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Abstract :

Updated information on the spatial distribution of mangrove forests is of high importance for management
plans. Yet, access to mangrove distribution maps is limited, even-though remote sensing data is currently
freely available and deep learning algorithms score high performances in automatic classification tasks.
The methodologies developed in this paper are based on a deep convolutional neural network and have
been tested on WorldView 2 and Sentinel-2 images. The obtained results are highly satisfactory and open
perspectives for automatically mapping mangrove distribution over large areas.
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1. INTRODUCTION

Updated spatial distribution of mangroves is of high impor-
tance for ecosystem conservation and management. However,
this information is limited for many areas of the world where
mangrove forests are present, such as countries of the South
Pacific Ocean.

Remote sensing data plays a key role in determining the
extent of mangrove forests and understanding its dynamics.
The last few years have brought remarkable diversity in re-
mote sensing sensors, as well as in the approaches to auto-
matically classify this data.

The deployment of ESA’s Sentinel-2 operational satellites
has established a new paradigm for remote sensing applica-
tions, as it provides world wide coverage with multispectral,
high spatial and temporal resolution, free of charge. In the
same time, deep learning approaches have become the gold
standard in image classification tasks.

The main contribution of this paper is to propose a deep
convolution neural network approach to automatically de-
tect mangroves in Sentinel-2 and WorldView 2 imagery. We
tested the proposed architecture on data acquired over Fidji,
in the South Pacific Ocean. The results obtained on both type
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Study Area

Fiji WorldView 2, 50cm
Fiji Sentinel-2, 10m

Data description Dates of acquisition

2012, 2013, 2015
2016

Table 1. Study areas and satellite data used in this study.

of data open promising perspectives to automatically generate
updated maps of mangrove distribution over large areas.

2. STUDY AREA AND DATA

2.1. Study Area

The study areas are located in the South Pacific Ocean and
extend over several areas of Fiji (see Table 1).

2.2. Remote Sensing Data

We used multispectral WorldView 2 and Sentinel-2 imagery
for several sites in Fiji. The WorldView 2 imagery was ac-
quired between 2012 and 2015 and has a spatial resolution of
50 cm. Sentinel-2 data was acquired in 2016 and has a spatial
resolution of 10m.

2.3. Reference Data

The training and test data correspond to areas of the images
containing mangroves and were generated through on-screen
digitizing via visual interpretation of the images. The training
and test datasets are independent, and each covers approxi-
mately half of the images.

3. METHODOLOGY

We have developed a supervised image classification algo-
rithm based on a deep convolutional neural network.



The architecture of the network we have proposed is il-
lustrated in Figure 1 and is composed of the following layers

e One layer composed of 1000 convolutional filters with
8x8 kernel size with 50% stride. Non linearity: ReLU

e Two “dense-layer” type layers of respective dimensions
500 300 50. Non-linearity: ReLU

e One softmax output layer

The dropout is used for all layers except the first one. The
implementation of the convolutional neural network is based
on Keras with the backend of tensorflow. It runs on an Ubuntu
OS platform with a core processor of 17, 64 GB memory and
a GTX NVIDIA ZOTAC with 12 GB memory.

C1 : feature maps

€2 : feature maps oUTPUT

3 : feature maps

size : 1x size : 1x:

Fig. 1. Convolutional neural network architecture devel-
oped for supervised image classification of mangroves from
Sentinel-2 and WorldView 2 data.

During the test phase, the network produces a classifica-
tion image whose values are close to a probability of man-
grove presence. A threshold is applied to this classification
image in order to obtain a mask of mangrove presence. The
mask obtained by classification is further processed to elimi-
nate outlayers (isolated detections of the order of one pixel in
size).

4. RESULTS

Figures 2 and 3 depict the results obtained by the convolu-
tional neural network on WorldView 2 and Sentinel-2 images
of two study areas in Fiji.

Overall accuracy for mangrove detection depends on the
threshold chosen on the ROC curve. The ROC curve depicted
in Figure 4 shows that detection rates are of 87.94% for a false
positive rate of 1.00% and increases to 99.15% if we tolerate
a false positive rate of 5.00% (see Table 2).

5. RELATED WORK

Several quality review papers focused on remote sensing of
mangroves such as [1], [2], [3], [4], [5] and [6].

They discuss major contributions to this field highlight-
ing different types of remote sensing sensors (optical imagery,
synthetic aperture radar, LIDAR) and techniques developed to
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(a) WorldView 2 (true color) image of Fiji.
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(b) Results for mangrove detection are depicted in green.

Fig. 2. WorldView 2 imagery of a study area in Fiji and man-
grove regions.

answer specific ecological needs such as land cover classifi-
cation, ecosystem measurements or monitoring through time
and different spatial scales.

This section presents a short review of mapping man-
groves from satellite multispectral imagery through image
classification and highlights the methodologies based on neu-
ral networks, as a forerunner of deep neural networks. For
detailed information on the existing research, remote sensing
sensors and methodologies used for mangrove mapping, we
direct readers’ attention to the aforementioned review papers.

Existing research on mapping the distribution of man-
groves from satellite imagery was conducted on data such as
IKONOS, QuickBird, GeoEye, Landsat, SPOT, Pleiades or
WorldView and the methodologies developed to tackle the
goal are various. They can be grouped into two categories.
Traditional approaches rely mostly on low level features
grouped according to continuity/homogeneity criteria based



(a) Sentinel-2 (true color) image of the study area in Fiji.

(b) Results for mangrove detection are depicted in red.

Fig. 3. Sentinel-2 imagery of a study area in Fiji and man-
grove regions.

False positive Rate | True positive Rate
1.00% 87.94%
2.00% 92.97%
3.00% 96.85%
4.00% 98.41%
5.00% 99.15%

Table 2. True positive rates according to false negative rates
for mangrove detection with deep convolutional neural net-
work

on prior knowledge on mangrove distribution. They include
visual interpretation of satellite imagery and manually delin-
eating contours of mangrove areas [7, 8], pixel-based clas-
sification methods [9], object-based classification [10, 11]
of hybrid methods [12, 13]. Conversely, machine learning
approaches do not rely on any assumptions on data distribu-
tion and provide non-parametric classifications models. Such
approaches include support vector machines [14], random
forest [15] or neural networks [16, 17].

Deep convolutional neural networks (DCNN) have been
used in the last years in image processing and computer vi-
sion tasks as this approach has a high ability of learning dis-
criminative features in a hierarchical way. A typical DCNN
consists of a number of convolution and pooling layers op-
tionally followed by fully connected layers [18]. DCNNs are
insensitive to rotation, affine transformation, scaling and have
lately been exploited for remote sensing applications [19] due
to their ability to exploit high-level features in images.
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Fig. 4. Mangrove detection ROC curve on WorldView 2 im-
agery.

Recently, [20] proposed a small-patched convolutional
neural network for mapping mangrove species, based on
the inception architecture of GoogleNet and applied it on
WorldView 2 images. The results obtained were compared
to an SVM using spectral and texture features and showed an
improvement of 30% in overall accuracy.

6. CONCLUSIONS AND FURTHER WORK

This article proposes a deep convolutional neural network for
automatically detecting mangroves in Sentinel-2 and World-
View 2 imagery. The architecture was tested on several ar-
eas of Fiji, in the South Pacific Ocean. The obtained results
proved that the proposed method is pertinent for mangrove
mapping. Future work will focus on species classification.
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