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vehicles: current state and future directions
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ABSTRACT
Mapping and identification of mangrove tree species have always
played a crucial role in mangrove ecosystem conservation efforts,
and several attempts have been made using remote sensing techni-
ques for the acquisition of images and machine learning techniques
for image processing with various levels of success. Remote sensing,
combined with machine learning techniques have demonstrated
a high potential tomap and identify these ecosystems. In this research,
we have conducted a systematic study with the goal of collecting all
relevant research on mangrove species mapping and species identifi-
cation using unmanned aerial vehicles (UAVs). Our objective is to
understand current research topics, addressing themethods and tech-
niques used for mangrove image data analysis, research gaps, and the
challenges and future directions regardingmangrove speciesmapping
and identification from remote sensing images acquired using UAVs.
This will assist future research directions in managing these most
threatened and vulnerable mangrove ecosystems.
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1. Introduction

Mangroves ecosystems play a very important ecological role in human and animal life in
protecting the shoreline and inland against natural hazards like hurricanes e.g. Barbier
(2016), Lee et al. (2014), providing habitats for marine and terrestrial fauna (Heumann
2011, Kuenzer et al. 2011), supporting aquatic life such as reptiles, amphibians, crusta-
ceans, fish, molluscs, and including the provision of an environment for fish and shrimp
breeding; and provision of building material and medicinal ingredients (Avtar et al. 2017;
Barbier 2016, Kuenzer et al. 2011), among others. Mangroves produce a detritus rich in
protein and microbial loads that provides an energy base for a network of organisms.
This determines the biological productivity of the surrounding mangrove environment.
The trees have adapted easily to high temperatures in tropical regions, and to fluctuat-
ing salinity and anaerobic conditions found in these regions (Davis and Jensen 1998).
They also maintain the carbon balance of coastal areas. For these reasons, they are key
to a healthy coastal environment.

They have experienced a dramatic decline over the years, mainly due to anthropo-
genic activities (Giri 2016, Senf et al. 2017, Osorio et al. 2017) or climate change; and
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conservation efforts to monitor and conserve these ecosystems are of paramount
importance. They are among the most threatened across the globe (Son et al. 2015,
Richards and Friess 2016). Since the turn of the 20th century, they have disappeared at
an alarming rate, with some countries, e.g. Thailand, Tanzania, Mexico, Malaysia,
Philippines losing approximately 50% of their mangrove forests (Spalding 2010, Giri
et al. 2011, Long and Giri 2011). Shrimp farming has by far been the greatest threat to
the mangrove forests, especially in Asian countries. Vast mangrove forests have been
cleared to make room for artificial ponds, preventing seeds from being dispersed (Luo
et al. 2017). There has also been massive use of chemicals and antibiotics that contam-
inate these environments. Mangrove forests have also been cleared to make way for rice
paddies, rubber trees and palm oil plantations. Human encroachment, including build-
ing hotels and marinas; unsustainable tourism, and lumber industries have also been
other causes of the destruction of natural coastal environments, bringing with them
garbage, industrial waste and sewage. Mangroves also produce high-quality charcoal,
and the wood is used for building materials and fencing. Apart from human activities,
pests and parasites have had serious impacts on mangroves (Osorio et al. 2017). Barbier
(2016) focussed on storm-protection functions of mangroves, e.g. attenuating waves and
wind buffering; and their role in the protection of coastal areas, suggesting that the
protective value of mangroves could be one of the most significant benefits they offer.

There is, therefore, an urgent demand and need for conservation efforts and restora-
tion measures in the natural habitat of mangroves. Up-to-date information with regard
to the species and local mangrove distribution is essential for these efforts (Reis-Filho
et al. 2016, Rioja-Nieto et al. 2017). Mangrove areas are difficult to survey using tradi-
tional field work; which is time consuming and costly (Myint et al. 2008) mainly because
mangroves are found where the land meets the sea, mostly dense and very difficult to
access. Therefore, remote sensing has proved popular and has become the standard tool
among current researchers (Heumann 2011, Kuenzer et al. 2011, Heenkenda et al. 2015,
Cao et al. 2018). It is, therefore, imperative to use remote sensing for the management of
mangrove environments. Many studies, including Immitzer et al. (2012); Heumann
(2011); Kamal et al. (2014); Koedsin and Vaiphasa (2013); Cao et al. (2018); Cárdenas
et al. (2017); Ballari et al. (2016); Giri (2016); Luna et al. (2017); and Neukermans et al.
(2008) have highlighted the importance of remote sensing techniques for these efforts
due to the difficulty in accessing these ecosystems. Mapping and identification of
mangrove tree species plays a crucial role in ecosystem conservation and management.
Remote sensing plays a critical role for this task in these ecosystems that are often
difficult to access by traditional means.

