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Abstract:



In 2016, in response to forest loss, the Myanmar government banned logging operations for 1 year throughout the entire country and for 10 years in specific regions. However, it is unclear whether this measure will effectively reduce forest loss, because disturbance agents other than logging may have substantial effects on forest loss. In this study, we investigated an approach to attribute disturbance agents to forest loss, and we characterized the attribution of disturbance agents, as well as the areas affected by these agents, in tropical seasonal forests in the Bago Mountains, Myanmar. A trajectory-based analysis using a Landsat time series was performed to detect change pixels. After the aggregation process that grouped adjacent change pixels in the same year as patches, a change attribution was implemented using the spectral, geometric, and topographic information of each patch via random forest modeling. The attributed agents of change include “logging”, “plantation”, “shifting cultivation”, “urban expansion”, “water invasion”, “recovery”, “other change”, and “no change”. The overall accuracy of the attribution model at the patch and area levels was 84.7% and 96.0%, respectively. The estimated disturbance area from the attribution model accounted for 10.0% of the study area. The largest disturbance agent was found to be logging (59.8%), followed by water invasion (14.6%). This approach quantifies disturbance agents at both spatial and temporal scales in tropical seasonal forests, where limited information is available for forest management, thereby providing crucial information for assessing forest conditions in such environments.
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1. Introduction


Tropical forests make important contributions to the global carbon cycle, biodiversity, and ecosystem processes because they are carbon- and species-rich ecosystems [1,2,3]. However, deforestation and forest degradation in tropical forests have been of major concern in the past few decades [4,5,6,7,8]. Especially, tropical forests in Southeast Asia face one of the highest rates of deforestation and forest degradation among tropical regions [9,10,11]. Thus, consistent and periodic monitoring of forest conditions is crucial for sustainable forest management.



Myanmar is one of the most forested countries on the mainland of Southeast Asia. However, the forests in Myanmar are being deforested and degraded rapidly. For example, according to the country report of the Global Forest Resources Assessment 2015 [12], the forest cover of Myanmar decreased from 51.5% to 42.9% between 2000 and 2015. The annual forest loss between 2010 and 2015 reached 546,000 ha, which was the third largest forest loss in the world [13]. In 2016, in response to the forest loss, the Myanmar government banned logging activities for one year throughout the entire country and for 10 years in specific regions. However, it is unclear whether the ban will effectively reduce forest loss, as previous studies have shown that disturbance agents other than logging, such as dam construction and shifting cultivation, play an important role in deforestation in Myanmar [14,15,16,17]. Thus, the attribution of disturbance agents and the quantification of areas affected by disturbance agents must be characterized in a consistent manner to obtain accurate information. However, to our knowledge, no study has attributed the areas affected by different disturbance agents in Myanmar.



While field measurements provide highly accurate information, they are costly, labor intensive, and limited in spatial scale. Thus, the information from field measurements is limited in the spatial and temporal dimensions. Satellite images, because of their immense spatial dimension and high temporal frequency, may reliably detect forest changes over large areas and provide insights into the agents underlying these changes [18,19,20]. Landsat data are especially well suited to detecting forest changes over decades and a variety of spatial extents [21,22]. Free access to the Landsat archives provides an opportunity to develop new methodologies that use dense Landsat time series for detecting forest disturbance and/or recovery [23,24,25,26,27,28,29,30]. Dense Landsat time series have preferable characteristics to capture accurate forest change information [29,30,31,32,33]. Furthermore, analyzing the spectral trajectory of dense Landsat time series enables major and minor forest changes to be detected reliably [24,34,35,36].



While many studies have quantified pre- and post-disturbance events using dense Landsat time series [37,38,39,40], detecting disturbance agents using dense Landsat time series is a relatively new approach. Kennedy et al. [41] tested a method for forest change agent attribution using annual Landsat images in the Puget Sound region, USA. They showed that it was reasonably accurate for a variety of agents across different land cover types (84% overall accuracy). Similarly, Hermosilla et al. [42] performed a spectral trend analysis to attribute various forest change types over a vast area in Canada. They achieved an overall accuracy of 91.6% for object-level change attributions. These two studies focused on boreal or temperate forests; however, to date, there is a paucity of such studies in natural tropical forests. Because disturbance agents vary depending on watersheds [41], countries [43], or broad regions [44,45], the developed methods may not be applicable to other landscapes [43]. Here, we evaluated the applicability of a time series of annual Landsat images for attributing forest disturbances in a tropical seasonal forest.



Our main objectives were (1) to test and demonstrate the applicability of a trajectory-based approach using a time series of annual Landsat images to attribute a wide variety of disturbance agents and (2) to characterize the areas affected by these agents in tropical seasonal forests in the Bago Mountains, Myanmar. Assessing agents of change and their impacts will provide comprehensive understanding of forest change in the study area, which will benefit forest management.




2. Study Area and Data


2.1. Study Area


The study area is located in the Bago Mountains in central Myanmar (Figure 1). The area covers approximately 2.31 million ha, which accounts for 3.4% of the total land area of Myanmar. The area is dominated by mixed deciduous forests, which comprise the most economically productive forest type in Myanmar. Thus, the study area is a major timber-extraction area in Myanmar, and selective logging has been conducted to produce timber products under the Myanmar Selection System since 1856 [15]. Under the Myanmar Selection System, economically important hardwood species larger than a predefined minimum stem size are selectively harvested based on a few rules, such as a 30-year felling cycle and an annual allowable cut for the timber volume based on forest inventories.


Figure 1. Study area in Bago Mountains, Myanmar. The World Borders Dataset provided by Thematic Mapping [46] was used to define the country borders.
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In addition to the selective logging activities (i.e., legal logging activity), several other factors, such as illegal logging, plantations, shifting cultivation, dam construction, agricultural expansion, and urban development, cause forest disturbances in the study area. While there is no detailed estimate of the illegal logging intensity in this region, several studies implied that illegal logging activities caused severe forest losses [14,15]. Shifting cultivation has also been conducted by indigenous people since the 19th century [16].




2.2. Remote Sensing Data


We selected a total of 126 Level 1 Terrain corrected Landsat TM, ETM+, and OLI images located on five paths/rows of the World Reference System 2 (i.e., 132/47, 132/48, 133/46, 133/47, and 133/48) from 2000 to 2014 (Table S1). Only images acquired from November to February were used to avoid leaf-off conditions. For each year of the period, one cloud-free and Scan Line Corrector (SLC)-on image was selected to construct a Landsat time series. In instances where there were no such images, up to three SLC-off images or partially cloud-contaminated images were selected to create gap-free images using a gap-filling procedure.




2.3. Topographic Data


A digital elevation model (DEM) was used to model the terrain in the study area. We used 30-m resolution data from the Shuttle Radar Topographic Mission (SRTM) obtained from the United States Geological Survey archives [47]. The original DEM was resampled and co-registered with the Landsat imagery of the study area. Elevation, slope, and aspect were extracted from the DEM and used to perform a topographic correction. These topographic variables were also used in the construction of the change attribution model.





