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ABSTRACT- Today Unmanned Aerial Systems 
(UAS) are widely used for many applications that 
involve advanced payload as is found to be the 
case for mounted remote sensing apparatus. 
Remote sensing from UAS platforms is now 
common and the use of light and smart 
multi/hyper-spectral cameras has opened the 
field to novel applications. These sensors can 
operate in cloudy conditions ensuring ultra-high 
resolution images while at the same time 
overcoming the limitations of satellite 
photography. In this paper we focus on just one 
such advanced payload application, namely, the 
segmentation of treecover / canopies over soil 
terrain. This task is mandatory in order to mask-
out areas that are not of direct interest. The 
approach studied is based on unsupervised 
algorithm which take into account multi-spectral 
as well as radiometric features derived from the 
aerial images. We process the algorithm by 
testing 2D convolution kernels together with a 
pseudo-random image slicing that tries to 
derive/model the ground/soil profile. Global 
thresholding is not able the segment tree / canopy 
area over the soil because the terrain slope is 
subject to significant change over small areas as 
is often seen to be the case with vineyards. The 
proposed approach takes into account such local 
variability to ensure a correct segmentation 
analysis in presence of slopes or other undulatory 
terrain variations. The results obtained show that 
the proposed method enables the segmentation of 
tree / canopy vs soil with an overall  accuracy 
approximately 70%  and Shadows of trees and 
objects  are identified using shadow detection 
algorithm. 
 
Index Terms— Segmentation, multi-spectral 
camera, soil, crop, UAV application. 
 

I.INTRODUCTION 
 
 During last few years the wide spread use 
of small Unmanned Aerial Systems (UAS) equipped 
with multi/hyper spectral payload has opened new 
ways to study territorial characteristics. Low cost 
remote sensing is now possible also for crop 
growing agencies and farmers. The study of crops 
during the phenological stages enables a correct 
management of crop production with benefit from 
the point of view of costs, yield, and sustainability. 

UAS techniques actually overcome the main 
limitations of satellite platforms ensuring very high 
resolution spectral, spatial and temporal data. Today 
it is possible to acquire several spectral bands which 
allows strategic planning for the field management 
activities. For this reason it is important to consider 
that very high resolution remotely sensed data are 
“noisy” and it is necessary to adopt strategies to 
mask out useless areas (e.g. bare soil in case of 
vineyard fields). Crop / Soil segmentation is 
considered as the first step to generate useful 
thematic maps for farmers and crop management 
agencies. Crop detection / segmentation is a 
complex problem considering that there is a strong 
dependency on the location where data is taken. In 
case of ground vehicles (e.g., tractors), the tilted 
aspect is mandatory and ultrahigh resolution images 
are often available.This dependency is interesting 
when one considers that applications vary from the 
detection of curved and straight crop rows to the 
identification of weed filled areas.  
 The identification of weeds plays a key role 
in ensuring a uniform growth of the target crop and 
for this reason it is necessary to develop algorithms 
able to discriminate crops, weeds and their 
foundation soils with index methods like the Excess 
Green Index (ExG) being valuable differentiation 
tools. In addition to this type of segmentation, 
ground robots may also be deployed as autonomous 
robotic weed control systems. The use of UAS 
techniques allows one to view fields from an 
alternative different point of view. The processing of 
aerial data allows one to count plant orchards and 
palm. Plant counting is an important task and it helps 
in the monitoring of how effective planting activities 
actually are as well as supporting the yield 
estimation. Vineyards are a typical example of such 
complicated areas in both detection and study. These 
areas are challenging precisely because of the 
possible or inherent slope in the terrain and also 
because of the presence of soil (not always bare) that 
could influence the overall evaluation.  
 Detection can be carried by using several 
methods like frequency analysis or dynamic 
segmentation, Hough Space Clustering or Total 
Least Squares. Detailed analysis on vineyards can be 
carried out to estimate the Leaf Area Index (LAI). 
Furthermore, as described, the accurate detection of 
canopies, soil and other materials found in between 
the vine rows may also be required. In case of an 
incorrect detection the results (e.g., LAI estimation) 
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are prone to be significantly affected. In this project 
we propose one method to segment canopy/tree 
coverage vs the underlying soil. The segmented 
image is fundamental to correctly performing an 
analysis that requires the exact knowledge of the 
canopy position. The proposed approach starts from 
our previous work focused on the extraction of 
objects from heterogeneous data-set (multi-spectral 
and LiDAR).A convolution kernel  and adaptive 
thresholding is performed as adaptive thesholding 
takes into account the terrain gradient and that 
results  into 1D signals which are processed in 
adaboost classifier to classify soil or crops for 
soil/crop segmentation by unsupervised machine 
learning approach. 
 