Unmanned aerial vehicles (UAVs) (Hardin and Jensen 2011) could play a very sig-
nificant role for this task. They have been used with various levels of success in other
tree and crop mapping applications, including species identification (Baena et al. 2017,
Balsi et al. 2018, Cao et al. 2018), estimation of tree height (Panagiotidis et al. 2017),
mapping of dense coastal vegetation (Meng et al. 2017), measuring chlorophyll content
(Dou et al. 2018), estimating leaf area index (LAI) (Yao et al. 2017, Tian et al. 2017),
monitoring growth status (Du and Noguchi 2017), measuring plant density (Jin et al.
2017), vegetation environmental monitoring (Ballari et al. 2016, Manfreda et al. 2018),
individual tree detection (Nevalainen et al. 2017), and mapping invasive species (Wan
et al. 2014, Zhou et al. 2018).
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UAVs can focus on areas that have been previously identified, and they are relatively
easy to launch on demand and to repeat surveys when required. Unlike satellites, they
are not affected by cloud cover conditions common under tropical environments
(Paneque-Gálvez et al. 2014, Tian et al. 2017). They can be programmed to fly at very
low altitudes, or for mapping hard-to-reach areas, taking imagery of higher resolution
than satellite images (Paneque-Gálvez et al. 2014), with pixels sized a few centimetres.
Satellite images, by contrast, have a much lower spatial resolution, the highest being
Worldview at 0.31m as of 2017. Compared to UAV usage, ground surveys can be time
consuming, and logistically difficult. If used appropriately and combined with ground
surveys and local knowledge, UAVs can constitute a valuable tool in monitoring and
mapping forests. They can combine low cost, speed and an aerial perspective (Paneque-
Gálvez et al. 2014, Tian et al. 2017), with sophisticated sensory technology to provide
extensive and detailed data on forests in a short period of time. Their cost is diminishing,
while technical capabilities improve. They are becoming easier to use, more durable and
reliable and are increasingly marketed to those with little experience or training (Ballari
et al. 2016). The major drawback is that the processing power required for image
processing is costly. The small cameras carried by UAVs take multiple images that
need to be stitched together using software to make a cohesive map (Paneque-Gálvez
et al. 2014).

However, UAV systems have presented their own drawbacks, including that the
images acquired require a combination of robust image processing systems and sophis-
ticated machine learning systems often working together, and they take time to
develop. These image processing applications need substantial processing capabilities
and they generally slow these systems.

It is important to identify the topics that have already been studied in mangrove
mapping and species identification using UAVs, and the current challenges and limita-
tions that need further studies. To address these questions, we have used a systematic
mapping study process (Petersen et al. 2015) to identify relevant papers related to
mangrove mapping and identification of mangrove species.

2. Research methodology

In this study, we use the systematic mapping process (Petersen et al. 2015), and guidelines
for the systematic literature review described by Kitchenham and Brereton (2013) to search
for the relevant papers. Our goal was to explore existing studies related to mangrove
mapping and species identification using UAVs. The results of the study will help identify
and map research related to mangrove mapping and possible research gaps.

2.1. Research questions

The goal of this study is to provide an overview of the current research on mangrove
tree species mapping and identification using UAVs. We have, therefore, defined four
research questions:

RQ1: What research topics have been addressed in current research on mangrove
mapping and species identification using UAVs?
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This research question aims to understand the current research topics on mangrove
tree species identification and mapping using UAVs. Mapping current research will help
other researchers and practitioners to gain a better understanding on the current
research topics to help take mangrove mapping and identification of mangrove tree
species research further.

RQ2: What are the capabilities of machine learning techniques that have been used with
mangrove mapping and species identification?

A variety of image processing software and machine learning techniques exist with
different capabilities for image processing and classification, some open source and
some proprietary.

RQ3: What are the current research gaps in mangrove mapping/tree species identifica-
tion research?

The identification of research gaps will help other researchers and practitioners to focus
their research on areas that require more research. Finding research gaps will help to
understand and find unanswered research questions in current mangrove tree species
identification.

