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Abstract 
Satellite images are considered reliable data that preserve land cover informa-
tion. In the field of remote sensing, these images allow relevant analyses of 
changes in space over time through the use of computer tools. In this study, 
we have applied the “discriminant” change detection algorithm. In this, we 
have verified its effectiveness in multi-temporal studies. Also, we have deter-
mined the change in forest dynamics in the Ikongo district of Madagascar 
between 2000 and 2015. During the treatments, we have used the Landsat TM 
satellite images for the years 2000, 2005 and 2010 as well as ETM+ for 2015. 
Thus, analyses carried out have allowed us to note that between 2000-2005, 
1.4% of natural forest disappeared. And, between 2005-2010, forests degrada-
tion was 1.8%. Also, between 2010-2015, about 0.5% of the natural forest 
conserved in 2010 disappeared. Furthermore, we have found that the discri-
minant algorithm is considerably efficient in terms of monitoring the dy-
namics of forest cover change. 
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1. Introduction 

Since the last two decades, remote sensing has been widely used to detect changes 
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in phenomena such as urban areas, land cover and also in forest cover [1] [2] [3] 
[4]. On the one hand, thanks to the availability of satellite imagery researchers 
can perform not only multi-temporal but also time series change studies [5] [6]. 
On the other hand, computer-based techniques are able to determine the effects 
of a phenomenon in an area at different dates [7] [8]. Then, the change detection 
algorithm is one of the techniques that can carry out this work. Moreover, its 
main operation makes feasible the analysis of before and after situation in a sur-
face [9]. Undoubtedly, the forestry domain really requires the intervention of the 
change detection algorithm to quantify changes. 

For Madagascar, the study based on satellite image processing started since 
the year 80. It was a vegetation study conducted by [10] as part of his thesis. A 
few years later, analyses applied to forest cover were carried out by scientific re-
searchers with the aim of verifying hypotheses. In general, these works are di-
vided into two categories such as national works doing image processing of the 
whole of Madagascar like the works [11] [12], as well as specific studies targeting 
one or a few study areas like the works of [13]. Furthermore, it seems that most 
of these studies focus on the evolution or assessment of changes in forest cover 
[14] [15], although the forest area of this country is decreasing due to massive 
exploitation in the forest zone, charcoal and especially tavy cultivation [16] [17]. 

In this study, we focus particularly on the use of the Erdas Imagine “Discri-
minant function change” algorithm because this algorithm is not only efficient 
but it is also often used to detect the following change in time [18]. Our objec-
tives are not only to evaluate the effectiveness of this algorithm on the study of 
dynamics of change but also to quantify the deforestation of the Ikongo District 
of Madagascar over 15 years. Secondly, we will use Landsat TM satellite image 
for the year 2000, 2005, 2010 and also a Landsat ETM+ satellite image for the 
year 2015 of this study area. Thus, in order to carry out this study, we will define 
four parts. Firstly, we will discuss the materials and methods. Secondly, we will 
present the results obtained on the classifications and also we will show the 
results of the change detection of the year 2000-2005, 2005-2010, 2010-2015. 
Thirdly, we will discuss the results obtained. Finally, we will make the conclu-
sion. 

2. Materials and Methods 
2.1. Study Area 

Ikongo District is a district of the Vatovavy Region, located in the South East of 
Madagascar. Subsequently, this district is found on the point of coordinates 
21˚52'59'' and 47˚25'59'' while its altitude is at 280 m. According to (SaryTany 
and Someah, 2012), this study area has a perhumid type bioclimate. Figure 1 
shows us our study area.  

2.2. Satellite Images Used 

In the case of this study, we will use images from the Landsat 5 TM sensor and  
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Figure 1. Study area of district Ikongo in Madagascar. 

 
Landsat 7 ETM+ sensor. These images are all freely downloadable from the link 
https://earthexplorer.usgs.gov/. In general, these two satellites have remarkable 
characteristics in terms of the number of spectral bands and also the presence of 
panchromatic bands, especially for the ETM+ sensor. Table 1 presents more in-
formation about the characteristics of the images used.  

We chose these images because they are not only free of charge but also present 
very nice spectral information and are suitable for land cover dynamics [19] 
[20] [21]. Secondly, we selected images with a very low percentage of clouds in 
order to produce more or less reliable results. This is why we took the image of 
the months of February 2000, March 2005, January 2010 and February 2015. 

