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Mangrove forests, though classified as evergreen vegetation, exhibit substantial year-round litterfall, necessitating 

species-level phenological understanding for accurate remote sensing classification. This study compared monthly 

phenological variations across four mangrove classes viz., red (Rhizophora mangle), white (Laguncularia racemosa), and 

black mangrove (Avicennia germinans) in both shrub and fringe conditions, using consumer-grade UAV data and Sentinel-2 

imagery from Google Earth Engine (GEE) over a 15-month period. Visible (RGB) data from UAV orthomosaics and 

Sentinel-2 were analysed using four RGB-vegetation indices, revealing similar temporal trends between platforms, though 

with consistently lower intensity values in UAV-derived data. Notably, the weakest correlations occurred in Rhizophora 

mangle and the shrub Avicennia germinans classes. These findings demonstrate UAVs´ potential for high-resolution 

phenological monitoring where spaceborne sensors lack sufficient resolution, while highlighting species-specific limitations 
for mangrove forest assessments. 
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Introduction 

Mangrove forests are coastal wetlands found in 

tropical and subtropical regions
1
. These highly 

productive ecosystems sequester significant amounts 

of carbon as biomass and provide organic nutrients 

for marine fauna
2
. Mangroves play a crucial role in 

maintaining the ecological balance of adjacent aquatic 

ecosystems, such as seagrass beds and coral reefs
3
. 

Additionally, they support local communities through 

ecosystem services, including coastal protection  

and fisheries of economic importance
4
. Given  

that mangrove species exhibit distinct responses to 

environmental disturbances, comprehensive 

assessments of their seasonal species composition and 

spatial distribution are essential for effective global 

management of these vital coastal habitats
5
. 

Mangrove forests present substantial challenges for 

fieldwork due to their waterlogged, soft-sediment 

substrates and hypersaline conditions
5
. As a result, 

remote sensing has become an increasingly vital tool 

for mapping and monitoring mangroves across large, 

inaccessible regions
6
. However, traditional medium-

resolution satellite imagery often fails to accurately 

differentiate mangrove species, underscoring the need 

for higher-resolution technologies
7
. Additionally, 

classifying mangrove species remains difficult due to 

the phenological variations influenced by pigment 

content (e.g., chlorophyll), ambient temperature, 

freshwater availability, and soil salinity, particularly 

in arid regions
8
. 

The scarcity of phenology-based assessments for 

mangrove species is largely due to the lack of 

continuous, high-temporal-resolution spatial data
9
. 

However, the Sentinel-2 multispectral sensor now 

enables satellite data acquisition at 10-meter spatial 

resolution and a revisit time of 2 – 5 days
10

, offering 

superior capability for detailed phenological 

monitoring of mangrove species compared to 

traditional platforms like Landsat (30-meter spatial 

resolution, 16-day revisit time)
11

. Furthermore, the 

cloud-based Google Earth Engine (GEE) platform 

facilitates large-scale processing of satellite data, 
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offering researchers in geospatial and phenology 

studies a powerful tool for rapid analysis
9
. 

Recent advancements in Unmanned/Unoccupied 

Aerial Vehicle (UAV) technology have enabled ultra-

high spatial resolution remote sensing of mangrove 

species at the centimetre-scale level
12

. With declining 

costs of UAV platforms and sensors, coupled with 

improved data processing software, UAVs now 

provide greater flexibility than traditional piloted 

airborne systems or satellite-based approaches
13

. The 

growing utility of UAVs is clear from the sharp rise in 

related research publications over the past three 

decades
14

. However, while most UAV applications 

have focused on precision agriculture, few studies 

have explored their potential for seasonal mangrove 

assessments
15

. Therefore, this study aimed to compare 

time-series vegetation index profiles derived from a 

consumer-grade UAV camera with harmonic analyses 

of GEE satellite data. 
 

