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Abstract 

 

Mangrove ecosystems play a very important ecological role on land-ocean interfaces in tropical 

regions.  These ecosystems comprise of various tree species and aquatic animals, protecting 

the environment and providing a habitat that supports many living organisms including 

humans. The identification of image regions in mangrove ecosystems plays a significant 

role in ecosystem monitoring and conservation. Recent studies have suggested 

oversegmentation of colour images using superpixels as a solution to the segmentation of 

image regions. This study used the SLIC superpixel algorithm and k-means clustering to 

segment images taken from a camera mounted on a drone from a mangrove ecosystem in Fiji. 

The SLIC superpixel algorithm performed well to demarcate image regions with similar 

colour and texture information into patches and to use k-means for the segmentation of the 

whole image. These results lend support to the use of superpixel algorithms for the 

segmentation of mangrove ecosystems. Understanding how superpixels can be used for the 

segmentation of drone images will assist conservation efforts in mangrove ecosystems. 
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1. Introduction 

Over the past decade, there has been heightened interest in the use of Unmanned Aerial 

Vehicles (UAV) in acquiring images for mapping and monitoring vegetation (Tian et al. 2017; 

Senthilnath et al. 2017; Candiago et al. 2015). UAVs commonly referred to as drones refer to 

small aircraft without a pilot on board with its associated elements such as ground station 

and communications link.  They have been used with success in forest fire prediction and 

control (Barrett et al. 2015), road traffic analysis (Salvo et al. 2014; Khan et al. 2017), 

monitoring for environmental management (Ballari et al. 2016), shoreline mangrove forest 

structure degradation and threats (Mackenzie et al. 2016) and many other applications. 

These mangrove ecosystems play a very important ecological role on land-ocean 

interfaces.  They are found mainly in the tropical regions.  The term mangrove refers to a 

group of salt-tolerant shrubs and trees that form coastal and estuarine forests. The 

characteristics that best describes their environment is the presence of salt water, tidal ranges 

and ocean currents, a silt and clay-like substratum and a tropical or sub-tropical climate (de 

Rezende et al. 2015). They are restricted to the elevational range between sea level and the 

highest tide level that ranges less than 1 metre above sea level. Mangroves act as a natural 

repository for sediments, nutrients and contaminants, thereby maintaining coastal water 

quality and the health and natural functioning of the coral reefs and sea grass beds. They also 

provide shoreline protection from storms and erosion, aid in the breaking of waves, sequester 

carbon and filter runoff water from inland (Barbier 2016). They constitute a habitat that 

supports many living organisms, some of which are important for human food security. 

These trees have all adapted to the wet, saline conditions in the sea. It is now well known 

that the mangrove ecosystems hold numerous benefits to both the ecological world and 

society alike. We will use drone images acquired in Fiji Islands. The Fiji mangroves are 

divided into three functional groups depending on growth habits, namely red mangroves 

(locally referred to as Tiri), black mangroves (Dogo) and white mangroves of Fiji, each with 
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various species (Mangroves in Fiji 1999). These ecosystems are currently under threat by the 

human race (Mackenzie et al. 2016).  It is extremely important as the human race grows that 

the mangroves continue to provide the food and bounty services in a sustainable manner. 

Also extremely important as the human population grows is the need for the food and the 

numerous services that the mangroves provide. If the exploitation of this ecosystem 

continues without sound conservation efforts the human race will be without one of the 

greatest and productive ecosystems this world has to offer. 

The mangrove ecosystems are hard to penetrate: tangling hibiscus and high roots that 

get in the way, plus muddy substrate trapping the feet. Although satellite-based remote 

sensing techniques have been used in certain situations (Heenkenda et al. 2015, 2016; 

Heumann 2011), cloud coverage has posed problems since the mangrove environments are 

located in tropical areas. Aerial photograph using drones could be a promising way in 

mangrove surveys (Mackenzie et al. 2016; Ballari et al. 2016). The drones can be scrambled 

to get images when there is little cloud cover at a lower cost, and, they can even fly below 

the clouds, meaning reliable data can be collected in most weather conditions. 

