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ABSTRACT: 
This paper aims at evaluating three change detection techniques that are widely used by many scientist and professionals around the world, using satellite images from Landsat 5 Thematic Mapper (TM). The evaluation will use images for the FORT MCMURRY area, located in Alberta, Canada from 1992 to 2005 using PCI Goematica Software. This area was chosen because of the extensive changes that took place this period after the discovery of Oil Sand in the Area. The change detection techniques that were used and examined are: 1) The Write Function Memory Insertion (WFMI), 2) Image Algebra Method and, 3) Post Classification Analysis Method.
The results of conducting the three methods showed that the post classification was clearly the optimal technique from the overall qualitative and quantitative perspective. Also, it is worth motioning that the final map employing nine categories using the Post Classification method had an overall accuracy of 83.9% in comparison to the two category map using the Image Algebra with 88.3%. While, the Post Classification method  produce a better map because it generated a Kappa accuracy of 0.73 (post-classification) in comparison to a kappa accuracy of 0.68 for the image algebra technique. The other reason for choosing post-classification is that it provides a categorical transition change; which for many applications is valuable and important information. 






INTRODUCTION:
		The process of change detection is one of the most appreciated and widely used techniques in the field of remote sensing to “Indentify differences in the state of an area object, or phenomenon at different times” (Singh 1989). In fact, accurate and timely earth's change detection techniques provides the base to better understanding of the relationships as well as human and natural interaction in order to better use and manage recourses (Ibid). For Example, In Saudi Arabia, there are many organizations and companies who maintain Geodatabases that Geographic Information Systems are built on, and linked to them. One of the main challenges is to detect changes in their map coverage to better manage these databases and keep them up-to date (Dwaik, Al Sadat, 2009).
Fort McMurray is considered a major hub for Canada’s oil production, as it is famous for its oil sands deposits (Gillander, Coops, Wulder, Goodwin 2008). This city is one of the areas in Alberta with extensive land cover change that has been observed especially in relation to vegetation loss. These major changes were due to the increased oil exploration activities in Alberta over the past decade (Ibid). Knowing and understanding the amount of change in the area is important for many applications such as the impact of Oil & Gas activities on habitat.
There are many methods for analyzing change detection techniques that employ various airborne and satellite sensors that can determine change from quantitative and qualitative perspective (Jenson, 1996). Among these change detection methods are the Write Function Memory Insertion, Multi Composite Image Detection, Image Algebra change detection, and Post Classification (Ibid).


The objective of this paper is to compare, evaluate, and determine the optimal method based on qualitative and quantitative elements such as method’s speed, ease of interpolation, value of output and accuracy of the results. The three change detection techniques for detecting and quantifying land cover change in the Fort McMurray area are performed using Landsat 5 TM from the year 1992 to the year 2002. The three change detection techniques used are: 
Write Function Memory Insertion (WFMI) Method
The Image Algebra Method, and 
The Post Classification Analysis Method.

Study Area:
Fort McMurray, Alberta, is located at the south bend of the Athabasca River ). As shown in figure (1) below, the study area which is is mainly composed of a long narrow river (Athabasca Rive) cutting the area in the middle vertically with scattered small natural lakes (Google Maps 2009; IRM 2005). Also, Athabasca Rive is bounded by two main un-completed drilling sites along each side of it. 	

Figure 1: A Customized Location Map of Fort McMurray using Google Map
Different types of vegetations and cut-blocks are proximal to the study area and it is also noticeable that there are scattered vegetated and un-vegetated cut blocks scattered throughout the image. However, from looking at the clipped image, the 1992 and 2005 images as shown in figures (3) and (4), the area in 1992 had much more of the vegetation and is now transformed into barren. In 1992, the numbers of water ponds were less when compared to 2005; all changes occurred in preparation for the construction of the Oil drilling sites (National Geographic, 2009).

