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Abstract:



Updated extent, area, and spatial distribution of tropical evergreen forests from inventory data provides valuable knowledge for research of the carbon cycle, biodiversity, and ecosystem services in tropical regions. However, acquiring these data in mountainous regions requires labor-intensive, often cost-prohibitive field protocols. Here, we report about validated methods to rapidly identify the spatial distribution of tropical forests, and obtain accurate extent estimates using phenology-based procedures that integrate the Moderate Resolution Imaging Spectroradiometer (MODIS) and Landsat imagery. Firstly, an analysis of temporal profiles of annual time-series MODIS Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Land Surface Water Index (LSWI) was developed to identify the key phenology phase for extraction of tropical evergreen forests in five typical lands cover types. Secondly, identification signatures of tropical evergreen forests were selected and their related thresholds were calculated based on Landsat NDVI, EVI, and LSWI extracted from ground true samples of different land cover types during the key phenology phase. Finally, a map of tropical evergreen forests was created by a pixel-based thresholding. The developed methods were tested in Xishuangbanna, China, and the results show: (1) Integration of Landsat and MODIS images performs well in extracting evergreen forests in tropical complex mountainous regions. The overall accuracy of the resulting map of the case study was 92%; (2) Annual time series of high-temporal-resolution remote sensing images (MODIS) can effectively be used for identification of the key phenology phase (between Julian Date 20 and 120) to extract tropical evergreen forested areas through analysis of NDVI, EVI, and LSWI of different land cover types; (3) NDVI and LSWI are two effective metrics (NDVI ≥ 0.670 and 0.447 ≥ LSWI ≥ 0.222) to depict evergreen forests from other land cover types during the key phenology phase in tropical complex mountainous regions. This method can make full use of the Landsat and MODIS archives as well as their advantages for tropical evergreen forests geospatial inventories, and is simple and easy to use. This method is suggested for use with other similar regions.
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1. Introduction


Global forests occupy 31% (4.0 × 107 km2) of the total land area [1]. Tropical forests play a very important role in global carbon cycles, water and heat fluxes [2,3], biodiversity, and water and soil conservation, and produce half of the total Net Primary Production (NPP) of the world. However, across the world many tropical forests are being converted to farmlands, pastures, or other land cover types driven by the increasing demand for food, energy, and economic activity, among others [4]. Moreover, in the past few decades over 80% of agricultural expansions occurred in tropical forest regions [4,5]. Tropical forest loss and degradation also affect different ecosystem services, which oftentimes lead to natural disasters. Accurate and up-to-date tropical forest maps are very important for tropical forest management and proper monitoring [6]. In some tropical areas, the increasing expansion of rubber plantations, to mention but one example, continually encroach tropical evergreen forests [7] in such a way that their areas are gradually decreasing. This situation causes a series of environmental problems, such as loss of biodiversity, and drought with such a magnitude that it becomes a hotspot issue to monitor the extent and change of forests in these areas that are prone to transition from primary forests to rubber plantations.



Producing timely and accurate tropical evergreen forest inventory data is very important for decision making and forest management. In this context, field measurements are also needed to validate biophysical attributes of the vegetation such as volume, carbon stocks, tree height, etc. However, traditional field sampling methods are limited in their application to tropical mountainous regions, and the accuracy of inventory data is constrained by the quality and quantity of the field samples [8]. Fortunately, remote sensing methods have evolved sufficiently to support forest inventories in large landscapes [9], which allows rapid, automatic, and periodical estimates of many forest inventory attributes [8] and can also help to improve the precision of forest area estimates [10].