Drones can focus on areas that have been previously identified, and they are relatively 

easy to launch on demand and to repeat surveys when required. This means that unlike 

satellites, they are not affected by the cloud cover conditions common under the tropical 

environments (Paneque-G´alvez et al. 2014; Tian et al. 2017). Small drones 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-G’alvez 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. In a study to measure three-dimensional 

features of a coral-reef, Casella et al. (2017) used a small drone remotely steered from a 

small boat equipped with a small-grade camera. They collected 306 images after a 10min 

flight, obtaining as output an ortho-rectified aerial photomosaic and a bathymetric digital 

elevation model (DEM) with a resolution of 0.78 and 1.56 cm per pixel. 

Compared to drone usage, ground surveys can be time consuming, and logistically 

difficult. If used appropriately and combined with ground surveys and local knowledge, 

drones can constitute a valuable tool in monitoring and mapping forests. They can combine 

low cost, speed and an aerial perspective (Paneque-G’alvez 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. Drones 

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 

drones take multiple images that need to be stitched together using software to make a 

cohesive map (Paneque-G’alvez et al. 2014). 

In this paper, a procedure for segmenting and classifying airborne drone images of 

mangrove ecosystems is proposed. Segmentation is the process of partitioning an image into 

multiple segments. Various methods of segmentation exist depending on the application.  

The segmentation of these mangrove areas is performed using the SLIC (Simple Linear 

Iterative Clustering) superpixel algorithm, a sub-problem of image segmentation (Boemer et 

al. 2017) whereby a smaller number of pixels, called superpixels is used to represent an 

image using image regions. The SLIC algorithm has the desired properties that include 

adherence to image boundaries, low computational complexity, and over-segmentation of 

images (Achanta et al. 2012). This algorithm uses information about pixel neighbours, which 

means it clusters the pixel information according to its colour and spatial properties of an 

image. 

The results are encouraging, showing that the proposed SLIC superpixel algorithm 

performs better on mangrove areas segmentation than using, for example k-means clustering, 

and could be a potential for use in the dense mangrove environments. Mapping mangrove 

ecosystems have always been a challenge due the limited height variations among the tree 

species. Heenkenda et al. (2015) found that mangroves trees are very dense, spatially 

homogeneous and have limited height variations. There is no literature indicating that 

superpixels have been used for the segmentation and mapping of drone images from 
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mangrove ecosystems. 
 

1.1 Image Segmentation 
Image segmentation is the partition of an image with N pixels into multiple, disjoint 

segments or clusters. It has applications in machine vision (Benoit et al. 2014; Sabzi et al. 

2017), medical imaging (Belsare et al. 2016; Cong et al. 2014), object-detection and 

recognition (Gupta et al. 2015; Mottaghi et al. 2010), among others. The goal of 

segmentation is to change the representation of an image into another which is more 

meaningful and easier to analyse. The result of image segmentation is a set of segments that 

collectively cover the entire image, or with some image parts removed, or a set of contours 

extracted from the image like in edge detection. Each of the pixels in a region are similar 

with respect to some characteristic or computed property, such as colour, intensity, or 

texture.  

Thresholding (Aja-Fernandez et al. 2015), edge-detection (Pauwels et al. 2014), 

histogram-based methods (Lu and Lu 2017), and region-growing methods (Lu et al. 2014) 

are some of the methods that have been used for image segmentation. While many of these 

approaches yield reasonable segmentations, they are often slow (Jayagar and Jeyakumari 

2015) and therefore computationally intractable for large images.  One way to counteract 

computational infeasibility is through a pre-processing step called superpixel segmentation. 

Superpixels represents an image by grouping a smaller number of pixels into patches, 

called superpixels (Boemer et al. 2017). Desired properties of superpixels include adherence 

to image boundaries, over-segmentation, computational and memory efficiency, and 

improvement of subsequent image processing (Achanta et al., 2012; Boemer et al., 2017). 

Efficient superpixel segmentation is important in processing large images as image 

resolution increases. 