RQ4: What are the future research directions for mangrove tree species identification?

2.2. The search

We first conducted a pilot search on Google Scholar, using the phrase mangrove
mapping, species identification using UAV, without quotes. We identified 2480 papers,
designed and tested a search protocol, and chose scientific databases for peer-reviewed,
high-quality published papers in journals, and conferences related to the research topic.
We screened the papers mainly based on their titles from IEEE Xplore, ScienceDirect,
Springer Link, and Ebsco. We quickly read the abstracts and key wording, and excluded
those that had nothing to do with mangroves mapping nor tree species identification. In
total, eighty-eight (88) papers were found to be relevant to the study. We read all the
relevant papers and subsequently collected the information needed to address the RQs
of the study. In Section 3, 4 and 5 we discuss the approaches described in these papers
and in Section 6 we relate the results from the various studies to our research questions.

3. Acquisition of images and processing for mangrove mapping

Traditional fieldwork has always been used for the identification of tree species.
Conservationists would walk, and/or use boats through these often entangled, muddy
mangrove environments that are often difficult to access (Cárdenas et al. 2017) due to
their geographical locations. Mangrove ecosystems are a land-ocean interface; a very
fragile environment highly sensitive to changes that go beyond their ecological range of
tolerance (Kuenzer et al. 2011). Ground surveys are therefore difficult and expensive to
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carry out (Held et al. 2003). Therefore, remote sensing offers indirect access to these
habitats. Measurement of species diversity on a spatial level may be possible through
appropriately chosen remote sensing platforms and processing systems available today.
Remote sensing, machine learning techniques and image processing systems provide
possibilities to explore various types of mangrove image data sets and mapping tech-
niques to map mangrove species (Kamal et al. 2014).

Many studies have explored mangrove tree species identification and mapping using
a variety of sensors (Sanchez-Azofeifa et al. 2017). Laboratory instruments (using field
spectrometer/spectroradiometer) (Wang and Sousa 2009, Vo et al. 2013, Zhang et al.
2014, Shi et al. 2016) have been used for obtaining leaf spectral reflectance and their
relationship with LAI. Various techniques have been used to acquire images to be used
in mangrove detection. These include aerial photography/videography, including cam-
eras mounted on aeroplanes and UAVs, multispectral medium resolution (Landsat TM,
MODIS) sensors and high resolution sensors (QuickBird, GeoEye-1, IKONOS, WorldView-
2), RADAR/LIDAR (space-borne and airborne), and airborne and space-borne hyperspec-
tral (CASI, Hymap, AVIRIS and Hyperion) sensors. Many studies (Chenari et al. 2017;
Heenkenda et al. 2015, Kamal et al. 2015) have attempted individual tree identification
and species mapping due to the developments in remote sensing technology coupled
with machine learning (Maxwell et al. 2018) and image processing algorithms and
applications.

Low resolution satellite imagery is available at no cost from satellites like MODIS and
Landsat series. High resolution imagery is available for purchase from IKONOS,
Worldview and QuickBird. The coarse resolution of the MODIS and Landsat satellites
does not allow mangrove species identification (Myint et al. 2008), but such images have
been used for regional mapping of mangroves (Giri et al. 2011, 2014, 2015, Chen et al.
2017). New technologies and image processing techniques that have proved powerful in
mangrove species identification and mapping are aerial photography including UAVs
and aeroplanes, high resolution satellite imagery, hyperspectral imaging and RADAR/
LiDAR imaging, and image processing and machine learning techniques, some open
source and others proprietary. The use of each depends on the need and resource
availability. Most studies (Heenkenda et al. 2015, Nascimento et al. 2013, Kamal et al.
2015, Pham and Yoshino 2016, Zhang et al. 2017) have used a combination of at least
two data acquisition sensors to take advantage of the strengths of each one of them;
with increasing accuracies. Most studies have also used a combination of various
machine learning and image processing techniques on processing acquired images.