Methods :
Data Used: 
The data used for this paper; which was mainly used to compare the three change detection techniques; were two Landsat 5 TM of Fort McMurray that were captured on 6th of November, 1992, and 30th of May, 2005. The area was then clipped to fit a 135 km by 110 km area as shown in Figure (2) below (IRM, 2005). 
As shown in Table (1) below, the data was downloaded from the USGS Data Interface website and was in level 1-G and contained all bands from 1-5, and 7 stored in channel 1 through 6. All Data were in WGS-1984 and Projected in UTM Zone 12 (5). The row and the path information is WRS 2, path 042 Row 020.Table1: Description of the Data Used 

 (
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Figure 2: Original Limit Image of Fort McMurray (Band 4) (Left). The Clipped limit from the 2005 Landsat 5 TM (Right)  
	
Figure 3: Zoomed Area from the 1992 Landsat 7 Image           
	
Figure 4: Zoomed Area from the 2005 Landsat 7 Image           



Data Pre-Processing: 
In this phase, the main objective is to merge all the clipped downloaded channels from 1992 and 2005 into one file and ensure that pixels from both dates are aligned (Jenson, 1996). This was done by performing a Geometric Correction employing 2005 as the master image and the 1992 as the slave . Using PCI OrthoEngine, twenty one control points were used to rectify the 1992 to match the 2005 using the first degree polynomial (physical model) and then interpolated the DN values of the 1992 image with the nearest neighbor strategy, because it was the closest to the master image as shown in figures (5) and (6). Un-like many other change detection projects, Radiometric Correction was not preformed because the techniques used does not require any radiometric correction; expect the image algebra, in which thresh holding was applied to minimize the effect of the radiometric errors after performing that change detection method (Jenson, 1996).
	

Figure 5: Zoomed in Image of the 1992 Slave (Rectified) 
	

Figure 6: Zoomed in Image of the 2005 Master 



Change Detection Processing Using the WFMI : 
In this simple method, using the Add layer in PCI Geomatica, through the RGB Color Model, an 8 bit“.pix” file was generated using bands 7 from the two different dates (Jenson, 1996). Band 7 from 1992 in the Red, Band 7 of 1992 in Green, and Band 7 of 2005 in Blue. The resulted “.pix” file was exported to ArcGIS and was made into final professional map with all the required map cartographic information (Jenson 1996). This method didn’t require any quality control because it is just a visual tool. 
Change Detection Processing Using Image Algebra Processing: 
Using this relatively simple technique; which is also known as the band differencing method, the Raster Calculator in PCI was used to subtract Band (7) of 2005 from the same band of 1992.  The resulted “.pix” file was exported to ArcGIS and a threshhold was used to categorize the resulted change into three categories; Positive change, Negative Change and No Change (Jenson, 1996). The limit of the threshold used was based on visual interpretation of the DN values of various areas in the image (Jenson, 1996). The limits used for this threshold were as following: any DN value less than (-13) is Negative change, any DN value over 13 is positive change, and the remainder is categorized as no change. Finally, the three categories image was then made into final professional map with all the required map cartographic elements.
Change Detection Processing Using Post Classification : 
This method was the most time consuming method among the three used. First, both the 1992 and 2005 images where classified using the maximum likelihood supervised classification; using three land types categories as shown in Table (2) below. Secondly, after multiplying the classified 2005 map by 10, both the 2005 and the 1992 classified maps where subtracted from each other. The resulting final map displaying the 9 classes of transitional change from one land cover type to other was plotted. 
In order to perform the Classification of the two dates; after defining the classes of interest, the Image classification tool in PCI was used to create sufficient training data. The training data was then used to allow the software in identifying the spectral signature of each class and automatically classifying the rest of the two images according to the training data using the Maximum Likelihood Algorithm. Once the classification was completed, using the PCI’s Accuracy Assessment tool was used to assess the classification accuracy using 120 randomly stratified points per map. The overall accuracy and the Kappa was recorded 
The resulted “.pix” files that show the difference between the classified two dates was then exported to ArcGIS and then made into final professional map with all the required map cartographic elements. Also, Table showing the amount of change from each information category to the other was calculated by multiplying the number of pixels in each of the 9 categories by 30m x30m; which is special resolution of the LandSAT 5 TM’s individual pixel.
Table 2: Classes Definition and Description for the Supervised Classification
	Class Name
	Class Description for Areas On Map
	Color