II. EXISTING SYSTEM 
 
 If we want to detect the tendrils (and thus 
the plant) a good first step would be to remove 
leaves from the object. The tendrils appear slightly 
brighter than the leaves in the images so one 
approach is to use the colour difference. I.e. to find 
a plane in RGB-space that separates leaves and 
tendrils. To study the colours some images were 
constructed manually in an image editor to contain 
only leaf pixels and other images were made to 
contain only tendril pixels. Separate images makes 
it easy to get the pixels in separate vectors and plot 
them in RGB-space to see the difference between the 
two groups without risking misclassification in the 
plot. An example of this manual separation is shown 
in figure 1(a) and the pixels plotted in RGB-space 
are displayed in figure 1(b) 
 

 
Figure 1(a): a) Original image of a pea plant. b) 
Tendril pixels extracted manually. c) Leaf pixels 
extracted manually. 
 

 
Figure 1(b): The green rings represent pixels 
originating from tendrils while the red crosses 
represent leaf pixels. 
 
 As can be seen from figure 1(b) the two 
groups are not entirely separated from each other 
and some pixel values are identical which makes a 
perfect distinction using only single pixel 
manipulations impossible. But perhaps could a 
majority of the groups still be separated by a plane. 
If we assume that the two groups are normally 
distributed this separating plane can be found using 
a Maximum Likelihood ratio test on the two 
distributions. A normal (or Gaussian) distribution is 
described fully by the expectation value and the 
variance. Since the values in this case are 3-
dimensional vectors (RGB) we use an expectation 
vector and a covariance matrix instead. Using N 
pixels with RGB-values in row-vectors �  these can 
be estimated as: 
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�

���
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Doing this for the tendril pixels �� and the leaf 
pixels �� separately we obtain two normal 
distributions where �� ~Norm(��, Ω�) and 
�� ~Norm(��, Ω�). Now the likelihood density 
functions can be calculated: 
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and correspondingly for �(�|L). For an unknown 
pixel � a likelihood ratio can be calculated to find if 
the pixel is most likely in a leaf or in a tendril. 
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 If  is greater than some value the pixel  
� is likely to be in a tendril, if  is smaller than the 
same value our guess is that the pixel is in a leaf. 
This expression can be simplified further by 
applying the natural logarithm on both sides of the 
equation. 
 

1

2
ln
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−

1

2
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Where  is a new constant ( = 2ln � − ln
|Ω�|

|ΩΤ|
 ). 

Using expectation vectors and covariance matrices 
calculated from the pixels in figure 1(b) a good value 
for the constant  can be found through trial and 
error. 

 

 
Figure 1(c): Example of tendrils separated from 
leaves through maximum likelihood ratio test. 
 
