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Abstract 

Classification of Deforested and Degraded 

Areas in North Korea Using Phenology-based 

Indices and Spatiotemporal Data Fusion 

Method 
 

Yihua Jin 

Interdisciplinary Doctoral Program in Landscape Architecture, 

Graduate School, Seoul National University 

Supervised by Professor Dong-Kun Lee 

 

Forest ecosystems provide ecological benefits to both humans and 

biodiversity. Long-term anthropogenic pressure on forests, and frequent 

disturbance such as forest fires, landslides, and droughts, combined with 

abiotic factors such as climate variability, create an unsustainable 

environment. North Korea, suffers from serious forest degradation and 

deforestation issues. Given that these issues are major threats to the present 

and future state of forest ecosystems, the country is home to some of the most 

degraded forests in the world. Poor agricultural practices in North Korea, such 

as the excessive use of pesticides and fertilizers, are damaging productive 

capacity of the land. Poor agricultural practices, deforestation, and 

overgrazing cause soil erosion and forest degradation. Climate change and 

extreme weather events impact North Korea’s deforested lands and degraded 
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forests considerably, resulting in serious soil loss, landslides, and damage to 

farmlands and agricultural production. Furthermore, adaptation inerventions 

(including infrastructure) to extreme climate events, are lacking, and healthy 

forest ecosystems are essential elements for sustainable environment in North 

Korea. To provide systemic, prioritized restoration and planning efforts to 

address these problems, it is essential to establish a classification or 

monitoring system for typical types of deforestation and degradation.  

Because land-cover maps for monitoring deforestation and degradation are 

among the most fundamental data used in many scientific fields, developing 

a cost-effective method for classifying forest cover with high accuracy and 

high spatial and temporal resolution where access to data is difficult or when 

data are not available, is still challenging and necessary for North Korea. For 

this purpose, a cost-effective method for classification and monitoring forest 

cover dynamics in high spatial and temporal resolutions was proposed in this 

study.  

First, to classify types of deforested and degraded areas and to increase 

accuracy, this study proposed an optimal combination of phenology-based 

multi-index distinctions, as well as ways to distinguish complex, 

heterogeneous land cover in forests (such as hillside fields and unstocked 

forests) from plateau vegetation and natural forests. The outcomes of this 

research extend beyond those of most previous studies, which have usually 

been focused only on dryland forest. Previous work also involved the use of 

single-image classifications based only on spectral data to distinguish types 
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of deforestation, and consequently, had difficulty capturing the heterogeneous 

spectral signature of land-cover categories over large areas.  

The outcomes of this work can be summarized as follows. 1) The seasonal 

patterns indicated by three indices (Normalized Difference Vegetation Index, 

Normalized Difference Soil Index, and Normalized Difference Water Index 

or NDVI, NDSI, and NDWI, respectively) showed differences typical of each 

type of vegetative cover in forest land. Thus, it was possible to overcome the 

reflectance value confusion that occurs when using only one image and 

increase the classification accuracy. 2) To classify complex land cover and 

dynamics, Random Forest proved to be a useful tool for classifying a variety 

of input features. The results highlighted the types of deforested land and their 

distribution in North Korea. The classification result showed an overall 

accuracy of 89.38% when phenology-based indices were combined with 

Random Forest. 3) The phenology-based indices that resulted in classification 

greater than 20% are the NDSI during the growing season (from March to 

May), the NDVI during the end of the season (September), and the NDWI 

during the start and end of the season (March/April and October). Combining 

these variables can effectively classify or help monitor vegetative cover. 

Our method greatly improved accuracies for classification of heterogeneous 

vegetative cover and presented deforested areas more reliably. Therefore, it 

should be useful for continued monitoring of variation in forested areas 

during forest restoration efforts in North Korea. The ecological impacts of 

forest degradation in the study area should also be urgently considered. 
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Second, to construct the continuous fine-resolution satellite data using the 

most accessible datasets, a spatiotemporal data-fusion method was developed 

to blend satellite images in heterogeneous and spectrum-changing areas. 

However, previous methods have shown difficulties in predicting spectrum-

changed pixels in fine resolution, as each band’s value changed in different 

ways during the period of input and prediction dates. To overcome this 

limitation, this study proposed a spectrum-correlation-based spatiotemporal 

data-fusion method (RDSFM), to blend temporally fine-resolution data with 

temporally dense coarse-resolution data. The RDSFM integrates ideas from 

unmixing-based methods and a homogeneous index in the FSDAF, IR-MAD, 

and weighted-function-based method into one framework. The RDSFM was 

tested using a real landscape and compared to the referred spatiotemporal 

method, namely FSDAF. The results of the accuracy assessment demonstrate 

that the RDSFM has higher accuracy, especially in fragmented areas and the 

NIR band, and the method also maintains more spatial details.  

The spectral change of each pixel solved in the RDSFM is more robust than 

that in the FSDAF because of the strategy of weights based on MAD. MAD 

addresses detection of nontrivial change in multi-bands and bi-temporal data 

based on canonical correlation analysis. To estimate the MAD-based weights, 

the MAD for detecting the temporal change used a fine-resolution image at 

t1 and a coarse-resolution image at t2. The MAD for detecting the changes 

occurred using different sensors, with a fine-resolution image at t1 and a 

coarse-resolution image at t2. This can effectively detect the relative 
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alteration of each band in one coarse pixel. This method can help accurately 

predict the pixel value in the areas where the spectrum changes due to land 

cover or within-class variance. The RDSFM, like other spatiotemporal data-

fusion methods, can be applied to analyze land-cover dynamics, monitor 

vegetation phenology, detect land-cover change, and identify where 

degradation has occurred.  

To determine the effectiveness of the aforementioned proposed methods, the 

most difficult regions for vegetative cover change monitoring were tested 

using a simple classifier-unsupervised classification. This part successfully 

demonstrated the technique’s effectiveness and convenience. Using stacked 

phenology-based multi-variables with the RDSFM is a powerful means of 

reducing classification errors, and enables better characterization of complex 

land-cover change status at 30-m resolution. In this manner, the degradation 

and deforestation that occurred from 2001 to 2014 were detected in three 

cases: 1) degradation from forest to unstocked forest, 2) degradation from 

hillside farms to unstocked forest, and 3) deforestation from forest to hillside 

field. The classification result showed an overall accuracy of 86.1% when 

using the simple unsupervised classifier. It is clearly effective and convenient 

to perform annual land-cover change analysis to produce a transition matrix 

with no information. Finally, various applications for analyzing forest 

ecosystems were suggested, using information on land cover and detailed 

forest degradation in fine resolution. 

In summary, a combination of phenology-based indices with a spectrum-
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correlation-based spatiotemporal data-fusion method can improve the spatial 

and temporal resolution for classification or monitoring of deforestation and 

degradation. Furthermore, this study suggested that in monitoring forest cover 

dynamics, distinguishing forest degradation and deforestation is essential to 

systemic planning and various analyses of forest ecosystems.  

 

Keywords : Forest degradation, Deforestation, Random forest, 

Iteratively reweighted multivariate alteration detection (IR-MAD),  

Unmixing based data fusion, Data fusion, Monitoring forest cover 

dynamics 

Student number : 2014-31476 
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I. Introduction  

Forest ecosystems provide ecological benefits to both humans and wildlife 

(MA 2005). Growing global demand for development, food, and fiber is 

accelerating pressure from agriculture and logging on forest ecosystems 

around the world (Abood et al. 2015). These pressures have significant 

impacts on forest ecosystems, which include direct damage to remaining 

forest ecosystems, as well as changes in plant and animal species diversity 

through destruction of soil cover and vegetation (MA 2005; Sasaki and Putz 

2009). Mapping and monitoring forest cover and vegetation condition is an 

operational topic that addresses issues such as climate change, biodiversity 

conservation, and sustainable ecosystem management. 