Phenology is a vegetation feature that may be used to identify different characteristics such as plant growth, external shape forms, and colors. Phenology patterns are results of how vegetation adapts to the physical environment and climate over a long period of time, and is a very stable feature. Phenological differences among land cover types can be used for classification by means of remote sensing technology. Some terrestrial objects are difficult to be discerned by optical images since their spectral properties are very similar. Nevertheless, these objects can be easily distinguished in a specific period during the year given their particular phenological features during that same period of the year. For instance, evergreen forests and rubber plantations have very similar characteristics across environmental gradients in Southeast Asia. However, they can be easily distinguished by assessing their leaf-on and leaf-off phases, since rubber plantations are deciduous in winter but evergreen forests are not. In recent years, phenology-based methods have been used extensively in the field of vegetation monitoring by remote sensing technology, particularly for crops and plantations [11,12]. Combining satellite observations and ground truth data is an efficient way for land cover classification. Further, extraction of vegetation spatial distribution patterns based on long-term time series of satellite data is an important application of remote sensing technology.



The Landsat sensor has acquired global observation records for more than four decades, and can be freely accessed. This is an invaluable data source for local, regional, or global forest monitoring. Several Landsat-based global forest products have been generated, including a global map of mangroves [13], a 30-m global land cover map between 1999 to 2011 [14], and a global forest cover change map [15]. Landsat missions (Thematic Mapper TM, Enhanced Thematic Mapper /ETM+, and the Operational Land Imager /OLI) have been extensively used to map forests [1,15,16], but due to frequent cloud cover, high-quality images are hard to capture in tropical regions. Moderate Resolution Imaging Spectroradiometer (MODIS) imagery with a temporal resolution of eight days increases the chance to obtain quality data for target objects, and helps alleviate the shortage of other optical remote sensing sensors. MODIS is extensively used in Land Use and Land Cover Change (LULCC) studies including crop and plantation monitoring [5,17,18]. For instance, inter-annual time-series MODIS Enhanced Vegetation Index (EVI) and Short Wave Infrared (SWIR) have been efficiently used to identify rubber plantations in tropical mountainous regions [19].



In recent years, there has been an increasing interest by researchers worldwide to integrate imagery from multiple sensors. Landsat and Radar have been integrated to map rubber plantations in tropical regions [11], and MODIS and Landsat have been jointly used to monitor crops [20]. Hence, integration of multi-source remote sensing images is a growing research trend in many fields.



This study aims to integrate 500-m MODIS and 30-m Landsat to identify tropical evergreen forests based on vegetation phenology characteristics. MODIS with a high-revisit period (eight-days) enables capturing abundant and high-quality data for phenology-based time series analysis. Landsat data with fine spatial resolution (30m) can provide detailed spatial information and reduce mixing pixels to improve classification accuracy. Annual time-series MODIS Normalized Difference Vegetation Index (NDVI), EVI, and Land Surface Water Index (LSWI) are used to identify the key phenology phase that best fits tropical evergreen forest through analysis of differences in NDVI, EVI, and LSWI between evergreen forests and other typical land cover types. During the key phenology phase, indices and relevant thresholds were also identified through analysis and statistics of the values of NDVI, EVI, and LSWI for different land cover types based on 30-m Landsat images.



The objective of this study was to develop a phenology-based method for quickly extracting tropical evergreen forests for inventories and exploring their spatial distribution patterns by integrating MODIS and Landsat images across large scales. Mengyang, Jinuo, and Yunjinghong in Xishuangbanna, China were selected as the study area. The developed method is able to get accurate extent, areas, and spatial distribution for large-scale tropical evergreen forest inventory at 30-m spatial resolutions. These datasets can support basic inventory data for forestry planning and managing, ecosystem monitoring, regional land management, and other relevant research and applications.




2. Materials and Methods


2.1. The Study Area


This study was conducted in the Xishuangbanna Dai Nationality Autonomous Prefecture (Xishuangbanna), Yunnan, China. The total land area is 1.97 × 104 km2, and the majority of the land (95%) is considered mountainous. The elevation ranges 344 m to 2,605 m above sea level. The total population is 1.14 million, with 69% dedicated to agricultural activities according to the Year Statistical Book of Xishuangbanna in 2010 [21]. The average annual precipitation is 1,550 mm, and the mean annual temperature is 21.7 °C [22]. Two major seasons are recognized in the study area: dry (from November to April), and rainy (from May to October). Rubber plantations cover more than 50% of the Yunnan Province, and are the second largest in China. Three major towns are included in the study area (Figure 1): Mengyang, Jinuo, and Yunjinghong. Due to the economic importance of natural rubber and agriculture, land use conflicts are common in the study area between these two classes and tropical evergreen forests.