	Water
	Areas Representing All Water Features such as Lakes Rivers, Water Ponds
	 

	Vegetation
	Areas  Representing Vegetated areas including cut-blocks, farmlands, grasses, shrubs, new vegetation and old vegetation
	 

	Barren
	Areas Representing Land Cover with barren, road network, trails, urban development and areas under construction
	 



Quality Control of the Resulted Three Maps : 
In order to assess the accuracy of the Image algebra and the Post-Classification methods, 60 Stratified Random sample Points for image algebra and 260 Stratified Random sample Points for post classification were generated using ArcGIS’s Sampling tool available under the HawthsTool (ArcGIS Help, 2009). These points were used to generate an excel tables (For each change detection method) that records the Observed versus Mapped points. To do that, the layers with the generated random point were overplayed over both original trimmed images respectively (for each method) at RGB=TM321.Visual Interpretation determined the classes that they belong to, which is equivalent to the “Ground Truth” Data. The Image Algebra method only had two categories as an option during the recordings; but the post classification had 9 possible options. 
Using these two tables, the separate confusion matrixes where constructed and many statistical parameters were then calculated such as: the overall accuracy as well as the Producer’s and Users Accuracy were manually constructed. Upon completion of this accuracy check, all resulted file such as the Accuracy statistics and Error confusion Matrix were saved for further use in the results and discussion part. Moreover, the Kappa statistics for both methods was calculated using an online calculator (Randolph, 2009).
4- Results
	A - Change Detection Final Image Using the WFMI Method: 
Figure (6) below shows the area that has changed from 1992 to 2005 using the WFMI Method. The areas in gray level represents the area with no change and the areas in variation of yellow and blue is primarily change. It is noticed that the areas with maximum change are the lakes and the vegetative area. The areas that are represented with blue color, brighter sediments (Barren) that changed to darker water, and areas that are presented in yellow are vegetation that changed to bright sediments (barren). Notice that quantitative information of the amount of change is not possible to obtain using this method but quick visualization was possible (Jenson, 1996). 
[image: WFMI.JPG]
Figure 6: Zoomed in Location of the Final Map using WFMI Change Detection Method

B - Change Detection Final Image Using the Image Algebra Method:
Figure (7) below shows the areas that have changed since 1992 to 2005 using the Image Algebra Method. The areas in light green represents the areas with no change, the areas in red represent negative change, and areas in dark green represents area with positive change. It is noticed that positive change is much more from the negative change. It is very important to mention that small red and dark green changes may not necessarily represent changes in reality. 

Figure 7: Zoomed in Location of the Final Map using Image Algebra Change Detection Method
C - Change Detection’s Final Image Using the Post Classification Method: 
Figure 8 below, it shows the Final Change Map using Post Classification by subtraction of both classified maps of the 2005 and 1992 shown in figure (11) and (10) respectively. The final change map illustrated the categorical change that happened in the area by showing from what class to what class the change accrued as well as shows the three un-changes classes. It is worth mentioning that both Overall Accuracy and Kappa of the classified maps, with three distinct classes, was almost perfect with an Overall accuracy of 95.8% and 100% and a Kappa of 0.81 and 1 as shown in (10) and (11) below. 