North Korea (the Democratic People’s Republic of Korea, [DPRK]) is 

known to have some of the most degraded forests in the world. Forest 

degradation and deforestation are considered major threats to the present and 

future of North Korea ecosystems. Between 1990 and 2015, nearly 40 percent 

of forests have either been converted to fields for food crop production or 

logged for wood fuel. In North Korea, there is not sufficient land to farm, and 

the remaining lands are not suitable for farming, therefore many forests have 

been converted to farmlands (Engler et al. 2014; Kang and Choi 2013; Lee et 

al. 2005).  

For temporary agriculture, the trees in forests are cut down and burned in 

order to clear land, the land is used until its productivity declines, at which 
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point a new plot is selected and the process repeats. In addition, poor 

agriculture techniques such as the excessive use of pesticides or fertilizers are 

damaging land productive capacity. Poor agricultural practices, deforestation, 

and overgrazing cause soil erosion and forest degradation. The hillside farms 

created by sacrificing forest ecosystems are not sustainable, and ground in 

once-forested areas in North Korea has become more and more degraded, 

with denuded forest widely distributed (Engler et al. 2014; Lee et al. 1999). 

Furthermore, North Korea is heavily influenced by climate change. Recently, 

North Korea has suffered severe droughts and extreme weather events, and 

these combined with denuded forest has resulted in serious soil loss and 

landslides and damaged farmland and agricultural production. When a heavy 

rain occurs, soil runoff from hillsides is serious. This has resulted in nutrient 

loss in the soils of forests and other vegetation (Kim and Ryu 2009; Myeong 

et al. 2008) 

Long-term anthropogenic pressure on forests (Baeza et al. 2007; Morris 

2010), combined with abiotic factors such as climatic variability (Kosmas et 

al. 2015; Kumar and Jyoti Das 2014), and frequent disturbances such as fires, 

landslides, and droughts, create unsustainable environment (Bhatia and 

Thorne-Lyman 2002; Buma and Wessman 2011; Jucker Riva et al. 2017; Tang 

et al. 2010; Zheng et al. 1997). Developing countries still lack continuous 

forest inventories at national or lower levels, as most are carried out in 

industrialized countries. Therefore, forest management and planning, 

especially for adaption to extreme climatic events, are essential for a 
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sustainable environment in North Korea. To provide systematic, prioritized 

restoration and planning efforts to address these problems, it is important to 

have a mapping or monitoring system reflecting the regional character of 

deforestation and degradation (Chazdon 2008; Margono et al. 2012; 

Miettinen et al. 2014).  

In previous studies regarding monitoring forest change in North Korea (Cha 

et al. 2009; Engler et al. 2014; Jeong et al. 2016b; Jung 2015; Kang and Choi 

2013; Yeom et al. 2008; Zheng et al. 1997), the definition of forest 

degradation and deforestation is not clear; they only classified forest area and 

non-forest area to analyze reductions in forest, or only classified a deforested 

area as degradation. Because forest degradation and deforestation are 

different in their ecological structure and development processes, the impacts 

of each type on ecosystems should also be considered separately (Hosonuma 

et al. 2012; Sasaki and Putz 2009). Therefore, efforts to capture not only 

deforestation but also forest degradation in detail are essential because 

degradation and deforestation exist simultaneously in North Korea.  

While methods for estimating deforestation have progressed in remote-

sensing technology, estimating degradation still is subject to several 

difficulties. The deforestation variable is binary (0, 1), whereas that of 

degradation is not. The Food and Agriculture Organization (FAO) (2003) 

defined deforestation as “a decrease in the area covered by forest,” and 

“degradation is not involving a reduction of the forest area, but rather a quality 

decrease in its condition, generally to its functioning.” For estimating 
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degradation, continuous data are essential for monitoring vegetation 

condition and detecting degraded areas.  

Land-cover maps for estimating deforestation, which are vital for 

monitoring, understanding, and predicting the effects of complex human-

nature interaction, are one of the most fundamental information sources used 

in many scientific fields and are often produced from remotely sensed images 

(Bartholomé and Belward 2005; Friedl et al. 2002; Jucker Riva et al. 2017). 

A wide variety of remote-sensing systems have been developed; thus, images 

are available of different spatial and temporal resolutions, thereby allowing 

the production of land-cover maps at different spatial and temporal scales.  

How to obtain satellite images of high spatial and temporal resolution is 

among the difficult problems in analyzing degradation and deforestation. 

Moderate Resolution Imaging Spectroradiometer (MODIS) data provide 

dense images at a coarse-resolution, and they are helpful for successive events, 

such as degradation. However, there are cases where several types of land 

cover are mixed into one coarse pixel, and this will cause errors in 

deforestation or other land-cover classification on a regional scale. In contrast, 

there are several types of satellite images of fine spatial resolution and low 

temporal resolution, such as Landsat images. They are helpful in classifying 

land cover in more detail, but there are difficulties in analyzing continuous 

events, such as degradation. Thus, mapping and monitoring forest cover of a 

high spatial and temporal resolution with high accuracy, in areas difficult to 

access such as North Korea, are still challenging tasks. 
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Rapid assessment of land-cover change and monitoring vegetation 

condition, such as deforestation and degradation, requires frequent 

measurements if it is to be incorporated into management and policy 

decisions. To meet all these requirements, developing a cost-effective method 

for processing satellite images of high spatial and temporal resolution is 

essential for periodic monitoring of land-cover change and vegetation 

condition.  

In spite of numerous developed methods for mapping or monitoring land 

cover, mapping and monitoring deforestation and degradation with high 

accuracy and spatial and temporal resolution are still challenging tasks. 

Therefore, the objective of this research is to propose cost-effective methods 

for mapping and monitoring deforestation and degradation in North Korea.  

This study proposed two types of methods for mapping and monitoring 

deforestation and degradation. First, we suggested key phenology-based 

indices for mapping deforestation in North Korea. To improve the accuracy 

in vegetative cover classification each year, this study found an optimal 

combination of phenology-based variables to effectively classify and monitor 

land-cover change and deforestation in North Korea. From this, the main 

results are a land-cover map reflecting deforestation status in North Korea at 

a coarse-resolution. Moreover, a key phenology-based variables combination 

derived from this work can be applied to classify or monitor land-cover 

dynamics with high accuracy and conveniently. 

Second, to build continuous satellite data in fine resolution, using the most 
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accessible datasets, this study proposed a new concept of a spatiotemporal 

data-fusion method that can effectively predict in areas of spectrum-changed 

pixels. The spatiotemporal data-fusion method proposed here can improve the 

accuracy of spectral changes by phenology in heterogeneous vegetative cover. 

Through the proposed spatiotemporal data-fusion method, this study can 

create time-series, Landsat-like images at a MODIS time-resolution. The 

time-series fine-resolution data were applied to map deforestation and 

degradation in more detail. They were also used for monitoring degradation 

in fine resolution.  

This study aims to answer the following research questions: 1) What is the 

optimal combination of variables for effectively mapping confusing 

vegetative cover? 2) How does one improve spatiotemporal data-fusion 

accuracy in spectrum-changed pixels? 3) What is the extent of degraded forest 

and deforestation in North Korea? 4) How have degradation rates changed 

from 1990 to 2016, and what are the drivers? 5) Are the proposed methods 

able to effectively detect deforestation and degradation?  
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II. Literature review 

1. Studies of degradation and deforestation in North Korea 

Forest degradation and deforestation are distinctly different processes. 

Deforestation involves the conversion of forest to another land-cover type, 

while forest degradation results when forests remain forests but lose their 

ability to provide ecosystem services (MA 2005; Sasaki and Putz 2009) or 

decrease in canopy cover (Wang et al. 2005a). However, previous research 

regarding forest cover in North Korea has not separated these two kinds of 

disturbances.  

