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Abstract

Cloud cover constitutes a major obstacle to land cover classification in the humid tropical regions
when using optical remote sensing such as Landsat imagery. The advent of freely available Senti-
nel-1 C band synthetic aperture radar (SAR) imagery offers new opportunities for land cover clas-
sification in frequently cloud covered environments. In this study, we investigated the utility of
Sentinel-1 for extracting land use land cover (LULC) information in the coastal low lying strip of
Douala, Cameroon when compared with Landsat enhanced thematic mapper (TM). We also as-
sessed the potential of integrating Sentinel-1 and Landsat. The major LULC classes in the region
included water, settlement, bare ground, dark mangroves, green mangroves, swampy vegetation,
rubber, coastal forest and other vegetation and palms. Textural variables including mean, correla-
tion, contrast and entropy were derived from the Sentinel-1 C band. Various conventional image
processing techniques and the support vector machine (SVM) algorithm were applied. Only four
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land cover classes (settlement, water, mangroves and other vegetation and rubber) could be cali-
brated and validated using SAR imagery due to speckles. The Sentinel-1 only classification yielded
a lower overall classification accuracy (67.65% when compared to all Landsat bands (88.7%)).
The integrated Sentinel-1 and Landsat data showed no significant differences in overall accuracy
assessment (88.71% and 88.59%, respectively). The three best spectral bands (5, 6, 7) of Landsat
imagery yielded the highest overall accuracy assessment (91.96%). in the study. These results
demonstrate a lower potential of Sentinel-1 for land cover classification in the Douala estuary
when compared with cloud free Landsat images. However, comparable results were obtained
when only broad classes were considered.
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1. Introduction

Information on land use land cover (LULC) is a vital element in forming policies regarding economic, demo-
graphic, and environmental issues at national, regional and global scales. The Douala coastal low lying urban
region, like other urban areas in the world, is undergoing rapid changes in LULC. The region is losing its man-
grove forest because of conversion to urban settlement and industrial developments. Mapping LULC of this
coastal strip in a timely and accurate manner is thus of immense importance for urban planning, land use plan-
ning, conservation of biodiversity and sustainable management of land resources.

Reference [1] highlighted the fact that remotely sensed imageries provide an efficient means of obtaining in-
formation on temporal trends and spatial distribution of urban areas needed for understanding, modelling and
projecting LULC changes. Improvements in satellite image processing and Geographic Information System
(GIS), implies that change detection can be easily and rapidly conducted as in [2] [3].

Land cover and other biophysical data are crucial in environmental assessments studies as in [4]-[6]. They of-
fer basic data on spatially explicit patterns of landscape features and associated processes that affect fluxes of
biota, water, energy, and materials. When these data are related spatially and temporally they can provide the
basic elements for modelling fundamental environmental processes at a range of scales. Results of spatially ex-
plicit landscape change when intersected with distributions of sensitive resources and associated processes,
enables an assessment of possible risk. For example, land cover and other biophysical and human demographic
data have been used to evaluate vulnerability and risks related to natural and anthropogenic hazards such as sea
level rise in Turkey as in [7] and flooding as in [8].

Space-borne multispectral sensors such as Landsat are widely used to map LULC change as in [9] [10].
However, the use of Landsat is limited in tropical regions because of frequent cloud cover. Landsat is a passive
sensor which detects energy that is reflected by the object (e.g. vegetation) from the sun (a natural source) and is
affected by clouds and therefore can only be used during daylight. On the other hand, active sensors such as Ra-
dio Detection and Ranging (RADAR) provide their own source of illumination (microwave energy) and meas-
ure the backscattered energy. They therefore have the advantage of operating at longer wavelengths not impeded
by cloud cover or a lack of illumination and can acquire data over a site during day or night time under all
weather conditions as in [11]-[13]. However, the use of RADAR for LULC mapping in the tropics is still not
widespread because of the lack of freely available images as is the case with passive sensors. The advent of Sen-
tinel-1, that performs C-band Synthetic Aperture RADAR (SAR), could increase the use of RADAR remote
sensing for LULC mapping in tropical regions which are frequently covered by clouds. Its utility for mapping
various land cover types including vegetation types, water bodies and various kinds of built-up areas is yet not
fully established.