A downside to many superpixel segmentation algorithms, for example, Turbopixels 

(Levinshtein et al. 2009) and SLIC (Achanta et al. 2012) is the need for parameter tuning, 

which can greatly reduce the practical efficiency of the algorithm (Achanta et al. 2012; 

Boemer et al. 2017). A recent study by Boemer et al. (2017) developed a parameter-free 

image segmentation algorithm using SLIC superpixel algorithm and the Extreme Learning 

Machines (ELM), called parameter-free SLIC (PF-SLIC) to predict the SLIC parameter k the 

number of superpixel clusters generating a parameter free framework, though feedforward 

neural networks are in general far slower than required (Huang et al. 2006). This Extreme 

Learning Machines (ELM) (Boemer et al. 2017), though promises to solve the candidate 

solution for computationally efficient learning for the SLIC algorithm. There is no open-

source implementation for this PF-SLIC. SLIC (Achanta et al. 2010, 2012) is a clustering 

approach with O(N) runtime, and has state-of-the-art boundary adherence.  However,  SLIC, 

in its present form  requires two input parameters, a compactness factor m and the number of 

clusters k. In practice m can be fixed to a constant.  

Other superpixel algorithms have been proposed, and grouped (Achanta et al. 2012) 

into graph-based and gradient-ascent-based, and are discussed briefly below. 
 

2. Previous Work 

2.1 K-means Clustering 

K-means clustering is an unsupervised machine learning algorithm that partitions an 

image into k clusters given an image of N pixels, with the value of k fixed beforehand. 

Clusters provide a grouping of the pixels that is dependent on their values in the image. Let X 

= {x1, ..., xn} be a set of N image pixels, and let Vxi denote the property vector associated 

with pixel xi. The K-means algorithm has the following steps: 
 Parameter Initialization: The means of each of the K clusters are initialized to values 

of potential property vectors. In the classic K-means algorithm, the value of each 
element of the property vector is chosen randomly from the set of all possible values 
for that element. 

 Assignment of Pixels to Clusters: Now that each of the K clusters Ck has a mean µk, 
each pixel xi is assigned to the cluster with the closest mean, using a distance 
function that can compute the distance between 2 property vectors. At this point each 
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pixel xi is associated with a single cluster Ck. 
 Parameter Re-computation: The means of the clusters are now re-computed based on 

the property vector values of all the pixels in each cluster. Thus we have that µk is 
computed as the mean of {V (xi)| xi ∈ Ck}. 

Steps 2 and 3 above are repeated until no pixel moves from one cluster to another in a 

given iteration (Liu et al., 2015). 

Thus the algorithm goes: 

If we have n sample feature vectors x1, x2, ..., xn all from the same class, and we know that they 

fall into K compact clusters, K<n.  Let mi be the mean of the vectors in cluster i. If the 

clusters are well separated, we can use a minimum-distance classifier to separate them. 

That is, we can say that x is in cluster i if ǁx − miǁ is the minimum of all the K distances. This 

suggests the following procedure for finding the K-means: 

 Make initial guesses for the means m1, m2, ..., mk 
 Until there are no changes in any mean 

- Use the estimated means to classify the samples into clusters 
- For i from 1 to k 

* Replace mi with the mean of all of the samples for cluster i 
- End_for 

 End_until 
 

 
 
 
 
 
 
 
 
 
 
 

(a) Original Image  (b) Clusters = 5   (c) Clusters = 10 
 

Figure 1: K-Means clustering of an image (Clusters = 5, Clusters = 10) 
 

2.2 Superpixel Algorithms 

Superpixel algorithms can be generally categorised into graph-based algorithms and 

gradient-ascent methods (Achanta et al. 2012) and clustering methods (Boemer et al. 2017). 

We provide a brief overview of existing superpixel methods according to Achanta et al. 

(2012) and Boemer et al. (2017). 
 

 2.2.1 Graph-Based Algorithms  

 These treat each pixel as a node in the graph. Edge weights between two nodes are 

proportional to the similarity between neighbouring pixels.   Superpixels are created by 

minimizing a cost function defined over the graph. Examples  include  the  Normalized  cuts  

algorithm  (Shi  and  Malik 2000), Felzenszwalb and Huttenlocher (Felzenszwalb and 

Huttenlocher 2004) and Veksler et al (Veksler et al. 2010). 