There are several studies (Cha and Park 2007; Jeong et al. 2006; Kang and 

Choi 2013; Lee et al. 2007; Lee et al. 1999; Lee et al. 2005) that have resulted 

in a land-cover map of North Korea, but they only classified low-level land-

cover types (built-up, forest, farmland, open water, etc.), and detected the 

forest cover change analyzing the forest degradation or deforestation that 

occurred during the study period. For estimating deforestation where forest 

was converted to a hillside field, Jeong et al. (2016b) classified the 

deforestation with a standard of farmland with a slope greater than 16 degrees. 

Yoo et al. (2011) also detected the deforestation area with a slope greater than 

8 degrees. But these studies used different thresholds of slope, and the slope 

standard for separating hillside fields and farmlands is not clear. Some studies 

have examined forest area dynamics. Zheng et al. (1997), Engler et al. (2014) 

and Kang and Choi (2013) analyzed forest cover trends from the past. 
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However, they only estimated area of forest disturbance, or only analyzed the 

change in forest cover, and did not consider deforestation and degradation 

separately. 

In previous studies of forest cover in North Korea, researchers addressed 

forest degradation and deforestation as a comprehensive issue. Because forest 

degradation and deforestation are distinctly different processes, there is a need 

to distinguish degradation and deforestation from satellite imagery, to aid in 

planning or various analyses of forest ecosystems. 

 

2. Studies for forest degradation monitoring 

Forest degradation is the reduction in the capacity of a forest or of canopy 

cover and stocking to provide goods and services (FAO 2010). Monitoring 

and detecting forest degradation is more difficult than observing deforestation 

(Asner et al. 2005; Joshi et al. 2006; Matricardi et al. 2007; Mon et al. 2012; 

Panta et al. 2008), especially reduction in canopy cover, which is the main 

indicator to measure deforestation and forest degradation. (Mon et al. 2012).  

Remote sensing can be used for the mapping of deforestation of a dynamic 

landscape, covering broad areas but retaining detail in the spatial distribution 

of target parameters. Several studies have mapped the land cover of North 

Korea using remote-sensing images. (Cha and Park 2007; Jeong et al. 2016b; 

Kim et al. 2010; Lee et al. 2007; Yoo et al. 2011). These studies only classified 

basic land-cover types, using a traditional classification method, such as 
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ISODATA or the maximum-likelihood method. Forest cover types in North 

Korea, natural forest, plateau vegetation, unstocked forest, hillside farmland, 

and farmland in flatland, have similar reflectance values at a particular time. 

Therefore, the use of one-image information to classify land cover that has a 

similar reflectance value will result in many errors. 

In addition, many studies have successfully mapped species-level 

classification, mainly at highly localized spatial scales (Carleer and Wolff 

2004; Immitzer et al. 2012; Ke et al. 2010; Martin et al. 1998). These studies 

typically depended on data that had intensive hyperspectral or high-spatial 

resolution imagery, such as Ikonos, QuickBird, WorldView-2, and LiDAR, 

limiting their applicability to land-cover classification across larger regions 

where it is difficult to acquire data.  

Phenology information has been widely used for regional-to-global scale 

vegetation trends and change analysis (Funk and Budde 2009), and land cover 

classification (de Jong et al. 2011; Demir et al. 2013; Fensholt and Proud 2012; 

Fensholt and Rasmussen 2011; Fensholt et al. 2009). For land-cover 

classification based on time-series data, various methods have been 

developed.  

Kalensky and Scherk (1975) suggested that using multi-date images 

selected on the basis of spectral patterns can significantly improve image 

classification rather than on the basis of image availability alone. Wolter et al. 

(1995) achieved relatively accurate species type classification using multiple 

Landsat image dates to capture phenological changes of different tree species. 
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Hill et al. (2010) determined an autumn image with an image from both the 

green-up and full-leaf phases was the optimal combination to derive an 

improved tree species map. They demonstrated the usefulness of multiple 

image dates to capture significant phenology differences which improved 

classification results among the species.  

To achieve more detailed information on phenology in different types of 

landscapes, dense temporal images, such as MODIS images, are actively 

utilized. Yan et al. (2015) successfully classified various vegetative cover 

types using vegetation phenological characteristics from time series of 

MODIS-derived NDVI and EVI. Tuanmu et al. (2010), Kiptala et al. (2013), 

Akçakaya et al. (2009) are also demonstrated phenological information 

derived from MODIS images can improve the classification accuracy of 

various landscapes. 

Through these previous studies, we can see phenological information is 

helpful to improve vegetative cover classification based on phenologically 

significant differences among landscape types, especially among vegetative 

covers that have similar reflectance in one satellite image. However, although 

phenological analysis and time-series classification have been widely used, 

the connections between these two techniques have been rarely investigated 

in the literature, and most methods need numerous continuous satellite images 

to derive phenologically different variables.  

However, there is no satellite sensor that provides dense time-series images 

in fine spatial resolution. Therefore, there is a high urgency to find key 
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phenology-based indices for classification or monitoring vegetative cover and 

conduct phenology-driven classification with minimal datasets. To obtain 

dense time-series images in fine resolution applicable to achieve phenological 

information in fine resolution, a technique for enhancing spatial and temporal 

resolution is also necessary to obtain continuous satellite images in fine 

resolution. 

 

3. Techniques for remote sensing data classification 

Most previous land-cover classification studies have been focused on the 

classification of broad land-cover types, such as deforested areas or sand. In 

the classification algorithm, traditional classification methods, such as 

ISODATA (Wilson and Sader 2002; Zheng et al. 1997) and maximum 

likelihood (Cha and Park 2007), were used for classification of degraded 

forests for mapping. However, these are not appropriate for the classification 

of combined multi-date images because of the heterogeneous spectral 

signature of land-cover categories over large areas (Gómez et al. 2016).  

Previous studies of land cover and land-cover change mapping have 

provided valuable insight into vegetation status and dynamics. However, 

these insights cannot be used directly because the definition of forest varies 

widely among studies and does not provide sufficient levels of information 

for detection of subtle differences.  

Recently, machine-learning algorithms, such as neural network (Souza et al. 
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2013), support vector machines (SVM) (Adam et al. 2014), and random forest 

(RF), have been used to overcome these problems Among these algorithms, 

RF classification accuracy for mapping (Baccini et al. 2012; Grimm et al. 

2008) or neural network has been shown to be better than a support vector 

machine or a neural network. Thus, RF could help overcome the 

shortcomings of using multiple parameters (Adam et al. 2014; Clark et al. 

2010; Clerici et al. 2012; Eisavi et al. 2015; Senf et al. 2013). RF can be used 

in mountainous areas, where topographic variables tend to be highly collinear; 

thus, RF could improve forest classification (Franklin et al. 1994; Gartzia et 

al. 2013).  

Thus, RF combined with phenological information could improve the 

classification of farmland and semi-arid vegetation by capturing specific 

seasonal patterns of each landscape type (Dymond et al. 2002; Senf et al. 

2013). Synthetically, RF and phenological information could be used to 

improve the accuracy of the mapping of specific forest-cover types using 

various phenology-based indices. 

 

4. Techniques for enhancing spatial and temporal 

resolution 

Dense time-series data composed of satellite images with frequent coverage 

are important sources for studying land-surface dynamics, such as for 

monitoring phenology of vegetation (Jin and Eklundh 2014; Liu et al. 2015; 
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Shen et al. 2011), mapping deforested and degraded areas (Grinand et al. 2013; 

Jacques et al. 2014; Renó et al. 2011; Rishmawi and Prince 2016), and 

detecting land cover and land use change (Yang and Lo 2002; Zhu et al. 2012). 