3. Methods


The change detection, characterization, and attribution processes are summarized in the flowchart (Figure 2). The processing workflow includes: (1) image pre-processing, which includes atmospheric correction, normalization, topographic correction, cloud masking, and gap filling; (2) forest change detection using the LandTrendr algorithm [24]; followed by (3) spatial aggregation of change pixels; and (4) change attribution to disturbance agents and recovery conditions using a random forest (RF) model [48].


Figure 2. Change attribution process.
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3.1. Pre-Processing of the Landsat Time Series


Pre-processing of the Landsat time series consisted of atmospheric correction, normalization, topographic correction, cloud masking, and gap filling. A cloud-free image was selected as a reference image for each path/row, and it was atmospherically corrected to the surface reflectance image using the Landsat Ecosystem Disturbance Adaptive Processing System, which uses a 6S radiative transfer model to correct for atmospheric effects on a given date [49]. All other Landsat images were normalized to the reference images using the iteratively reweighted multivariate alteration detection (MAD) algorithm [50]. Then, the C-correction [51] was applied to all the images to remove topographic effects in the Landsat time series. Clouds and cloud shadows were automatically masked using the fmask algorithm with the default parameters [52]. Subsequently, data gaps due to SLC-off and clouds were filled with a weighted linear regression procedure [53] and the regression method proposed by [54] using auxiliary Landsat images in the same year, respectively.




3.2. Forest Change Detection


LandTrendr, which is a temporal segmentation and fitting algorithm, was used to conduct a trajectory-based change detection. The algorithm investigates the disturbance and growth history by fitting straight line segments capturing the overall shape of the trajectory to the spectral values of each pixel. A comprehensive explanation of the LandTrendr algorithm is provided in Kennedy et al. [24]. The LandTrendr algorithm is applied to a single spectral index or variable. In this study, Tasseled Cap Wetness (TCW), which is derived from a Tasseled Cap Transformation [55], was used as the spectral index because of its sensitivity to disturbance events [18,24] and water contents [56] (see next paragraph). To implement the LandTrendr algorithm, a set of parameters and threshold values was used to divide the spectral trajectory into several segments and to label each segment as either disturbance or no-disturbance. For these parameters, we used the parameters tuned by our prior studies for tropical forests in Myanmar [57]. Threshold values of 0.05 and −0.05 were set to define forest change. Thus, only segments with TCW changes ≥0.05 or ≤−0.05 were assigned as forest change. The accuracy of forest change detection was investigated using 379 pixel-based samples that were distributed randomly over the study area. We determined the threshold value based on a study conducted in the same study area [58]. This study determined the relationship between the threshold value in LandTrendr and the producer’s and user’s accuracies of change class. The study indicated that the producer’s accuracy for the change class was close to 100% until the threshold value reached 0.05. Then, the producer’s accuracy decreased with increasing threshold values greater than 0.05. We determined the threshold with a focus on the producer’s accuracy of the change class in order to reduce the misdetection of disturbances. As a result, the detected change areas might include a certain amount of false positive. Thus, in the change attribution process, we defined a “no change” class, which includes areas with change detection errors (see Section 3.4).



In this study, we assigned both positive and negative spectral changes as forest change (i.e., 0.05 and −0.05, respectively), while previous studies detected only positive or negative spectral changes as forest disturbance. This is because the TCW trajectory caused by water invasion has the opposite temporal evolution compared with the trajectories of other agents (Figure 3). Higher TCW values are often found over forests, and lower TCW values are more likely in open stands or clearcut areas, compared with dense forests. Thus, generally, TCW decreases when there is a disturbance event that removes vegetation (Figure 3). In contrast, TCW increases when there is a disturbance caused by water invasion, as TCW is the indicator of water contents and its value is high in bodies of water [56].


Figure 3. Examples of five disturbance agents’ spectral trajectories: (a) Logging; (b) Plantation; (c) Shifting cultivation; (d) Urban expansion; and (e) Water invasion. Black Arrows indicate the disturbance events.
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3.3. Spatial Aggregation of Change Pixels


Anthropogenic forest disturbances rarely occur at the single-pixel level, but rather over larger geographic areas (patches) [41]. In this study, we grouped adjacent, detected change pixels in the same year as the patches, and we assumed that the detected, adjacent change pixels, which were categorized as a disturbance or recovery, in the same year were caused by the same disturbance event. To reduce the inclusion of erroneous detections, only disturbance patches greater than three pixels were retained. From this point onward, all disturbance events were assessed at the patch level, which maintained the change characteristics produced by LandTrendr at each pixel to calculate the patch-based metrics in the following step. Land cover conditions after changes were also considered using a similar patch-based approach.




3.4. Variable Extraction from the Patches


For each patch, we extracted trajectory-based variables to characterize disturbance agents. From the Landsat time series, we extracted variables, such as the duration of change events, the magnitude of change events, and pre- and post-events conditions. Duration was defined as the time over which the change occurred. Magnitude was calculated as the difference of the average spectral values of the patch before and after the change event. Pre- and post-event conditions were calculated as the average and standard deviation of the spectral values of the patch before and after the disturbance, respectively. The magnitude of the change events and the pre- and post-events conditions were computed from the Tasseled Cap Brightness (TCB), Tasseled Cap Greenness (TCG), and TCW derived from the Tasseled Cap Transformation [55] and Tasseled Cap Angle (TCA), which is based on the angle formed by the TCB and TCG [59]. Topographic conditions were characterized using the average elevation and average slope. The shape of each patch was also considered by calculating the area, perimeter, and compactness [60]. In total, we extracted 29 variables from each patch (Table 1).



Table 1. Change metrics for random forest (RF) predictor variables.







	
Class

	
Variables

	
Index

	
Abbreviation






	
Topography

	
Elevation

	

	
Elevation




	
Slope

	
Slope




	
Change event

	
Duration

	

	
Dur




	
Magnitude

	
TCA, TCB, TCG, TCW

	
Mag_TCA, Mag_TCB, Mag_TCG, Mag_TCW




	
Pre-event

	
Duration

	

	
Pre_dur




	
Average

	
TCA, TCB, TCG, TCW

	
Pre_mean_TCA, Pre_mean_TCB, Pre_mean_TCG, Pre_mean_TCW




	
Standard deviation

	
TCA, TCB, TCG, TCW

	
Pre_std_TCA, Pre_std_TCB, Pre_std_TCG, Pre_std_TCW




	
Post-event

	
Duration

	

	
Post_dur




	
Average

	
TCA, TCB, TCG, TCW

	
Post_mean_TCA, Post_mean_TCB, Post_mean_TCG, Post_mean_TCW




	
Standard deviation

	
TCA, TCB, TCG, TCW

	
Post_std_TCA, Post_std_TCB, Post_std_TCG, Post_std_TCW




	
Shape

	
Area

	

	
Area




	
Perimeter

	
Perimeter




	
Compactness

	
Compactness











3.5. Change Attribution


A change attribution was implemented by constructing a RF model with reference samples and applying the RF model to all the detected change patches. We randomly selected 1411 sample patches, and we manually interpreted the disturbance agents and recovery condition using high-spatial-resolution images from Google Earth™. The disturbance agents were defined as “logging”, “plantation”, “shifting cultivation”, “urban expansion”, and “water invasion”, as shown in Table 2.



Table 2. Definition of disturbance agents in this study.