Figure 1. The study area location and samples for algorithm training and result verification. (A) is the location of three towns (Mengyang, Jinuo, and Yunjinghong) in Jinghong County Xishuangbanna, Yunnan, China, and spatial distributions for samples of five typical land cover types including evergreen forests, rubber plantations, farmlands, built-lands, and water bodies. They are created from geo-referenced field photos and Google Earth High quality imagery; (B–F) are high-resolution images of five typical land cover types from Google Earth.
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2.2. Materials and Processing


NDVI, EVI, and LSWI are frequently used to stratify different land cover types. The key phenology phase—defined as an optimal time window for distinguishing tropical evergreen forests from other land cover types—was identified through analysis of annual time series created from multi-temporal eight-day-composites 500-m MODIS MOD09A1. Landsat imagery was acquired from the United States Geological Survey (USGS) server, and converted to surface reflectance using Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) [23]. The rectified imagery was further processed using Fmask [24] to deal with clouds and shadows. During the key phenology phase, tropical evergreen forest was distinguished from other land cover types by using the improved Landsat imagery. A collection of photo-interpreted samples for algorithm training, time-series analysis, and results verification were created from geo-referenced field photos and Google Earth high quality imagery. This method is very effective and extensively used in current studies [11,25,26]. Google Earth high quality imagery can provide a reliable data source for interpreting and extracting samples (Figure 1B–F). Five typical land cover types (evergreen forests, rubber plantations, built-land, farmlands, and water bodies) were classified in the study area. NDVI, EVI, and LSWI are calculated using formulas (1)–(3). Land cover data of 500-m MODIS MCD12Q1 was used to compare with the resultant map of tropical evergreen forests [27].
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(1)
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(2)
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(3)




where ρNIR, ρred, ρMIR, and ρblue are the surface reflectance values of near infrared, red, shortwave-infrared, and blue bands in MODIS or Landsat images.




2.3. Identifying the Key Phenology Phase


The key phenology phase is a relatively-fixed time window during which a particular vegetation type exhibits stable unique characteristics that are different from other land cover types. It is the optimal timing for distinguishing a kind of vegetation from others, and it was extensively used in previous studies [11,16,17]. Evergreen forests are stable ecosystems and have a strong resistance against influences from the physical environment (such as air temperature), whereas other land cover types (such as plantations and farmlands) are more susceptible to outside factors or mainly controlled by human activities. This phenomenon is generally reflected on the stability of annual NDVI, EVI, and LSWI time-series curves of different land cover types. For instance, the NDVI curves of evergreen-forests are more stable than others.



Eight-day MODIS time-series have been extensively used to map paddy rice fields, forests, and plantations [17,28,29]. The key phenology phase can be identified through analysis of differences on annual time-series of MODIS NDVI, EVI, and LSWI of different land cover types. The fine temporal resolution is capable of capturing abundant, reliable, and continuous observation data in tropical regions, which supports annual time-series analysis for identification of the key phenology phase. Annual time-series profiles on NDVI, EVI, and LSWI of five typical land cover types were analyzed from temporal MODIS MOD09A1 between 2006 and 2014 based on samples created from geo-referenced field photos and Google Earth high resolution imagery. The method of creating these samples is very effective and extensively used in recent studies [11,16,26,30]. The phenological characteristics of different land cover types were used to discriminate evergreen forests from other land cover types during the key phenology phase. Considering the effects of mixing pixels caused by outside factors such as clouds, shadows, fragments, the minimum and maximum 3% were selected from 30-m Landsat NDVI, EVI, and LSWI time-series data of different land cover types [3]. This strategy was also used for analysis of the key phenology phase for extracting tropical evergreen forests.