Aerial photography was the only source of mangrove image data prior to the
introduction of satellite imagery. It was, therefore used to track temporal changes
among mangroves (Heumann 2011, Kuenzer et al. 2011). It had limitations of areal
extent with very high costs of data acquisition over large geographic areas. Recent
advances in UAVs, also called drones has made aerial photography and videography
among the dominant remote sensing approaches in mapping small areas (Candiago
et al. 2015; Heenkenda et al. 2015). A variety of sensors can be mounted on these UAVs,
including multispectral, RGB, and hyperspectral and RADAR and LIDAR. These UAVs,
unlike satellite sensors, cover a specific geographic area of interest. They are able to fly
at required altitudes and to produce varying levels of resolution, typically centimetre
spatial resolution if required.
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Various sensors have been used for mangroves mapping, and attempts have been
made to map mangroves on a species level. High-resolution satellite sensors, e.g.
Worldview-2 (with 0.31m spatial resolution) have been used with mixed results. Only
UAVs and aerial photos have managed better spatial resolutions. The increasing cap-
abilities of image processing applications, including eCognition, ENVI and machine
learning applications, has brought extensive possibilities in the processing of large
quantities of remote sensing data.

4. Mangrove mapping based on UAVs

Historically, aerial photography has been the main remote sensing form of acquiring
data in small area forest management using small planes flying over an area of interest.
Forest conservation efforts are mostly done at the stand scale, representing a small area
of interest. The past decade has brought a new form of airborne system in the form of
UAVs. These have potential to be used to cover a specific small area under study, and
can be used to capture images at desirable times of the day or year when conditions are
most appropriate for specific applications, and are cheap to use. UAV systems are
capable of producing very high spatial resolution images not available from satellite
imagery, producing cm-level accuracy. They have lately been used in forest inventory
management and precision agriculture (Candiago et al. 2015, Baena et al. 2017, Yao et al.
2017). The need for more accurate data (Held et al. 2003, Candiago et al. 2015,
Senthilnath et al. 2017), coupled with reduced costs in UAV use over small areas
(Hardin and Jensen 2011, Kaneko et al. 2014) and increased image processing capabil-
ities has made UAV the method of choice in mangrove mapping and species classifica-
tion over small areas. Sanchez-Azofeifa et al. (2017) and Paneque-Gálvez et al. (2014)
identified UAVs as particularly suited for tropical ecology and conservation, where areas
of interest would be difficult or impossible to access.

In an effort to capture information on a systematic and regular basis, and to gather
information on demand, Ballari et al. (2016) also explored the potential for UAV
images for monitoring degradation of littoral vegetation in the Galapagos Islands,
including mangroves and shrubs. The imagery was acquired using two camera types,
the RGB camera and NIR camera. They identified the presence of vegetation using
Normalized Difference Vegetation Index (NDVI), and used object-based classification
of vegetation. The results indicated the feasibility of UAV technology for monitoring
littoral vegetation, and that the images could be used for object delineation and
visual interpretation.

Tian et al. (2017) compared UAV to WV-2 imagery for mapping LAI of mangrove
forest. They used three representative NDVIs (average NDVI, vegetated specific NDVI and
scaled NDVI), and concluded that UAV obtained a better accuracy than Worldview-2
(WV-2) in the plots that were covered with homogeneous mangrove species, or in the
low LAI plots because a UAV can significantly reduce the influence from the background
and the vegetation species due to its high resolution. WV-2 obtained higher accuracy
than UAV in plots with a variety of mangrove species due to the sensor providing
a negative spectral response function in terms of mangrove LAI estimation.

In a study to assess the performance of UAV-based hyperspectral and a Digital
Surface Model (DSM) derived from photogrammetric points of 13 species in a wetland
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area in Hong Kong, Li et al. (2017) managed to identify significant spectral regions from
the images. They used various classifiers and feature reduction methods. The best results
were obtained when transformed components from minimum noise fraction (MNF) and
DSM were combined in a support vector machine (SVM) classifier. Luna et al. (2017) used
an object-based image analysis approach and SVM to classify mangrove, non-mangrove
vegetation and non-vegetation using LiDAR data.

UAV-based studies in mangrove mapping have gained attention in recent years due to
minimal cost (Kaneko et al. 2014), timely nature, flexibility, and very high spatial resolution
(Klemas 2013, Colomina and Molina 2014, Paneque-Gálvez et al. 2014, Zhang et al. 2016,
Chenari et al. 2017). These airborne sensors have been able to provide centimetre spatial
resolutions which makes precise recognition of features possible, and are promising to
provide image data for mangrove tree identification over limited geographical areas. They
have been able to provide data on demand since they can be scrambled at short notice
when weather conditions permit. The sensors are able to extract spectral as well as textural
features at high spatial resolution that image processing software can easily process.
Previous studies, e.g. by Blaschke et al. (2014), revealed the difficulty to accurately distin-
guish features on images with very high spatial resolution by pixel-based techniques, and
many researchers have applied object-oriented classification techniques to recognize fea-
tures on images with very high spatial resolution.