	
Agent Class

	
Description






	
Logging

	
Both short- and long-term stand replacing forest disturbances caused by human intervention such as logging, without transformation to other land use types.




	
Plantation

	
Short-term stand replacing forest disturbances followed by plantation development.




	
Shifting cultivation

	
Short-term disturbances caused by shifting cultivation.




	
Urban expansion

	
Both short- and long-term stand replacing forest disturbances caused by city and agricultural land expansion, and road construction.




	
Water invasion

	
Water body invasion to forest caused by dam construction.




	
Recovery

	
Vegetation recovery occurred after disturbances.




	
Other change

	
Changes in agricultural land, shrub and water body.




	
No change

	
No forest disturbances nor other changes.










Regarding logging, we included areas affected by logging activity that did not show any transformation into other land use types. Because it was difficult to distinguish disturbances caused by selective logging activities (legal logging) from other logging activities, such as illegal logging, only using Google Earth, we did not separately attribute disturbances caused by selective logging from other logging disturbances. The attribution also considered “recovery”, “other change”, and “no change” patches. Recovery is attributed to areas showing vegetation recovery after a disturbance event. Because this study captured both positive and negative spectral change values as forest change, the changes in this study include not only forest disturbance, but also forest recovery. The other change areas include changes occurring outside forested areas (e.g., agricultural land). Because LandTrendr captures not only forest cover change, but also temporary variations such as forest health, we assigned such negative temporary variations as no change, along with areas that were not affected by any of the disturbance events considered in this study. The no change class also included areas with change detection errors.



We used 25% of the reference samples as test data, while 75% of the samples were used to construct RF models for agent attribution and recovery condition. The constructed RF models were evaluated using the separately kept test data, and confusion matrices and Kappa coefficients were produced to evaluate the accuracy at the patch and area levels. Then, the RF models were applied to all the disturbance patch maps in each year. Subsequently, the temporal trends of the disturbance area were investigated using a Mann–Kendall trend test [61,62]. The attribution accuracy was measured using two confusion matrices for the patch and area levels.



To run the RF model, we used the “random forest” package [63] in version 3.24 of R statistical package [64]. The R package “caret” [65] was also used for tuning the RF models with a 10-fold cross-validation.





4. Results


4.1. Accuracy Assessments for Pixel-Based Change Detection


The pixel-based accuracy assessment for change detection showed that the overall accuracy was 71.8%. The producer’s and user’s accuracies for change were 91.9% and 35.8%, respectively (Table 3), while the producer’s and user’s accuracies for no change were 67.8% and 97.8%, respectively.



Table 3. Confusion matrix of the assessment of the pixel-based change detection.







	

	
Reference




	
Change

	
No Change

	
Sum

	
User’s Accuracy (%)






	
Change Detection

	
Change

	
57

	
102

	
159

	
35.8




	
No Change

	
5

	
215

	
220

	
97.7




	
Sum

	
62

	
317

	
379

	




	
Producer’s Accuracy (%)

	
91.9

	
67.8

	

	











4.2. Accuracy Assessments for Patch-Based Change Attribution


The RF model for disturbance attribution achieved an overall accuracy of 84.7% and a Kappa coefficient of 0.81 at the patch level (Table 4). Water invasion showed the lowest producer’s accuracy (73.3%) and the highest accuracy was achieved by urban expansion (93.3%). Shifting cultivation and urban expansion achieved the highest user’s accuracy (100%), while no change showed the lowest user’s accuracy (77.0%). The overall accuracy and Kappa coefficient at the area level were 96.0% and 0.95, respectively (Table 5). In general, compared with the patch-level accuracy, both the user’s and producer’s accuracies for logging, water invasion, and no change were higher at the area level. The producer’s accuracy for plantation was higher at the area level, while its user’s accuracy was lower. Figure S1 represents random forest variable importance in terms of the mean Gini decrease, which is the sum of the decrease in Gini impurity when a given variable is used, then averaged over the number of the trees in the forest [66,67]. The TCW magnitude (Mag_TCW) was the most important variable (83.8), followed by the TCA magnitude (Mag_TCA) (66.2) and the pre-disturbance mean TCA (Pre_mean_TCA) (60.7).



Table 4. Confusion matrix of change attribution at the patch level. Overall accuracy = 84.7%; the Kappa coefficient = 0.81.







	

	
Reference




	
Logging

	
Plantation

	
Shifting Cultivation

	
Urban Expansion

	
Water Invasion

	
Recovery

	
Other Change

	
No Change

	
Sum

	
User’s Accuracy (%)






	
Attribution

	
Logging

	
38

	
1

	
1

	

	

	

	
2

	
2

	
44

	
86.4




	
Plantation

	
1

	
13

	

	

	

	

	

	

	
14

	
92.9




	
Shifting Cultivation

	

	

	
14

	

	

	

	

	

	
14

	
100




	
Urban Expansion

	

	

	

	
14

	

	

	

	

	
14

	
100




	
Water Invasion

	

	

	

	

	
11

	

	
1

	

	
12

	
91.7




	
Recovery

	

	

	

	

	
1

	
52

	
5

	
5

	
63

	
82.5




	
Other Change

	
2

	
1

	

	
1

	
1

	
5

	
86

	
3

	
100

	
86




	
No Change

	
5

	

	
1

	

	
2

	
5

	
8

	
71

	
92

	
77.2




	
Sum

	
46

	
15

	
16

	
15

	
15

	
62

	
103

	
81

	
353

	




	
Producer’s Accuracy (%)

	
82.6

	
86.7

	
87.5

	
93.3

	
73.3

	
83.9

	
83.5

	
87.7

	

	










Table 5. Confusion matrix of change attribution at the area level. Overall accuracy = 96.0%; the Kappa coefficient = 0.95.







	

	
Reference




	
Logging

	
Plantation

	
Shifting Cultivation

	
Urban Expansion

	
Water Invasion

	
Recovery

	
Other Change

	
No Change

	
Sum

	
User’s Accuracy






	
Attribution

	
Logging

	
986.6

	
3.6

	
3.3

	

	

	

	
0.7

	
7.1

	
1001.3

	
98.5




	
Plantation

	
129.0

	
413.5

	

	

	

	

	

	

	
542.4

	
76.2




	
Shifting Cultivation

	

	

	
53.5

	

	

	

	

	

	
53.5

	
100




	
Urban Expansion

	

	

	

	
216.3

	

	

	

	

	
216.3

	
100




	
Water Invasion

	

	

	

	

	
4984.0

	

	
0.8

	

	
4984.8

	
100




	
Recovery

	

	

	

	

	
13.1

	
1429.3

	
34.2

	
15.1

	
1491.7

	
95.8




	
Other Change

	
1.4

	
0.8

	

	
1.0

	
15.0

	
26.5

	
1400.3

	
158.4

	
1603.4

	
87.3




	
No Change

	
7.1

	

	
6.3

	

	
38.7

	
33.2

	
8.7

	
2552.2

	
2646.3

	
96.4




	
Sum

	
1124.0

	
417.9

	
63.1

	
217.3

	
5050.8

	
1489.0

	
1444.8

	
2732.9

	
12539.6

	