 1. The Normalized cuts algorithm (Shi and Malik 2000) recursively partitions a graph 

of all pixels in the image using contour and texture cues, globally minimizing a cost 

function defined on the edges at the partition boundaries. It produces very regular, 

visually pleasing superpixels. However, the boundary adherence of algorithm is 

relatively poor. It  is  also  one  of  the  slowest  among  the  superpixel  methods, 

particularly for large images (Achanta et al. 2012). 

 2. Felzenszwalb and Huttenlocher (2004) algorithm performs an agglomerative 

clustering of pixels as nodes on a graph such that each superpixel is the minimum 

spanning tree of the constituent pixels. Achanta et al. (2012) find this algorithm has 

very good boundary adherence and runs nearly as fast as SLIC but produces 

superpixels with very irregular sizes and shapes, does not offer an explicit control 

over the amount of superpixels or their compactness. It runs in O(N log N) 
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(Boemer et al. 2017). This algorithm requires tuning a single parameter which sets the 

preference for larger or smaller superpixels through a threshold function. 

3. Veksler et al. (2010) proposed an approach to compute superpixels in an energy 

minimization framework. It uses a global optimization approach where superpixels 

are obtained by stitching together overlapping square image patches of fixed size.  Each 

pixel belongs to only one of the overlapping regions. They suggest two variants of their 

method, one for generating compact superpixels and one for constant intensity 

superpixels (Boemer et al. 2017). The algorithm was evaluated on the Berkeley 

database with significant failures with segmentation of some of the images (Veksler et al. 

2010). 
 

 2.2.2 Gradient-Ascent-Based Algorithms 

These methods iteratively refine the clusters until some convergence criterion is met to 

form superpixels. They include the Mean Shift (Comaniciu et al. 2002), The Quick Shift 

(Vedaldi and Soatto 2008), the Turbopixel method (Levinshtein et al. 2009) and the 

Watershed method (Vincent and Soille 1991). 

1. The Mean Shift algorithm (Comaniciu et al. 2002) is an iterative mode-seeking 

procedure for locating local maxima of a density function. Pixels that converge to the 

same local maximum belong to the same segment, thereby defining the superpixels. It 

produces irregularly shaped superpixels of non-uniform size. It is relatively slow, and 

does not offer direct control over the amount, size, or compactness of superpixels 

(Achanta et al. 2012; Stutz et al. 2017). 

2. The Quick Shift algorithm (Vedaldi and Soatto 2008), like the mean shift algorithm 

creates superpixels by seeking local maxima; using a mode-seeking segmentation 

scheme in a computed density image (Achanta et al. 2016), assigning each pixel to the 

corresponding mode it falls into. It initializes the segmentation using a medoid shift 

procedure.   It then moves  each point in the feature space to the nearest neighbour that 

increases the Parzen density estimate. While it has relatively good boundary 

adherence, the algorithm is quite slow (Achanta et al. 2012). 

3. The Watershed algorithm (Vincent and Soille, 1991) originally used with grayscale 

images is a gradient-ascent method which runs in O(N log N) time.  It starts from 

local minima to produce watershed lines that separate image segments. Achanta et al. 

(2012) and Boemer et al. (2017) found that the watershed algorithm produces 

superpixels that do not exhibit good boundary adherence and that are irregular in size 

and shape. 

4. The Turbopixel (Levinshtein et al. 2009) is a geometric-flow based algorithm that 

places initial seeds regularly onto an image, and uses the level-set based geometric 

flow to dilate progressively from those seeds based on local image gradients. 

However, the algorithm may fail when segmenting an image in regions with high 

intensity variability which leads to their results having poor performance in boundary 

adherence and under-segmentation error.  Achanta et al. (2012) find that Turbopixels 

exhibit poor boundary adherence and are among the slowest algorithms in practice. 