Figure 9: Zoomed in Location of the Final Map using Post Classification Change Detection Method

	

Figure 10: Zoomed in Classified Map of 1992
	

Figure 11: Zoomed in Classified Map of 2005


Table (3) below shows the quantitative change that resulted from the final change map as seen in figure (9). All changes in this table are shown in both kilometers as well as percentage from overall area. It is noticed that the most change that accrued in the area was that approximately 422 square kilometers of vegetation vanished and turn into Barren; while, about 94.5% of Barren got vegetated in return. It is also noticed that proximally 40 square kilometer of the vegetation turned to water pond in preparation to support the drilling activities in the area.  
Table 3: Table Showing Quantitative Change “From-To” for the Post Classification Method


Accuracy Results Using Image Algebra:
Table (4) below shows the final accuracy matrix and derived statistics that resulted from the map that was generated using the Image algebra method which includes the producer and user accuracy, Overall Accuracy and Kappa. Note that positive change and Negative change were combined during the accuracy assessment to “Change” category for visual simplicity. In the final map, note that Change is over represented and No Change is under represented. Also note that although the overall accurate is 88.33, but the kappa is 0.683 which is considered moderately low.





Table 4: Table Showing the Image Algebra Method’s Accuracy Assessment Results
	 
	
	Producer
	 

	 
	 
	Change
	No Change
	Total

	Users
	Change
	11
	5
	16

	
	No Change
	2
	42
	44

	
	Total
	13
	47
	60

	 
	
	
	
	 

	Producer Accuracy 
	Producer Accuracy for No Change
	89.36

	
	Producer Accuracy for Change
	84.62

	 
	
	
	
	 

	Users Accuracy
	User Accuracy for No Change
	95.45

	
	User Accuracy for  Change
	68.75

	Overall Accuracy
	88.33

	Kappa
	0.683

	Weighted Kappa
	N/A




Accuracy Results Using Post Classification:
Table (5) below shows the final accuracy matrix and derived statistics that resulted from the map that was generated using the post classification method which included similar statistics as mentioned above. In the final map, note that No Change in vegetation is under represented, where “Barren Changed to Vegetation” is much more represented. Also, note that there are a lot of classed that has zero omission and zero commotion’s error such as “Water to Vegetation and “Vegetation to Barren”. Finally, note that the overall accuracy is lower than the one for the image algebra by proximally 4.8%, but the Kappa is higher by proximally the same percentage.



Table 5: Table Showing the Post Classification’s Method’s Accuracy Assessment Results

	
	Producer
	

	Users
	 
	NV
	NB
	NW
	VB
	VW
	BV
	BW
	WV
	WB
	Total

	
	NV
	188
	0
	0
	0
	0
	0
	1
	0
	0
	189

	
	NB
	1
	14
	1
	0
	0
	0
	0
	0
	0
	16

	
	NW
	0
	0
	9
	0
	0
	0
	0
	0
	1
	10

	
	VB
	8
	0
	0
	56
	0
	0
	0
	0
	0
	64

	
	VW
	0
	0
	0
	0
	26
	0
	0
	0
	0
	26

	
	BV
	45
	0
	0
	0
	0
	3
	0
	0
	0
	48

	
	BW
	1
	0
	0
	0
	0
	0
	1
	0
	0
	2

	
	WV
	0
	0
	0
	0
	0
	0
	0
	3
	0
	3

	
	WB
	0
	0
	0
	0
	0
	0
	0
	0
	2
	2

	
	Total
	243
	14
	10
	56
	26
	3
	2
	3
	3
	360

	
	
	
	
	
	
	
	
	
	
	
	

	
	Overall Accuracy
	83.9%

	
	Kappa
	73.5%

	
	Weighted Kappa
	61.8%

	