Materials and Methods 
 

Study area 

The Urias coastal lagoon system (Fig. 1a) is an  

18 km
2
 shallow, saline, vertically mixed water body 

located on an alluvial plain in southern Sinaloa, 

Mexico. This subtropical semiarid ecosystem 

experiences mean annual temperatures of 24 – 26 °C 

and receives 800 – 1000 mm of seasonal rainfall  

(July – September). Directly connected to the Pacific 

Ocean, via tidal channels, the coastal lagoon exhibits 

semi-diurnal tides (max amplitude 1.8 m) with  

spring tides occurring during the summer (June – 

September). The system comprises tidal creeks, 

seasonal floodplains, hypersaline saltpans, and a 

 
 

Fig. 1 — (a) Location of the Urias coastal lagoon system, Pacific coast of Mexico (Enhanced Near-Infrared, Red, and Green of GeoEye-1 

dated June 2013). The yellow square indicates the location of the UAV orthomosaic; and (b) Location of the vegetation classes: 

Avicennia germinans (AG), Laguncularia racemosa (LR), and Rhizophora mangle (RM) 
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mangrove community dominated by three species: 

black mangrove (Avicennia germinans), white 

mangrove (Laguncularia racemosa), and red 

mangrove (Rhizophora mangle)
16

. Hydroperiod 

variability (flooding frequency, amplitude, and 

intensity) creates a distinct ecological gradient within 

this mangrove forest
17

. Consequently, mangroves 

thrive in optimal conditions in fringe zones along tidal 

channels, while basin areas with minimal hydroperiod 

support stunted shrubs under hydrological stress
18

. 
 

UAV data collection and analysis 

Monthly aerial surveys were conducted from July 

2018 to November 2019 using a handheld DJI 

Phantom-3 Professional UAV equipped with an 

integrated RGB camera. The 45-hectare study area 

was surveyed systematically using Map Pilot Pro 

software (v.2.0.1, iOS) to automate flight paths at  

120 m altitude, maintaining 80 % longitudinal and 

lateral image overlap for complete photogrammetric 

coverage
12

. All images were acquired in RAW (8-bit 

radiometric resolution) during solar noon (±1 hour) to 

minimise shadow effects, with wind speeds verified 

below 10 m/s using a handheld anemometer (AcuRite 

00256M) prior to each flight. The UAV´s onboard 

GNSS receiver and IMU recorded positioning data 

(logged in .csv format)
19

.  

Prior to analysis, individual UAV images were 

radiometrically calibrated using pre-flight reference 

targets deployed at the ground control station in the 

MAPIR Camera Control software. This calibration is 

essential for mitigating quality degradation caused  

by atmospheric interference, surface reflectance 

variability, and flight instability due to wind 

turbulence. Following data acquisition, the imagery 

was processed using Agisoft Metashape Professional 

to generate orthorectified products, a software 

package widely recognised for producing high-

accuracy photogrammetric outputs. The workflow 

comprised three sequential stages: (1) image 

alignment utilising the highest option, (2) 3D mesh 

reconstruction with texture mapping, and (3) final 

orthomosaic generation at a ground sampling distance 

of 5.8 cm. 

The photogrammetric processing began with 

feature matching across images using 20 distributed 

Ground Control Points (GCPs) with sub-meter GPS 

measurements. The software aligned camera positions 

using radiometrically calibrated imagery to 

compensate for illumination variations. While dense 

stereo-matching algorithms (particularly the height-

field method), effective for aerial applications, 

yielded high-quality outputs, the process faced 

significant computational constraints, particularly  

in processing time and hardware demands.  

For orthorectification, orthographic projection  

was selected due to its computational efficiency, 

generating geographic coordinate-based orthoimages 

while monitoring the mean reprojection error (target 

threshold: < 0.5 pixels) to ensure geometric 

accuracy
20

. 
 