5. SLIC (Simple Linear Iterative Clustering) is a superpixel segmentation algorithm 

which runs in O(N ) time. SLIC adapts k-means clustering by searching for cluster 

centers only over a constant-sized region. Achanta et al. (2016, 2012); dos Santos 

Ferreira et al. (2017) find that SLIC is the fastest superpixel algorithm in practice, is 

simple to use, is faster and more memory efficient, can be extended to supervoxel 

generation, and has good boundary adherence when used on the Berkeley, MSRC and 

PascalVOC datasets. The SLIC algorithm also relies on starting seed pixels chosen at 

regular grid intervals. It performs a localized k-means optimization in the five-

dimensional CIELAB colour and image space to cluster pixels into SLIC superpixels. 

Recent variants of SLIC are presented by Bai (Bai et al. 2014); by Han (Han 2017), 

PF-SLIC (Boemer et al. 2017), by Li (Li 2015), by Lu (Lu et al. 2014), by Lu and Lu 

(Lu and Lu 2017), and Manifold SLIC by Liu et al. (2015). 

Bai et al. (2014) introduced a two-stage grayscale segmentation method in which the 

modified SLIC segmentation is used to obtain the pre-segmentation results before a Nystrom-

based spectral clustering is applied to get the final segmentation result. Han (2017) 
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implements k-means clustering method on the result of SLIC segmentation, calculating 

similarity based on weighted Euclidean distance, and then a k-means clustering based on 

binary classification. Linear Spectral Clustering (LSC) (Li 2015) maps each pixel to a point 

in a ten-dimensional feature space in which k-means is applied for segmentation.  Experiments 

were performed using the Berkeley Segmentation Database for three evaluation metrics of 

under-segmentation error, boundary re-call and achievable segmentation accuracy. The 

results indicated that the algorithm produces compact and regular-shaped superpixels with 

linear time complexity and high memory efficiency. Another variation of SLIC, Adaptive-

SLIC (Boemer et al. 2017) chooses m adaptively and therefore requires a single parameter 

k. These variations of SLIC and other superpixel algorithms indicate an improvement in 

the segmentation quality of images in various public datasets. 

For our goal the superpixel should be processed like a pixel. Therefore a superpixel with a 

regular size is preferred. We also want to use a superpixel algorithm with low computational 

complexity. SLIC generates superpixels that match different object boundaries as well as 

having a regular size. We therefore consider SLIC as the most viable superpixel candidate 

for the segmentation of the drone images from the mangrove ecosystem. 
 

2.3 The SLIC Superpixels 

  SLIC (Achanta et al. 2010, 2012) is a superpixel segmentation algorithm with very 

good boundary adherence (Achanta et al. 2016; Boemer et al. 2017; Han 2017). It 

produces a number of approximately equally-sized superpixels. This is achieved by limiting 

the search space of each cluster centre in the assignment step. While in k-means clustering, 

the distances are computed from each cluster centre to every pixel in the image; in SLIC 

(Figure  2  below)  the  algorithm  reduces  the  superpixel  search  regions by only computing 

distances from each cluster centre to pixels within a 2SX2S region, where 

𝑺 ≈  √(
𝑵

𝒌
) 

 

 
 

Figure 2: SLIC searching within a limited region 

 

The expected superpixel size is only SXS, indicated by the smaller square. This 

approach not only reduces distance computations but also makes SLIC complexity 

independent of the number of superpixels. According to Achanta et al. (2012) and Boemer et 

al. (2017), SLIC converges within 10 iterations of re-computing centroids, the complexity 

SLIC is linear in the number of pixels in the image yielding O(N ) runtime, while the 

conventional k-means algorithm is O(kNI), I being the number of iterations. The algorithm 

requires a post-processing step to ensure superpixels are not disjoint. 

It has two important distinctions: 

According to Achanta et al. (2012), the clustering procedure begins with an initialization step 

where k initial cluster centres Ci = [li, ai, bi, xi, yi]; i = 1, 2, k, which consists of colour values 

of CIELAB space of and the coordinates (xi, yi) of the pixels in the image, with each centre 
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point assigned a class label. The centres are moved to seed locations corresponding to the 

lowest gradient position in the 3 X 3 neighbourhood to prevent the centre point from the 

image boundary or noise point (Han 2017). The gradient is calculated in 5D space, labxy, as 

follows: 
 

𝐺(𝑥, 𝑦) =  ‖𝐼(𝑥 + 1, 𝑦) − 𝐼(𝑥 − 1, 𝑦)‖2
 
+ ‖𝐼(𝑥, 𝑦 + 1) − (𝑥, 𝑦 − 1)‖2

 
    (1) 

 

where I (x, y) is colour characteristics vector [lab] of pixel (x, y). The centre point of each pixel 

block is clustered. Similar pixels are searched in region 2SX2S of the superpixel centre points. 