Obtaining phenological information also requires dense time series fine-

resolution data. However, no single satellite sensor currently provides global 

coverage of dense time-series data with fine spatial resolution due to the 

tradeoff between pixel size and swath width as cloud contamination (Gevaert 

and García-Haro 2015; Zhu et al. 2016). 

There are two types of satellite images easily acquired and applicable over 

the past several decades, one with frequent coverage of every one or two days, 

but a coarse spatial resolution of from 250 m to 1 km, such as MODIS images 

(hereafter “coarse-resolution images”), and the other with fine spatial 

resolution of from 10 m to 30 m, but with a long revisit cycle of 16 days, such 

as Landsat images (hereafter “fine-resolution images”). The spatiotemporal 

data-fusion methods have been developed to fuse these two types of satellite 

images to generate data with both fine spatial resolution and frequent 

coverage(Fu et al. 2013; Gao et al. 2006; Gevaert and García-Haro 2015; 

Hilker et al. 2009; Huang and Zhang 2014; Song and Huang 2013; Zhu et al. 

2010; Zurita-Milla et al. 2008). These synthesized data can support the 

continuous information of land surface dynamics (Zhu et al. 2016).  

Data-fusion offers a possible solution to the current available images of 

different resolutions. Existing spatiotemporal data-fusion methods can be 

categorized into three groups: STARFM-based, unmixing-based, and 
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machine-learning-based. All of these methods need one or more observed 

pairs of coarse-(e.g., MODIS) and fine-(e.g., Landsat) resolution images for 

training and a coarse-resolution image of prediction data as input data. 

The Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM), 

first proposed by Gao et al. (2006), detects reflectance through similar 

neighboring pixels weighted by spectral, temporal, and spatial distances. It 

blends Landsat and MODIS data to generate Landsat-like imagery on a daily 

basis. Enhanced STARFM (ESTARFM) (Zhu et al. 2010) and Spatial 

Temporal Adaptive Algorithm for Mapping Reflectance Change (STAARCH) 

(Hilker et al. 2009) have been developed to overcome STARFM’s limitations. 

The STARFM-based, or weighted-function-based, approaches are 

particularly suited to reflectance changes caused by time, but not changes 

from land-cover change (e.g., the conversion of forested areas to built-up 

areas) (Zhu et al. 2016). However, STARFM-based methods proposed 

recently are strongly related to changes in similar pixels selected from input 

imagery, so that they are not effective in predicting spectrum-changed pixels 

that are sudden or are caused by phenology (e.g., a farmland spectral change 

from spring to summer or fall), or are not observed in input imagery (Fu et al. 

2013; Gao et al. 2006; Zhu et al. 2010).  

The Multisensory Multiresolution Technique (MMT), was proposed by 

Zhukov et al. (1999), as the first one to fuse images acquired at different 

sensors and different resolutions. MMT unmixes the coarse pixel with 

endmember fractions of each coarse pixel; it can also be called an unmixing-
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based method. Several studies have modified MMT and tried to improve the 

accuracy of the blending (Gevaert and García-Haro 2015; Zhu et al. 2016; 

Zurita-Milla et al. 2008). Unmixing-based fusion methods also require that 

no land-cover type change occur between the input and prediction dates 

(Gevaert and García-Haro 2015; Zhukov et al. 1999; Zurita-Milla et al. 2008). 

The Flexible Spatiotemporal Data Fusion Method (FSDAF) proposed by Zhu 

et al. (2016) is one of the advanced models that predict fine-resolution images 

in heterogeneous areas more accurately using minimal input data. However, 

it cannot capture how reflectance values have changed within a range in each 

band of input imagery. For landscapes such as farmland, grassland or other 

vegetative cover, the spectrum responds in a different way through seasonal 

change. However, in the FSDAF, it provides the same weights to bands in the 

target pixel, causing errors especially in land cover changes in in-class areas. 

Thus, there is an urgent need for the development of novel fusion methods 

that can achieve high prediction accuracy regardless of a spectral change by 

phenology or land-cover change. 

 

Figure 1. Summary of previous spatiotemporal data-fusion models. The light gray 

models need two fine-resolution images for input, and the dark gray models need 

one fine-resolution image for input.  
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III. Methods and materials  

This study proposes two methods for mapping and monitoring deforestation 

and degradation as follows: 1) determining key phenology-based indices and 

suggest an optimal combination that can effectively classify or monitor  

deforestation and degradation in North Korea; and 2) proposing a residual-

distribution-based spatiotemporal data-fusion model to monitor vegetative 

cover change in fine resolution. Figure 2 is the workflow of this study, and 

the details of each part are as follows. 
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Figure 2. Workflow of this study 
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1. Study area 

To determine the relevant variables for classifying the total main land-cover 

types in North Korea, the study area for the first part was chosen as the whole 

of North Korea as shown in Figure 3. North Korea encompasses 

approximately 123,138 km2 of land in far eastern Asia. The country is 

surrounded by rivers and ocean that comprise its borders with China and 

Russia in the north, and the 38th parallel forms its southern border with South 

Korea. North Korea has four distinct seasons: spring, summer, autumn, and 

winter. 

The majority of the land cover in North Korea is mountain forest. There are 

mountain ranges in the north and east regions of the country that have plateaus 

that rise above 2,000 m. Examples of high plateau areas include the Gaema 

and Baeckmu plateaus, which are dominated by shrubs and grasses (Cha et al. 

2009). The  stocked forests are temperate broadleaf, conifer, and mixed 

forest. In response to extreme pressure to provide adequate food and energy, 

the size of the forested area in North Korea has shown a clear decreasing trend 

starting in the 1990s (Schoene et al. 2007). This region is experiencing one of 

the highest deforestation rates in the world. Moreover, there is a high 

probability of continued forest degradation due to shifting, slash and burn 

fields for crop cultivation, and logging. Annually, approximately 127 

thousand hectares have been deforested, and forests in North Korea are 

already known to be among the most degraded in the world (LCLUC). The 

characteristic deforested land in North Korea includes areas in which crops 
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are cultivated after logging of the trees, and to which cultivation is then 

shifted onto terrace fields with slopes >16 degrees to produce food and fuel 

(Bhatia and Thorne-Lyman 2002; Tang et al. 2010; Zheng et al. 1997). In 

hillside fields, corn is the main crop. It is an annual plant with shallow roots, 

and is planted more densely on hillsides than is typical in flat land fields, 

which causes soil erosion and nutrient loss. 

 

Figure 3. Study site 

Unstocked forest (defined by the standard of South Korea, which is an area 

where the crown cover is <20% because of slash and burn), is covered with 

grasses and shrubs. In the flat lands the main land use types are paddies for 

rice production, fields for producing other crops such as potatoes and other 

vegetables, and built-up areas. This means that each type of vegetative cover 

presents a different phenological characteristic. More specifically, the 

farmland on the hillsides and the unstocked forests have different phenology 

from the woody and plateau vegetation (Thompson et al. 2013). 
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Figure 4. Monthly change and representative values of NDVI by vegetative cover 

types in North Korea 

 

The monthly NDVI values of each vegetative cover type in North Korea are 

similar (Figure 4). This means that there are several confusing values 

occurring between vegetative cover types if one uses a single image. In other 

words, there is a limit to classifying vegetation types when using a single 

image, especially in North Korea.  
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To overcome the reflectance value confusion that occurs when using one 

image, many researchers have tried to use the representative values of 

reflectance or NDVI value during the year. The representative values of 

NDVI by vegetative cover types of North Korea are also presented in Figure 

4. We can see that the representative NDVI values of each vegetative cover 

type are similar. For example, hillside field and plateau vegetation, unstocked 

forest and forest show similar mean values of NDVI. In addition, forest and 

plateau vegetation, farmland and hillside field have similar upper extreme 

values. This shows that there is also a limit to classifying vegetative cover in 

North Korea by only one type of phenological characteristic.  

