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WATER BODIES EXTRACTION USING MATHEMATICAL MORPHOLOGY

The management of water resources is vital for maintaining the world’s ecosystems. Conventional methods of extracting water bodies 

remain very limited due to the complexity of the implementation. This leads to a reduction in the extraction precision. Our main objec-

tive is to improve the detection of water bodies. We tested the accuracy of our method on the Sentinel-2 Dataset that contains images 

with different complexity levels and heterogeneous structures like shadows, roads, buildings, etc.

This article presents an original method that implements the idea of separating the three-component RGB image matrices and 

then processing only the green matrix because it contains all water bodies with high precision. Our method is based mainly on the 

mathematical morphology. Firstly, we propose a simple and fast binary algorithm to detect the maximum of water bodies existing in 

the images. This step was carried out using the Hit-or-Miss Transform. The second step exploits applying the Top-Hat Transform to 

refine the segmentation result. By comparing our method with several currently used methods, we notice that our method improves the 

quality of segmentation and gives excellent results, which exceed 95% for all the metrics used to calculate the classification quality 

in the purview of remote sensing. The error obtained with our method remains less than 1 %. We can affirm that our method is very 

suitable for detecting bodies of water compared to all current methods.
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1. INTRODUCTION

Water is essential for the survival of the human 

race, as well as nature. It provides essential ecosys-

tem goods and services, preserves the balance of the 

earth, and supports economic development and the 

environment. Earth observation through satellites is 

now the main means of monitoring land plans.

Arash M. R. et al. [1] proposed a novel robust 

augmented normalized water index (ANDWI) us-

ing a solid line, RGB, NIR, and SWIR1-2 with dy-

namic thresholding (Otsu) method to improve the 

performance of ANDWI. Billson J. et al. [2] propose 

a solution to extract water bodies with a new ap-

proach of pixel category transplantation (PCT) for 

data augmentation. Bingxin B. et al. [3] developed 

a water flow method based on negative Bayesian dis-

tribution. This method determines the relationship 

between unconnected waters and does not rely on 

topographic data. Duan Y. et al. [4] use GaoFen-1D 

satellite data from Wuhan, Hubei Province, China, 

to extract water bodies with a new lightweight CNN 

named Lightweight Multi-Scale Land SurfaceWater 

Extraction Network (LMSWENet).

George B. et al. [5] proposed an improvement of 

the predictions made by the DeeplabV3+ model with 

a technique based on two-dimensional variational 

mode decomposition (2D-VMD). Gujrati A. et al. 
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[6] used the k-means cosine distance algorithm to 

detect and classify bodies of water according to their 

colors. Guru Prasad M. S. [7] trained the dataset 

downloaded from Kaggle with a deep CNN MSAA-

Net hosted on TensorFlow. Hongye C. et al. [8] ex-

amined long-term changes in the open waters of the 

river basin from 2000 to 2020 using the Google Earth 

Engine (GEE) cloud platform to process 26,681 

high-quality Landsat images. Jagruth K. [9] used 

mathematical morphology applied to pixel detec-

tion to detect water bodies. The problem of a method 

of this type is the slowness of the process. Jikang W. 

and Bin Y. [10] attempted to perform rapid and auto-

matic water extraction over large areas using thermal 

infrared bands as input with a light detection neural 

network (EDCM) combined with an image classifi-

cation model with a semantic segmentation model. 

They finally used the training of various models us-

ing lightweight convolutional networks to extract 

more data. Junjie L. et al. [11] used the technique of 

transitioning from label-free learning to noise-free 

learning.