 The similarity between pixel and superpixel centre point is calculated as follows: 
 

𝑑𝑙𝑎𝑏 =  √(𝑙𝑘 − 𝑙𝑖)2
  

+  (𝑎𝑘 − 𝑎𝑖)
2

 
+  (𝑏𝑘 − 𝑏𝑖)

2
 
        (2) 

 

 

𝑑𝑥𝑦 =  √(𝑥𝑘 − 𝑥𝑖)2
  

+  (𝑦𝑘 − 𝑦𝑖)
2

 
  (3) 

 

 

𝐷𝑖 =  𝑑𝑙𝑎𝑏 +
𝑚

𝑠
𝑑𝑥𝑦      (4) 

 

where dlab is the colour difference between pixels; dxy the space distance between pixels; s the 

distance between centre points, m the balance parameter to evaluate the proportions of colour 

and space distance in similarity measurement  for controlling compactness  of superpixel  

blocks after clustering.  It has been observed that as the values of m increase, more weight 

is placed on the spatial proximity, generating spatially compact superpixels while small 

values of m generate superpixels with better colour boundary adherence, but lower spatial 

compactness. Also, in lab-colourspace and xy-spatial  space,  m in  the  range  [1, 40]  yields  

good performance. Di is the similarity degree between pixels, the tighter the clustering result 

is, and the superpixel has lower area-to-perimeter ratio. 

 
3. Problem Formulation 

 3.1 Datasets 
 The airborne imagery used in this study was acquired using drones flying over the 

Suva Foreshore mangroves in Fiji (Figure 3). Each image is a scene of airborne mangrove 

acquired on the 10th of September 2017 at about 30m above ground. The drone is designed 

to fly a predetermined course using on-board autopilot or can be flown manually as well. 

All the images are of size 178 x 178 pixels, 94dpi and have bit depth of 24. The drone took 

images along its flight path, and some of the images are overlapping. All the images are 

RGB images with colour information ranging [0–255]. 

 While clustering and segmentation algorithms are unsupervised learning processes, 

users are usually required to set some parameters for these algorithms. Setting these 

parameters requires either detailed pre-existing knowledge of the data, or time-consuming 

trial and error methods. With drone images from the mangrove ecosystem, two hundred 

(200) segments for the SLIC algorithm and a compactness parameter c = [20, 40] were found 

to be the most ideal. 
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 Figure 3: The Location Map of the Study Area, The Suva Foreshore, Fiji 
 

 3.2 Image Processing 

 We use the SLIC superpixel algorithm that segments an image into patches, i.e. 

superpixels of neighbouring pixels using similar colour and the xy spatial information of 

pixels. This can be thought of as a k-means clustering algorithm that uses both the colour 

and spatial information of the 2D images. It works in the lab colour-space. It uses the 

compactness parameter to control the importance of the distance in image and colour space, 

mixing the features that are not homogeneous. 

 In most images, neighbouring pixels belong to the same object. Hence we use 

information on spatial proximity between pixels for image processingin addition to colour 

information. With this information, the images are segmented. The image boundaries are 

marked to show the boundaries between the segmented regions of the mangrove ecosystem 

image. 

 After loading each image and converting it to the CIELAB colourspace, the image is 

processed as an array of pixels.  SLIC start by sampling K regularly spaced cluster centres 

and moving them to seed locations corresponding to the lowest gradient position in a 3X3 

neighbourhood. This is done to avoid placing them at an edge and to reduce the chances of 

choosing a noisy pixel. Image gradients are computed. Each pixel is associated with the 

nearest cluster centre whose search area overlaps this pixel. After all the pixels are 

associated with the nearest cluster centre, a new centre is computed as the average labxy 

vector of all the pixels belonging to the cluster. It enforces connectivity in the last step of the 

algorithm by relabeling disjoint segments with the labels of the largest neighbouring cluster. 