 

2. Determine key phenology-based indices 

2.1  Data collection and pre-processing 

2.1.1 MODIS data collection 

The method proposed in this study relies upon the use of multi-temporal and 

multi-spectral images for classifying deforested areas according to the 

vegetation, soil, and water phenological characteristics identified. For this, 

this study the MODIS MOD13Q1 product acquired through USGS Earth 

Explore (www.earthexpoler.com) was used. MOD13Q1 data were used for 

deriving phenology-based indices and for predicting fine-resolution data 

through a spatiotemporal data-fusion model.   

http://www.earthexpoler.com/
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MOD13Q1 data were provided every 16 days at 250-m resolution, and 

included the Normalized Difference Vegetation Index (NDVI); Enhanced 

Vegetation Index (EVI); blue, red, and near infrared (NIR); and short-wave 

infrared (SWIR) reflectance. NDVI, RED, Blue, NIR, and SWIR bands were 

used in this study to extract biomass and chlorophyll content related to 

biological characteristics (Jensen and Cowen 1997) because most forest and 

crop plants have a relatively unique growth cycle (Yool et al. 1997). Therefore, 

this study retrieved the data from the MODIS tiles H27V05, H27V04, and 

H28V05 (which cover North Korea), from March to October (eight months), 

considering the growth cycles of the vegetation.  

Elevation and slope were added to the classification scheme as predictor 

variables, which were derived from the SRTM 30-m digital elevation model 

(DEM). Both elevation and slope were presented using UTM projection with 

a bilinear interpolation method, and resampled to a 231.7-m cell size to match 

the MODIS datasets. Thus, the input variables for classification are NDVI 

(Normalized Difference Vegetation Index), NDSI (Normalized Difference 

Soil Index), and NDWI (Normalized Difference Water Index) from March to 

October, and topographic variables such as elevation and slope.  

2.1.2 Pre-processing of time series data 

The time-series raw data from satellite sensors had signal noise (Clark et al. 

2010). We implemented smoothing of the time-series data and extraction of 

seasonality using TIMESAT v3.2(Eklundh and Jönsson 2015; Jönsson and 

Eklundh 2004) to reduce the influence of signal noise in the raw NDVI, Red, 
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NIR, and SWIR data from March to October 2013. This required at least two 

steps to obtain the phenological dates. First, a spectral profile was built to fit 

the discrete data into a smoothing curve (Gutman 1991; Holben 1986; Viovy 

et al. 1992); second, phenological dates were extracted based on the curves 

by applying certain thresholds or filtering models (Jonsson and Eklundh 2002; 

Lloyd 1990; Reed et al. 1994; Sellers et al. 1995). The function-fitting 

parameters used in TIMESAT were for the double logistic function, and the 

adaption strength was set to 2.0, the season cutoff to 0, and the start and end 

of the season threshold to 0.2. 

Figure 5 shows an example fit to NDVI, Red, NIR and SWIR temporally 

smoothed from a forest sample. The twelve phenological variables extracted 

for each growing season included the following: 1) length of the season, 2) 

base level (average of the left and right minimum values), 3) largest data value 

for the fitted function during the season, 4) seasonal amplitude, 5) rate of 

increase at the beginning of the season, 6) rate of decrease at the end of the 

season, 7) small seasonal integral, 8) large seasonal integral, 9) number of 

seasons in a calendar year, 10) time of the start of the season, 11) time of the 

end of the season, and 12) time of the middle of the season. Use of these 

temporal factors allowed the program to have ample data to fit a full function 

to the growing seasons of North Korea. 
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Figure 5. Raw and fitted MODIS NDVI (A), Red reflectance (B), NIR reflectan

ce (C), and SWIR reflectance (D): TIMESAT seasonality variables derived fro

m the functions are numbered on the figure for the interval from 2012. 1 to 20

13.12. 

 

2.2  Reference data collection 

2.2.1 Training samples collection 

Representative samples for each class were collected by field survey; 

reference data from Google Earth; and land-cover maps of North Korea, 

which were provided by the Korean Forest Service in 2007. Direct collection 

of regions of interests (ROIs) in the data-scarce, remote areas of North Korea 

is limited due to political conditions. In this study, only the Chinese side of 

the North Korea-China border could be accessed for field survey (Figure 5a). 

On the northern border along the Tumen River, 112 GPS points were collected 

and we simultaneously observed the land-cover types on the North Korean 
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side of the river. This study also interpreted the visual criteria of each land-

cover class (Table 1) in the satellite imagery of Quickbird and Google Earth 

(GE, http://www.google.com/earth/). Since GE launched in 2005, many 

studies have been conducted using GE to explore reference data (Clark et al. 

2010; Hu et al. 2013). Hillside field and unstocked forest still have confusing 

visual characteristics in satellite images. Therefore, the land-cover map of 

North Korea, classified using spot images, was referenced to distinguish 

deforestation types. 

The sampling method was demonstrated to have high accuracy for use with 

RF (Ye et al. 2013). All training points were selected across North Korea with 

point centers at least 500 m apart (Clark et al. 2010). The land-cover types of 

random points were identified by visual interpretation of each class (Table 1). 

The sample size per class was set to a minimum of 200 points for 

classification (Li et al. 2014), and total sample size was 1660 points 

containing the survey points (Figure 6). 

Table 1. Classification types and visual interpretation used for identifying training 

samples in satellite images 

Class Description 

Built up Urban and buildings. 

Waterbody Lakes, reservoirs and rivers. 

Paddy Flooded field used to cultivate rice.  

Field Crop field with annual crops on flatland. It can be 

distinguished from paddy or other landscapes by the 

characteristics of plow lines, rectilinear shapes. 

Hillside field Crop field with annual crops on the hillside. It can be detected 

by 3D view in Google earth that offers elevation information.   

Unstocked 

forest 

This class is covered with shrubs or grasses, where crown 

cover of trees has fallen to < 20% because of slash and burn. 

http://www.google.com/earth/
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This class can be confused with hillside field, but it can be 

detected by the texture and whether there are plow lines or not. 

Natural forest Trees are the major components.  

Plateau 

vegetation 

This class is covered with shrubs or grasses. It can be detected 

by elevation information and the distribution information from 

advanced research.  

 

2.2.2 Test samples collection 

Ground-truth points used for assessing the accuracy of our results were 

developed using a random-sampling method, which helps ensure that test 

samples are chosen in an unbiased manner and in proportion to the underlying, 

but as yet unmapped, land-cover and land use categories (Congalton and 

Green 2009).  

The random points created in ArcGIS 10.1 were overlaid on the GE images 

identifying land-cover classes using the visual criteria described in Table 1. 

The random samples of natural forest were overabundant; in contrast, there 

were few samples for built-up, paddy, plateau vegetation, and water as these 

areas covered only small fractions of the landscape. Thus, this study 

implemented a stratified random sampling (Clark et al. 2010) for these classes. 

The polygons for built-up, paddy, and water categories were extracted from 

the land-cover map provided by the Korean Forest Service as a reference, and 

random points for these landscapes were created. Because there was no 

information regarding the plateau vegetation on the forest map, random points 

for plateau vegetation were created within the polygons with elevation > 1800 

m. Finally, 999 sample points, with a minimum of 50 points in each class, 

were selected based on the recommendations of Congalton and 
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Green(Congalton and Green 2009) at intervals greater than 500m.  

 
Figure 6. 1660 independent training samples (A) were collected regarding eight land-

cover classes in North Korea with field survey. The 999 test points (B) used for the 

classification accuracy assessment were selected by random sampling. The displayed 

images are Landsat 8 OLE products. 