Cao et al. (2018) used object-based image analysis techniques based on UAV hyper-
spectral images to classify mangrove species on Qi’ao Island obtained from
a commercial hyperspectral imaging sensor (UHD 185) onboard a UAV platform. They
obtained image objects by segmenting the image and the DSM data. They then
extracted spectral and textural features, and the vegetation indices from the image,
The DSM data were used to extract height information. The classification and regression
tree (CART) method was used to select bands, and the correlation-based feature selec-
tion (CFS) algorithm for feature reduction. Finally, the objects were classified into
different mangrove species based on their spectral and spatial characteristic differences.
They used the k-nearest neighbour (KNN) and SVM for classification, with SVM out-
performing the KNN. They concluded that height information is effective for discriminat-
ing mangrove species with similar spectral signatures, but different heights.

Some studies used a handheld spectroradiometer hyperspectral imaging sensor to
collect in situ spectral data for mangrove mapping. For instance, Hoa et al. (2017) used
a spectroradiometer to capture spectral data for mangrove species discrimination in
Vietnam. Dou et al. (2018) estimated the chlorophyll content of mangroves at different
stages of restoration in a coastal wetland in Quangzhou, China, using hyperspectral
reflectance of leaves from two mangrove species using a portable spectroradiometer.
They used scissors to cut the second and third leaf from the branches. Although they
managed some results, the procedure for data acquisition in situ is time consuming,
labour intensive, and difficult to use in other mangrove environments that are often
dense and muddy.

Attempts are ongoing to develop robust UAV-based systems for mapping forest
ecosystems. For instance, Guo et al. (2017) developed a low-cost UAV-Lidar system to
collect and process Lidar data for biodiversity studies. This system was tested in three
ecosystems, including two broadleaf forests, and a mangrove forest. They generated
very high resolution 3D terrain and vegetation information parameters, including
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canopy height model, canopy cover, leaf area index, and aboveground biomass from the
image data. Al-Kaff et al. (2018) documented many computer vision applications that
have been used with UAVs. The advances in available imaging technology and image
processing techniques for the acquired images makes it easier for practitioners.

5. Pixel-based vs object-based classification of mangroves

Pixel-based classification (Gholizadeh et al. 2015, Shi et al. 2016, Tian et al. 2017) and
object-based classification (Blaschke et al. 2014, Pande-Chhetri et al. 2017, Chen et al.
2018, Cao et al. 2018) methods have been used for species mapping and discrimination.
Traditional pixel-based classification methods rely on the spectral reflectance informa-
tion for individual image pixels. Various spectral metrics, or vegetation indices for
vegetation areas have been utilised with classification of mangroves, including the
NDVI (Davis and Jensen 1998, Green et al. 1998), computed using Near Infrared (NIR)
and Red as follows:

NDVI ¼ NIR� Redð Þ
NIRþ Redð Þ

and its variants; to differentiate vegetation and non-vegetation areas so as to enhance
further classification processes. The other indices related to the NDVI are Normalized
Difference Water Index (NDWI), for remote sensing of vegetation liquid water from space
(Gao 1996, Shi et al. 2016), and the soil adjusted vegetation index (SAVI). The other
important index, the leaf area index (LAI) is defined as ‘the single-side leaf area per unit
ground area’ (Green et al. 1997, p. 12). These indices describe many physical and biological
processes including photosynthesis, light penetration, transpiration, and carbon and nutri-
ent cycles. Mangrove species differ due to their biophysical and chemical properties such as
cellulose, lignin, water, protein content as well as chlorophyll content, water stress detec-
tion, canopy structure, photosynthesis, yield, and/or growing conditions and carotenoids
(Vaiphasa et al. 2005, Kuenzer et al. 2011, Manfreda et al. 2018). The internal leaf determines
the spectral response mainly composed of ‘palisade parenchyma and spongy mesophyll’
(Kuenzer et al. 2011, p. 883), together with cell sizes and layers, also local soil type and
intertidal effects. The spectral values are affected by the environment where they grow,
including the surrounding vegetation, soil and water, making use of spectral differences of
mangrove species difficult to use to discriminate from remotely sensed imagery. The early
use of biophysical properties for the discrimination on mangrove species has not yielded
results (Wang and Sousa 2009). Mangrove state can be evaluated through these vegetation
indices from images acquired in the visible, red edge, and near-infrared spectral bands.