 The images were processed using the Sickie-Image (Van Der Walt et al. 2014) and 

Scikit-Learn libraries (Pedregosa et al. 2011). These are both open source libraries 

implemented in the Python programming language by an active community of volunteers and 

available under the liberal BSD Open Source license, and are designed to interoperate with 

the Python numerical and scientific libraries NumPy and SciPy. The Scikit-Image library 

has image processing algorithms that contains subpackages for, among others, feature 

detection and selection, filtering, segmentation, morphology, image analysis, geometric 

transformations and colour space manipulation. Scikit-Image represents images as Numpy 

arrays, which is the de facto standard for storage of 2D or 3D multi-dimensional data in 

scientific Python. Scikit-Learn is a machine learning library. It features various supervised and 

unsupervised machine learning algorithms for classification, regression and clustering 

algorithms including support vector machines, random forests, gradient boosting, k-means 

and DBSCAN. The SLIC algorithm as implemented in Scikit-Image, goes thus: 

skimage.segmentation.slic(image, n_segments=100, compactness=10.0, max_iter=10, 

sigma=0, spacing=None, multichannel=True, convert2lab=None, enforce_connectivity=True, 

min_size_factor=0.5, max_size_factor=3, slic_zero=False) 
 If sigma < 0, the image is smoothed using a Gaussian kernel prior to 

segmentation. 
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 If sigma is scalar and spacing is provided, the kernel width is divided along each 
dimension by the spacing. For example, if sigma=1 and spacing=[5, 1, 1], the 
effective sigma is [0.2, 1, 1]. This ensures sensible smoothing for anisotropic 
images. 

 The image is rescaled to be in [0, 1] prior to processing. 
 Images of shape (M, N, 3) are interpreted as 2D RGB images by default. To 

interpret them as 3D with the last dimension having length 3, use 
multichannel=False (Van Der Walt et al. 2014). 

 

4. Experimental Results 

Figure 4 shows two sample drone images in our dataset and the various SLIC 

superpixels.  We display here the superpixels displayed with various parameters for the 

superpixel algorithm. 
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a) Drone Image 1 b) Drone Image 2 

 

 
 
 
 
 

c) 200segs, c=20  d) 200segs, c=20 
 
 
 
 
 
 
 
 

e) 200segs, c=40  f) 200segs, c=40 
 
 
 
 
 
 
 
 

g) 600segs, c=20  h) 600segs, c=20 
 
 
 
 
 
 
 
 

i) 1000segs, c=20  j) 1000segs, c=20 
 
 
 
 
 
 
 
 

k) 200segs, c=40  l) 200segs, c=40 

Segmented Image    Segmented Image 

 
Figure 4: Results of SLIC on the mangrove ecosystem
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 The parameters that mattered most in our case were the number of the segments 

(segs) and the compactness parameter (c). Segs defines the number of superpixel segments we 

want to generate, and c, which balances the color-space proximity with image space-proximity. 

More parameters can be set, for instance, the number of iterations for k-means, and sigma 

(Width of Gaussian smoothing kernel for pre-processing for each dimension of the image). 

We did not find them useful for our work. We found that with approximately 200 

segments and between 10 and 60, SLIC performed well on boundary adherence. The 

individual regions are correctly segmented by colour and spatial structure. As can be seen 

from images in Figure 4: (c) to (j), the superpixels adheres well to the image region 

boundaries. The image regions are well oversegmented. There is need to add a second k-

means clustering step to the oversegmented image, firstly, to reduce the number of labels, 

and secondly to plot the boundaries around the segmented patches on the image. The result 

of the second clustering step are the images on (k) and (l) of Figure 4. 

 This way, the results of the SLIC segmentation are plotted for the drone images. The 

plot results (Figure 4) indicate that the superpixel algorithm segments different patches that 

are quite compact, and that the boundaries of the patches lie on the boundaries of the 

various segments of the images. Because of oversegmentation and the many patches that 

are similar, we create a new image using k-means where the texture has been removed. 