	
Producer’s Accuracy

	
87.8

	
98.9

	
84.7

	
99.5

	
98.7

	
96

	
96.9

	
93.4

	

	











4.3. Forest Changes in the Bago Mountains


The disturbance area in the Bago Mountains from 2001 to 2013 was estimated by applying the RF model to attribute disturbance agents to all the patches in each year (Figure 4). The Mann–Kendall trend test showed that there was no significant increasing trend for the disturbance area (p > 0.05, Figure 4). In general, 10.0% of the study area experienced a forest disturbance in the past 15 years. Logging accounted for 59.8% of the total disturbance area, while plantation development, shifting cultivation, and urban expansion accounted for 8.4%, 10.4%, and 6.8%, respectively, of the disturbance area. Water invasion accounted for only 14.6% of the disturbance area. The plantation development and urban expansion areas increased significantly in recent years (p < 0.05), while shifting cultivation decreased significantly (p < 0.05, Figure 5). No significant trends were found for logging and water invasion. The spatial distributions of the disturbance agents were mapped by aggregating 26 townships in the study area (Figure 6). Logging accounted for the largest proportions of disturbance in 23 townships. Plantation accounted for significant proportions of disturbance in the Bago (Pegu) and Hlegu townships, which are in the southern part of the study area, while urban expansion was highly distributed in Pyinmana, which is the northeastern part of the study area. Shifting cultivation and water invasion were found mainly in the eastern (the Yedashe, Thoungoo, and Pyu townships) and southeastern parts (the Pyu, Kyauktaga, and Bago (Pegu) townships), respectively, of the study area.


Figure 4. Disturbance area estimated for the entire study area.
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Figure 5. Disturbance area of each agent estimated for the entire study area.
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Figure 6. Disturbance map of each agent estimated for the entire study area.
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Forest recovery was observed in 9.1% of the study area, and it did not show any significant trend (Figure 7). In 2001, the compositions of former disturbances were not quantified, because the disturbance events occurred before 2001, which was outside our study period. The largest recoveries were recorded in logging areas (46.6%), followed by shifting cultivation (11.2%), plantation (4.2%), urbanization (0.6%), and water invasion (0.1%). These disturbance agents accounted for 62.7% of the total recovery.


Figure 7. Recovery area estimated for the entire study area by year and compositions of former disturbances.
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5. Discussion


The RF models used for the attribution of disturbance agents produced substantial overall accuracies (84.7% at the patch level and 96.0% at the area level). The overall accuracy of the disturbance attribution is comparable to the results obtained in other environments by previous studies (84.0% for Kennedy et al. [41] and 91.4% for Hermosilla et al. [42]). Our study confirmed that the RF models achieved accurate attributions of the changes in tropical forests. The importance of the predictor variables showed that the trajectory-based variables, magnitude, pre-mean, and post-mean were the four most important variables. They were also selected from the spectral TCW, TCA, and TCG indices as the four most important variables. This indicates that the inclusion of disturbance information from various spectral indices is important for the attribution of disturbance agents. The results from this study indicate that the trajectory-based approach is suitable for providing accurate change attributions. It should be noted that, however, we used only TCW for forest change detection. Because using various spectral indices is important for the change attribution, the inclusion of various spectral indices may also increase the accuracy of forest change detection. Further study is required to develop ways to detect forest change using results of LandTrendr analyses on several indices simultaneously.



When the RF model was applied for the attribution of disturbance agents for the entire study area, 10% of the study area was shown to be affected by disturbance events during the past 15 years. At the national level, areas of deforestation and forest degradation are increasing in Myanmar [12]. While the study area accounted for only 3.4% of the total land area of Myanmar, we did not observe any significant increasing trend of deforestation and forest degradation, in contrast to the country-level trend. One possible reason for the lack of a trend could be that the study area has been a major timber-extraction area since 1856. Thus, the forests in this study area have been under high pressure, and, thus, the disturbance intensity in the study area has remained high during the past 15 years.



Most of the disturbances occurred because of a single disturbance agent (i.e., logging, which accounted for approximately 59.8% of the disturbed areas). In this study, because of the lack of spatially explicit reference samples for mapping detailed agents, the logging class includes both illegal and legal logging activities. Thus, we interpreted the proportion of the area affected by logging with some caution. Because previous studies showed that severe forest disturbances were not caused by illegal logging, but rather by legal logging activities [14,15], the results from our study may reveal the crucial state of illegal logging activity in Myanmar. However, this result may indicate that the influence of legal logging on the forest is more severe than previous studies expected. Further studies that distinctly quantify both illegal and legal logging disturbance areas are required for a more comprehensive assessment.



Disturbance agents other than logging (i.e., plantation, shifting cultivation, urban expansion, and water invasion) were concentrated in particular areas. For instance, disturbances caused by urban expansion were found predominantly in the northeastern parts of the study area (Figure 6). These disturbance areas are located close to the new capital city of Myanmar, which was recently constructed in 2005. Disturbances caused by shifting cultivation were observed mainly in the eastern part of the study area. These results are also consistent with expectations, because shifting cultivation has been only permitted in specific regions [68]. The areas affected by plantation development increased recently (Figure 5), and they were observed mainly in the southern part of the study area. Plantations in this region include both teak and rubber plantations, and especially rubber plantations have been expanding recently in Southeast Asia [69,70]. Thus, our study reflects the recent development of plantations in this region.



The disturbances caused by water invasion represented the second largest forest disturbance in the study area (14.6%). Such disturbances were observed in several townships in the eastern part of the study area. In this region, several dams were constructed during the past 15 years. Our results reflect the frequent and large coverage of the disturbances caused by the construction of these dams. No significant trend was found for the areas affected by water invasion, but large forest disturbances were caused by water invasion in 2001, 2011, and 2013 (Figure 5). In these years, the total disturbance areas also showed a large increase (Figure 4), and the disturbances caused by water invasion made a substantial contribution to the total disturbance area. Thus, we conclude that the construction of dams has had a major impact on the forests in Myanmar. In 2013, Wang et al. [71] estimated that 48 hydropower projects were planned, under construction, or already operational in Myanmar. These dams may have large impacts on carbon emissions and biodiversity in Myanmar forests [71], as confirmed by our study. While previous studies suggested that logging has a substantial impact on forest disturbances in Myanmar [14,15], little attention has been paid to dam construction; thus, further attention should be paid to the impacts of dams.



We also found a large amount of forest recovery in the study area (9.1%), as disturbances caused by logging, plantation, and shifting cultivation were followed by forest recovery in the region (Figure 7). This result implies that most of the disturbances caused by logging were followed by recovery in this region. This result, however, does not consider the recovery of forest structure, such as canopy height, aboveground biomass, and species composition, after the disturbance events, as it only considers the spectral recovery of TCW. While TCW is highly correlated with forest structure, the recovery of TCW does not necessarily indicate the recovery of the forest structure to its previous condition. Thus, recovery assessments in this study should be interpreted cautiously.