2.3. Methodology for Change Detection 

Firstly, the realisation of forest area change dynamics is a multi-step process 
[22], as all steps add value to the accuracy of the final results. All steps add value 
to the accuracy of the final results and may vary depending on the area to be 
studied and the choice of methodology. In our case, we choose to establish our 
treatments in three phases which are pre-processing, classification and then  
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Table 1. Characteristics of the images used. 

Path/Row 
Date of 

acquisition 
Sensor 

Spectral bands 

Band Spectral band Resolution 

158/75 02/02/2015 ETM+ 

1 (Blue) 0.45 - 0.515 30 

2 (Green) 0.52 - 0.605 30 

3 (Red) 0.63 - 0.69 30 

4 (Infrared) 0.76 - 0.90 30 

5 (Infrared) 1.55 - 1.75 30 

6 (Thermic Infrared) 10.42 - 12.50 60 

7 (Infrared) 2.09 - 2.35 30 

158/75 
2/02/2000 
3/03/2005 
2/01/2010 

TM 

1 (Blue) 0.45 - 0.52 30 

2 (Green) 0.52 - 0.60 30 

3 (Red) 0.63 - 0.69 30 

4 (Infrared) 0.76 - 0.90 30 

5 (Infrared) 1.55 - 1.75 30 

6 (Thermic Infrared) 10.42 - 12.50 60 

7 (Infrared) 2.08 - 2.35 30 

 
post-classification [23]. In general, this method is commonly used in satellite 
image processing. 

Pre-processing: This phase focuses mainly on the consideration of spectral, 
radiometric and spatial aspects of the images, as these treatments strongly con-
tribute to the quality of the expected results [24]. First, we will combine the spec-
tral bands of each date to form multi-spectral images. Second, we will use the ra-
diometric correction for our images because this is a pre-processing to improve 
the spectral value of a satellite image taken by a sensor. Then, this process allows 
the normalization of images acquired in different dates and different sources 
necessary for the detection of change [25]. Since, the latter requires common 
features as much as possible between the images to be compared [26]. Conse-
quently, their radiometric corrections are essential to find reliable results to the 
change. Then, in ERDAS Imagine we will use the contrast stretching for doing 
those. Similarly, we will make geometric correction to ensure the superposition 
of the images to be compared [27]. Thus, we will make the geometric correction 
with method of GCP (Ground Control Points), i.e. the use of references on the 
earth’s surface such as the intersection of the road or also objects that do not 
move with time but are shown on the image, as reference points during the cor-
rection. And, we will use the true colour and false colour function to make the 
visual analysis easy during the supervised classification of our images [28]. 

Classification: Since we want to analyse the evolution of the forest in our study 
area therefore it is important to perform supervised classification on each image 
to properly categorise these objects. Furthermore, this step arranges compatibili-
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ties between these images during the comparison in the change detection phase 
[29]. Thus, we define two object categories which include natural forest and 
open space. For this purpose, we choose the maximum likelihood the fact that 
this algorithm is one of the well-known supervised classification methods used 
in the world of satellite image processing [30] [31] [32]. Moreover, this method 
is based on the probability that a pixel belongs to a particular class. That is, a 
pixel is classified in the corresponding class when it has the maximum probabil-
ity for that class. However, it uses the probability function as the decision rule 
used. In other words, the maximum likelihood classifier quantitatively evaluates 
the variance and covariance of the spectral response patterns when classifying an 
unknown pixel. 

( )
( )

( )2

1 2
2

ˆ1 1ˆ | e p
2 ˆˆ

x
2

i
i

i
i

x u
p x w

σσ

 −
 = −
  π

              [33] 

where x: value of the brightness of the axis of x 
ˆiu : mean value of the classes 
ˆiσ : measure of the variance of the classes 