2.4. Extracting Index Metrics and Relevant Thresholds


To extract tropical evergreen forests, high-quality Landsat 5 TM images captured on Julian Date 45 in 2010 were selected during the key phenology phase identified through analysis of MODIS annual time series. NDVI, EVI, and LSWI of evergreen forests, rubber plantations, farmlands, built-lands, and water bodies were extracted from Regions of Interests (ROIs) (Table 1) created from geo-referenced field photos and Google Earth high resolution images. These vegetation indices were evaluated by a statistical method to find an index combination with an ability to distinguish tropical forests from other land cover types.



Table 1. Regions of Interests (ROIs) created from geo-referenced field photos and Google Earth high resolution images for time-series analysis, algorithm training, and result verification in the study area.







	
ID

	
Land Cover Types

	
Pixels






	
1

	
Evergreen forests

	
26904




	
2

	
Rubber plantations

	
8392




	
3

	
Farmlands

	
268




	
4

	
Built-lands

	
785




	
5

	
Water bodies

	
538










This study’s workflow for mapping tropical evergreen forests and exploring the spatial distribution is shown in Figure 2. First, annual time-series from 500-m MODIS images were analyzed to identify the key phenology phase; second, during the phenology phase, differences in 30-m Landsat NDVI, EVI, and LSWI of five typical land cover types were evaluated to select and determine the indices and relevant thresholds for extracting tropical evergreen forests; third, a 30-m map of tropical evergreen forest of the study area in 2010 was generated according to the indices and their thresholds determined above; fourth, the resultant map was verified using geo-referenced field photos and Google Earth high resolution imagery, and compared with MODIS MCD12Q1 land cover map for 2010; finally, the spatial distribution of evergreen forests at different elevation gradients was assessed based on a 90-m Digital Elevation Model (DEM) of the study area.


Figure 2. The technique workflow for mapping tropical evergreen forests. (1) A key phenology phase is selected based on analysis of annual time-series 500-m Moderate Resolution Imaging Spectroradiometer (MODIS) MOD09A1 Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Land Surface Water Index (LSWI) for different land cover types; (2) 30-m Landsat NDVI, EVI, and LSWI in the key phenology phase are evaluated to find an optimal combination of them for distinguishing tropical evergreen forests from other land cover types based on samples extracting from geo-referenced field photos and Google Earth high resolution images of the study area; (3) Based on (2), a 30-m map of tropic evergreen forests is generated based on Landsat Thematic Mapper (TM) imagery and verified by a confusion matrix built from samples created by the same method used above; (4) Spatial distribution of tropical evergreen forests is analyzed base on a 90-m digital elevation model.
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3. Results


3.1. MODIS-Based Time-Series Analyses for Different Land Cover Types


Tropical evergreen forests can be distinguished from farmlands, built-lands, and water bodies on MODIS NDVI, EVI, and LSWI annual time series between Julian Dates 20 and 120 (Figure 3), so this time period was selected as the key phenology phase to extract evergreen forests. During this phase, the evergreen forest NDVI, EVI, and LSWI are higher than all other land cover types based on Landsat 5 TM images. This is because those evergreen forests have a strong ability to resist low air temperature in winter and spring (Julian Dates between 20 and 120), and the NDVI, EVI, and LSWI are relatively high. In addition, deciduous rubber plantations have a low canopy cover due to leaf-off conditions, and farmlands are not being cultivated at this time of year either.