The left hand side of the equation is calculated for 
all pixels in an  � object. If the obtained value is 
greater than   the pixel is classified as tendril, if it 
is smaller than   it is most likely in a leaf or weed 
and removed from the image. A difficulty with this 
method is that the optimal  will vary for different 
objects depending on lighting conditions in the 
image etc. And as mentioned before a perfect 
separation is impossible using only single pixel 
colour criteria since the pixel groups in figure 1(b) 
are intertwined. As can be seen from the example in 
figure 1(c) the tendrils are extracted quite well but 
some bright pixels from leaves and weeds are still 
present. Image analysis algorithm for pea crop. In 
this section the programs that were used to produce 
the results. 

 
Fig 2: Block diagram of algorithm process 
 
 As already mentioned the algorithm 
splits up in two separate tracks that will be described 
below. The two tracks differ mostly in the treatment 
of tendrils on the pea plants but the first step after 
segmentation is identical for both methods. An area 
measurement is then performed and the small parts 
are kept and added to the mask while the largest (the 
leaves) are deleted. A low estimation of the number 
of pea plants is also found in this process. Since 
every pea plant has this large leaf centre the number 
of thrown away large objects is saved as the number 
of pea plants. This estimation will be lower than the 
real quantity because overlapping plants will not be 
counted correctly. The tendril mask with the added 
small parts should now contain only tendrils and 
possibly weeds as in the example in figure 3b. To 
separate weeds from tendrils a maximum likelihood 
ratio test based on colour is performed. Apart from 
a binary mask of weeds figure 3c shows that small 
tendril parts end up on the wrong side in the 
separation. After removing those with a size 
threshold we are left with only weeds. Their area and 
total quantity is calculated and saved. 

 
Figure 3: a) Original object containing two pea 
plants and some weeds. b) Tendrils and weed 
remaining after removal of the leaf centre using 
dilated tendril skeletons. c) Binary image of the 
weeds and tendril rests after ML ratio colour test. 
d) After removing small objects (tendril rests) 
image c can be used as a mask to mark the weeds. 
 

III. PROPOSED SYSTEM 
        

International Journal of Scientific Research and Review

Volume 7, Issue 11, 2018

ISSN NO: 2279-543X

Page No: 746



 As discussed in the Section I crop 
detection is a complicated algorithmic problem and 
several approaches have been proposed. In this 
paper we develop one approach based on 
radiometric features, Soil / Tree detection could be 
carried out by using just radiometric features. This 
method is based on the classification of image by 
using  unsupervised approach. In unsupervised 
approach the assumption is that field contains 
objects that are separable. Objects considered can be 
soil or tree. In case of obtaining the best results it is 
necessary to consider supervised algorithms that 
ensure much better performance but disadvantage of 
this supervised approach is it requires a training set 
by an expert user that select representative areas for 
each class to be extracted. To get around this, one 
can use information inherent in the data itself and in 
unsupervised approach we can directly take raw 
image data. In this paper we take an input image and 
convert into 2D signals and smoothened by image 
filtering and perform adaptive thresholding for 
accurate segmentation in severe cluttered scene as 
Global threshold (e.g., Otsu) generally tends to fail 
considering that the terrain is not actually flat and 
after adaptive thresholding convert into 1D signal 
reduction processing through analysing the image as 
a set of several slices.These slices are applied to 
adaboost classifier.The classifier gives crop or non-
crop and shadow regions along with shadow 
identification a detection process is done by 
calculating image color ratios by converting image 
into HSV color space through which texture and non 
texture regions can be classified. In the rest of this 
section we describe the method based on 2d 
convolution kernel and slicing 
A. Convolution Approach 
The principle is to use an adaptive thresholding 
operation. The 2D balanced convolution kernel that 
takes into account the following areas: 
 Target Area; 
 Guard Area; 
 Background Area. 
 Figure 4 shows the graphical representation of the 
adopted kernel. 
 The method searches for pixels higher than 
the surrounds. Let  ��  be the pixel under test and T 
be a given threshold, then the detection criterion can 
be expressed as: 
           �� − �(��)  > �Û ��  is a target        ---- (1) 
where K is the kernel above defined. In our case we 
assigned a zero weight to pixels that are in the guard 
area (with a typical size of 11x11). The background 
area is typically quite large (eg., 31 x 31). The size 
of target window should be set to the size of the 
largest target (tree/canopy) to be detected. 

