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ABSTRACT
Quickbird panfused data with 60 cm resolution is used to map the locations of date palm trees in the arid land of 
Kuwait. In this study, Laplacian maxima fi ltering was applied to classify date palm trees using high-resolution 
satellite imagery. The processing was done in two steps: the fi rst step involved smoothing of the data using 
non-linear diffusion and the second was extracting local spatial maxima of Laplacian blob used for palm tree 
identifi cation. The results are promising and the classifi cation accuracy in the two test areas is 96% and 98%, 
which is higher than maximum likelihood classifi cation for the same dataset. The results show that this meth-
odology can be adopted for the mapping of palm trees in arid Middle Eastern countries.
Keywords: arid land, blob, image classifi cation, laplacian fi ltering, quickbird.

INTRODUCTION1  
Palm trees are very common in Middle Eastern countries. They are of signifi cant environmental and 
commercial importance [1]. In recent decades, the Middle Eastern region has witnessed an extensive 
planting of Date Palm trees, both in urban and agricultural areas. Millions of trees are estimated to 
have been planted in these arid deserts [2, 3]. Extensive plantation in urban areas rarely gives a clue 
that these are arid and hyper arid countries. Among these species, most common are date palm trees, 
which are seen planted along the roads, in front of houses, in parks, and organized plantation in 
agricultural areas. However, there is limited knowledge of actual tree counts and their exact spatial 
locations, which is a requirement for any agricultural census.

Remote sensing data have been used for the identifi cation of urban treed areas, but with limited 
classifi cation accuracies. These lower classifi cation accuracies are attributed to a variety of spectral 
and textural properties [4]. Medium resolution satellites including LANDSAT, SPOT, and ASTER 
have been used in urban treed classifi cation, but their spatial resolution permits only larger patches 
of treed areas to be classifi ed [4–6]. With the advancement in satellite technology and availability of 
high spatial resolution images, it is now feasible to achieve higher classifi cation accuracies in urban 
and agricultural areas. The present study is an attempt to map the date palm trees in urban and agri-
cultural areas of Kuwait. An accuracy assessment is also made to compare results from maximum 
likelihood and the Laplacian blob classifi cations of date palm trees within the test areas.

Similar studies for classifying and quantifying olive trees were taken up by European Union 
Countries. The European Economic Committee realized the need to quantify the olive plantation in 
1997 and launched the OLISTAT project in September 1997 to estimate the number of olive trees in 
France, Italy, Spain, Portugal, and Greece [7]. The counting of trees is a classic example of remote 
sensing applications in forestry. However, crown counting of trees is not an easy or straightforward 
task as there are limitations of satellite data resolution as well as problems related to the subjective 
nature of interpretation. Howard [8] indicated that the capacity to distinguish different objects is 
governed by the size of the object relative to pixel.

The multispectral classifi cation methods have provided reasonably good results, but there is still 
room for further improvement in classifi cation accuracy if textural parameters are taken into account. 
It was believed that with the availability of higher resolution satellite data, classifi cation accuracies 
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will improve, but ~100% accuracies are yet to be seen. Since the higher spectral resolutions increased 
the intraclass separability in an image, Marceau [9] suggested that optimal spatial resolution for the 
classifi cation of temperate forest should be 10m as resolutions fi ner than 10m increased the intrac-
lass separability and decreased the overall classifi cation accuracy.

The inclusion of textural parameters in urban and forest area image classifi cation improved accu-
racies of image classifi cation on high-resolution images [4, 10]. Previous investigations have 
attempted the extraction of tree textures from high-resolution satellite data using neural network, 
co-occurrence matrix, semi-variogram, threshold-based spatial clustering, local variance, and local 
maximum fi ltering [11–16]. Some of these approaches worked well, but the success rate was limited 
in urban areas. The importance of urban area classifi cation in this region is realized since there is 
extensive date palm plantation in urban areas throughout Middle Eastern countries. As these trees 
are planted along the roads, inside and outside private properties and on road side pavements, the 
gathering of information of these trees for agricultural census purposes is a cumbersome task to 
achieve, yet there is no systematic database, to document their spatial information.

Researchers started to develop algorithms and application software to count trees [17–19]. In this 
communication, selective fi ltering and Laplacian blob [18] are used for classifying date palm trees 
in both the urban and agricultural areas.

MATERIALS AND METHODS2  
Two Quickbird scenes of April 2005 were selected over the study area (Fig. 1). One of the scenes is 
over an urban area in central Kuwait, while the other is from an agricultural area in northern Kuwait. 
The Quickbird data set used is panfused with a spatial resolution of 0.6m.

There are two steps involved in palm tree counting. The fi rst step is the selective smoothing by 
non-linear diffusion, which results in a sharp contrast among a number of different features followed 
by Laplacian fi ltering.

The fi rst step involves the application of a non-linear parabolic equation [20] to the two selected 
Quickbird scenes. This equation allows selective enhancement and smoothing in addition to simul-
taneously preventing the blurring of the edges. The processing is quite effective for image 
classifi cation in urban areas. The equation is stated as
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where ∇div(∇I /∇I) diffuses the image I(x, y) in the direction orthogonal to its gradient ∇I 
and not in all directions. g(Gx ∇I) is used for edge enhancements.

