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Table 4.8 Summary of Classification Accuracies based on the Input Bands 

Combination of RF in 2017 

No. Spectral Wavelength Used in Classification 
Overall 

Accuracy 

Kappa 

Statistics 

1. 
Landsat8 B2,B3,B4,B5,B6 and Sentinel 

B2,B3,B4,B8 
96.19% 0.94 

2. 
Landsat8 B2,B3,B4,B5,B6 and Sentinel 

B2,B3,B4,B8,B11 
96.25% 0.95 

3. 
Landsat8 B2,B3,B4,B5,B6,B9 and Sentinel 

B2,B3,B4,B8,B11 
96.19% 0.94 

4. Landsat8 B2,B3,B4 and Sentinel B2,B3,B4 94.44% 0.92 

5. Landsat8 B2,B3,B4,B5 and Sentinel B2,B3,B4,B8 95.33% 0.93 

6. 
Landsat8 B1,B2,B3,B4,B5,B6,B9 and Sentinel 

B1,B2,B3,B4,B8,B10,B11 
96.71% 0.951 

7. 
Landsat8 B1,B2,B3,B4,B5,B6 and Sentinel 

B1,B2,B3,B4,B8,B11 
96.73% 0.952 

 

  

 
Figure 4.3. Land Cover Map of Yangon in 2017 generated by RF using the 

Features from Pixel, Object-based, GPS metadata, and OSM 
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 Table 4.8 describes the summary classification accuracies obtained from RF 

based on the input spectral bands combination 2017. The combination of B1, B2, 

B3, B4, B5, B6 from Landsat 8 and B1, B2, B3, B4, B8, B11 from Sentinel 2 obtains 

highest overall accuracy of 96.73% followed by kappa statistic of 0.952. The 

detailed precision and recall for each land cover classes based on band combination 

are described in Table 4.9. River and lake classes are more correctly classified than 

others. Figure 4.3 shows land cover map of Yangon in 2017 obtained from the 

proposed approach. 

 

Table 4.9 Classification Accuracy obtained by RF using the Features from Pixel, 

Object-based, GPS metadata, and OSM in 2017 

Classes Producer’s Accuracy (%) User’s Accuracy (%) 

Shrub Land 59.05 60.17 

Bare Land 78.99 81.71 

Forest 97.19 97.23 

Agriculture 96.72 97.21 

Build Up 96.51 95.52 

Lake 98.86 99.16 

River 99.25 99.38 

Overall Accuracy     96.73 % 

Kappa Statistics 0.95 

 

4.3 Comparison of Classifications using Different GEE Classifiers 

 The proposed experiment aims to analyse land cover classification using 

GEE six machine learning classifiers and compares their accuracies. Land cover 

classifications of study area in 2017 are investigated by using RF, CART, Multiclass 

Perceptron, GMO Max Entropy, Minimum Distance, and Continuous Naïve Bayes 

algorithms. The summary accuracy assessments for all classifications are described 

in Table 4.10. Figure 4.4 shows classification maps of Yangon obtained using six 

classifiers in GEE.  
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Figure 4.4. Land cover maps of Yangon in 2017 generated by (A) RF, (B) CART, 

(C) Multiclass Perceptron, (D) GMO Max Entropy, (E) Minimum Distance and (F) 

Continuous Naïve Bayes algorithms 
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 RF and CART achieve overall accuracies of 96.73% and 95.09% and kappa 

statistics of 0.952 and 0.927. Multiclass perceptron classifier is trained with 65 

epochs and 66.21% overall accuracy and 0.437 kappa statistic is obtained. GMO 

max entropy and continuous naïve Bayes result overall accuracy of 80.85% and 

81.53%, and kappa statistics of 0.716 and 0.733 respectively. Minimum distance 

algorithm is implemented based on the Mahalanobic distance value from the class’s 

mean, and overall accuracy of 87.85% and kappa statistic of 0.827 is achieved. 

Based on the results from Table 4.10, the decision tree-based classifiers such as RF 

and CART outperformed than other classifiers, and multiclass perceptron produces 

the lowest accuracy of 66.21%. 

 

Table 4.10 Summary of Overall classification accuracies and kappa statistics 

achieved by GEE machine learning classifiers 

 

4.4 Post-Classification Change Detection using Time Series Data 

 In this section, change detection of Yangon for 30years is implemented using 

PCC approach in QGIS. Change detection is performed based on the previous 

classification results of time series data. Change detection results are shown in 

thematic map and the legend in map identifies changes from one class to another. 

For clear visualization of changes, land cover change map for each 5years interval 

is investigated. The overall change detection map from 1987 to 2017 is also 

generated as shown in Figure 4.11. Land cover change maps of 1987-1992, 1992-

1997, 1997-2002, 2002-2007, 2007-2012, and 2012-2017 are shown in Figure 4.5, 

4.6, 4.7, 4.8, 4.9, and 4.10 respectively. 