	Producer Accuracy of
	NW
	No Change in Water
	90.0%

	
	NB
	No Change in Barren
	100.0%

	
	NV
	No Change in Vegetation
	77.4%

	
	WB
	Water change to Barren
	66.7%

	
	WV
	Water Change to Vegetation
	100.0%

	
	VW
	Vegetation Change to Water
	100.0%

	
	VB
	Vegetation Change to Barren
	100.0%

	
	BW
	Barren Change to Water
	50.0%

	
	BV
	Barren Change to Vegetation
	100.0%

	Users Accuracy of
	NW
	No Change in Water
	90.0%

	
	NB
	No Change in Barren
	87.5%

	
	NV
	No Change in Vegetation
	99.5%

	
	WB
	Water change to Barren
	100.0%

	
	WV
	Water Change to Vegetation
	100.0%

	
	VW
	Vegetation Change to Water
	100.0%

	
	VB
	Vegetation Change to Barren
	87.5%

	
	BW
	Barren Change to Water
	50.0%

	
	BV
	Barren Change to Vegetation
	6.3%



5- Discussion
Consideration of System and Environmental Significance: 
Before conducting any change detection study, it is important that the analyst recognizes and minimizes the system and environmental effect on images of both dates as much as possible, because if this was not done, then in-accurate results would be expected regardless of which method is used for detecting change (Jenson, 1996; Grey, Gesslel, Hoppous, Boudreau, 2008; Maluki 2007). 
Most system effects in this paper were minimized; such as the special accuracy, view angle, spectral and radiometric accuracy, by selecting the same sensor’s, which is the Landsat 5 (TM) using the same bands , all store in 8-bits channels, in all change detection techniques, and having the same view angle (Jenson 1996). Also, a geometric correction was performed on both images to ensure proper alignment (Ibid). The only system effect which might have contributed to the quality of all maps was the Temporal Resolution change, because the image where not taken exact at the same time and data (Ibid). However, because the main intention is not to accurately quantify change and but to determine which a better change detection method is, this affect was negligible. 
Also, some environmental characteristics were minimized in this study while some others were not even considered (Ibid). One of the environmental characteristics considered was the atmospheric conditions for the 2005 image. This image contained some cloud area which was removed by clipping down the study area. If that was not possible in other real situation, then either choosing a different image or living and dealing with this fact will be needed to get good acceptable results (Ibid). Other environmental factors such as solid moister and phonological cycle characteristics were not considered in this paper.
Change Detection Using the Three Methods:
As shown from all the results discussed in the result’s section, different Change detection methods will present changes in the study area but in different formats. So depending on the ultimate goal of a specific application or problem that need to be solved, as shown in the literature review cases, different or combination of those methods as well as many will provide the analyst with the right information (Jenson 1996; Grey, Gesslel, Hoppous, Boudreau, 2008; Maluki 2007).  
Another important reason why the ultimate goal of the study is important is to properly determine the bands to be used in each of the change detection methods (Maluki 2007). For example, if the changes that are required were to highlight changes as per vegetation categories, then calculating an NDVI for both dates will be a good input channel to use in order to see this type of change (Gillander, Coops, Wulder, Goodwin 2008). In this paper, Band 7 was used in both WFMI and Image algebra as well as band 7 and 4 was used in the post classification. The reason for choosing this band is that in the electromagnetic spectrum, band seven reflects the infrared radiation in which vegetation is highly reflective and can be easily distinguished from water and barren and band 4 is efficient in distinguishing hydrological features (Short, 2002), and also to be consistent in detecting overall vegetation. Change is considered as one class in the post classification method.
 The WFMI method can be a good visualization method that will visually highlight change, where Image algebra and post classification will quantify the amount of change. Of course if categorized change is required, then only post classification can provide a transitional statistics of the change that took place (Jenson 1996).
The reason that the WFMI method is simply quick visualization method is because it the result of projecting the bands from different date any software’s RGB color gun; will simply shows the change in different color variation and gray color variation for areas with no change; as explained by the additive color theory (Jenson 1996; Gesslel, Hoppous, Boudreau, 2008). Depending on the order and combination of bands used as the input channels, different variation of colors will represent change and gray level variation will present no change. In this paper, using the order and combination of band 7 from both dates resulted in showing gray area that represent not change, and variation of the yellow representing brighter areas of the 1992 changed to darker area in 2005 and blue color variation showed areas with brighter area of the 2005 that were darker in 1992 (Jenson 1996). 
	On the other hand, Image algebra is a better than WFMI method when it comes to quantifying change; but without defining the categorical nature of the change (Jenson 1996; SBCD 1996). The reason for this is because it uses the basic image differencing concept to show all the pixels’ DN values that changed over time (Jenson, 1996). So, pixels with no change in DN value will have a value of “0”. DN value and pixels with even a slight change will have either a positive or negative DN value. Usually this method requires radiometric correction before using it, but the affect of threasholding can normalize and removes the radiometric errors and or speckles (Ibid). Setting the threshold limit is done different by different people as shown in many literatures (Grey, Gesslel, Hoppous, Boudreau, 2008). For example in the paper by (Dr. Grey et al. 2008), they suggest to use “+”and “-“one to two standard deviation to define change intensity. A different technique was used which is the visual technique that resulted in defining the change intensity for -13, and +13 as the limit of which any change in between then is considered not change (Jenson 1996). 
