) (Richardson et al., 2009). Based on our 

results, this phenomena is clearly noticed and the statement holds true only in the case 

of green-up phase of plant growth. Only if the phenocamera and the UAV were using 

a similar sensor could answer if this issue has a ecological reason (phenology) or 

technical reason (sensor precision and processing accuracy). 

 

The shape of the phenocamera-based VIs fitted curve depicted that the VIgreen was 

flatter than the other two indices, while GCC and ExG both were almost identical. On 

the other hand, when compared against the spectral sensor- and UAV-derived NDVI, 

the phenocamera-based time series fit showed sharp changes in indices values, 

especially in the green-up phase. At the same time, the time series of NDVI from 

spectral sensor and UAV seems to be gradually changing throughout the entire growing 

season, showing a flatter curve than the phenocamera-based indices. This rate of change 

in indices values in both green-up and senescence affects the time series fitting and 

phenological transition date estimation, as they were based on the rate of change in 

curvature of the curve. This is also supported by the results of seasonality dates, for all 

time series of data:- flatter curves (in our case, phenocamera-VIgreen and spectral 

sensor NDVI) have similar seasonality events in general, with the minimum bias in the 

number of days.   

 

The results of this research suggest that automated digital cameras (UAVs) can be very 

effective for the identification of seasonality events, as the transition dates derived from 

UAV nadir imagery match well to visual observation of the beginning and end of the 

green season (except SOS of 2019). A double logistic function followed by an analysis 

of the curvature rate change (Zhang et al., 2003) was used in this study to estimate the 

phenology transition dates, similarly to Li et al., (2019). Except for the UAV data, a 

similar approach was used to fit the time series and retrieve the transition dates from 
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phenocameras and spectral sensor. By doing so, we were able to reduce the potential 

bias associated to different curve fitting and seasonality detection algorithms, which 

have been observed in White et al., (2014), as no single curve fitting method was proved 

to be consistently superior for fitting VIs time series (Klosterman et al., 2014). In 

general, the phenology transition dates (SOS and EOS) from phenocamera were found 

to be consistently 6 to 8 days earlier than visual inspection and UAV data values in 

2018, while the bias is up to 27 days in the case of VIgreen and spectral sensor data for 

the same year. The maximum bias was seen only for the SOS event. The SOS for 2019 

from UAV-NDVI data experienced the maximum bias (14 days) when compared 

against the visual observation, and in general the bias was larger in 2019, when 

compared for the same phenology event in 2018. One possible reason for this could be 

the number of flights during the green-up phase is less than the year 2018 (five flights 

in 2018, while only three flights for 2019), which eventually might have experienced 

higher uncertainty in deriving SOS. Furthermore, the estimated phenology dates 

validation was based on the visual observation data which, itself is not error free 

(Klosterman et al., 2014). 

 

In 2018, the vegetation green-up (SOS) started 6 – 9 days earlier in comparison to the 

2019. The change in temperature and precipitation over the study area could have 

influenced such delayed occurrence of seasonality events in 2019. Hence, further 

studies should include climatic variables as a way to answer the shift in seasonlity 

events. Furthermore, the trees were also growing faster and were closer to the 

phenocamera (the forest is fertilized and the trees are newly planted ones and growth 

rate is very high up to 1.5m within a period of 2 years (Jakobsen, pers.comm.).  

   

While the georeferencing process of UAV products generate extremely high precision 

orthophotos, i.e. a decimeter level accuracy (0.02 m in our case), phenocamera images 

lack the georeferencing information. Hence, in the inter-comparison of phenocamera 

images and UAV orthophoto, one can anticipate misalignment inaccuracies (Berra et 

al., 2019). The misalignment of the various spatial data might be one reason on having 

differing agreement between the studied platforms. In addition, the quality of the data 

collected by different sensors is not necessarily similar (Zhang et el., 2017) due to 

various reasons, one significant one being the difference in spectral bands. Because of 

this, it is to be ensured if the differences are driven by the forest or environmental 
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factors, or simply just the difference due to inconsistent sensor settings. Apart from this, 

the other prime source of uncertainty could be the diversity in temporal resolution 

between the platforms. The frequency of UAV flights conducted per year against the 

phenocamera (hourly) or spectral sensor (every 10 sec) is extremely different. Such 

temporal difference could bias the estimated phenological events (Zhang et al., 2017). 