 

2.3  Phenology-based indices for classification 

2.3.1 Normalized phenology-based indices 

Normalized indices show a much higher classification accuracy compared 

to original un-transformed spectral data. This is because normalization can be 

used to compensate for changing conditions of illumination, surface slope, 

and spectral variability due to a reduction in the viewing angle (Simonetti et 

al. 2014). Such indices can effectively detect changes from early spring 
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growth to late season maturity and senescence. In this study, multiple indices, 

NDVI, NDSI and NDWI, were used to enhance the classification accuracy, 

which indicated the existence of vegetation, soil, and water, respectively 

(Takeuchi and Yasuoka 2004). The equations of the indices are as follows: 

 NDVI =
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
  (1) 

 NDSI =
𝑆𝑊𝐼𝑅−𝑁𝐼𝑅

𝑆𝑊𝐼 𝑅+𝑁𝐼𝑅
 (2) 

 NDWI =
𝑆𝑊𝐼𝑅−𝑅𝐸𝐷

𝑆𝑊𝐼𝑅+𝑅𝐸𝐷
 (3) 

where Red, NIR and SWIR are the surface reflectance for bands 1, 2, and 7, 

respectively, of MODIS. 

The NDVI is often used as an indicator to extract seasonal data from the 

relationships between spectral reflectance and vegetation canopy 

characteristics (Richard and Poccard 1998; Wang et al. 2005b; White and 

Nemani 2006). In this case, the R-band was used to represent spectral 

absorption by vegetation and the NIR-band the reflectance value (Equation 

1). Therefore, the NDVI can characterize the properties of vegetation well 

(Huete et al. 2002; Setiawan et al. 2016). The NDVI is commonly used to 

complete spatial and temporal comparisons of terrestrial photosynthetic 

activity; thus, it is among the indicators of the state of land degradation and 

of the rate of increase or decrease in photosynthesis, which provides 

biophysical information (Ceccato et al. 2001; Prince and Goward 1995; 

Tucker 1980). 

The NDSI is more sensitive to canopy structure (Deng et al. 2015) because 
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it identifies areas where soil is the dominant background or foreground 

material. The NDSI uses the SWIR- and NIR-bands (Equation 2), where 

SWIR represents the difference in the reflectance values between soil areas 

(Wolf 2010). Thus, the NDSI is a good indicator for separating areas of 

vegetation from areas of soil. 

The NDWI, using NIR and SWIR reflectance values (Gao 1996)(Equation 

3), is proposed for use in remote sensing of the liquid water content of 

vegetation canopies. It reflects surface canopy moisture and forest humidity 

(Gao 1996; Jiang et al. 2014). The NDWI has been used for monitoring water 

stress (Fensholt and Sandholt 2003), and for mapping burnt areas in boreal 

forest (Fraser and Li 2002). Thus, the changing pattern of the NDWI with the 

seasons could distinguish areas of natural vegetation, farmland, and soil, as 

related to moisture. 

 

2.3.2 Random forest algorithm 

RF has been used for classifying deforested areas in this study. RF is an 

ensemble of classification trees intended to improve classification accuracy 

(Breiman 2001). RF randomly selects samples of variables many times to 

produce a large number of classification trees. Each tree is individually 

trained on a bootstrapped sample of the training data and contributes a single 

vote for assignment of the most frequent class to the input data (Breiman 

2001). RF can handle thousands of input features, and has been applied 
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recently in remote-sensing studies (Pal 2005; Rodriguez-Galiano et al. 2012; 

Senf et al. 2012).  

Multi-temporal satellite images are effective in reducing the uncertainty 

associated with land-cover change (Grinand et al. 2013). Traditional 

classification algorithms (such as maximum likelihood) may not be 

appropriate for the classification of combined multi-date images because of 

the heterogeneous spectral signature of land-cover categories over large areas. 

To overcome this problem, roles for the RF classifier have recently emerged 

in remote sensing, and RF has been applied successfully in classifying 

complex land-cover status and dynamics.  

RF was built using the software R (Team 2009) and the RF package(Liaw 

and Winener 2002). The number of trees (ntree) was set to 500, which proved 

to be a sufficient number for previous experiments (Senf et al. 2012). At each 

node, a number of variables (mtry) were randomly sampled from a random 

subset of the features, and 100 runs were performed. To estimate the accuracy 

of trees, the out-of-bag prediction was used to estimate the accuracy of all 

trees, which represents an unbiased estimate of map accuracy, as long as the 

reference data were obtained via probability sampling (Senf et al. 2013). To 

verify the classification result, this study used the confusion matrix to 

estimate overall, user’s and producer’s accuracies, and the kappa coefficient 

(Jensen 2005; Jeong et al. 2016a).  
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2.4  Deforestation and degradation dynamics from 1990 to 

2016 

2.4.1 Data collection  

To extract degraded areas, this study needed to add a reference for use. This 

study selected as references and classified the forest during the 1990s because 

the forest in North Korea has shown a clearly decreasing trend starting from 

this period (Schoene et al. 2007). We used Landsat TM5 imagery downloaded 

from the US Geological Survey National Center for Earth Resources 

Observation and Science via the GLOVIS data portal (http://glovis.usgs.gov). All 

images in the early 1990s with cloud cover less than 5% for 12 Landsat scene 

tiles covering North Korea were selected. All Landsat images were 

atmospherically corrected.   

Table 2. Information on remote-sensing data for mapping land cover from 1990 to 

2016. 

Years 
Remote sensed 

Products 
Tiles (Path/Row) Acquired time 

1990s 
Landsat TM5 

(30m) 

115/030; 115/031 

115/032; 115/033 

116/031; 116/032 

116/033; 116/034 

117/031; 117/032 

117/033; 118/032 

1994-07-03; 1994-07-03 

1994-07-03; 1991-08-12 

1993-05-28; 1993-05-20 

1992-06-02; 1992-06-02 

1993-05-27; 1993-05-27 

1992-06-01; 1990-09-15 

2000 
MOD13Q1 (250m) 

(band1, 2, 5, 7) 

H27V04; H27V05 

H28V05 
DOY 065~ 305 2010 

2016 

 

The MODIS products of 2000, 2010, and 2016 and pre-processing were the 

http://glovis.usgs.gov/
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same as shown previously (2.1 MODIS and Landsat image data collection). 

2.4.2 Deforestation and degradation mapping 

The forest during the 1990s was used as the reference data; thus, we only 

classified the two kinds of land cover: forest and non-forest. Because the 

forest in North Korea, plateau forest, forests in the north, and forests in the 

south, show different reflectance and spatial differences, it is not clear where 

to find the reference training data for supervised classification, so 

unsupervised classification methods were considered for mapping. Various 

clustering algorithms are generally deployed in remote sensing. The two most 

well-known are the K-means and the ISODATA unsupervised classification 

algorithms. Both algorithms are strong in clustering, but the ISODATA 

algorithm supplies better results based on previous studies (EI_Rahman 2016). 

Deforestation and degradation mapping using the MODIS products used the 

RF classification model developed in the previous section to predict land 

cover during 2000, 2010, and 2016.  

Finally, this study used a change-detection method to analyze changed land 

cover areas, and categorized forest degradation and deforestation types. 

Because of the lack of reference images for collecting test points in other 

years, there were limitations in the accuracy assessment of the classification. 

Here, a change detection method was used to calculate the uncertainties 

instead of an accuracy assessment (Congalton and Green 2009). Based on the 

types of deforestation and degradation, this study suggested general strategies 
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for forest restoration planning.  