Showing change through the Post Classification method as used by many remote sensing professional and scientist and as illustrated in the four case studies in this paper is the favorite way although it is time consuming, not only because it shows the amount of change but because it categorizes this change for more detailed analysis (Gillander, Coops, Wulder, Goodwin 2008; Jenson 1996; Maluki 2007).  As also discussed, the accuracy of its results in general is dependent on the accuracy of the classification of the two maps. In this paper the accuracy of the supervised classification that was conducted was excellent because only three distinct categories were used. These three categorize (Water, Vegetation, and Barren) showed high separability in Band 4 and 7 of the training data in both dates. Also, each category showed a Normal distribution in the histogram generated from the training data which is a pre-requisite for a better classification using the Maximum likelihood algorithm (LU and WENG 2007). 
	Once the classification of both the 1992 and 2005 was done, the resulted nine categories map resulted from subtracting both dates after multiplying the 2005 Image’s DN values by 10 to avoided getting negative categorical results. 
Accuracy Check of Final Three Maps :
As the WFMI output is only a visual interpolation, only maps resulted from image algebra and post classification change detection techniques were evaluated from the quantitative perspective (Jenson 1996). The best way to compare the accuracy of these two maps, that are shown in Figure (7) and (9), from the quantitative perspective is through comparing their error matrix through elements such as the Overall Accuracy, and Kappa coefficient (Lilland, Kiefer, Chipman, 2004; Foody, 2002). The Overall accuracy shows the percentage of correctly categorized pixels over total number of sampled point collected (Lilland, Kiefer, Chipman, 2004; Jenson 1996).
Before discussing the accuracy of each of the two maps with respect to the above mentioned elements; it is important to know where the potential sources of errors could have come from; as error propagates in each phase of any remote sensing process (Congalton and Green 1993, Powell et al. 2004).  Errors may have resulted from interpretation errors, and/or mainly the accuracy of collecting the “Ground Truth Data” (LU and WENG, 2007). In fact, ground truth data that is collected using field operation would results in minimizing the source of errors which can influence the error matrix calculated (Ibid). To be able to compare the Accuracy in this project it is assumed that the Ground Truth Data that were manually collected from the images themselves are correct.
Another important factor that needs to be understood before evaluating the Confusion matrix is to know which sampling technique was used in generating the random points (Congalton 1991). Among many possible sample generating techniques, such as the Random Sampling, Clustered Sample, and Stratified Sampling, the stratified sampling was chosen to ensure fair distribution of randomly point among the classes used (Lilland, Kiefer, Chipman, 2004; Ibid). 
As calculated from Table (4), the final map that was produced using the Image algebra change detection technique resulted in an overall accuracy of 88.33% because out of 60 Randomly Stratified points, only 53 points were accurately indentified as change and no change by both producers and user. Similarly from looking at Table (5), the final map produced using the post classification resulted in an overall accuracy of 83.9, because out of 360 Randomly Stratified points only 302 were accurately identified correctly as one of the nine possible cases of change by both producer and user.
Based on both error matrix, and looking just at the overall accuracy someone might quickly judge that the image algebra method is better than post classification. This would not be accurate because one has two categories and the other has nine. The best recommended measure of un-equal categories maps is Kappa (Lilland, Kiefer, Chipman, 2004). Kappa is a coefficient that best helps in comparing between the qualities of two maps using the results from the errors matrix (Ibid). This coefficient can have values from -1.0 to 1.0 and when close to 1 means that the category type that is produced in this map is better than a map generated by random chance. (ROSENFIELD and FITZPATRICK-LINS, 1986; CONGALTON and GREEN, 1999).  From that, we can fairly say the post classification technique resulted is more accurate map in this case than the map using image algebra.
Optimal Method Determination:
As decided at the beginning of this study, accuracy was not the only factor that was to be used in determining the optimal change. Table (5) below show the other factors that were used were the method speed, ease of interpolation, value of output, in addition to the accuracy of the result. Integers of 1, 2, and 3 were given to each category which “1” is the least and “3” is the most.   
Based on applying all these methods, it was obvious that the simplest method was WFMI and the Longest was the Post classification. Also, the easiest one to interpolate was the post classification because it provides “from” “to” change information where WFMI was the toughest to interpolate. 
In the project area and in many other similar projects where mass vegetation was removed to create urban areas or roads, categorical change is needed which image classification is best in. This is why the highest value of output was given to post classification then image algebra and finally WFMI (Gillander, Coops, Wulder, Goodwin 2008).
To be more accurate, the overall determination of the optimal method each factor was given a weight based on what we think is most importance in performing a change detection study. Final results show that indeed the post classification of the optimal method from all aspects. There, we are left but to accept the null hypothesis introduced in the beginning of this study. 
Table 5: Table Showing the Results of the Criteria Used to Determine the Optimal Methods.
	