Out of nineteen flights conducted for the entire study period, only 7 – 8 flights per year 

remained, after series of quality checks applied for filtering the most reliable data, and 

they were not captured evenly throughout the time, making sometimes a temporal gap 

of 77 days (only in case of 2019). This gap was exactly the peak period during the 

green-up phase, due to which it could entirely miss the phenology event for a season. 

Therefore, it is suggested to explore if having the nearly identical dates of data 

acquisition for different methods could improve the correlation among sensors, as well 

as the phenology transition dates of the vegetation. For the purpose of characterizing 

the spring events over different species under study using UAVs, it would always be 

favourable to start data collection a bit earlier than when the season starts and then 

finish it by the end of the season without having such larger temporal gaps as found in 

this study. This will allow getting an overview on what the baseline of indices would 

look like.  

 

Furthermore, this study has opened up new research domain to investigate if the UAV-

derived NDVI could be improved with the spectral sensor datasets. The number of 

images for radiometric calibration, as well as the flight height of the chosen images 

taken, exhibit variability of DN values over the panels and eventually affect reflectance 

(Bueren et al. 2015). In addition, other limitations about empirical line calibration 

method used in this study are that it assumes constant illumination throughout the 

image, no or uniform atmospheric effects across the image, and a perfect Lambertian 

reflecting surface (Smith and Milton, 1999). The assumptions do not agree in the case 

of our UAV flights and also the reflectance panels used in the process would not 

necessarily tend to be exactly Lambertian. Several other alternatives do exist such as 

darkest target method. Hence, an attempt to consider other existing methods of 

radiometric calibration could enhance the result. Lastly, the normalization of UAV 

images prior to radiometric calibration and the calibration itself (Berra et al., 2017) 

might also affect the NDVI values. Therefore, an attempt has to be made to quantify 

the accuracy of NDVI obtained from the normalized images.  
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7 Conclusions 

Automated digital cameras offer the flexibility of defining regions of interest within 

very fine spatio-temporal resolution images collected by them, and thus allows 

researchers to model the phenology dynamics in camera’s field of view, for either 

individual or a group of species within a forest stand. In this study, we used digital 

cameras as the one carried by a UAV and a phenocamera, often termed as near-surface 

remote sensing, to evaluate forest phenology. Our results confirm that the UAV-NDVI 

and spectral sensor NDVI measurements are highly correlated (r = 0.780 and r = 0.903 

for 2018 and 2019, respectively).  

 

In the same way, the phenocamera-based indices (GCC, ExG and VIgreen) are also 

well correlated to spectral sensor-based NDVI (r = 0.848, r = 0.777, r = 0.719 and r = 

0.80, r = 0.798, r = 0.773 for 2018 and 2019, respectively). On the other hand, the 

correlation was slightly lower to UAV-derived NDVI values (r = 0.670, r = 0.695 and r 

= 0.631, respectivley) for the years 2018, while there was no correlation at all between 

phenocamera-based VIs and UAV-NDVI values for 2019. Our analysis demonstrated 

GCC as the best approximation to NDVI time series from UAV and spectral sensor, 

over the study period. In addition, the analysis also revealed a rapid change in greenness 

in the green-up phase for phenocamera-based indices, compared to any other platform. 

The time series of GCC over ROIs, one close to phenocamera and the other close to 

horizon revealed that the sensor-target distance variation in the case of phenocamera 

indicated problems of over- and under-estimation of signals, affecting the quality of 

time series data. The spruce forest experienced a shift in seasonality events. Although 

the shift is clearly seen in transition dates from individual VIs, the transition dates from 

all the sensors over two studied years showed a shift of 6 – 18 days.  