Thus the SLIC algorithm has demarcated correctly image regions. SLIC parameters with 

200 segments and a compactness parameter c =[20, 40] gave more compact segmentations. 

The compactness parameter trades off colour-similarity and proximity, while segments 

chooses the number of centres for k-means.  As we can see from the images in Figure 4, after 

running the  SLIC algorithm, the boundaries of the patches lie on the boundaries of the various 

object boundaries of the images. 

 
5. Discussion 

The results of the study indicate that the SLIC algorithm correctly segmented the drone 

images into patches, and the superpixels were quite compact. The image regions were 

correctly segmented by colour and image texture. The algorithm was able to capture even 

the small details in the change of image colour and texture, providing good boundary 

adherence, and oversegmentation. The images could not be correctly segmented by using 

only k-means clustering. K-means clutters the image as the number of image clusters 

increase. The SLIC algorithm oversegmented the images into many patches according to 

image regions and their colour and texture, and that the many patches lie on the boundaries 

of the required segments. Unlike the k-means clustering which examines individual pixels 

and cluster them into a cluster according to some mean, the SLIC algorithm groups pixels 

that share similar colour and texture distribution into one patch in limited regions. K-means 

can then be employed to cluster these image regions. Similar patches would then be 

segmented. 

The results are consistent with previous studies by Achanta et al. (2012), Bai et al. 

(2014), Boemer et al. (2017), dos Santos Ferreira et al. (2017) and Stutz et al. (2017) 

where the SLIC superpixels algorithm was able to capture even the small details in the 

change of an image colour and texture, providing good boundary adherence, and 

oversegmentation. However, this may be the first time that SLIC superpixels has been used 

with mangrove ecosystem drone images in the tropical regions of Fiji using RGB cameras, 

with only colour and image texture considered. 

 
6. Conclusion 

In this paper we introduce a robust colour image segmentation method in which the 

SLIC superpixel algorithm is utilised to obtain superpixel segmentation and a further k-means 

clustering of the superpixels of the drone images from the mangrove ecosystem zones in the 

Suva Foreshore region of Fiji. The approach involves two steps. First, the SLIC superpixel 

algorithm is used to generate superpixels from an image scene. The results of the superpixel 

algorithm indicate that it segments the image into patches that are quite compact, and that 
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the boundaries of the patches lie on the boundaries of the segments, making it the best for 

boundary adherence. We then plotted the boundaries of the superpixels with similar colour 

and texture using the k-means clustering algorithm. Secondly, the oversegmented image has 

to go through a second clustering step to join the superpixels belonging to the same image 

patch by calling the k-means in order to have a smaller number of labels. Then, again we 

plot the boundaries of the new k-means segmentation. The results indicate that the SLIC 

algorithm correctly segmented the drone images into patches according to colour and texture 

of the images. 

 
7. Software 

SKLearn, SKImage and Matplotlib software has been used for machine learning, image 

processing, and for plotting in this paper. 

 

Disclosure statement 

No potential conflict of interest was reported by the authors. 
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(a) Original Image   (b) Clusters = 5   (c) Clusters = 10 
 

Figure 1: K-Means clustering of an image (Clusters = 5, Clusters = 10) 
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Figure 2: SLIC searching within a limited region 
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 Figure 3: The Location Map of the Study Area, The Suva Foreshore, Fiji 
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a) Drone Image 1 b) Drone Image 2 

 

 
 
 
 
 

c) 200segs, c=20  d) 200segs, c=20 
 
 
 
 
 
 
 
 

e) 200segs, c=40  f) 200segs, c=40 
 
 
 
 
 
 
 
 

g) 600segs, c=20  h) 600segs, c=20 
 
 
 
 
 
 
 
 

i) 1000segs, c=20  j) 1000segs, c=20 
 
 
 
 
 
 
 
 

k) 200segs, c=40  l) 200segs, c=40 
Segmented Image    Segmented Image 

 

Figure 4: Results of SLIC on the mangrove ecosystem 
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