Figure 3. MODIS annual time-series analyses for different land cover types of the study area. Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Land Surface Water Index (LSWI) annual time series of five typical land cover types (evergreen forests, rubber plantations, farmlands, built-lands, and water bodies) were created from MODIS MOD09A1 between 2006 and 2014. Annual time-series profiles of NDVI (A); EVI (B); and LSWI (C) are separately analyzed to capture change information and rules of different land cover types of the study area. The area covered by red rectangle is the rainy season about from Julian Date 120 to 350 and the rest of the area represents the dry season in the study area.
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3.2. Selection of Indices and Relevant Thresholds


NDVI of tropical evergreen forests is higher than deciduous rubber plantations, farmlands, built-lands, and water bodies, and LSWI is lower than water bodies and higher than farmlands, rubber plantations, and built-lands, respectively (Table 2). However, the evergreen forest EVI is prone to mix with rubber plantations and farmlands. Therefore, Landsat 5 TM NDVI and LSWI were selected as the index metrics to extract tropical evergreen forests in the study area. Formulas (4)–(6) were designed to calculate thresholds of NDVI and LSWI. Since NDVI of tropical evergreen forests is far higher than other land cover types, just the minimum NDVI value needs to be calculated by formula (4), and the LSWI minimum and maximum can be calculated by formula (5) and (6). According to this, the thresholds are defined as NDVI ≥ 0.670 and 0.447 ≥ LSWI ≥ 0.222.



Table 2. NDVI, EVI, and LSWI of different land cover types of the study area of Xishuangbanna, Yunnan, China based on Landsat 5 TM images in 2010.







	
Land Cover Types

	
NDVI

	
EVI

	
LSWI






	
Evergreen Forests

	
0.743 ± 0.044

	
0.426 ± 0.076

	
0.312 ± 0.059




	
Rubber Plantations

	
0.563 ± 0.077

	
0.342 ± 0.069

	
0.053 ± 0.095




	
Farmlands

	
0.526 ± 0.067

	
0.337 ± 0.051

	
0.113 ± 0.079




	
Built-lands

	
0.341 ± 0.089

	
0.203 ± 0.055

	
−0.029 ± 0.084




	
Water bodies

	
0.015 ± 0.078

	
0.008 ± 0.034

	
0.618 ± 0.095











NDVIlow = NDVIr + ((NDVIe − NDVIed) − (NDVIr + NDVIrd)/2



(4)






LSWIlo = LSWIc + ((LSWIe − LSWIed) − (LSWIc + LSWIcd))/2



(5)






LSWIu = LSWIe + ((LSWIw − LSWIwd) − (LSWIe + LSWIed))/2



(6)





Here, NDVI, EVI, and LSWI were respectively extracted from Landsat 5 TM on Julian Date 45 in 2010. These are the average values of samples of five typical land cover types (rubber plantations, evergreen forests, farmlands, built-lands, and water bodies) in the study area. Subscript and superscript letters stand for relevant minimum and maximum values of NDVI, EVI, and LSWI; r, e, c, w, and r separately stand for values of different land cover types, and d, ed, cd, and wd for their relevant standard deviation. Figure 4 shows the statistical comparison of 30-m Landsat 5 TM NDVI, EVI, and LSWI of five typical land cover types. NDVI and LSWI are able to discern tropical evergreen forests from other land cover types, whereas EVI is unable to do so.


Figure 4. Signature analysis of the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Land Surface Water Index (LSWI) for tropical evergreen forests, rubber plantations, farmlands, built-lands, and water bodies based on the Landsat Thematic Mapper (TM) 5 images between Julian Dates 20 and 120 in 2010 in the study area. Evergreen forests and other land cover types have distinctive values in NDVI and LSWI.
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3.3. Landsat-Based Tropical Evergreen Forest Map of the Study Area in 2010


The output evergreen forest map (Figure 5) was verified by using the photo-interpreted locations described in the methods. To assess the map’s accuracy a confusion matrix [11] was created. The samples included evergreen forests and other typical land cover types. According to the confusion matrix (Table 3), the overall accuracy is 92%; the user’s and producer’s accuracy of evergreen forests are 91% and 89% separately, and the accuracy of the other land cover types is 93% and 94%, respectively.


Figure 5. The 30-m Landsat-based map of tropical evergreen forest of the study area in Xishuangbanna, Yunnan, China in 2010.
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Table 3. The accuracy assessment result of the tropical evergreen forest resultant map at 30-m spatial resolution in 2010 based on an error matrix. The overall accuracy is 92%.