 
Fig.4. Structure of the 2D kernel for adaptive 
thresholding. 
 
 The size of the background window should 
be large enough to ensure an accurate calculation of 
the background statistics. The size of these areas are 
chosen according the typical width of the 
tree/canopy to extract. A cleaning procedure is 
applied to these binary tree / canopy images to 
remove small objects, which in most cases 
corresponded to errors in the raw data segmentation. 
The cleaning procedure consists of the following 
operations: 
 Morphological opening, to remove small 
objects from the tree / canopy images; 
 Morphological reconstruction, to retrieve 
the tree / canopy boundaries that were smoothed out 
as a result of the opening operation. 
This procedure is necessary to reduce  noise that 
typically affects thresholded data.  
B. Slicing Approach 
 Many land areas are covered by foliage and trees  � 
, which obscure the underlying terrain or soil signal 
. The overall image signal is the algebraic sum of 
these two quantities: 
                �(�, �) = �(�, �) + �(�, �)            ---- (2) 
Each signal is a valuable source of information and 
it is useful in the context of object detection to be 
able to separate them efficiently and accurately. For 
a test image like the one in Figure 5, we develop a 
simple and general mathematical procedure that 
separates the soil and tree signals into two separate 
digital vector fields. The combined terrain and 
foliage signal  � is raster scanned (see red line in 
Figure 5) along some convenient direction z. 
Separating out the original surface h into a series of 
sample points in the z-direction obtains a set of 
unrelated one dimensional images ready to be 
processed independently. Taking an arbitrary 
section such as the red line across the image in 
Figure 5 one can reduce the soil extraction problem 
into a series of one dimensional sub-problems which 
theoretically at least, are easier and faster to process. 
Therefore, at some fixed z: 
             �(�) = �(�) + �(�)                       ----    (3) 
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Where  � and  are the tree and soil fields across 
some given z-coordinate respectively. 
The function  � is never in �� (the set of all one-fold 
differentiable functions). Therefore, differential 
methods are not general enough without significant 
pre-processing and a potential loss of data. The 
digital nature of the data does however permit the 
use of efficient set filters designed to separate a slow 
digital derivative from a relatively fast one. We will 
show below that this observation can be linked to 
statistical integral methods for solving the general 
problem. One might argue that Fourier methods are 
also relevant here. They can be for specific cases. 
Trees on the ground can be defined by their scatter 
probability density �(�, �).function. The importance 
of this function is in defining the nearest neighbor 
distance from any given point (�, �) . Idealizing, at 
some such point, the tree population probability 
density function maximizes locally over some 
differential (� + ��, � + ��). The associated 
probability density maximum is therefore 
constrained over some nearest neighbor contour on 
the ��-plane: 
 
                    ∇�(�, �). �(�, �) = 0                       ---- (4)   
The nearest neighbor (generally non-differentiable) 
probability contour serves to define a correlation 
distance or integral of a tree or other object class �  
to its nearest neighbors. Every point on the nearest 
neighbor contour will tend to satisfy a maximum of 
this correlation integral: 
  0 = �[∬ �(��, ��)�(�� + �, �� + �)  ������] -- (5) 
In the one dimensional language this equation 
simplifies to: 

               0 = ∫ �(��)
��

��
(�� + �)���               ---- (6) 

Over the object separation �. In other words, when 
this integral is at a stationary maximum, it 
corresponds to a local probability maximum in one 
dimension which dictates the local distance w to a 
nearest neighbor for the object class �.The local class 
� at the point � is 

                                      �� =  
��

�
                  ----- (7) 

and corresponds to the Fourier or correlation 
frequency of the object class �  embedded into the 
signal �.The frequency distribution of object classes 
on the ground gives rise to a curious relative 
symmetry: when the solution of equation 4 is a 
correlation minimum, from equation 3, the cross 
correlation function of the soil will be a maximum 
instead:  