Therefore, the aim of the study was to investigate the utility of Sentinel-1 for extracting land use land cover
(LULC) information in the coastal low lying region of Douala, Cameroon when compared to Landsat enhanced
thematic mapper (TM), and whether an integrated Sentinel-1/Landsat provide an improved classification of

LULC types.
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2. Methodology of Land Use Land Cover Classification
2.1. Study Area

This study is limited to the coastal low lying region of Douala, Cameroon (Figure 1) between latitude 3.794 to
4.050 N and longitude 9.458 to 9.822 E. The region consists of varied wetlands, mangroves, coastal plains,
creeks and sandy beaches as the main geomorphological attributes.

2.2.Image Acquisition and Pre-Processing

Cloud free Landsat 8 images were downloaded from the web pages of Global Visualisation Viewer
(www.glovis.usgs.gov) and EarthExplorer (www.earthexplorer.usgs.gov).

The area of interest was obtained by sub setting the original image using the region-of-interest (ROI) in ENVI
(Environment for Visualisation Images) 4.8. This was necessary to limit the processing time of different images,
as large scenes will take long to be processed. Atmospheric correction was done using the AtCOR 2/3 software.
The conditions specified for the study area image in AtCOR was the “tropical urban” conditions due to the na-
ture of the study area.

The different spectral bands of the image were assigned appropriate band names and wavelengths and stacked
together. Training and validation data for the classification were obtained from high resolution Google earth
map. These were imported to ArcGIS 10.3. With the help of Arc toolbox, in the GIS environment, the KMZ data
were converted to shape files and exported to ENVI (Environment for Visualisation Images) 4.8 software where
they were converted to ENVI vector files. The vector layers were overlaid on the image of the study area to es-
tablish the training and validation polygons using the ROI tool.

2.3. SAR Image Processing

SAR, C-band Sentinel-1 data were downloaded from the European space agency (ESA) website
https://scihub.esa.int/dhus/. The Sentinel-1 toolbox from ESA was used for processing the images. Images were
subsetted to obtain the desired area of interest. Image calibration was applied to SAR imagery using the Sentinel-1
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Figure 1. Study area adapted from Google Earth, 2010.
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toolbox kit. Calibration was done to radiometrically correct the SAR image so that the pixel values truly
represent the radar backscatter of the reflecting surface. SAR images are subjected to an inherent granular noise
called speckle which usually degrades the quality of the image and makes interpretation and classification diffi-
cult. Images were speckled filtered using the Gamma filter in the SNAP tool box kit so as to smoothen the noise
in the SAR image.

2.4. Selection of Textural Measures for SAR Image

Reference [14]-[16] indicates that unprocessed SAR images cannot be used as they are because of inherent
speckle noise resulting from constructive and deconstructive interference of reflected signals. Consequently, in
the classification of SAR images in the ENVI software additional signal processing procedures were employed
such as speckle filtering and texture extraction, which could help in the interpretation of radar images. Studies
have shown that texture is the most important source of information in high resolution radar images as in [10]
[17]. The Grey Level Co-occurrence Matrix (GLCM) based textural measures have extensively been used to
enhance land cover mapping and have been found out that they outperformed other texture methods as in [18].
This is because the presence of speckle noise can result in a high degree of misclassification as in [9] [19] [20].

Different texture combination was explored for this study and it was realised that contrast, mean, correlation
and entropy with a window size of 9 x 9 and 11 x 11 brought out settlement nicely as a class; vegetation was all
classified as mangroves. Larger windows lead to more stable texture features but turn to blur the edges, while
smaller window sizes lead to erroneous boundary delineation and misclassify the boundary itself as a class as
has similarly been reported by several authors as in [16]-[18] [21]. Different windows were explored and the
best window was the 9 x 9 window.

Reference [22] indicated that different filters have been used to de-noise, sharpen and smoothen images as it
improves on the extraction of vital information for image processing. For example, 10% improved classification
accuracy was obtained for a study site in Dadaad, Kenya when variance texture was applied. Unfortunately, no
combination of filters and textures has been nicely ascertained to improve the extraction of information from
images before processing as in [9]. Consequently, different combinations of filters were assessed and the com-
bination of gamma, kuan and enhanced lee filter in that order were observed to bring out water, mangroves and
rubber and other vegetation as a class with a filter size of 3 x 3 windows.

Settlement as a class was poorly represented from the classification using the three combined filters. Conse-
quently, the GLCM texture of mean, correlation, contrast and entropy of size 9 windows were stacked with size
3 of gamma, kuan and enhanced Lee filters.

2.5. Integration of SAR and Landsat 8 ETM Images

The Sentinel-1 C band images and Landsat imagery were orthorectified to the same Universal Transverse Mer-
cator (UTM) map projection. They were merged together into a common image format, with SAR imagery in-
serted as extra bands. This was done by resampling the SAR image to a 30 m pixel size using the nearest neigh-
bour method and co-registered pixel by pixel with 30 m pixel size Landsat imagery. This step prepares the inte-
grated multi-sensor data for classification. Integration is done to investigate its efficiency in improving LULC
mapping in an urban area.