2.4.3 Computation of deforestation rates 

Because this paper used a different method and data to analyze forest during 

the 1990s than during other years, the information from the 1990s was 

considered as a separate case. For the purposes of standardization and 

comparison of statistics, the forest area data and time were used to calculate 

a standardized deforestation rate using the following formula (Armenteras et 

al. 2017; Puyravaud 2003): 

Deforestation rate =
1

(𝑡2 − 𝑡1)
 ∗ Ln(

𝐴2

𝐴1
) ∗ 100 

where 𝐴1 and 𝐴2 are the forest areas in years 𝑡1 and 𝑡2, respectively. 

For example, for a period from 𝑡1 = 1990 to 𝑡2 = 2000, 𝐴1 and 𝐴2 are 

the values of forest cover during 1990 and 2000. This standardization of 

deforestation rates makes the annual changes comparable across periods. 

Then, to derive the drivers of deforestation and degradation, this paper 

gathered information considering the scale of the observed changes during 

the study period. The information included agricultural expansion, policy 

change and others related to deforestation and degradation in North Korea 

from previous papers, reports, and news releases.  
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3. Spatiotemporal data-fusion method for monitoring 

deforestation and degradation 

3.1  Notations and definitions 

Before describing the details of the RDSFM, some notations and definitions 

are provided for convenience.  

(𝑥𝑖, 𝑦𝑖) : coordinate index of the ith pixel; 

𝐶1(𝑥𝑖, 𝑦𝑖 , 𝑏)  : band b value of coarse pixel (e.g., MODIS) at location 

(𝑥𝑖, 𝑦𝑖) observed at t1;  

𝐶2(𝑥𝑖, 𝑦𝑖 , 𝑏)  : band b value of coarse pixel (e.g., MODIS) at location 

(𝑥𝑖, 𝑦𝑖) observed at t2;  

F1(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) : band b value of the jth fine pixel (e.g., Landsat image) within 

the coarse pixel at location (𝑥𝑖, 𝑦𝑖) observed at t1;  

F2(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) : band b value of the jth fine pixel (e.g., Landsat image) 

within the coarse pixel at location (𝑥𝑖, 𝑦𝑖) observed at t2; 

𝑚 : the number of fine pixels (or subpixels) within one coarse pixel; 

𝑖 : index of a coarse pixel; 

𝑗 : index of a fine pixel within one coarse pixel (j=1, …m);  

𝑓𝑐(𝑥𝑖, 𝑦𝑗) : the fraction of class c of the (𝑥𝑖, 𝑦𝑖) coarse pixel;  

∆𝐶(𝑥𝑖, 𝑦𝑖, 𝑏) : change of band b value of the (𝑥𝑖, 𝑦𝑖) coarse pixel between 
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t1 and t2;  

∆𝐹(𝑐, 𝑏) : change of band b value of class c at fine resolution between t1 

and t2. 

3.2  Residual distribution based Spatiotemporal data fusion 

method 

3.2.1 Overview of the unmixing-based data fusion and FSDAF 

The unmixing-based data-fusion method was first proposed by Zhukov et 

al. (1999) for blending images acquired from different sensors and with 

different spatial resolutions. It applies four steps to predict a fine-resolution 

image: (1) Classify a fine-resolution image to define endmembers, (2) 

estimate the fractions of each endmember within each coarse pixel, (3) unmix 

the coarse pixel at the prediction time within a moving window, and (4) assign 

reflectance spectra to the fine-resolution pixel. 

Unmixing-based methods assign unmixed reflectance to fine pixels based 

on endmember fractions of each coarse pixel (Zhukov et al. 1999). Unmixing-

based fusion methods require that no land-cover type change occurs between 

the input and prediction dates. 

The FSDAF is one of the unmixing-based methods. It estimate the residuals 

using the result of the unmixing-based method and distributes the residuals to 

fine pixels. It is a key step to improve the accuracy of temporal prediction. It 

needs one pair of fine- and coarse-resolution images acquired at t1 and one 
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coarse-resolution image at t2. The FSDAF can more accurately predict fine-

resolution images in heterogeneous areas and it requires minimal input data 

(Zhu et al. 2016). The FSDAF has six main steps, and the detailed 

descriptions of each step are found in Zhu et al. (2016). 

1) Classify the fine resolution image at t1  

To obtain the fraction of each class within one coarse pixel, the fine-

resolution image at t1 is classified by unsupervised classification using all 

image bands. After classification of the fine-resolution image at t1, the class 

fraction within a coarse pixel was calculated by counting the number of fine 

pixels of each class: 

 𝑓𝑐(𝑥𝑖, 𝑦𝑖) = 𝑁𝑐(𝑥𝑖, 𝑦𝑖)/𝑚 (4) 

where 𝑁𝑐(𝑥𝑖, 𝑦𝑖) is the number of fine pixels belonging to class c within 

the coarse pixel at (𝑥𝑖, 𝑦𝑖), 𝑓𝑐(𝑥𝑖 , 𝑦𝑖) is the fraction of class c of the (𝑥𝑖, 𝑦𝑖) 

coarse pixel, and m is the number of fine pixels within one coarse pixel.  

2) Estimate the temporal change of each class  

For band b, the temporal change of the coarse pixel at (𝑥𝑖, 𝑦𝑖)  is 

∆C(𝑥𝑖, 𝑦𝑖, 𝑏) = 𝐶2(𝑥𝑖, 𝑦𝑖, 𝑏) − 𝐶1(𝑥𝑖, 𝑦𝑖, 𝑏) . According to spectral linear 

mixing theory, the temporal change of a coarse pixel is the weighted sum of 

the temporal change of all classes within it as follows: 

 ∆C(𝑥𝑖, 𝑦𝑖 , 𝑏) = ∑ 𝑓𝑐(𝑥𝑖 , 𝑦𝑖) 𝑙
𝑐=1 × ∆𝐹(𝑐, 𝑏), (5) 

where l is the number of classes. This equation is valid only when no land-

cover type change occurs between t1 and t2.  
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3) Predict the fine-resolution image and residuals from temporal changes 

The temporal change of each class can be assigned to relevant fine pixels 

without considering the within-class variability. If land-cover types do not 

change between t1 and t2, adding the temporal change to values of fine pixels 

observed at t1 can obtain the prediction of values of fine pixels at t2 as follows:  

 
𝐹2

𝑇𝑃(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) = 𝐹1(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)

+ ∆𝐹(𝑐, 𝑏) 𝑖𝑓 (𝑥𝑖𝑗 , 𝑦𝑖𝑗) 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑐𝑙𝑎𝑠𝑠 𝑐 
(6) 

where 𝐹2
𝑇𝑃(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏) is referred to as the temporal prediction because it 

only uses the temporal change information between input and prediction dates 

rather than any spatial information, such as spatial dependence.  

For each coarse pixel, its value is equal to the sum of the values of all the 

fine pixels inside it and a bias factor ξ , which is the system difference 

between two sensors caused by differences in bandwidth and solar geometry. 

This system difference can be considered constant between t1 and t2; thus the 

values of coarse pixels at t1 and t2 can be written as follows: 

 𝐶1(𝑥𝑖, 𝑦𝑖 , 𝑏) =
1

𝑚
∑ 𝐹1(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏)

𝑚

𝑗=1

+ 𝜉 (7) 

 𝐶2(𝑥𝑖, 𝑦𝑖 , 𝑏) =
1

𝑚
∑ 𝐹2(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏)𝑚

𝑗=1 + 𝜉. (8) 

The temporal prediction at t2 is not an accurate prediction where land-cover 

type change has occurred and large within–class variability exists. In the 

FSDAF, a residual term R between the true values and temporal prediction of 

the fine pixels was estimated. Distributing residual R(xi, yi, b) to fine pixels 
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within a coarse pixel is a key step in the FSDAF as follows:  

 

R(xi, yi, b) = ∆C(xi, yi, b) −
1

m
[∑ 𝐹2

𝑡𝑝
(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)

𝑚

𝑗=1

− ∑ 𝐹1(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)

𝑚

𝑗=1

] 

(9) 

4) Obtain TPS interpolation for guiding residual distribution 

Residuals of the temporal prediction mainly originate from land-cover type 

change and within-class variability. However, because the fine-resolution 

image is unknown at t2, all true information regarding land-cover type change 

and within-class variability is contained in the coarse-resolution image at t2, 

which further helps to distribute the residuals from the temporal prediction.  