 ∫ �(��)�(�� + �)��� = ∫ �(��) �(�� + �)���   
                                                                        ---- (8)       
At such points  � is a local minimum since there is 
no object field, by replacing  �(�� + �) with a 
normalised window k of integration width  �: 
 

�(�, �) = ���� < �∫ �(��)�(�� + �)��� =
∫ �(��)�(�� + �)���                                        ----- (9) 
 

for some constant c. If the integration window width 
is made equal to the correlation distance less the 
object width b in the field at  � then the inequality is 
removed on the left and we have :�(�, � − �) =

���∫ �(��)�(�� + �)���  
(� − �) min �(�)                                      ----- (10) 
 

 
Fig 5 : Combined terrain and surface object 
signal field � masked and cut out into a tiff 
format image. 
 
(c) Shadow Identification  
 Shadow identification by using shadow 
detection algorithm. First take the Image as input 
then apply the median filter to remove the noise 
components. And then Convert from RGB to HSV 
color space and perform morphological dilation. If 
the shadow ratio is greater than threshold then it is 
represented as shadow regions. 
Shadow ratio = ((4/pi).*atan(((b - g))./(b + g)))  
                                                                    ----- (11) 

 
Figure 6 : Flow chart and Algorithm for Shadow 
Detection 

International Journal of Scientific Research and Review

Volume 7, Issue 11, 2018

ISSN NO: 2279-543X

Page No: 748



 

IV. SIMULATION RESULTS 
 

 
 

Figure 7 : Input image 
 
 The above figure is an input image for 
proposed algorithm. This is an aerial image of 
farming land. This image is in RGB color format. 
This image is further processed into difference 
levels of proposed algorithm. 
 

 
 

Figure 8: Ratio calculated image 
 
 The above figure is a result of color ratio 
calculation for texture detection which can be 
helpful for detection and identification in images. 
This is done by converting image into HSV color 
space and calculating color ratios. By using this, we 
can distinguish texture and non-texture regions. 
 

 
 

Figure 9 : shadow detected image 
 
 The above figure is binarized shadow 
detected image. This image is obtained after 
processing ratio image for shadow detection 
algorithm. By using this image we can identify 
shadow regions in an image and we can remove  
shadow regions in further process. 
 

 
 

Figure 10: crop segmented image 
 
 The above image is crop segmented image 
by adaboost algorithm for unsupervised learning. In 
the above image shadow regions also included. In 
subsequent process shadows will be removed. For 
clear identification of object boundaries 
morphological image processing operations are 
performed. 
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Figure 11:crop segmented image without shadow 
 
 The image is crop segmented image after 
subtracting shadow regions. Shadow regions are 
subtracted in the above image. To obtain this image, 
shadow detected image is subtracted from crop 
segmented image. 
 

 
 

Figure 12 :  shadow detected on input image 
 
 The above image is shadows marked on 
input image. This image is obtained after processing 
through shadow detection, identification and 
marking. 
 
 
 
 

              

 
 

Figure 13 : Ground truth image 
 
The overall accuracy of soil / crop segmentation 
using unsupervised algorithm is approximately 
70%. 
 
 

                        V. CONCLUSION 
 In this paper unsupervised algorithm is 
used in aerial image for soil/ crop segmentation and 
shadow detection by using adaboost classifier which 
yields good performance result compared to the 
general segmentation algorithm of ostu’s threshold 
and it overcomes the problem of over segmentation 
in watershed algorithm. In the proposed method an 
input image is taken and filtering is applied and 
adaptive thresholding is performed and converted 
into 1D signal slices and these slices are applied to 
adaboost classifier. This  classifier gives crop and 
non-crop regions and shadows of trees and objects 
are identified using shadow detection algorithm.  
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