Many other indices exist for vegetation, for instance Gholizadeh et al. (2015)
investigated the application of 15 multispectral vegetation indices (VIs) for estimating
chlorophyll content in coastal mangroves in the Sundarbans, and compared them
using six machine learning algorithms (MLAs), i.e. artificial neural networks (ANNs),
genetic algorithms (GAs), Gaussian Processes for Machine Learning (GPML), Kernel
Ridge Regression (KRR), Locally Weighted Polynomials (LWP) and Multivariate
Adaptive Regression Splines (MARS). They used in-situ sets of reflectance and chlor-
ophyll measurements to develop and validate the models. The results showed that
parameters used within the GA produce the most reliable chlorophyll content
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estimation. Also, green NDVI had comparably similar results to GAs. All methods used,
except ANN and MARS, produced a quasi-linear relationship between spectral reflec-
tance and chlorophyll content.

Shi et al. (2016) also proposed other spectral indices, spectral match degree (SMD),
normalised difference mangrove index (NDMI), and shortwave infrared absorption depth
(SIAD), to enhance the separability between mangrove forests and other vegetation ima-
gery in remote sensing. They used Landsat 8 OLI imagery of Beilunhekou National Nature
Reserve in China for testing the spectral metrics. Using SVM, they classified the derived
metrics and raw band reflectance. McNemar’s test confirmed that the results for spectral
metrics outperformed the use of raw band reflectance. Chen et al. (2017) developed
a classification algorithm that uses remote-sensed biophysical characteristics of mangrove
forests. The algorithm, developed using 6 typical Regions of Interest (ROIs) as algorithm
training and run on the Google Earth Engine (GEE) cloud computing platform was used on
1941 Landsat images at 30m spatial resolution, the annual mean NDVI, and integrated
Sentinel-1A VH band and modified Normalized Difference Water Index (mNDWI). It showed
great potential in identifying year-long tidal and fresh water bodies, which are related to
mangrove forests. The algorithm achieved more than 95% accuracy in identifying and
mapping mangrove forests when validated against ground reference data.

Mangrove species composition and their distribution determine the health of the
mangrove ecosystem environment. Different species can grow in the same environment,
and individual species may share spectral characteristics, making it difficult to discriminate
against each of the species when using only spectral characteristics. Some studies, e.g.
Vaiphasa et al. (2005) have used these, together with other characteristics, for example, their
textural features, LAI, leaf shape, age, phenological and physiological characteristics and
background reflectance (Kuenzer et al. 2011).

Object-based remote sensing has received extensive attention lately for the processing
of images for identification and discrimination of tree species. Some studies (Flores de
Santiago et al. 2013, Kamal et al. 2014, 2015, Dronova 2015, Qian et al. 2015, Cao et al. 2018)
have concluded that object-based classifications have performed better in mangrove
ecosystem discrimination and identification than pixel-based classifications. These object-
based techniques recognise contextual relations between neighbouring pixels (Blaschke
et al. 2014). Recent advances in computing processing capabilities, advanced machine
learning techniques coupled with improvements in imagery and image processing and
segmentation techniques have contributed to advances in object-based mangrove image
analysis. Multispectral and hyperspectral imagery has many spectral bands, with spatial
resolution dependent on the sensor. These properties offer an opportunity to apply object-
based analysis for mangrove mapping. Objects are extracted from images for comparison,
or to check if two objects have the same geometric properties. Instead of comparing
individual pixels, object-based methods compare image regions.

6. Discussion

The development in UAVs and UAV technology has brought extensive interest among
mangrove researchers. We hereby discuss common research topics that researchers have
dwelt on, some machine learning methods and techniques that have been used, and what
we think are the research gaps and the future directions to address the research questions.
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6.1. Research topics