The methodological framework described here showed reliable results for quantifying disturbance areas and disturbance agents, and it enabled us to provide both spatial and temporal characterizations of forest disturbances. The spectral information derived from the time series of annual Landsat images was used to extract a variety of change metrics, which effectively distinguish between the different states of forest change caused by different disturbance agents. By mapping forest disturbances in time and space, we can estimate forest conditions and forest changes from the local to national levels. Together with disturbance agents, forest change maps provide a greater understanding of past and future forest conditions, such as deforestation, forest degradation, and carbon emissions, because different disturbance agents cause different forest structures after disturbance events.



Future studies will include assessments of more detailed agents of forest disturbances, such as those caused exclusively by illegal logging. In 2016, the Myanmar government banned all logging activities, even those that were previously legal. Thus, by applying the methodology described in this study using the Landsat time series and including data from 2016, we can quantify the effect of illegal logging. Other remote-sensing products, such as imagery from unmanned aerial vehicles or light detection and ranging, may aid the collection of detailed information regarding disturbance agents. Combining Landsat time series with these remote-sensing products can provide more useful information for understanding forest conditions.




6. Conclusions


The pre- and post-disturbance information derived from forest change detection using a time series of annual Landsat images provides a comprehensive understanding of forest changes. Here, we presented the methodology for mapping disturbance areas, disturbance agents, and the following recovery conditions in tropical seasonal forests in Myanmar. The results of disturbance agent attribution using the RF model showed that patch-level and area-level models achieved overall accuracies of 84.7% and 96%, respectively. The estimated disturbance area from the disturbance attribution model accounted for 10% of the total study area. Disturbances caused by logging accounted for the largest area, followed by those caused by water invasion and shifting cultivation. The methodological framework described here can be used to map widely distributed disturbance agents at both the spatial and temporal scales, thus providing critical information for assessing forest conditions in tropical seasonal forests.








Supplementary Materials


The following are available online at www.mdpi.com/1999-4907/8/6/218/s1, Figure S1: The importance of variables for the random forest disturbance agent model, Table S1: Landsat images used in each World Reference System 2 path/row.





Acknowledgments


This study was supported by the Grant for Environmental Research Projects from The Sumitomo Foundation.




Author Contributions


All authors contributed extensively to the work. Katsuto Shimizu and Tetsuji Ota performed the processing and wrote the manuscript. Oumer S. Ahmed and Raul Ponce-Hernandez gave comments and suggestions to the manuscript, especially with regards to the trajectory based disturbance characterization approach. Zar Chi Win provided significant knowledge about forests in Myanmar. Nobuya Mizoue and Shigejiro Yoshida supervised the research work, reviewed the manuscript, and provided comments and suggestions to improve the manuscript.




Conflicts of Interest


The authors declare no conflict of interest.




References


	1. 
Brienen, R.J.W.; Phillips, O.L.; Feldpausch, T.R.; Gloor, E.; Baker, T.R.; Lloyd, J.; Lopez-Gonzalez, G.; Monteagudo-Mendoza, A.; Malhi, Y.; Lewis, S.L.; et al. Long-term decline of the Amazon carbon sink. Nature 2015, 519, 344–348. [Google Scholar] [CrossRef] [PubMed]

	2. 
Gibson, L.; Lee, T.M.; Koh, L.P.; Brook, B.W.; Gardner, T.A.; Barlow, J.; Peres, C.A.; Bradshaw, C.J.A.; Laurance, W.F.; Lovejoy, T.E.; et al. Primary forests are irreplaceable for sustaining tropical biodiversity. Nature 2011, 478, 378–381. [Google Scholar] [CrossRef] [PubMed]

	3. 
Laurance, W.F.; Useche, D.C.; Rendeiro, J.; Kalka, M.; Bradshaw, C.J.A.; Sloan, S.P.; Laurance, S.G.; Campbell, M.; Abernethy, K.; Alvarez, P.; et al. Averting biodiversity collapse in tropical forest protected areas. Nature 2012, 489, 290–294. [Google Scholar] [CrossRef] [PubMed]

	4. 
Harris, N.L.; Brown, S.; Hagen, S.C.; Saatchi, S.S.; Petrova, S.; Salas, W.; Hansen, M.C.; Potapov, P.V.; Lotsch, A. Baseline map of carbon emissions from deforestation in tropical regions. Science 2012, 336, 1573–1576. [Google Scholar] [CrossRef] [PubMed]

	5. 
Pan, Y.; Birdsey, R.A.; Fang, J.; Houghton, R.; Kauppi, P.E.; Kurz, W.A.; Phillips, O.L.; Shvidenko, A.; Lewis, S.L.; Canadell, J.G.; et al. A large and persistent carbon sink in the world’s forests. Science 2011, 333, 988–993. [Google Scholar] [CrossRef] [PubMed]

	6. 
Sloan, S.; Sayer, J.A. Forest Resources Assessment of 2015 shows positive global trends but forest loss and degradation persist in poor tropical countries. For. Ecol. Manag. 2015, 352, 134–145. [Google Scholar] [CrossRef]

	7. 
Hansen, M.C.; Potapov, P.V.; Moore, R.; Hancher, M.; Turubanova, S.A.; Tyukavina, A.; Thau, D.; Stehman, S.V.; Goetz, S.J.; Loveland, T.R.; et al. High-resolution global maps of 21st-century forest cover change. Science 2013, 342, 850–853. [Google Scholar] [CrossRef] [PubMed]

	8. 
Keenan, R.J.; Reams, G.A.; Achard, F.; de Freitas, J.V.; Grainger, A.; Lindquist, E. Dynamics of global forest area: Results from the FAO Global Forest Resources Assessment 2015. For. Ecol. Manag. 2015, 352, 9–20. [Google Scholar] [CrossRef]

	9. 
Sodhi, N.S.; Lee, T.M.; Koh, L.P.; Brook, B.W. A Meta-Analysis of the Impact of Anthropogenic Forest Disturbance on Southeast Asia’s Biotas. Biotropica 2009, 41, 103–109. [Google Scholar] [CrossRef]

	10. 
Sodhi, N.S.; Koh, L.P.; Clements, R.; Wanger, T.C.; Hill, J.K.; Hamer, K.C.; Clough, Y.; Tscharntke, T.; Posa, M.R.C.; Lee, T.M. Conserving Southeast Asian forest biodiversity in human-modified landscapes. Biol. Conserv. 2010, 143, 2375–2384. [Google Scholar] [CrossRef]

	11. 
Laurance, W.F. Forest destruction in tropical Asia. Curr. Sci. 2007, 93, 1544–1550. [Google Scholar]

	12. 
FAO. Global Forest Resource Assessment 2015 Country Report: Myanmar; FAO: Rome, Italy, 2015. [Google Scholar]

	13. 
FAO. Global Forest Resources Assessment 2015: How Are the World’s Forests Changing? FAO: Rome, Italy, 2015. [Google Scholar]

	14. 
Win, R.N.; Reiji, S.; Shinya, T. Forest Cover Changes Under Selective Logging in the Kabaung Reserved Forest, Bago Mountains, Myanmar. Mt. Res. Dev. 2009, 29, 328–338. [Google Scholar] [CrossRef]

	15. 
Mon, M.S.; Mizoue, N.; Htun, N.Z.; Kajisa, T.; Yoshida, S. Factors affecting deforestation and forest degradation in selectively logged production forest: A case study in Myanmar. For. Ecol. Manag. 2012, 267, 190–198. [Google Scholar] [CrossRef]