Sentinel-2 time series 

The spectral analysis framework was adapted from 

a harmonic regression approach, transitioning from 

Landsat-8 to Sentinel-2 data through three key 

modifications: (1) geolocation of sample plots using 

sub-meter GPS coordinates, (2) substitution of 

Landsat collections with Sentinel-2 Level-2A surface 

reflectance data (COPERNICUS/S2), and (3) 

implementation of band-specific cloud masking
21

.  

The processing was conducted via GEE code 

(https://earthengine.google.com)
22

, analysing bands 2 

(blue), 3 (green), 4 (red), and 8 (NIR) across all 

available images from July 1, 2018 to November 3, 

2019. 

As the available bands do not consist of continuous 

data, the harmonic analysis was implemented to 

model periodic signals arising from seasonal and 

phenological variations
23

. This approach decomposes 

temporal patterns into constituent harmonics - linear 

combinations of sine and cosine functions
24

. The 

harmonic order selection and the generated noise-

reduced smoothed values were optimised effectively, 

mitigating atmospheric artefacts and outlier effects. 

This approach provides noise-reduced spectral 

trajectories by regressing band-specific reflectance 

(dependent variable) against temporal harmonics and 

trend components
25

. Subsequently, the estimated 

values were utilised to derive relevant vegetation 

indices. The modified code can be accessed via the 

following link: https://code.earthengine.google.com/ 

?scriptPath=users%2Fyajvaljo%2FEntrenamiento%3

ABandasPunto. 
 
RGB vegetation indices 

RGB bands were extracted from representative 

locations across four mangrove classes (Fig. 2), with 

sampling conducted within standardised 10 m
2
 square 

plots to enable direct UAV-spaceborne comparisons. 

Vegetation Indices (VI) were selected based on 

recently established RGB-based studies
26-28

. Four key 

https://earthengine.google.com/
https://code.earthengine.google.com/?scriptPath=users%2Fyajvaljo%2FEntrenamiento%3ABandasPunto
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RGB VIs were subsequently compared between 

UAV-derived and GEE-processed Sentinel-2 data 

(Table 1). Linear relationships between vegetation 

indices were assessed from both platforms using 

bivariate correlation analysis, calculating Pearson's 

correlation coefficient (r) for the whole trend. 

Bivariate correlation strength was categorised as 

strong (|r| ≥ 0.7), moderate (0.3 ≤ |r| < 0.7), or weak 

(|r| < 0.3), with statistical significance evaluated at  

α = 0.05 after verifying normality (quantile-quantile 

plot test) and homoscedasticity. 
 

Results 

Figure 3 presents the seasonal patterns of four VIs 

derived from GEE data across mangrove species.  
All evergreen mangroves showed phenological 
consistency, with peak VI values occurring post-rainy 

season (September – December) and minima during 
the dry season (April – June). Avicennia germinans 
(shrub condition) consistently exhibited the lowest VI 

values, while Rhizophora mangle showed the highest. 
Among indices, Normalised Difference Vegetation 
Index (NDVI) yielded the greatest magnitude, 
followed sequentially by Modified Green Red 
Vegetation Index (MGRVI), Green Red Vegetation 
Index (GRVI), and Red Green Blue Vegetation Index 

(RGBVI). 
Figure 4 displays visible-spectrum VI derived  

from the consumer-grade UAV camera. While VI 
magnitudes were systematically lower than 
corresponding GEE-platform values (e.g., 0.3 ± 0.1 
for MGRVI), both datasets captured consistent 

phenological patterns, including post-rainy season 
peaks and dry-season minima. Notably, Avicennia 
germinans (shrub condition) exhibited attenuated 
seasonality (p > 0.05). These observations align with 
significant bivariate correlations between UAV and 
GEE-derived VI (Table 2), confirming inter-platform 

consistency despite absolute value differences. 