Kalaivani K. et al. [12] used spatial frequency-

based unattenuated wavelet transform (UDWT  

SF) fusion to remove spectral information from im-

ages effectively. Then, they developed an efficient 

sub-pixel classification system using several predic-

tion methods based on spectral characteristics. Kale 

S. et al. [13] reviewed the state of the art on water 

body extraction methods to predict the location of 

water resources. Lifu C. et al. [14] proposed a DNN 

framework for water body detection which consists of 

three parts: a water body extraction network with four 

pillars, a hybrid local and global association module 

(LGMA) for bone analysis, and activation of specific 

semantic categories, and a mapping module (SSAM) 

used for the high-level publishing process. Linrong L. 

et al. [15] used CDWI to improve water body extrac-

tion and removed shadows using SDWI. Liumeng C. 

et al. [16] work on monitoring the spatio-temporal 

characteristics of water bodies and studying the dy-

namic and regional effects of surface water changes. 

Liu Q. et al. [17] proposed detecting bodies of water 

using a method based on sparse superpixels (SSWE). 

Luo Y. et al. [18] used a generative adversarial net-

work (GAN) to improve the characteristics of tiny 

water bodies, and they introduced band pooling into 

the DeepLabv3+ network for better extraction of wa-

ter bodies.

Nguyen T. and Filipe A. [19] created a new global 

flood index with a resolution of 3 arcseconds based 

on ground data from the MERIT repository using 

neural networks. Parajuli J. et al. [20] developed a 

novel attentional dense convolutional neural network 

(AD-CNN) to help discover deeper features and dy-

namically emphasize the most relevant spatio-spec-

tral features for water pixel classification. Sharma D. 

et al. [21] use principal component analysis (PCA) 

with thresholding to segment binary classes. Then, 

they apply erosion to improve the detection of water 

bodies. Suhail A.T. et al. [22] developed a simple and 

effective method for detecting bodies of water based 

on the Marr-Hildreth method merged with Canny 

Edge. Sunandini G. et al. [23] developed a compara-

tive study on the performance of the Deeplabv3+ 

model with ASPP and without ASPP for the segmen-

tation of water bodies. Wenxue X. et al. [24] used the 

Google Earth Engine (GEE) platform to create an 

annual water map in Shandong Province from 1990 

to 2020 to analyze the distribution and change of 

surface water. Xue W. et al. [25] propose extracting 

water bodies using a model called a dense coordinate 

feature concatenation network. Xu N. et al. [26] used 

all data available on Google Earth Engine to detect 

water bodies across Australia.

Benkesmiaa Y. et al. [27] studied the water level 

changes (SWE) in Grand Sebkha, Oran (GSO), a 

wetland located on the border of the city of Oran. 

Youzhi L. et al. [28] developed a method based on 

multilevel filtering to minimize noise pixels and then 

extract water surface pixels using a modified alpha 

form to derive water level elevation. Yuanhui Z. et 

al. [29] used data from Research on Science and Cli-

mate Change (GRACE) and the Global Land Data 

System (GLDAS) to analyze changes in groundwater 

and surface water (GSW) bodies in Canadian prov-

inces between 2002 and 2016. Zhang Z. et al. [30] 

consider pixel intensity and spatial correlation be-

tween neighboring pixels using deep learning-based 

models for water body extraction. Other researchers 

like Rishikeshan C. A. and Ramesh H. [31] have used 

mathematical morphology for Shoreline detection. 

The use of mathematical morphology in image pro-

cessing allows one to reduce processing time. 
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Figure 1. Images used as input: a — original satellite image, 

b — the mask image, c — the gray scale image for the green 

matrice, d — the green matrice image

The originality of our work lies in the separation of 

three RGB spectral components of the satellite im-

age and the subsequent application of individual pro-

cessing for the Green matrix only. We decided to use 

mathematical morphology because it is simple to im-

plement, effective in providing a good detection rate, 

and, above all, allows us to reduce processing time.