	16. 
Win, R.N.; Suzuki, R.; Takeda, S. Remote sensing analysis of forest damage by selection logging in the Kabaung Reserved Forest, Bago Mountains, Myanmar. J. For. Res. 2011, 17, 121–128. [Google Scholar] [CrossRef]

	17. 
Leimgruber, P.; Kelly, D.S.; Steininger, M.K.; Brunner, J.; Müller, T.; Songer, M. Forest cover change patterns in Myanmar (Burma) 1990–2000. Environ. Conserv. 2005, 32, 356–364. [Google Scholar] [CrossRef]

	18. 
Grogan, K.; Pflugmacher, D.; Hostert, P.; Kennedy, R.; Fensholt, R. Cross-border forest disturbance and the role of natural rubber in mainland Southeast Asia using annual Landsat time series. Remote Sens. Environ. 2015, 169, 438–453. [Google Scholar] [CrossRef]

	19. 
Mascorro, V.S.; Coops, N.C.; Kurz, W.A.; Olguín, M. Attributing changes in land cover using independent disturbance datasets: A case study of the Yucatan Peninsula, Mexico. Reg. Environ. Chang. 2014, 16, 213–228. [Google Scholar] [CrossRef]

	20. 
Chen, G.; Powers, R.P.; de Carvalho, L.M.T.; Mora, B. Spatiotemporal patterns of tropical deforestation and forest degradation in response to the operation of the Tucuruí hydroelectric dam in the Amazon basin. Appl. Geogr. 2015, 63, 1–8. [Google Scholar] [CrossRef]

	21. 
Cohen, W.B.; Goward, S.N. Landsat’s role in ecological applications of remote sensing. Bioscience 2004, 54, 535–545. [Google Scholar] [CrossRef]

	22. 
Wulder, M.A.; White, J.C.; Goward, S.N.; Masek, J.G.; Irons, J.R.; Herold, M.; Cohen, W.B.; Loveland, T.R.; Woodcock, C.E. Landsat continuity: Issues and opportunities for land cover monitoring. Remote Sens. Environ. 2008, 112, 955–969. [Google Scholar] [CrossRef]

	23. 
Banskota, A.; Kayastha, N.; Falkowski, M.J.; Wulder, M.A.; Froese, R.E.; White, J.C. Forest Monitoring Using Landsat Time Series Data: A Review. Can. J. Remote Sens. 2014, 40, 362–384. [Google Scholar] [CrossRef]

	24. 
Kennedy, R.E.; Yang, Z.; Cohen, W.B. Detecting trends in forest disturbance and recovery using yearly Landsat time series: 1. LandTrendr—Temporal segmentation algorithms. Remote Sens. Environ. 2010, 114, 2897–2910. [Google Scholar] [CrossRef]

	25. 
White, J.C.; Wulder, M.A.; Gómez, C.; Stenhouse, G. A history of habitat dynamics: Characterizing 35 years of stand replacing disturbance. Can. J. Remote Sens. 2011, 37, 234–251. [Google Scholar] [CrossRef]

	26. 
Ahmed, O.S.; Franklin, S.E.; Wulder, M.A. Interpretation of forest disturbance using a time series of Landsat imagery and canopy structure from airborne lidar. Can. J. Remote Sens. 2014, 39, 521–542. [Google Scholar] [CrossRef]

	27. 
Masek, J.G.; Goward, S.N.; Kennedy, R.E.; Cohen, W.B.; Moisen, G.G.; Schleeweis, K.; Huang, C. United States Forest Disturbance Trends Observed Using Landsat Time Series. Ecosystems 2013, 16, 1087–1104. [Google Scholar] [CrossRef]

	28. 
Pickell, P.D.; Hermosilla, T.; Frazier, R.J.; Coops, N.C.; Wulder, M.A. Forest recovery trends derived from Landsat time series for North American boreal forests. Int. J. Remote Sens. 2015, 37, 138–149. [Google Scholar] [CrossRef]

	29. 
Zhu, Z.; Woodcock, C.E. Continuous change detection and classification of land cover using all available Landsat data. Remote Sens. Environ. 2014, 144, 152–171. [Google Scholar] [CrossRef]

	30. 
Zhu, Z.; Fu, Y.; Woodcock, C.E.; Olofsson, P.; Vogelmann, J.E.; Holden, C.; Wang, M.; Dai, S.; Yu, Y. Including land cover change in analysis of greenness trends using all available Landsat 5, 7, and 8 images: A case study from Guangzhou, China (2000–2014). Remote Sens. Environ. 2016, 185, 243–257. [Google Scholar] [CrossRef]

	31. 
Kennedy, R.E.; Townsend, P.A.; Gross, J.E.; Cohen, W.B.; Bolstad, P.; Wang, Y.Q.; Adams, P. Remote sensing change detection tools for natural resource managers: Understanding concepts and tradeoffs in the design of landscape monitoring projects. Remote Sens. Environ. 2009, 113, 1382–1396. [Google Scholar] [CrossRef]

	32. 
Senf, C.; Pflugmacher, D.; Wulder, M.A.; Hostert, P. Characterizing spectral–temporal patterns of defoliator and bark beetle disturbances using Landsat time series. Remote Sens. Environ. 2015, 170, 166–177. [Google Scholar] [CrossRef]

	33. 
Huang, C.; Goward, S.N.; Masek, J.G.; Thomas, N.; Zhu, Z.; Vogelmann, J.E. An automated approach for reconstructing recent forest disturbance history using dense Landsat time series stacks. Remote Sens. Environ. 2010, 114, 183–198. [Google Scholar] [CrossRef]

	34. 
Kennedy, R.E.; Cohen, W.B.; Schroeder, T.A. Trajectory-based change detection for automated characterization of forest disturbance dynamics. Remote Sens. Environ. 2007, 110, 370–386. [Google Scholar] [CrossRef]

	35. 
Main-Knorn, M.; Cohen, W.B.; Kennedy, R.E.; Grodzki, W.; Pflugmacher, D.; Griffiths, P.; Hostert, P. Monitoring coniferous forest biomass change using a Landsat trajectory-based approach. Remote Sens. Environ. 2013, 139, 277–290. [Google Scholar] [CrossRef]

	36. 
Meigs, G.W.; Kennedy, R.E.; Cohen, W.B. A Landsat time series approach to characterize bark beetle and defoliator impacts on tree mortality and surface fuels in conifer forests. Remote Sens. Environ. 2011, 115, 3707–3718. [Google Scholar] [CrossRef]

	37. 
Goodwin, N.R.; Collett, L.J. Development of an automated method for mapping fire history captured in Landsat TM and ETM+ time series across Queensland, Australia. Remote Sens. Environ. 2014, 148, 206–221. [Google Scholar] [CrossRef]

	38. 
Bolton, D.K.; Coops, N.C.; Wulder, M.A. Characterizing residual structure and forest recovery following high-severity fire in the western boreal of Canada using Landsat time-series and airborne lidar data. Remote Sens. Environ. 2015, 163, 48–60. [Google Scholar] [CrossRef]