 

Discussion 

This study aimed to compare monthly VI values 

derived from consumer-grade UAV-based RGB 

imagery with those obtained from the GEE platform, 

focusing on evergreen mangrove forests. Using  field  

 
 

Fig. 2 — Characteristics portrayals of the vegetation classes examined for the field and remote sensing data collection: (a) Rhizophora 

mangle, (b) Laguncularia racemosa, (c) Avicennia germinans, and (d) Avicennia germinans shrub 
 

Table 1 — Visible vegetation indices used in this study 

Vegetation index Equation Reference 

Visible-band Difference Vegetation 

Index (VDVI) 

(2G-R-B)/ 

(2G+R+B) 

Wang  

et al.15 

Normalised Green-Red Difference 

Index (GRVI) 

G-R/G+R Tran  

et al.7 

Modified Green Red Vegetation 

Index (MGRVI) 

G2-R2/G2+R2 Bendig  

et al.26 

Red-Green-Blue Vegetation Index 

(RGBVI) 

G2-(B R)/G2+ 

(B R) 

Bendig  

et al.26 

*R, G, and B denote red, green, and blue data, respectively 
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Fig. 3 — Time series of the vegetation indices profiles created by the Sentinel-2 data. Error bars are denoted for each vegetation class. 

Normalised Difference Vegetation Index (NDVI), Visible-band Difference Vegetation Index (VDVI), Normalised Green-Red Difference 

Index (NGRDI), Modified Green Red Vegetation Index (MGRVI), and Red-Green-Blue Vegetation Index (RGBVI) 
 

 
 

Fig. 4 — Time series of the vegetation indices profiles created by the consumer-grade UAV camera. Error bars are denoted for each 

vegetation class. Visible-band Difference Vegetation Index (VDVI), Normalised Green-Red Difference Index (NGRDI), Modified Green 

Red Vegetation Index (MGRVI), and Red-Green-Blue Vegetation Index (RGBVI) 
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Table 2 — Bivariate correlation analysis between the vegetation 

indices derived from the consumer-grade UAV camera and the 
Google Earth Engine platform. *Indicates significance at p < 0.05 

Class 
Vegetation index 

MGRVI NGRVI VDVI RGBVI 

Rhizophora mangle 0.09 0.18 0.02 0.07 

Laguncularia racemosa 0.78* 0.83* 0.53 0.72* 

Avicennia germinans 0.70* 0.35 0.69* 0.70* 

Avicennia germinans 

shrub 

0.25 0.02 0.24 0.21 

 

and remote sensing approaches, the capability of a 

specific VI to capture seasonal trends in subtropical 

mangrove trees and shrubs was assessed. A key 

methodological contribution was the application of 

radiometric correction to consumer-grade UAV 

images, enabling multi-temporal analysis. Although 

consumer-grade UAV cameras are not inherently 

designed for phenological monitoring, radiometric 

calibration facilitated the detection of similar seasonal 

trends in certain vegetation classes. However, the 

UAV-derived VI values obtained were consistently 

lower than those from the GEE platform. 

This study delineated the phenological trajectory of 

local mangrove species using time-series VI, offering 

insights for ecologists studying mangrove physiology 

and ecology. The methodology could benefit the 

remote sensing community by enabling more accurate 

mapping of mangrove forests extent and condition
10

. 

Similar time-series VI profiles were observed by  

Li et al.
29

, though the referenced study focused on 

Kandelia obovata, Aegiceras corniculatum, Avicennia 

marina, and Bruguiera gymnorrhiza in China. 

Sentinel-2-based NDVI time-series data demonstrated 

significant improvements over Landsat-based data, 

primarily due to its higher spatial resolution (10 m vs. 

30 m). While Landsat provides up to 24 usable 

observations annually, this temporal resolution may 

still be insufficient to capture fine-scale phenological 

variation in mangrove species
22

. 

Assessment of mangrove species in a localised area 

of the Urias coastal lagoon in the current study 

demonstrated the potential for large-scale mangrove 

species mapping. However, accounting for variations 

in life cycle stages among species is critical
30

. 