2. DATA USED 

To evaluate the effectiveness of our method, we pre-

pared 100 complex images from the Sentinel-2 data-

base that we downloaded from Kaggle, the data was 

collected via the Sentinel-2 API. The images have 

been pre-processed using Rasterio software. The im-

ages show different types of water bodies in different 

regions. Each of these images is accompanied by a 

black-and-white mask where white color represents 

water, and black represents non-aquatic regions. The 

generation of masks was carried out by calculating 

the NDWI (Normalized Difference Water Index) de-

rived from bands 8 and 3 of the satellite, which is fre-

quently used to detect and measure vegetation in sat-

ellite images, but for bodies of water, we used a higher 

threshold.

Figure 1 shows the input images used in our meth-

od to extract water bodies.

The three RGB matrices of the original image are 

separated. We keep only the Green matrix because it 

is better suited for detecting water bodies. We then 

apply our method to the grayscale image of the Green 

matrix.

3. METHODS

This article presents a new unsupervised method 

based on mathematical morphology operators for 

automatically extracting water bodies from satellite 

images. The different steps of our method are illus-

trated in the flowchart presented in Figure 2.

3.1. To remove the majority of pixels from non-

aquatic regions, we apply a Top-Hat Transform (TH) 

as follows:

a. Morphological closure applied to the original 

image.

b. Subtract between the initial image and the result 

of the first step.

 
 fI I •E I E E ,  Å   (1)

 chf fI I I , 
 

(2)

with: I
f 
— result of the morphological closing applied 

to the initial image (I), Å — the dilation operator, 

— erosion operator, I — the initial image, E — the 

structuring element.

3.2. To eliminate non-important structures such 

as buildings, roads, or trees, we applied hysteresis 

thresholding.

  low
1  pour Slow,

I
0 pour Slow,

I
I


  
  (3)

  high
1  pour I Shigh,

I
0 pour I Shigh,


  

  (4)

  It Ilow*Ihigh,
 

(5)

with: I
low 

— the resulting image after applying the low 

threshold, I
high

 — the resulting image after applying 

the high threshold, It — the resulting image after the 

application of hysteresis thresholding.
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3.3. For noise elimination, we used a sequential 

alternating filter. Alternating filters are obtained with 

combinations of closings (•) and openings ():

     k k kIt It •B B  ,    (6)

    f K k k 1 1I  It   It ,    
 

(7)

with: B — structuring element of the filter, K — the 

filter size, I
f
 — the resulting image is obtained by 

sequential alternating filtering.

3.4. The hole-filling process is achieved in four 

stages. They are the next :

  Complementation of the initial binary image.

  Labeling connected components to distinguish 

between the objects of interest.

  Assigning the value of 0 to the pixels of these re-

gions.

  Complementation of the result to recover seg-

ments of our class of water bodies.

3.5. The last step of preprocessing is the applica-

tion of dilation to correct deformations generated 

by the different morphological operators, which can 

distort the shape of the regions belonging to the water 

Figure 2. Flowchart of our proposed method
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Figure 3. Results of water body extraction for images from the 

Sentinel-2 dataset

bodies’ class and possibly cause the loss of some areas 

of water bodies of our class.

  dI  I E ,    (8)

with: I
d
 — the result obtained after applying dilation. 

Å — the dilation designator.

3.6. The extraction of water bodies is carried out 

using the Hit-or-Miss Transform (HMT):

       cA E,F A E A F ,   
 

(9)

with: Ä — the Hit-or-Miss Transform designator, 

 — the erosion designator, E, F — the structuring 

elements.

The transform consists of extracting all the regions 

of the water-bodies class whose size varies between 

the size of the structuring element E and that of F.

3.7. Restoration of the shapes of water bodies by 

geodesic reconstruction. The distortion of water 

body shapes is significant after applying HMT, which 

requires us to apply a reconstruction step to restore 

the original shapes of water bodies.

The reconstruction requires a marker image that 

corresponds to the result obtained by the HMT. A 

succession of dilations is applied to the marker im-

age. Finally, the result obtained will be conditioned 

by the Ie mask.

   smorec hmt I iI  I  C


 
 

(10)

With an application of conditional dilation until 

the result of the transformation is invariant:

   
smohmt I i hmt i smoI  C I  C I  ,   

 
(11)

with: I
rec

 — result of geodesic reconstruction, I
hmt

 — 

the HMT resulting image, C
i
 — the structuring el-

ements of the geodesic reconstruction (1  i  3), 

I
smo

 — result after smoothing.