The results of this study showed the majority of current research on mangrove mapping
is focussed on time-series analysis of changes in mangrove distribution (Tran Thi et al.
2014, Viennois et al. 2016, Cao et al. 2018), and the distribution in various regions of the
world (Giri et al. 2011, 2015, Jia et al. 2014, Chen et al. 2017), identification of mangroves/
non-mangrove zones and tree species, including canopy heights and tree crown deli-
neation (Kamal et al. 2015; Heenkenda et al. 2015), and current techniques for the
processing of mangrove remote sensing images, including object-based (Heumann
2011, Flores de Santiago et al. 2013, Nascimento et al. 2013, Kamal et al. 2015, Luna
et al. 2017), pixel-based vegetation indices (Gholizadeh et al. 2015, Shi et al. 2016, Tian
et al. 2017), or both (Kamal and Phinn 2011, Cao et al. 2018). A large proportion of
research concentrates on the comparison of these techniques of mangrove mapping
with mixed results. For species mapping, there is a shift towards research on the use of
very high resolution images that seem to give better results with the availability of
better image-processing computing power. Advances in image segmentation and
enhancement capabilities, and machine learning capabilities by open-source and pro-
prietary suppliers have also facilitated better image-processing capabilities for the
acquired mangrove images. Most of the studies have used traditional remote sensing
platforms like satellites, and the results from these systems have not provided the
required answers for mangrove mapping on local scales. Mapping of mangrove species
has not produced required results (Heenkenda etal. 2015; Cao etal. 2018).

6.2. Machine learning methods and techniques in remote sensing

Machine learning offers great potential for efficient processing of remote sensing data.
Various methods and techniques have been used for the identification of mangrove tree
species from remote sensing images, including the use of pixel-based spectral vegeta-
tion indices identification, object-based methods (Vo et al. 2013, Heenkenda et al. 2014,
Pham and Yoshino 2016), including segmentation and thresholding of images, and
machine learning methods. The similarity in vegetation indices and spectral similarities
among different plants, and their dependency on other factors, e.g. soil types, tides,
have made it difficult to discriminate between species, though some studies (Koedsin
and Vaiphasa 2013, Chakravortty and Sinha 2015, Tian et al. 2017) have used these with
different levels of success. Machine learning methods, e. g. SVM (Heenkenda et al. 2014,
Pham and Yoshino 2016), random forest (Zhu et al. 2017), maximum likelihood classifier
(Vo et al. 2013) and ANN (Gholizadeh et al. 2015) have been used for patterns in the
image data, and they have provided better classification performances. The trend has
been to use more than one machine learning technique for image processing, and
compare the results. The success of each of the studies depended mainly on the type of
sensor used, and the method(s) used for the processing of image data.

Proprietary applications for processing of mangrove remote sensing images have
been developed, including object-based eCognition Developer and ENVI, and open
source Scikit-image and Scikit-learn. They have built-in machine learning algorithms
that allow analysts to extract useful information from the imagery. They can find and
extract specific objects of interest from all types of imagery, and enable users to extract
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features and identify them from geospatial imagery based on the object’s spatial,
spectral, and texture characteristics. There are no specific image processing applications
built for mangrove image processing.

These image processing software systems have provided various machine learning
algorithms like SVM (Heumann 2011, Kumar and Patnaik 2013, Heenkenda et al. 2014),
Random forest (Pham and Yoshino 2016), ANN (Wong and Fung 2014), maximum likelihood
classifiers (Roslani et al. 2013, Giri et al. 2014, Wong and Fung 2014, Zhang et al. 2016) and
decision trees (Heumann 2011, Wong and Fung 2014, Zhang et al. 2017). Of note is that
most of the studies have used more than one technique to discriminate land covers on one
image, and field studies are almost always carried out to support remote sensing. Other
software, including open source Scikit-Learn, Scikit-Image, and R and Python programming
have not been widely used mainly due to the time required to learn how to implement
solutions within them, and in the case of MATLAB, the required costs and learning time.
They have sophisticated routines that can be used for most of the image processing and
machine learning functions, but require sophisticated knowledge, and cannot be used by
researchers not well-versed in machine learning and image processing.

6.3 Future research directions

It is interesting that UAVs in mapping of forests, crop management and other vegetation
monitoring have received considerable attention over the last few years. Therefore, it is
highly possible mapping of mangroves using UAVs will attract industry and academia to
conduct more research in the near future. The cost of UAV hardware and software is
expected to go down (Hardin and Jensen 2011, Colomina and Molina 2014), the systems
more precise (Hunt and Daughtry 2018, J. Zhang et al. 2016), and as information about
UAV operation becomes widespread, research on mangrove mapping would increase.
UAVs are a realistic solution to the problems encountered with coarse spatial resolution
of satellite imaging. There are many improvements in the imaging and sensor technol-
ogy that the UAVs can take advantage of, including RGB, multispectral and hyperspectral
cameras, and the use of RADAR and LIDAR technology that can be mounted on these
small aircraft. Added to that are the improvements in machine learning and image
processing applications, including developments in SVM, kNN, CART, etc, and image
segmentation and thresholding techniques.