2.6. Land Cover Classification

Different software’s are used for image classification. This study made use of ENVI 4.8. The classification was
conducted using the workflow represented in Figure 2.

Support vector machine (SVM), a supervised classifier algorithm which is a non-parametric algorithm was
used for classification.

It is robust and useful for high dimensional data and they distinguish classes based on a decision function as
in [23]-[25]. This function is as a result of used number of dimension (planes or lines). It results from the maxi-
mum separability of classes under investigation called hyper plane where pixels defining such hyper planes are
called support vectors. Other studies have highlighted the robustness of SVM algorithm over other classifiers in
LULC classification as in [26]-[29]. Reference [26] demonstrated that SVM had a higher overall accuracy than
maximum likelihood classifier in land use mapping in Karaj, Iran.
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Figure 2. Flow chart of optical and Sentinel-1 C band image classification.

2.7. Classification Accuracy Assessment

The n-D visualizer is useful for checking the separability of land classes when ROIs are used as input into su-
pervised classifications. For good classification results using these ROIs, the groups of pixels for the different
ROIls should be separate from each other and should not overlap.

Additionally, the Jeffries-Matusita and Transformed Divergence separability measures were used for compu-
ting ROIs separability. These values range from 0 to 2.0 and indicate how well the selected ROI pairs are statis-
tically separate. Values greater than 1.9 indicate that the ROI pairs have good separability.

Finally, to assess the overall quality of the images, post classification assessment was done using the confu-
sion matrix. References [30] [31], defines accuracy estimation as the quantification of mapping with the aid of
remote sensing data to group classification conditions. This is vital in the evaluation of classification algorithms
and also the determination of error levels that might be contributed by the image. The classification is expressed
in the form of an error matrix also known as confusion matrix as in [26]. Many methods have been discussed for
accuracy assessment in remote sensing; in this paper the overall accuracy assessment was tested.

3. Results and Discussion
3.1. Descriptive Analysis of the Land Use Land Cover Classes

The goal was to produce LULC map of Douala-Cameroon; consequently, LULC maps were produced for 1)
Landsat 8 only; 2) integrated Landsat and SAR; 3) SAR only imagery (Figure 3, Figure 4 and Figure 5) for the
Douala low lying coastal area. On one hand, nine land cover types or classes could be distinguished using
Landsat 8 and the integrated Landsat and SAR classification, namely: water, settlement, bare ground, dark man-
groves, green mangroves, swampy vegetation, forest vegetation/others, and palms.

On the other hand, only four classes could be accurately classified using the SAR imagery (Figure 5). The
use of texture (mean, contrast, entropy, correlation) on the SAR image brought out settlement as a class, and all
vegetation was classified as mangroves with blocky image. Water as a class could not be distinguished. The use
of size 3 filters (gamma, kuan and enhanced lee) on the other hand failed to bring out settlement as a class but
brought out rubber plantation, water and mangroves and other vegetation clearly. Consequently, merging filtered
SAR bands and textured SAR bands highlighted four trained important classes (water, settlement, rubber and
mangroves and other vegetation). Probably because the backscatter from rubber fields was distinct and enabled

this class to be classified accurately.
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Figure 3. Classified image of Landsat 8 only of the Douala-Tiko coastal strip.
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Figure 5. Classified image of Douala using SAR only image.

3.2. Accuracy Assessment Using Confusion Matrix

From Figure 6, the n-D visualizer and the separability report showed a high discrimination potential for the in-
tegrated spectral and SAR, all Landsat spectral bands and three Landsat best bands (5, 6, 7). The n-D visualizer
and its separability report for SAR image classification was however not good but acceptable for further analy-
sis.

The resulting integrated Landsat and SAR, all Landsat spectral bands, three best bands of Landsat and SAR
only image yielded overall map accuracies for all nine classes of 88.59%, 88.71%, 91.96% and 67.65% respec-
tively (Table 1).

The overall accuracy assessment was 3.7% improved with three best bands of Landsat data when compared
with the integrated Landsat and SAR imagery. Image integration of Landsat and SAR does not improve the
results of the overall accuracy assessment of classification as compared to all Landsat spectral bands. Reference
[32] also indicated no improvement of overall classification of integrated SAR and Landsat imagery. Green
mangroves were classified with a lower producer’s accuracy (54.55%) than other classes. This is due to the
combination of omission and commission errors particularly mixing with swampy vegetation and mixing with
coastal forest areas.