Detection change: In order to perform change detection for our study area, we 
rely on the “bi-temporal data” type [27] [34], i.e. a method based on the com-
parison of two satellite images of different dates. Thus, we take the “Discrimi-
nant Function Change” of Erdas as the change detection algorithm. This method 
is particularly based on the calculation of the probability of the change of pixel 
by pixel of two images of the same area and different dates [35]. It consists of 6 
steps [36]. First, the base image between the two input images is determined. 
Then, unsupervised classification of this base image into a reasonable number of 
spectral classes (64 - 128 classes) is performed. Then, the multivariate signatures 
(Mean Vector, M, and Cov) of the other image are extracted using the image 
from the unsupervised classification, which is called “classbase” and the output 
of this step is “image change”. Then, we apply the Mahalanobis distance calcula-
tion to each pixel of the image change using the signature corresponding to the 
class to which it belongs. In the end, the algorithm converts the MD metric into 
a probability and then we can have an output image from this probability. The 
pixel values of this image are between 0.0 and 1.0. This conversion and final im-
age output adopts the “Chi-Square Transformation” technique [27] of change 
detection. Figure 2 shows the steps required to carry out these treatments. 

3. Results 

Following the pre-processing we did for our images, we also performed classifi-
cations using the maximum likelihood algorithm as shown in our methodology. 
Then, we validated the results by using the google earth image of the same date 
in each image. As a result, we obtained the best results shown in Figure 3.  

Each result of our classifications is associated with an Overall Classification 
Accuracy and a kappa index. For the year 2000, we have an Overall Classification  
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Figure 2. Methodology for change detection using multi-temporal images. 
 

Accuracy of 94.44% and a Kappa index of 0.8875. Subsequently, we obtained 
94.59% Overall Classification Accuracy and 0.8902 kappa index for the year 
2005. For the year 2010, we have an Overall Classification Accuracy equal to 
94.59% and 0.8902 of kappa index. For the year 2015, we obtained 92.31% Over-
all Classification Accuracy and 0.8462 kappa index. In addition, the accuracy as-
sessment results are shown in Tables 2-5.  

To achieve the objective of multi-temporal analysis in this study, we com-
pared the image of 2000 and 2005, 2005 and 2010, 2010 and 2015 and 2000 and 
2015 for further discussion. These comparisons gave us four dynamic maps that 
present the natural forest, open space, forest loss and forest appearance of our 
study area according to these years. The results of these treatments are presented 
in Figure 4. 

In order to examine the values of these changes we have performed the area 
calculation for each object in each image. Thus we quantified the following values. 
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Table 2. Accuracy assessment result of classified image 2000. 

Class Name 
Reference 

Totals 
Classified 

Totals 
Number 
Correct 

Producers 
Accuracy 

Users 
Accuracy 

No classified - - - - - 

Forest 20 20 19 95.00% 95.00% 

Prairie 16 16 15 93.75% 93.75% 

Totals 36 36 34   

 

 

Figure 3. Results of the Ikongo district classification using Maximum Likelihood 2000 (a), 2005 (b), 
2010 (c) and 2015 (d). 
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Table 3. Accuracy assessment result of classified image 2005. 

Class Name 
Reference 

Totals 
Classified 

Totals 
Number 
Correct 

Producers 
Accuracy 

Users 
Accuracy 

No classified - - - - - 

Forest 22 20 20 90.91% 100.00% 

Prairie 15 17 15 100.00% 88.24% 

Totals 37 37 35   

 

 

Figure 4. Change detection results of 2000-2005 (a), 2005-2010 (b), 2010-2015 (c) and 2000-2015 (d) of 
Ikongo District. 
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Table 4. Accuracy assessment result of classified image 2010. 

Class Name 
Reference 

Totals 
Classified 

Totals 
Number 
Correct 

Producers 
Accuracy 

Users 
Accuracy 

No classified - - - - - 

Forest 17 15 15 88.24% 100.00% 

Prairie 20 22 20 100.00% 90.91% 

Totals 37 37 35   

 
Table 5. Accuracy assessment result of classified image 2015. 