We believe that future research will focus on the use of UAVs for mangrove tree
species identification and mapping from leaves and branches spectral metrics, leaf
shape, and canopy cover. UAVs are well suited for individual tree detection and identi-
fication, and identification of missing plants in restored stands and quantification of
spatial gaps in restored stands (Torresan et al. 2017). They can also be used to monitor
mangrove canopy growth, estimating LAI, and amount of chlorophyll at various stages
of growth, tree height, and for those that flower, to check flowering of the mangrove
plants, and also plant density. UAV data can also be used for canopy cover, senescence,
seed emergence, plant/leaf health, and amount of damage from natural hazards and
diseases in natural and restored mangrove environments. When more UAV research on
mangroves is conducted, it will have an impact on the research on UAV system technical
limitations and challenges.
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7. Conclusions and future opportunities

Remote sensing using UAVs has been successful in crop management (Yao et al. 2017)
and other forest management (Nevalainen et al. 2017) but has not been widely used in
mangrove mapping and species management. Mangrove ecosystems exhibit extreme
variations in areal extent, spatial complexity, and temporal variability. Although in its
infancy, the identification of individual mangrove tree species, and mapping of small
areas will benefit from the availability of high spectral, spatial and temporal resolutions
provided by UAVs. The main problem with the identification of individual tree species
has been the tangling of mangrove trees mainly of different species. These will be
difficult to differentiate from images due to spectral mixing of pixels, and the use of
spatial metrics may serve this important area of conservation efforts.

Low resolution sensors have several multispectral bands, including infra-red bands,
but they are too coarse for species differentiation and mapping on local scales. They
have been used for long-term monitoring on regional scales, effective for change
detection in mangrove areas over a period of time, or after anthropogenic causes
where the level of detail does not play an important part. Most data from low resolution
sensors is accessible by the public at no cost. High resolution sensors have offered better
spatial resolutions but at much higher costs since they are commercialised, and still not
with enough detail for species mapping at local scales. The cost of image acquisition is
very high when compared to low resolution sensors. They have been used for mangrove
species level discrimination is some areas, e.g. Heenkenda et al. (2015) with limited
success. Hyperspectral images have also been used. These have very high spectral
resolutions, but like high resolution sensors, have very high costs of operation, need
complex equipment and are weather-dependent. Radar uses radio waves while LIDAR
uses focussed laser light pulses. Both measure the time taken for the reflections to be
detected by the sensor to measure ranges/distances. The use of UAVs will take advan-
tage of the spectral resolutions of these sensors, and bring-in the high spatial resolutions
they offer better mapping and species identification in mangrove ecosystems.

Various machine learning algorithms have been used for the processing of these images
depending on the application and use. SVM, maximum likelihood classifier, random forest,
ANN, among others have been used. Many papers have used spectral values to find
mangrove species, but results indicate there are problems in spectral mixing and simila-
rities in indices between species. Some studies have included textural features as well as
the colours of images for the discrimination against species. There is abundant software
and enough processing capability for image processing. Image processing and machine
learning software are well developed and widely accepted in species identification and
land-cover mapping if the images are of high quality. Many of the studies use various
sensors and machine learning techniques for mangroves species identification.

Research has not taken advantage of centimetre spatial resolution available with
modern imagery for mangrove species mapping, especially for reliable and timely
information on mangrove status, for example, mangrove plant health and condition
after storms, or during different seasons of the year. Also of note is that there does not
exist much research on UAV-borne hyperspectral image and photogrammetry derived
3D data for mangrove species distribution, unlike in cropping, e.g. in Liu and Bo (2015),
mangrove species classification have not been widely used.
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The use of UAVs in remote sensing, coupled with recent developments in machine
learning algorithms and image processing software have offered capabilities for the
mapping and identification of mangrove species from images acquired from remote
sensing. Studies indicate a mixture of results, with centimetre spatial resolution indicat-
ing better results than sensors with coarse resolution. The emergence of powerful image
processing applications, and machine learning techniques have also brought capabilities
to easily process acquired images. Mangrove surveys using UAVs for mapping and tree
species identification are capable of highly precise spatial metrics in places were field
reconnaissance is difficult. UAVs will contribute to the improvements in research meth-
ods in mangroves.
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