Reference [33] in his three test sites in Europe with ERS SAR in a mapping project, adopted a classification
of four classes (urban areas, water, forest and sparse vegetation). Reference [34] used only two classes (urban
and non-urban) using ERS SAR interferometric images of South Wales, United Kingdom. This is probably due
to the inherent granular noise found in SAR images and the uncertainty of SAR image backscattering informa-
tion. However, thematic maps of this nature could be very valuable in other fields of application.

Remotely sensed data captured in digital forms can easily be combined with other types of ground features
information through GIS techniques. The obtained LULC map of Douala can be applied for mapping water re-
sources and used for identifying potential water resources that could be polluted. Land use pattern and land
cover indicates the pressure on ground water use. Throughout the world, agricultural activities followed by in-
dustry and domestic use are the important land use type that requires massive water resources. Cameroon is not
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Figure 6. Clustering of training sites in n-D visualisation indicating separa-
bility of different LULC classes.

Table 1. Accuracy assessment of LULC classification of used imagery.

Spectral
Spectral and SAR Spectral (All bands) (best bands: 5, 6, 7) SAR only
Producer’s User’s Producer’s User’s Producer’s User’s Producer’s User’s
Accuracy  Accuracy  Accuracy  Accuracy Accuracy  Accuracy  Accuracy  Accuracy
(%) (%) (%) (%) (%) (%) (%) (%)
Water 100 89.47 100 94.44 100 94.44 100 66.67
Bare ground 88.89 88.89 85.71 80 81.82 81.82
Settlement 100 93.75 100 93.75 92.31 85.71 66.67 88.89
Palms 83.33 90.91 80 100 80 88.89
Vegetation forest/others 88.89 72.73 75 80 84.62 84.62
Dark mangroves 100 61.54 100 72.73 100 100
77.78 58.33
Green mangroves 54.55 100 72.73 100 88.89 100
Swampy vegetation 71.43 100 78.57 100 91.67 100
Rubber 100 100 100 86.36 100 95 57.14 66.67
Overall accuracy 88.5965 88.7097 91.9643 67.647

an exception as the percentages water usages stands at 73.8%, 18.2% and 8% for agricultural, domestic usages
and industrial activities respectively as to total withdrawal as in [35]. And so, if a coastal area is mainly used for
agriculture and industrial activity as the case of the study area, then the area will be vulnerable to impacts of
SLR due to overexploitation of water resources which are the driving forces for the sediment budget and salt
water intrusion.

4. Conclusions

The results obtained by employment of GIS and RS applications have highlighted the different LULC types
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(water, settlement, swampy vegetation, palms, bare-ground, dark mangroves, green mangroves, rubber, coastal
forest and other vegetation) of the study area using all Landsat spectral bands, three best Landsat bands, inte-
grated Landsat and SAR images. Four classes (rubber, water, settlement and mangroves and other vegetation)
were obtained from the classification of SAR imagery only.

The results of classification using all Landsat spectral bands, three best bands (5, 6, 7) of Landsat, integration
of Landsat and SAR, and SAR imagery with the SVM classifier gave an overall accuracy assessment of 88.71%,
91.96%, 88.59% and 67.65% respectively. The best method of LULC classification was obtained when three
best bands (5, 6, 7) of Landsat imagery was used. The overall accuracy assessment of LULC was improved by
3.7% when three best bands of Landsat imagery was used when compared to the integrated Landsat and SAR
imagery’s accuracy assessment. This indicates that the integration of SAR and Landsat imagery do not improve
the accuracy result tremendously when compared to the use of Landsat imagery alone. The results further dem-
onstrated that for identifying LULC classes, Sentinel-1 C band imagery yielded poor results using the SVM al-
gorithm.

Land use pattern is one of the main human influenced parameters that have been indicated to promote salt
water intrusion into ground water resources, rivers and estuaries as a result of sea level rise as in [7] [36] [37].
Furthermore, urbanisation influences the vulnerability of coastal areas and increases human pressure on natural
systems. Hence, coastal areas used for agricultural purposes, settlements or wetlands are an integral aspect of
risk assessment of SLR hazards on fresh water resources. This study illustrates the use of RS and GIS as impor-
tant technologies for extracting LULC which can be very challenging with the use of conventional mapping
techniques. Risk assessment of environmental hazards is made possible by these technologies in less time, at
low cost and with better accuracy.
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