	Change Detection Method

	Comparison
	Image Algebra
	WFMI
	Post Classification 
	Weight per Comparison

	Qualitative
	 

	 Method Speed
	2
	3
	1
	10%

	East of Interpolation
	2
	1
	3
	30%

	Value of output
	2
	1
	3
	40%

	Quantitative
	

	Accuracy of the Result
	2
	1
	3
	20%

	Total 
	2
	1.2
	2.8
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	Best 
	3
	
	
	

	Average
	2
	
	
	

	Least
	1
	
	
	




7- CONCLUSION:
The main objectives of this paper were accomplished. First, was to compare and evaluate three change detection techniques for detecting and quantifying land cover change in the Fort McMurray area using LandSAT 5 TM from the year 1992 to the year 2002. The three change detection techniques that were used were: the Write Function Memory Insertion (WFMI) Method, the Image Algebra Method and the Post Classification Analysis Method. Based on the results obtained, the null hypothesis was accepted which showed that the Post Classification is the best method among the other two from both quantitative and qualitative perspective.
In reality, the only way to determine the best change detection method to use depends totally on the application or problem to be solved. The WFMI Change detection method provides the simplest and fastest un-quantitative visual tool to see change that happens in any area for a maximum of three images in one time (Jenson, 1996). Image algebra works best only when general non-categorical quantitative change is required, but if categorical change is needed, then post classification is the way to go (Ibid). 
Fort McMurray area did indeed lose much vegetation and few new water ponds were built since 1992 to 2005 to support the preparation of drilling in Oil Sand that occurred in it (Gillander, Coops, Wulder, Goodwin 2008). This loss of vegetation has definitely negatively affected the habitat of many animal and species that lives there. In the end, Post classification was the method that provided all the quantitative statistics and information about the change that happened in Fort McMurray. 
It is important to know that there are so many other change detection techniques that can also be examined in the future. The used and non-used method also can be combined to perform new or more improved techniques. 
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