	

	
Class

	
Ground Truth Samples (pixels)

	
Total Class pixels

	
Producer’s Accuracy




	
Evergreen Forests

	
Others






	
Classified results

	
Evergreen forests

	
3774

	
353

	
4127

	
91%




	
Others

	
373

	
3843

	
4425

	
93%




	
Total ground truth pixels

	
4238

	
6240

	
10,478

	




	
User’s accuracy

	
89%

	
94%

	

	










The spatial distribution of tropical evergreen forests in the output map for 2010 fits well to the false color (bands 5/4/3) composite Landsat 5 TM images-Julian Date 45 in 2010 (Figure 6). Furthermore, the resultant map (Figure 7B) was overlaid with the evergreen forests from the 500-m MODIS MCD12Q1 in 2010 (Figure 7A). The evergreen forest area of the Landsat-based output map is smaller than the one obtained from MODIS MCD12Q1. The possible reason for this is that mixed pixels are found due to the coarse spatial resolution and complex tropical mountain environment. For instance, some old rubber plantations have the similar phenology characteristics with evergreen forests and are misclassified.


Figure 6. The resultant map is compared with the 30-m Landsat 5 Thematic Mapper (TM) image on the Julian Date 45 in 2010. The evergreen forest shows as green on the composite Landsat 5 TM image (A) combined as false color (bands 5/4/3); and (B) is the 30-m Landsat-based resultant map of tropical evergreen forests in the study area in 2010.
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Figure 7. Comparison of eight-day 500-m MODIS MCD12Q1 (A) and the 30-m Landsat resultant map (B) in 2010. The two zoom-out windows below display the detailed information of MODIS MCD12Q1 (C) and the resultant map of 30-m Landsat 5 TM (D).
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3.4. Distribution of Evergreen Forests on Different Elevation Gradients


The distribution of tropical evergreen forests of the resultant map was analyzed by resampled 30-m DEM of the study area (Figure 8). The results show that tropical evergreen forests are majorly distributed in a narrow elevation range between 900 m and 1400 m, and few forest patches are found in lower (<900 m) and higher elevations (>1400 m).


Figure 8. Distribution of tropical evergreen forests on different elevation gradients based on resampled 30-m digital elevation model in the study area of Xishuangbanna, Yunnan, China in 2010.
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4. Discussion


The results from this study reinforces the notion that fine temporal resolution annual time series (eight-day MODIS) are capable of distinguishing the key phenology phase to extract tropical evergreen forests in tropical regions. These time-series can provide abundant and highly-reliable basic scientific data. In this particular case, it was established that the phenology phase can be identified from Julian Dates 20–120, and that this important phenological signature can be effectively used to extract tropical evergreen forests through analysis of NDVI, EVI, and LSWI of different land cover types. In tropical regions, cloud-free observations are difficult to get due to frequent clouds and shadows. Nevertheless, having coarser spatial resolution with high-temporal-resolution sensors can increase the possibility of getting good quality remote sensing images. This approach takes advantages of the high-revisit characteristics of the MODIS sensor, which increase the possibility of capturing good quality images from optical sensors. Annual MODIS time-series have been used in previous research [3,12,31,32,33], and most of them are not in tropical mountainous regions. It should be mentioned, however, that the coarse spatial resolution (500 m) may produce some inaccurate results from mixing pixels of small-area land cover types, such as narrow rivers.



Distinguishing tropical evergreen forest and deciduous forest is a challenge in Southeast Asia based on optical remote sensing images. The phenology-based method used in several studies is very useful for mapping paddy rice fields [17] and rubber plantations [11]. In this study, the key phenology phase was used to distinguish tropical evergreen forests in mountainous regions. Vegetation in different growth stages exhibits various distinct characteristics in terms of forms, color, and shape. Spectral reflectance characteristics of different land cover types are similar in some phases and different in others. For instance, as it was shown in this paper, annual time-series MODIS NDVI of evergreen forests is higher than other land cover types on Julian Dates between 20 and 120 (Figure 3). Based on this finding, evergreen forests were distinguished from other land cover types in tropical mountainous regions based on 30-m Landsat 5 TM images. This study demonstrates that highly-temporal time-series are useful in observing key phenology phase for mapping a certain land cover type in certain time periods in tropical humid regions.