 

Furthermore, the study also revealed a close relationship between the seasonality 

parameters (SOS, MOS, EOS, SOF, MOF and EOF) obtained from aforementioned 

platforms and the visual inspection was used to validate the data. GCC and ExG-based 

phenology date estimations were consistently more closely associated with the visual 

assessments of phenology than those obtained from VIgreen and spectral sensor NDVI, 

for both years. Phenology transition dates derived from time series of GCC and ExG 

were almost similar in general, while VIgreen as well as spectral sensor data exhibited 

earlier SOS (24 and 27 days), earlier EOS (8 days) from VI green and delayed EOS (7 
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days) from spectral sensor NDVI compared against visual inspection data in 2018. 

VIgreen and spectral sensor data in 2019 displayed earlier SOS (30 days), slightly 

higher than 2018. EOS in VIgreen was slightly earlier (5 days) in 2019, while in spectral 

sensor NDVI, the bias was just 1 day. Except SOS (bias ranges 16 – 22 for 2018 and 

2019 respectively), the phenology transition dates from UAV-derived NDVI and 

spectral sensor-based NDVI exhibited minimum bias (1 days in the case of EOS2018 and 

5 days in EOS2019).  

 

To summarize, this study showed the potential of large spatial extent coverage and fine 

spatial and temporal resolutions of UAV photography for capturing species specific 

robust phenology indices, as opposed to coarser resolution satellite sensors, and could 

be used to validate various ecosystem models. The combination of phenocamera, 

spectral sensor and UAV vegetation metrics bring up the possibility of higher spatio-

temporal coverage at local scales, and could greatly enhance the understanding of 

vegetation phenology from overstory and understory perspective.    
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8 Recommendations 
 
SITES Spectral, a national research infrastructure in Sweden, is doing a great work in 

collecting a wide range of measurements through the use of both fixed and mobile 

multispectral sensors, as well as RGB cameras, for monitoring different ecosystems. 

However, there is always space for improvement regarding data collection, storage as 

well as data quality and standards associated with it. This research utilized the datasets 

(UAV, phenocamera, spectral sensor) from Asa station, which allowed to monitor the 

seasonal dynamics of the spruce forest. For the case of UAV dataset, it is recommended 

to conduct UAV flights on a regular basis at least once a month. The flight frequency 

could be adjusted in such a way to cope with the change in vegetation, i.e. making more 

frequent flights during the main phenological event. This will allow more accurate and 

reliable comparison of UAV datasets with other sensors. The process of finding GCP 

markers during the georeferencing of UAV images was very challenging, mainly 

because of the size of them. Bigger markers would make this work easy and at the same 

time, more accurate to pinpoint them. The reflectance panels in all flights were placed 

on top of some black tarp and this made difficulty in extracting DN values for dark 

panels as they appear almost similar in some of the flights. Radiometric calibration of 

UAV orthomosaics was based on using several images of reflectance panels captured 

at the start and end of the mission, but not the orthomosaics itself. This was also related 

with the size of reflectance panels, as it was impossible to find and extract DN values 

of them from the othomosaics itself, because it risks getting DN values of mixed pixels. 

Therefore, a larger sized reflectance panels should be introduced, which will save a lot 

of time in radiometric calibration. 

 

Considering the phenocamera dataset, there were a lot of striping effect and extremely 

bright (lens flare) images, which cut a significant percent of images out of the analysis. 

The striping effect must be fixed immediately, which will help include all image in 

analysis. The proper orientation of the phenocamera (facing north), as the 

documentation suggests, helps minmizing lens flare, shadows, and forward scattering 

off the canopy. Because of a thunder crash, the electric system that supply power to the 

phenocamera and spectral sensor failed on August 2019, so no phenocamera images 

and NDVI measurements for last four months were available, making it impossible to 

extract EOF and compare it with other sensors data. Therefore, there should be some 

mechanism to check if the system is capturing the image on a daily basis. If not, it 
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should be fixed immediately; otherwise it might miss the entire phenological event 

within that timeframe. In addition, the phenocamera (more possibly due to wind) 

seemed to have been moved as there is slight change in FOV for the year 2019. The 

installation and infrastructure monitoring team must make sure that sensor is stable. 