	39. 
Frazier, R.J.; Coops, N.C.; Wulder, M.A. Boreal Shield forest disturbance and recovery trends using Landsat time series. Remote Sens. Environ. 2015, 170, 317–327. [Google Scholar] [CrossRef]

	40. 
Kennedy, R.E.; Yang, Z.; Cohen, W.B.; Pfaff, E.; Braaten, J.; Nelson, P. Spatial and temporal patterns of forest disturbance and regrowth within the area of the Northwest Forest Plan. Remote Sens. Environ. 2012, 122, 117–133. [Google Scholar] [CrossRef]

	41. 
Kennedy, R.E.; Yang, Z.; Braaten, J.; Copass, C.; Antonova, N.; Jordan, C.; Nelson, P. Attribution of disturbance change agent from Landsat time-series in support of habitat monitoring in the Puget Sound region, USA. Remote Sens. Environ. 2015, 166, 271–285. [Google Scholar] [CrossRef]

	42. 
Hermosilla, T.; Wulder, M.A.; White, J.C.; Coops, N.C.; Hobart, G.W. Regional detection, characterization, and attribution of annual forest change from 1984 to 2012 using Landsat-derived time-series metrics. Remote Sens. Environ. 2015, 170, 121–132. [Google Scholar] [CrossRef]

	43. 
Hosonuma, N.; Herold, M.; De Sy, V.; De Fries, R.S.; Brockhaus, M.; Verchot, L.; Angelsen, A.; Romijn, E. An assessment of deforestation and forest degradation drivers in developing countries. Environ. Res. Lett. 2012, 7, 44009. [Google Scholar] [CrossRef]

	44. 
Geist, H.J.; Lambin, E.F. Proximate causes and underlying driving forces of tropical deforestation. Bioscience 2002, 52, 143–150. [Google Scholar] [CrossRef]

	45. 
Rudel, T.K.; Defries, R.; Asner, G.P.; Laurance, W.F. Changing drivers of deforestation and new opportunities for conservation. Conserv. Biol. 2009, 23, 1396–1405. [Google Scholar] [CrossRef] [PubMed]

	46. 
Bjørn, S. World Borders Dataset. Available online: http://thematicmapping.org/ (accessed on 26 May 2017).

	47. 
EarthExplorer. Available online: https://earthexplorer.usgs.gov/ (accessed on 8 August 2016).

	48. 
Breiman, L. Random Forests. Mach. Learn. 2001, 45, 5–32. [Google Scholar] [CrossRef]

	49. 
Masek, J.G.; Vermote, E.F.; Saleous, N.E.; Wolfe, R.; Hall, F.G.; Huemmrich, K.F.; Gao, F.; Kutler, J.; Lim, T.-K. A Landsat Surface Reflectance Dataset for North America, 1990–2000. IEEE Geosci. Remote Sens. Lett. 2006, 3, 68–72. [Google Scholar] [CrossRef]

	50. 
Canty, M.J.; Nielsen, A.A. Automatic radiometric normalization of multitemporal satellite imagery with the iteratively re-weighted MAD transformation. Remote Sens. Environ. 2008, 112, 1025–1036. [Google Scholar] [CrossRef]

	51. 
Teillet, P.M.; Guindon, B.; Goodenough, D.G. On the Slope-Aspect Correction of Multispectral Scanner Data. Can. J. Remote Sens. 1982, 8, 84–106. [Google Scholar] [CrossRef]

	52. 
Zhu, Z.; Woodcock, C.E. Object-based cloud and cloud shadow detection in Landsat imagery. Remote Sens. Environ. 2012, 118, 83–94. [Google Scholar] [CrossRef]

	53. 
Zeng, C.; Shen, H.; Zhang, L. Recovering missing pixels for Landsat ETM+ SLC-off imagery using multi-temporal regression analysis and a regularization method. Remote Sens. Environ. 2013, 131, 182–194. [Google Scholar] [CrossRef]

	54. 
Helmer, E.H.; Ruzycki, T.S.; Wunderle, J.M., Jr.; Vogesser, S.; Ruefenacht, B.; Kwit, C.; Brandeis, T.J.; Ewert, D.N. Mapping tropical dry forest height, foliage height profiles and disturbance type and age with a time series of cloud-cleared Landsat and ALI image mosaics to characterize avian habitat. Remote Sens. Environ. 2010, 114, 2457–2473. [Google Scholar] [CrossRef]

	55. 
Crist, E.P. A TM Tasseled Cap equivalent transformation for reflectance factor data. Remote Sens. Environ. 1985, 17, 301–306. [Google Scholar] [CrossRef]

	56. 
Seto, K.C.; Woodcock, C.E.; Song, C.; Huang, X.; Lu, J.; Kaufmann, R.K. Monitoring land-use change in the Pearl River Delta using Landsat TM. Int. J. Remote Sens. 2002, 23, 1985–2004. [Google Scholar] [CrossRef]

	57. 
Shimizu, K.; Ponce-Hernandez, R.; Ahmed, O.S.; Ota, T.; Win, Z.C.; Mizoue, N.; Yoshida, S. The effects of topographic correction and gap filling in imagery on the detection of tropical forest disturbances using a Landsat time series in Myanmar. Int. J. Remote Sens. 2016, 37, 3655–3674. [Google Scholar] [CrossRef]

	58. 
Shimizu, K.; Ponce-Hernandez, R.; Ahmed, O.S.; Ota, T.; Win, Z.C.; Mizoue, N.; Yoshida, S. Using landsat time series imagery to detect forest disturbance in selectively logged tropical forests in Myanmar. Can. J. For. Res. 2017, 47, 289–296. [Google Scholar] [CrossRef]

	59. 
Powell, S.L.; Cohen, W.B.; Healey, S.P.; Kennedy, R.E.; Moisen, G.G.; Pierce, K.B.; Ohmann, J.L. Quantification of live aboveground forest biomass dynamics with Landsat time-series and field inventory data: A comparison of empirical modeling approaches. Remote Sens. Environ. 2010, 114, 1053–1068. [Google Scholar] [CrossRef]

	60. 
Bogaert, J.; Rousseau, R.; Van Hecke, P.; Impens, I. Alternative area-perimeter ratios for measurement of 2D shape compactness of habitats. Appl. Math. Comput. 2000, 111, 71–85. [Google Scholar] [CrossRef]

	61. 
Mann, H.B. Nonparametric Tests Against Trend. Econometrica 1945, 13, 245–259. [Google Scholar] [CrossRef]

	62. 
Kendall, M.G. Rank Correlation Methods; Griffin: London, UK, 1975. [Google Scholar]

	63. 
Liaw, A.; Wiener, M. Classification and regression by randomForest. R News 2002, 2, 18–22. [Google Scholar]

	64. 
R Core Team. R: A Language and Environment for Statistical Computing; The R Foundation for Statistical Computing: Vienna, Austria, 2016; Available online: https://www.R-project.org/ (accessed on 26 May 2017).