Classifier Overall Accuracy (%) Kappa Statistics 

Random Forest 96.73 0.952 

CART 95.09 0.927 

Multiclass Perceptron 66.21 0.437 

GMO Max Entropy 80.85 0.716 

Minimum Distance 87.85 0.827 

Continuous Naïve Bayes 81.53 0.733 



42 
 

 

Figure 4.5. Thematic map of LCCD from 1987 to 1992 in Yangon 

 

 

Figure 4.6. Thematic map of LCCD from 1992 to 1997 in Yangon 
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Figure 4.7. Thematic map of LCCD from 1997 to 2002 in Yangon 

 

 

Figure 4.8. Thematic map of LCCD from 2002 to 2007 in Yangon 
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Figure 4.9. Thematic map of LCCD from 2007 to 2012 in Yangon 

 

 

Figure 4.10. Thematic map of LCCD from 2012 to 2017 in Yangon 
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Figure 4.11. Thematic map of LCCD from 1987 to 2017 in Yangon 

 

 Area coverage of land cover in the study area is calculated in terms of square 

kilometres using classified map, and the results are described in the following Table 

4.11. The bar chart of Figure 4.12 shows comparison of land cover coverage in seven 

classes for 30 years. 

  

Table 4.11 Area Coverage of each Land Cover Classes from 1987 to 2017 in km2 

Classes Y_1987 Y_1992 Y_1997 Y_2002 Y_2007 Y_2012 Y_2017 

Agriculture 969.4 860.259 747.048 731.063 729.75 829.334 767.804 

Bare Land 30.7707 53.789 61.8264 65.3149 41.9371 7.71521 0.018353 

Build up 114.258 137.323 218.509 263.099 315.889 351.436 333.956 

Forest 166.146 175.434 187.106 176.372 201.819 116.267 168.995 

Lake 18.43495 15.5275 16.4128 17.822 10.9388 20.5083 15.2694 

River 99.0841 103.474 99.1864 97.3315 96.7807 98.4398 101.454 

Shrub Land 7.21838 59.5037 67.0314 54.3191 9.59974 8.41405 5.21174 

 



46 
 

 

Figure 4.12. Chart of area coverage of each land cover classes by km2 in seven 

years 

 

 The percentage values of each land cover area coverage is also calculated as 

shown in Table 4.12. The line chart that describes how land cover classes are 

decreased or increased year by year using percent values is showns in Figure 4.13 

for the dramatic changes. 

 

Table 4.12 Area Coverage of Land Cover in term of percentages for all classes 

from 1987 to 2017 

Types Y_1987 Y_1992 Y_1997 Y_2002 Y_2007 Y_2012 Y_2017 

Agriculture 68.98 61.21 53.47 52.02 51.88 58.96 55.13 

Bare Land 2.19 3.83 4.43 4.65 2.98 0.55 0 

Build up 8.13 9.77 15.64 18.72 22.46 23.18 23.98 

Forest 11.82 12.48 13.39 12.55 14.35 8.27 12.13 

Lake 1.31 1.10 1.17 1.27 0.78 1.46 1.10 

River 7.05 7.36 7.10 6.93 6.88 7.00 7.28 

Shrub Land 0.51 4.23 4.80 3.87 0.68 0.60 0.37 
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Figure 4.13 Land Cover Change for each class between 1987 and 2017 

 

4.5 Summary  

 This chapter describes the system implementation of the proposed approach 

using time series data of satellites with detailed procedures. The classified map and 

accuracy assessment are identified for each experiment and change detection is also 

demonstrated with the thematic map, bar chart, and line chart. 
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CHAPTER 5 

CONCLUSION AND FUTURE WORK  

5.1 Conclusion 

   Land cover mapping and change detection using RS and GIS provide 

valuable and effective information for developing country infrastructure. Accurate 

and reliable land resources can build a sustainable developed country and this 

research aims to achieve this goal. Based on the experimental results described in 

Chapter 4, the proposed approach is feasible to provide information to national 

decision makers.  

 The obtained result shows that significant changes have occurred in land 

cover, particularly in agriculture, bare land, and build up area in the past thirty years. 

The research contributes to the land cover application of cloud computing engine 

GEE and its potential for the environmental research. The overall thesis is conducted 

by combining features from the pixel, object-based approaches, and by performing 

OSM and PCC to generate a changing trend. Feature levels fusion of different 

satellite sensors can improve classification accuracy. Furthermore, the spectral index 

also serves as an important feature when considering classification. The combination 

of input band classifier has shown significant improvement in accuracy, and it also 

participates as an effective matter. 

 In conclusion, time series analysis of satellite images for change detection 

contributes to the quantification and understanding the surface changes on the earth. 

Moreover, the utilization of cloud-based engines in urban and environmental 

monitoring becomes useful roles due to their computing time, speed and cost. 

Machine learning classifiers and satellite images can help the environment and 

human society based on the effective investigation in real-world problems.  

 

5.2 Future Work 

 Detection of land cover change is an important issue in most land remote 

sensing and urban planning communities. Efficient and accurate land resources can 

be obtained based on artificial intelligent algorithms that run on high- resolution 

images. Although this study demonstrates effective change detection and the 

classified map with high accuracy, their application in real urban planning 
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environment is limited. Only seven land cover classes are classified by this approach. 

This study can be extended to land use land cover monitoring if the reliable ground 

truth data and high resolution images are obtained. High resolution images can be 

acquired using drone and satellite orbiting near the surface of the earth.  

 From a machine learning perspective, parameter tuning of machine learning 

can improve classifier performance and accuracy. Furthermore, the analysis of land 

use land cover from high-resolution images can be performed not only the use of 

machine learning classifiers but also the use of deep learning classifiers. The dataset 

of land use land cover studies for the wide area will be enormous. Thus, deep 

learning methods may perform better than machine learning for huge data. 
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