The dataset of the same year indicated immediate relocation of either the tower to a 

new location or raising the height of the sensor above the ground, if possible. The 

relocation of the tower (if it is in plan) is recommended to be made in a way that it 

facilitates the researcher to have a field of view over a wide spatial extent. This further 

extends the research domain to look and inter-compare the forest phenology of different 

species within forest community. The installation of new phenocamera looking into 

common region of interest can help validate the result of phenocamera itself, see the 

effect of viewing direction as well as sensor-target distance. The phenocamera with 

near infrared band can entirely change the way vegetation signals are captured.  
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Supplementary Data 
 
Appendix A:  

Table 3. Information on the UAV missions conducted during 2018 and 2019 with corresponding number of images and weather conditions. 

No. Flight Date 
Flying height 

(m) 

Flight time (Local 

Time) 
Number of images Weather conditions Status 

 

1 2018-04-16 80 12:20 2233 Cloudy ✓ 

2 2018-04-25 80 10:30 2170 Cloudy ✓ 

3 2018-05-04 80 14:15 2088 Partly cloudy ✓ 

4 2018-05-15 80 13:00 2756 Cloudy ✓ 

5 2018-06-12 80 12:35 2716 Cloudy ✓ 

6 2018-06-26 80 09:45 2734 Mixed (Sunny, cloudy) *** 

7 2018-07-17 80 12:15 2772 Sunny ✓ 

8 2018-07-26 80 12:00 2736 Sunny ✓ 

9 2018-08-28 80 13:45 2780 Cloudy ✓ 

 

10 2019-04-01 80 13:00 2694 Sunny ✓ 

11 2019-04-17 80 09:30 2746 Sunny ✓ 

12 2019-04-26 80 13:45 2681 Cloudy ✓ 

13 2019-05-01 80 11:15 2614 Mixed (Sunny, cloudy) *** 

14 2019-07-12 80 12:20 2688 Cloudy ✓ 

15 2019-08-16 80 10:00 2764 Mixed (Sunny, cloudy) *** 

16 2019-09-10 80 12:15 2784 Cloudy ✓ 

17 2019-09-24 80 10:25 2818 Cloudy ✓ 

18 2019-10-07 80 11:45 2632 Sunny ✓ 

19 2019-10-16 80 11:30 2708 Cloudy ✓ 

 

*** Flights are not processed and hence not used in the research due to large variation in irradiance data during the flight 
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Appendix B: Example of 1-day and 3-day average time series of ExG and VIgreen for the year 2018. Grey circles are all image average 

corresponding VI values (every hour) within ROI; blue circles are average respective VI values for snow covered images. Left column represents 1-

day average, hollow circles (black) and (red) for ExG (a) and VIgreen (b) respectively. Right column represents 3-day average ExG (c) and VIgreen 

(d). 
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Appendix C: Example of 1-day and 3-day average time series of GCC, ExG and VIgreen for the year 2019. Grey circles are all image average 

corresponding VI values (every hour) within ROI; blue circles are average respective VI values for snow covered images. Left column represents 1-

day average, hollow triangles (red), circles (black) and (red) for GCC (a), ExG (b) and VIgreen (c) respectively. Right column represents 3-day 

average GCC (d), ExG (e) and VIgreen (f). 
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Appendix D: Double logistic fit of 3-day averaged time series of GCC (a), ExG (b), and VIgreen 

(c) and retrieval of phenology transition date from the fit for 2019 
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Appendix E: Spline interpolation fit to the UAV derived NDVI values after applying smoothing 

to raw NDVI values of year 2018 and 2019. 
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Appendix F: Different FOV of the phenocamera sensor possibly caused by the movement due to 

wind and also due to growth of the vegetation. Upper image is from the year 2018 while lower 

image is from the year 2019. 
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