3.8. Block to remove extraction errors and false 

detections. Since we are using an unsupervised ap-

proach, we will have to construct a reference image 

by applying global thresholding. The result of our ex-

traction method will be conditioned by the reference 

image to reduce false detections.

After the conditioning step, we will apply mor-

phological smoothing to remove the remaining false 

detections.

  fus rec segI  I  I  , 
 

(12)

with: I
fus

 — the resulting image from the fusion, 

I
seg

 — result of global thresholding.
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3.9.The morphological smoothing

   smo fus fusI I  N I N N ,   
 

(13)

with: I
smo

 — result of applying smoothing on the 

conditioned image, N — structuring element.

The size of the structuring elements used in our 

method for all operations is chosen experimentally 

and varies for each of the images depending on the 

size of the water bodies existing in each image and 

depending on the background and especially the 

size of the trees, buildings, or road that need to be 

removed.

4. EXPERIMENTS AND RESULTS 

We tested our method on the entire RGB image. 

Then, we tested our method on each of the RGB 

matrices separately. We found that the best extrac-

tion results for bodies of water were obtained with the 

Green matrix, given that the color of the regions be-

longing to the water-bodies class is very close to those 

existing in the green matrix.

We applied our method to the Sentinel-2 Dataset. 

Figure 3 illustrates the extraction results.

4.1. Accuracy assessment. Below, we give a compar-

ative table showing the water body extraction results 

of our method compared to many other currently ap-

plied methods with the most popular evaluation cri-

teria used in remote sensing.

Precision =    TP
TP FP

Recall =   TP
TP FN

F1 =
 *  2 *  
  

Precision Recall
Precision Recall

OA = OA  TP TN
TP FP TN FN




  

IOU = 
TP

TP FP FN 

PA =  TN
TN FP

UA = UA TN
TN FN
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1
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Figure 4. Improvement in results obtained with the different 

evaluation criteria for our method compared to other methods

Where:

       
 2

*  *TP FP TP FN TN FP TN FN
Pe

TP TN FP FN

    


  

Jaccard =
TP

TP FN FP 

ER =
FP FN

TP TN FP FN


  

MP =

0

1
1

n

i

TP
n TP FP 

MIOU =

0

1
1

n

i

TP
n TP FP FN  

where: TP — true Positive, TN — true Negative, 

FP — false Positive, FN — false Negative.

From Table 1, we can affirm that our method is 

better than other water body detection methods. 

Traditional algorithms and detection algorithms still 

cannot solve the problem of interference between 

regions belonging to the class of water bodies and 

buildings or roads.

During the process of extracting bodies of water, 

other algorithms appear to have misidentified many 

houses, roads, farms, and mountains as bodies of wa-

ter. Indeed, bodies of water are sometimes found in 

high mountains.

As shown in Table 1, all evaluation criteria indi-

cate that our method outperforms other methods in 

extracting water bodies.

The experimental results confirm that our method 

improved the extraction quality of water bodies.

5. DISCUSSION

From Figure 3, we observe that our method allowed 

us to extract almost all regions of the water-bodies 

class with low detection errors for almost all complex 

images.

In this work, we focused on two points. The first is 

to have high accuracy in detecting water bodies, and 

the second is to minimize the processing time.

The use of Mathematical Morphology allowed us 

to minimize the processing time compared to all cur-

rent methods, especially those that use deep learning. 

Our method takes less processing time for large im-

ages because Mathematical Morphology is well suit-

ed for quickly processing large dimensional matrices.