Previous studies have shown that mangrove 

phenology is influenced by local climate, water and 

soil salinity, latitude, and interactions with 

surrounding vegetation
29

. As a result, the same 

species may exhibit morphological differences across 

distinct locations
31

, highlighting the need for expert 

knowledge when monitoring long-term and spatially 

variable mangrove dynamics
18

. A key limitation of 

current study species identification method is the 

uncertainty associated with tracking these changes 

over large spatial and temporal scales
29

. 

Reliable training samples are essential for 

understanding image properties and developing 

accurate classification rules
16

. High-quality training 

data is essential for creating detailed classification 

maps
32

, yet their correction poses several challenges. 

First, positioning systems inaccuracies may introduce 

location errors in training samples, leading to 

misclassified pixels in remotely sensed imagery
8
. 

Second, converting field survey points into pure 

pixels (single land-cover type) is often problematic
33

. 

For example, each training sample should ideally 

represent a pure pixel of at least 10 m × 10 m. 

However, due to the small area and high species 

heterogeneity of the Urias coastal lagoon, few pure  

10 m × 10 m plots are available
15

. 

The use of UAV-derived data enabled accurate 
adjustment of Sentinel-2 imagery, facilitating the 
generation of numerous high-accuracy ground  
truth samples

12
. This cost-effective approach, as 

demonstrated by Li et al.
29

, leverages GEE cloud 
computing to efficiently process and classify large 
volumes of Sentinel-2 data for mangrove species 
mapping. GEE automatically synchronised all 
Sentinel-2 data from the European Space Agency and 
seamlessly integrated them into the processing 

workflow
34

. Using simple scripts, GEE effectively 
filtered cloudy pixels and generated high-quality 
time-series data. By incorporating machine learning 
algorithms through GEE´s Application Programming 
Interface (API), this study could implement random 
forest classification on the platform

21
. Consequently, 

all phenology-based classification procedures  
can be executed efficiently in a cloud computing 
environment, eliminating dependence on local 
computing resources or external software. 

The UAV-based RGB image acquisition method 
has additional inherent limitations. Although the 

images were captured with fixed exposure settings 
and underwent rigorous radiometric calibration, the 
high pixel density introduced a pronounced "salt-and-
pepper" effect when aggregating values within the  
10 m radius sampling areas for each class

10
. To 

address this issue, the study recommend 

supplementing UAV data with field spectroradiometer 
measurements for enhanced in situ validation

31
. 

Although restricted to visible-range detection (versus 
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NIR-enhanced VI), RGB VIs enable cost-effective, 
high-temporal-resolution health surveillance when 
paired with species-specific reflectance baselines. 
Spectroscopy reflectance data obtained with a field 
spectroradiometer are more complex and time-

consuming than those from a UAV-mounted 
multispectral camera system designed for precision 
agriculture

28
. These instruments are not only costly 

but also demand substantial operational expense, 
particularly when deployed in challenging  
saline environments

29
. Future research should 

prioritise national phenological studies in larger 
mangrove systems, such as Marismas Nacionales, 
where hydrological modifications have occurred. 
Such investigations could provide critical insights  
into historical patterns of mangrove forest 
degradation. 

 

Conclusion 

This study evaluated the detection of seasonal 

variations using visible-spectrum vegetation indices 

derived from UAV-based RGB imagery. The method 

demonstrated strong agreement (r = 0.83) between 

UAV orthomosaics and spaceborne sensor data for 

phenological monitoring in small-scale mangrove 

ecosystems, presenting a cost-effective alternative to 

ground-based spectroscopy. While effective, the 

approach was constrained by long orthomosaic 

processing times (several hours per flight). For 

semiarid mangroves with distinct wet/dry seasonality, 

these techniques show promise in tracking species-

specific physiological responses to environmental 

drivers. Future research should expand these methods 

to diverse coastal systems, ideally incorporating 

multispectral UAV sensors to enhance discriminatory 

capacity for mangrove functional traits under climate 

change scenarios.  
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