Class Name 
Reference 

Totals 
Classified 

Totals 
Number 
Correct 

Producers 
Accuracy 

Users 
Accuracy 

No classified - - - - - 

Forest 13 13 12 92.31% 92.31% 

Prairie 13 13 12 92.31% 92.31% 

Totals 26 26 24   

 
Between 2000-2005, approximately 64,236.4 hectares of natural forest in 

Ikongo District were recorded in 2000, of which 63,532.9 hectares were pre-
served in 2005, which means that 912.2 hectares or 1.4% had disappeared. On 
the other hand, there is an appearance of forest equal to 208.8 ha. Between 
2005-2010, the area of natural forest decreases to 63,111.2 ha, of which the de-
gradation is 1120.6 ha, which gives 1.8% of the natural forest in 2005. The ap-
pearance is 699 ha. Between 2010-2015, the area of natural forest conserved is 
equal to 63,946.6 ha of which the degradation is 334 ha which gives 0.5% of the 
natural forest conserved in 2010. However, the appearance of forest increases to 
1169.4 ha. Table 6 shows the results of these calculations.  

In order to illustrate the trend of this evolution, we have drawn a curve of 
disappearance and appearance corresponding to these data and we have also 
drawn a curve indicating the evolution of the natural forest area during these 
study years. Figure 5 and Figure 6 show these results in graphical form.  

With respect to the methodology we have taken, we can say that our results 
are accurate in the context of change detection because we have done the radi-
ometric and geometric correction which are really essential for change detection 
between two satellite images. In addition, we have normalised our data using 
supervised classification. These lead to the reliability of the comparison of mul-
ti-temporal images apart from the efficiency of the discriminant algorithm. 

From the results obtained, it is undeniable that the function change discrimi-
nant algorithm is highly capable of searching for differences between the two 
input images. However, the processing takes a lot of time due to the instructions 
performed by this algorithm such as unsupervised classification before proceed-
ing with the comparison. Furthermore, the user must understand the meaning of 
each parameter used by this algorithm to ensure its efficiency. 
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Figure 5. Histogram showing the dynamics of the Ikongo forest between 2000-2015. 
 

 

Figure 6. Graphical of the evolution of the Ikongo forest between 2000-2015. 
 
Table 6. Results of forest dynamics calculations. 

 
2000-2005 2005-2010 2010-2015 

Total (ha) Total (ha) Total (ha) 

Apparition 208.8 699 1169.4 

Disparition 912.2 1120.6 334 

Naturel forest 63,532.9 63,111.2 63,946.6 

Results −703.5 −421.7 +835.4 

 
The season of image acquisition and the percentage of cloud, play a very im-

portant role in the quality of the results of the forest dynamics change detection 
since they can easily distort the estimation results. Also, the surface area of the 
study area obviously corresponds to the functioning of the discriminant algo-
rithm, since this algorithm works on the pixel, which means that the larger the 
matrix to be processed, the longer the processing time. 

Between 2000-2015, natural forests have suffered a loss of about 289 ha of its 
surface. Indeed, these losses correspond not only to the number of people in the 
study area but also to the activities of these inhabitants. According to [37], Ikongo 
District is part of the populated area in the Vatovavy Fito vinany Region, while 
85% of the population in this region practice agriculture. In addition, the popu-
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lation in this region also uses tavy cultivation to expand their agricultural areas. 
These acts contribute greatly to deforestation in this study area. 

4. Conclusion 

In conclusion, our study focuses on the implementation of the function change 
discriminant algorithm to detect change in the natural forest dynamics of Ikon-
go District. We set a main objective to evaluate the efficiency of this algorithm 
by analysing Multi-temporal satellite images. In this, we took Landsat images 
from the TM sensor for the year 2000, 2005 and 2010 and from the ETM+ sensor 
for the year 2005. The processing was done in three phases which are prepro-
cessing, classification and change detection. In addition, we used ERDAS Im-
agine as the image processing software. In addition, we also quantified the natu-
ral forest evolution, degradation and appearance that were found during the treat- 
ments for the date 2000, 2005, 2010 and 2015. Thus, the result of this research 
shows that the discriminant algorithm is effective in detecting changes in natural 
forest dynamics. It is perfectly capable of comparing two images of different dates. 
From the results obtained, we can conclude that between 2000-2015 Ikongo Dis-
trict lost 289 ha of natural forest by comparing the total forest in 2000 to 2015. 
We also found that each year of image processing we found more appearance of 
forest especially between the year 2010-2015. Thus, we can also say that this ap-
pearance saves the existing degradation in this area. In addition, the majority of 
the population in this area is engaged in agriculture as their main activity. Intui-
tively, the latter contributes a lot to this degradation. 
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