Good detection was also guaranteed with the use 

of Mathematical Morphology applied to the green 

matrix because all the satellite images present water 

bodies that have a color close to the pixel intensity 

of the regions belonging to the planes class of waters 

existing in the green matrix, which allowed us to de-

tect most bodies of water with a minimum of false 

detections.

The processing time for each image does not ex-

ceed 2 minutes, which is excellent for processing da-

tasets containing a large number of images of large 

dimensions.

We calculated the rate of improvement of the fac-

tors for each of the evaluation criteria and construct-

ed a comparative diagram to show the effectiveness 

of our method. From Figure 4, we observe that our 

method provides 0.5—29 % improvement in preci-

sion, 1.6—31 % improvement in recall, 0.6—9.2 % 

improvement in F1-score, 2.9—15.4 % improvement 

in PA, 0.35—22.4 % improvement in OA, 4.4—14.1 % 

improvement in Kappa, 6.7—16.7 % improvement in 

IoU, 1.3—23.5 % improvement in Mean-IoU, 12.7—

65.5 % improvement in Jaccard, 82.8 % improvement 

in ER, and 6.8 % improvement in MPI.

With all the improvements in water-body detec-

tion, we confim that our method yields better results 

than other existing methods.
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6. CONCLUSIONS

The originality in this article is the use of the green 

matrix after the separation of the three RGB compo-

nents of the image. We have carried out an unsuper-

vised automatic extraction of water bodies from RGB 

satellite images and have applied our method to the 

Sentienl-2 Database.

We compared the accuracy of the results of our 

method with many current methods, especially those 

using deep learning. We found that our method re-

quires less processing time and gives the best quali-

tative rate using most evaluation criteria used in the 

purview of remote sensing.

Our contribution allowed the detection of all re-

gions belonging to the water bodies class existing in 

the images of our database, even water bodies exist-

ing in images with a complex background, without 

detecting roads, buildings, trees, etc.

The rate exceeded 95 % for almost all the evalua-

tion criteria used, and the detection error is less than 

1 %, which is excellent for the future of remote sens-

ing, in particular for the extraction of water plan data.

From this perspective, we will use our method 

for road detection, and aim to combine it with deep 

learning and other thresholding techniques to achieve 

better results.
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ВИЛУЧЕННЯ ВОДНИХ ОБ’ЄКТІВ ЗА ДОПОМОГОЮ МАТЕМАТИЧНОЇ МОРФОЛОГІЇ

Управління водними ресурсами є життєво важливим для збереження світових екосистем. Традиційні методи ототож-

нення водних об’єктів на зображеннях залишаються дуже обмеженими через складність реалізації. Це призводить 

до зниження точності ідентифікації. Наша основна мета — покращити виявлення водних об’єктів. Ми протестували 

точність нашого методу на наборі даних Sentinel-2, який містить зображення з різними рівнями складності та неод-

норідними структурами, такими як тіні, дороги, будівлі тощо.

У статті представлено оригінальний метод, який реалізує ідею розділення трикомпонентних матриць RGB-зобра-

жень і подальшої обробки лише «зеленої» матриці, оскільки вона містить усі водні об’єкти з високою точністю. Наш 

метод базується в основному на математичній морфології. По-перше, ми пропонуємо простий і швидкий бінарний 

алгоритм для виявлення максимальної кількості водойм, що наявні на зображеннях. Цей крок було виконано за 

допомогою перетворення «влучив-не-влучив» (Hit-or-Miss Transform). На другому кроці для уточнення результату 

сегментації використовується перетворення Top-Hat для визначення максимальної кількості водойм. Порівнюючи 

наш метод з кількома методами, що використовуються в даний час, ми помітили, що наш метод покращує якість 

сегментації і дає відмінні результати, які перевищують 95 % для всіх метрик, що використовуються для розрахунку 

якості класифікації в галузі дистанційного зондування. Похибка, отримана за допомогою нашого методу, становить 

менш ніж 1 %. Можна стверджувати, що наш метод дуже добре підходить для виявлення водойм серед інших відомих 

методів.
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