This anisotropic fi ltering is basically the statistical interpretation of the anisotropic diffusion, but 
it takes slightly more time in processing and implementation [21].

The second step is Laplacian fi ltering which can be suggested as an irreducible differential invar-
iant. It is expressed mathematically by eqn (2), when a grey scale image defi nes a fi rst-order 
derivative as eqn (3) and a second-order derivative by Hessian matrix (eqn(4)).
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When the second-order derivative is greater than zero and 2 2 0x yI I+ = , then the point is referred to 
as an elliptic point due to its appearance. The sign of Laplacian equation indicates the maxima and 
minima. The dark blob indicates the minima (Fig. 2a) and the bright blob indicates the maxima 
(Fig. 2b).

The proposed methodology is morphometric and thus spatial resolution in palm tree mapping is 
critically important. The use of a 0.6-m spatial resolution data to map palm trees with crown sizes of 
3–4 m and intertree spacings of 3–8 m was suffi cient.

RESULTS AND DISCUSSION3  
The proposed methodology has been successfully used in the European Union countries for the map-
ping of olive trees. Application of this methodology to classify date palm trees in arid urban and 
agriculture areas was employed using two Quickbird scenes (Figs 3 and 4). The original Quickbird 
scene with different species of trees and bushes with similar spectral characteristics, street and car 
(Fig. 3a) and the other scene (Fig. 4a) with green houses, building, and trees, is used for classifying 
using maximum likelihood classifi cation. The results of this classifi cation are not perfect. A simple 
accuracy assessment was carried out using the random point method in an area of 1000 × 1000 pixels 
for images 3 and 4.
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Figure 1: Location map of the study area.
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A number of 100 randomly selected points were assessed in either image to ascertain whether the 
pixel was correctly assigned to a class or misassigned to another class in a confusion matrix given in 
Table 1. The errors are stated as commission and omission errors. Commission error results from 
incorrect identifi cation of a pixel, while omission error occurs when we simply do not recognize 
pixel that we should have identifi ed as belonging to a particular class. The Quickbird true colour 
image was used for visual reference.

The accuracy assessment of the two classifi cations shows that using the proposed methodology 
has led to a signifi cant increase in classifi cation accuracies. The accuracy achieved for the maximum 
likelihood classifi cation is 67% and 79% in urban and peri-urban areas, respectively. Figs 3b and 4b 
represent the results of the maximum likelihood classifi cation.

The textural characteristics of the trees play a signifi cant role in identifi cation. The smaller area of 
tree and the similar spectral signatures of grass, play grounds, and lawns make it imperative to inte-
grate textural parameters in classifi cation schemes. In order to achieve this, a selective smoothing 
procedure was adopted on high-resolution imagery to isolate and characterize individual trees. In the 
Laplacian maxima fi ltering, this pre-processing step is crucial since this requires a processing 
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Figure 2:  The Laplacian blob: (a) dark blob indicating minima (Ixx + Iyy > 0); (b) bright blob showing 
maxima (Ixx + Iyy < 0).
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Figure 3:  Quickbird data for urban area: (a) original image; (b) maximum likelihood classifi ed 
image; (c) date palm tree blobs using Laplacian maxima (inverted LUT).
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Figure 4:  Quickbird data for peri-urban area: (a) original image; (b) maximum likelihood classifi ed 
image; (c) date palm tree classifi cation using Laplacian blob fi ltering (inverted LUT).
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system to encapsulate the image content. Feature extraction results are directly related to the per-
formance of the initial enhancement and smoothing stage [22–26]. The methodology helped in 
accurate classifi cation of date palm trees in urban and agriculture areas. An accuracy of 96% is 
achieved for the urban area (Fig. 3c) and 98% for the agriculture area (Fig. 4c). The advantages of 
this methodology are clearly the higher accuracies for similar scenes and simple processing. The 
problems related to shadowing and irregular strands are solved to a larger extent using this approach. 
The image processing was carried out using PCI geomatica software. However, it is possible to uti-
lize any other software for image processing.

CONCLUSIONS4  
It was demonstrated that the proposed methodology surpasses the conventional maximum likeli-
hood classifi cation in terms of palm tree identifi cation in the study area. The methodology used is 
precise in palm tree classifi cation in both the urban and agricultural areas. The classifi cation in 
this instance is simple and straightforward, and the subjective nature of data interpretation, which 
relies a great deal on the interpreter’s perception, is greatly minimized. These high accuracies in 
classifi cation are also due to the fact that there is no tree undergrowth and the uniformity of palm 
tree crown sizes.

The analyses show that the palm trees are highlighted as blobs and the crown patterns are very 
clearly segregated from other vegetation types in the area. The Laplacian blob maxima coincide with 
the centre of the tree. The success of the blob detection technique in spatial mapping of palm trees 
in urban areas of Kuwait encourages us to promote this methodology for palm tree counting in Mid-
dle Eastern countries.
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