	65. 
Kuhn, M. Building predictive models in R using the caret package. J. Stat. Softw. 2008, 28, 1–26. [Google Scholar] [CrossRef]

	66. 
Louppe, G.; Wehenkel, L.; Sutera, A.; Geurts, P. Understanding variable importances in Forests of randomized trees. In Advances in Neural Information Processing Systems 26; Neural Information Processing Systems Foundation, Inc.: La Jolla, CA, USA, 2013. [Google Scholar]

	67. 
Calle, M.L.; Urrea, V. Letter to the editor: Stability of Random Forest importance measures. Brief. Bioinform. 2011, 12, 86–89. [Google Scholar] [CrossRef] [PubMed]

	68. 
Suzuki, R.; Takeda, S.; Thein, H.M.; Hla Maung, T. Analysis of Land Use History and Fallow Vegetation Recovery: A Case Study of Shifting Cultivation by the Karen in the Bago Mountains, Myanmar. Southeast Asian Stud. 2007, 45, 343–358. [Google Scholar]

	69. 
Fox, J.; Castella, J.-C. Expansion of rubber (Hevea brasiliensis) in Mainland Southeast Asia: What are the prospects for smallholders? J. Peasant Stud. 2013, 40, 155–170. [Google Scholar] [CrossRef]

	70. 
Li, Z.; Fox, J.M. Mapping rubber tree growth in mainland Southeast Asia using time-series MODIS 250 m NDVI and statistical data. Appl. Geogr. 2012, 32, 420–432. [Google Scholar] [CrossRef]

	71. 
Wang, C.; Wang, F.; Wang, Q.; Yang, D.; Li, L.; Zhang, X. Preparing for Myanmar’s environment-friendly reform. Environ. Sci. Policy 2013, 25, 229–233. [Google Scholar] [CrossRef]































© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license ( http://creativecommons.org/licenses/by/4.0/).







nav.xhtml


  forests-08-00218


  
    		
      forests-08-00218
    


  




  





media/file8.jpg
e

10 [Ep—
w0 [Ep—
- [opr—
ol 20.000000] L
FEREEARERGRE: REREEEREEZE:R





media/file11.png
95°0'0"E 96°0'0"E 97°0'0"E
[
e -20°0'0"'N
!"'f.
— T
-'--P.-’ ™
II." =
L P I
) :
|'
' el
| | -1990'0"N
|II| 1
1
|
~18°0"0"N
' |Township border ‘
~ Study area ?L,i?"
o
20,000 har— [ Logging ;g\
Plantation A t‘?@. iR
10,000 hal—| [_|Shifting cultivation -l ﬁ Yy 8
ki [_JUrban expansion | L~ 3
i Bl Water invasion s
0 25 50 75 100





media/file6.jpg
turbance area (ha)

Year





media/file1.png
900" E LA 0" E LT E
1 1 1

120°0"0"E 94°0°0"E
! L

D500 E 0T E 97T00E QR0 E
1 | | 1

ST E
1

:
:
25°0'0"N{ .
'!:r _._ i
ol 7
20°0'0" N+
15°0"0" N~
10°0'0" N~ o
5°0'0" N+ £
0ot . L\l-..;-. - I : -
o
0 500 1,000 2,000
—— 1 km A

77774 Bago Mountains

Landsat WRS-2 scenes

133/4 132/47

133748

F21°0°0 N

20700 N

~1970'0"' N

=R N

—LTE00N N

=100 N

200 300 400

km

)





media/file13.png
Recovery area (ha)

25000

20000

15000

10000

5000

11

T

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013
Year

@ Logging @ Plantation OShifting cultivation

OUrban expansion @Water invasion  ONo disturbance






media/file10.jpg





media/file7.png
Disturbance area (ha)

30000

20000

1 CHOMD

1

2001 2002 2003 2004

2005

2006

2007

Year

2008

2009

2010

2011

2012

2013






media/file12.jpg
Recovery area (ha)

25000

20000

15000

10000

5000

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013
Year

BLogging ©Plantation OShifting cultivation
SUrbsncxpansion BWaterinvasion  ONo disturbance





media/file9.png
25000

20000 4

15000

10000 -

{ €10
o 10z
d 110z
B B
= 0102 =2 -
- = 1 =
= 6002 z 2T 8
o 8002 g 2 & 2
3 Y e @ =
=1 Looz £ 5 8 g =
= 900z # = € 2 g
; = 2 £ §
_H. 00z - B W = =
= $00z B EOONR
] €00z
] 200z
—1 100z
€107 102
Z10T ZI0T
1102 1102
0102 0102
6007 600T
8002 8007
LOOT LOOT
9007 9007
5007 S00T
F00T FO0L
00T 00T
2002 00T
1002 1002
10T o €107
Z102 g z10¢
1102 = 110z
0102 g 010z
6002 =] 6002
8007 = 8002
LOOT = Looz
9007 o 9002
S00Z { 00
FO0T { +002
00T { €00z
00T C00g
1002 o 100z
(= = = [ =]
= s 8 8§ § &
a 4 8 % £ =

(ey) eaae dueqIn)si(q

Year





media/file5.png
(b) Plantation

(c) Shifting cultivation

’---.---.--.---'--.—-1

?-0-0-g-0-9-0
| | i
v ]

I
]
P
[
[]
P

2.0
(a) Logging
1.0 -
0.0 - .
e ;p'-"-‘-f'r*i-ﬂr-'--‘--\ls '.-"""1 |
20 3 -y .-g-9. 1 3 |
- . sl \
ey .4
3.0 ! .
a "4.” T T T ¥ L] ¥
O 2000 2005 2010 2000 2005 2010 2000 2005 2010
= a9
(d) Urban expansion (e) Water invasion
1.0 - -
[ Logging
0.0 - d l e 8. g 8 -0-0-0-0F
Plantation
e 9. [] Shifting cultivation
“_.h.-—-l—'."."' ,
2.0 4 l L " [ ] Urban expansion
A
30 - ._:- ) ] B Water invasion
‘-".-"
.
4.0 , . . ;
2005 2010 2000 2005 2010
Year

2000





media/file3.png
| Landsat time series (126 images) |
I

Pre-processing
+

| Landsat time series (15 stacks) ]

N

| Tasseled Cap stacks |

Digital elevation model

Tasseled Cap wetness
(TCW) stacks

|
Change detection

Patch characterization

Metrics calculation -[ Disturbance Patch maps ]

(DEM)
Change
High spatial metrics
resolution images ]
\ Human

interpretation

Random Forest
models

Accuracy
Assessment

Change
attribution

Disturbance
attribution maps

| Disturbance maps |-» A?:::sr:lc:nt

Pixel-
based

Patch-
based






media/file14.png





media/file4.jpg
W

@ Logging. ) Pantation (© Shifting cultivation
(@ Urban expansion (© Water invasian

Year






media/file0.jpg
HEREEE






media/file2.jpg
Landsat time series (126 images)

Pre-processing
+

Landsat time series (15 stacks)

P N\

Tasseled Cap stacks Tasseled Cap wetness

(TCW) stacks

T
Change detection

4

Digital elevation model Disturbance maps

(DEM)

Patch characterization

4

Metrics calculation = Disturbance Patch maps

!

Change

High spatial
resolution images

metrics

Accuracy
Assessment

Human
interpretation

Random Forest Change
models. attribution

|

Disturbance
attribution maps

Pixel-
based

Accuracy
Assessment

v
4

Patch-
based