The vegetation indices and related thresholds were keys for accurately mapping evergreen forests. Easy to carry out and to understand statistical methods are often used to choose indices and compute related threshold values based on samples of different land cover types. At present, there is a lack of efficient methods for choosing indices and computing related thresholds for quickly and efficiently distinguishing evergreen forests in tropical regions of Southeast Asia. This study found that 30-m Landsat NDVI and LSWI are two efficient indices for distinguishing evergreen forests in these tropical environments. A general method (formulae (4)–(6)) for calculating related thresholds by a statistical method has been described and provided in this paper. Thirty-meter Landsat NDVI and LSWI are two effective metrics (NDVI ≥ 0.670 and 0.447 ≥ LSWI ≥ 0.222) to discern tropical evergreen forests for inventories from other land cover types during the key phenology phases in tropical complex mountainous regions. In the past few decades, driven by urban and economic developments, tropical forests were substantially converted to farmlands and rubber plantations in Xishuangbanna, Yunnan China. However, an accurate spatial distribution of the remaining forests was hard to determine in this region. This study generated an accurate evergreen forest map (Figure 5) of the study area and explored the forests’ distribution across an elevation gradient (Figure 8). It was found that evergreen forest is mainly distributed in a very narrow range (900 m–1400 m) of elevation. A possible reason for this is that farmlands and plantations mainly dominate the low-elevation regions, and the high-elevation regions are cultivated for planting economic crops such as tea plants. This may lead to the loss of vertical forest diversity and biodiversity, and threatens the local ecosystem, biodiversity, and environment. This implies that these ecosystems are susceptible to a land cover transition, thus local governments need to take action for their protection. In this paper, a phenology-based automated mapping algorithm was shown to perform well in tropical mountainous regions. The study explored the extent, areas, and spatial distribution of tropical evergreen forest in this region of South Asia, and evaluated the efficiency and applicability of the method.



Additionally, samples created from geo-referenced photos and high resolution images of Google Earth provide reliable basic data for algorithm training and result validation. These geo-referenced filed photos are firstly transferred into xml files and then linked with high resolution imagery of Google Earth, in which samples are visually and interactively created.




5. Conclusions


This study attempted to develop a novel phenology-based method to map tropical evergreen forests by integrating 30-m Landsat and eight-day 500-m MODIS remotely sensed images during a key phenology phase. The developed and verified protocol is simple yet effective. Integration of multi-source remote sensing data with different spatial and temporal resolutions proved satisfactory to obtain accurate estimates of the extent, areas, and spatial distribution of tropical evergreen forest in Southeast Asia. Additionally, identification of the key phenology phase is very important to distinguish evergreen forest from other land cover types based on vegetation indices including NDVI, EVI, and LSWI. The assessment of the spatial distribution of evergreen forest across the elevation gradient showed that the remaining forest is fragmented and needs to be protected. Additionally, the study suggests that the local government can compensate farmers to encourage them to farm in low-elevation gradients and to withdraw from ecosystem-weak regions in high-elevation gradients, for example, by establishing guidelines for planting rubber trees below 950 m. This study also illustrates that our output map can provide more detailed and accurate spatial information than MODIS MCD12Q1. However, there are still some uncertainties in the methods due to the relatively coarse temporal and spatial resolution of remote sensing data and the influence of frequent clouds, shadows, and aerosols. The integration with other sources (such as microwave, lidar, and optical) with finer spatial and temporal resolution may be tested in future studies to improve the presented methods for the extraction of tropical evergreen forests.
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