For spatial prediction, the FSDAF used the thin plate spline (TPS) method 

to downscale the coarse-resolution image at t2. TPS is a spatial interpolation 

technique for point data based on spatial dependence. The value of each 

coarse pixel is attributed to the location at the center to obtain a regular point 

data set. TPS first fits a spatial-dependent function using known point data 

through minimizing an energy function. Because TPS prediction only uses 

spatial dependence of the coarse pixel, it produces a smooth result. The 

strength of TPS prediction is that it maintains the land-cover type change 

signals and local variability in the result.  

5) Distribute residuals to fine pixels 

The distribution of residuals from the temporal prediction to individual fine 
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pixels inside each coarse pixel is the key step to improving the accuracy of 

the temporal prediction. The FSDAF used a new weighted function to 

distribute more residuals to the subpixels with larger errors.  

In a homogenous landscape, TPS spatial prediction presents the true values 

of fine pixels at t2, and the error of the temporal prediction can be estimated 

as follows: 

 Eho(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏) = 𝐹2
𝑠𝑝(xij, yij, b) − F2

TP(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏) (10) 

However, the error estimated is not valid for fine pixels in heterogeneous 

landscapes or at edges between two land-cover types, because TPS prediction 

smoothed these edges in space. Where the landscape is heterogeneous, or at 

land-cover edges, assuming that all fine pixels within a coarse pixel with 

equal error is reasonable if there is no other information available as follows: 

 𝐸ℎ𝑒(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) = 𝑅(𝑥𝑖, 𝑦𝑖 , 𝑏) (11) 

To integrate two cases into one weighted function to guide the residual 

distribution, a homogeneity index was used as follows:  

 𝐻𝐼(𝑥𝑖𝑗 , 𝑦𝑖𝑗) = (∑ 𝐼𝑘
𝑚
𝑘=1 )/𝑚 , (12) 

where Ik = 1 when the kth fine pixels within a moving window with the 

same land-cover type as the central fine pixel (xij, yij) is being considered, 

otherwise Ik = 0. HI ranges from 0 to 1, and larger values indicate a more 

homogenous landscape. The weight for combining the two cases through HI 

is as follows: 
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𝐶𝑊(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) = 𝐸ℎ𝑜(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) × 𝐻𝐼(𝑥𝑖𝑗 , 𝑦𝑖𝑗) +

𝐸ℎ𝑒(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) × (1 − 𝐻𝐼(𝑥𝑖𝑗, 𝑦𝑖𝑗)). 

(13) 

The weight is then normalized as follows: 

 𝑊(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) = 𝐶𝑊(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)/ ∑ 𝐶𝑊(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏)𝑚
𝑗=1 . (14) 

Then the residual is distributed to the jth fine pixel as follows: 

 𝑅(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) = 𝑚 × 𝑅(𝑥𝑖, 𝑦𝑖 , 𝑏) × 𝑊(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏). (15) 

Summing the distributed residual and the temporal change, the FSDAF 

obtains the prediction of the total change of a fine pixel between t1 and t2: 

∆𝐹(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) = 𝑟(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) + ∆𝐹(𝑐, 𝑏) if (𝑥𝑖𝑗, 𝑦𝑖𝑗) belongs 

to class c. 

(16) 

6) Obtain a robust prediction of a fine image using neighborhood 

For reducing the uncertainties in final predictions while mitigating the block 

effect, the FSDAF used a similar strategy as that of STARFM to obtain a more 

robust prediction of fine pixel values at t2. The FSDAF used the weight which 

was determined by the spatial distance between similar pixels and the target 

pixel. Adding this final estimate of total change to the initial observation at t1 

yields the final prediction of the target pixel value at t2 as follows: 

𝐹2(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) = 𝐹1(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) + ∑ 𝑤𝑘

𝑛

𝑘=1

× ∆𝐹(𝑥𝑘, 𝑦𝑘, 𝑏) (17) 

The strengths of FSDAF are that 1) it needs minimum input data, 2) it is 

suitable for heterogeneous landscapes, 3) it can predict both gradual change 
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and land-cover type change.  

In FSDAF, the distribution of residual R to fine pixels within a coarse pixel 

is a key step to improve the accuracy of the prediction. The strategy of 

distributing residuals uses a homogeneity index, which indicates the 

homogenous rate of one coarse pixel. However, although estimating and 

distributing residuals are essential ideas for increasing accuracy in mixed 

pixels, the prediction accuracy of pixels caused by phenology or land-cover 

change is even lower, because the weights for distributing residuals are the 

same in each band, but the range of change of each band has a different trend. 

As mentioned for FSDAF, the distribution of the residuals from the temporal 

prediction to individual fine pixels inside each coarse pixel is the key step to 

improving the accuracy of the temporal prediction. Errors of temporal 

prediction are mainly caused by land-cover type change and a spectral 

changed within-class. The FSDAF used the homogeneity index (HI), which 

ranges from 0 to 1 and indicates the degree of homogeneity and heterogeneity. 

HI is decided using the pixels within a moving window (its size is one coarse 

pixel) with the same land-cover type as the target pixel, and the land-cover 

types are determined by a fine-resolution image at t1; however, 

misclassification will occur in landscapes with similar reflectance by season, 

such as bare ground, farmland and grassland, etc.  

When applying the FSDAF method to areas with seasonal change, it shows 

high accuracy in the red band and in pure pixels, such as forest (Figure 7a), 

but many errors appear in farmland. For the NIR band, prediction errors are 
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distributed in all test areas, and large errors appear in farmland (Figure 7b). 

In short, the FSDAF shows strength in predicting homogeneous and 

heterogeneous pixels, but it did not improve the accuracy of pixels with  

land-cover change or a spectral change from phenology.   

 

Figure 7. Error distribution in red band (a) and NIR band (b) between FSDAF-

predicted and observed values. The time of base images are 9/10/14 and the predict 

time is 5/21/14. The blanks are pixels with clouds in predicted time. 

 

3.2.2 Residual-distribution-based spatiotemporal data-fusion 

method 

In this study, improvement solutions for the prediction of pixels with land-

cover change or spectral change will be proposed, based on distributed 

residuals.  

Most landscapes in temperate zones have phenology characteristics, and the 

reflectance of each band changes within-class according to the seasonal 
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change, such as farmland, grassland, wetland, riverside, etc. Figure 8 

represent the spectrum of each land cover during different seasons. Figure 8a 

describes the spectrum in built-up areas; the spectral changes between two 

seasons is nearly equal to 0. For the vegetation-covered areas of farmland 

(Figure 8c) and forest (Figure 8b), we can see the most spectral change was 

in band 5(NIR band) because the NIR band responds sensitively to leaf 

growth. Figure 8d shows the riverside changed from water to bare ground 

depending on the water flow; we can see the spectrum completely changed 

between the two seasons. However, the range of changed values in each band 

shows a large difference by each land-cover type. This will result in several 

errors when these land-cover types are mixed in one coarse pixel and 

distribute the residuals only by heterogeneous degree. 

 

Figure 8. The spectrum of land-cover types during different seasons. The reflectance 

value of each band was extracted using Landsat 8 OLI.   
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This study proposed a Residual-Distribution-based Spatiotemporal data-

fusion Method (RDSFM), attempting to use the correlation between two 

images to improve the fusion accuracy for remote-sensing images of different 

temporal and spatial characteristics. The RDSFM includes five main steps: 1) 

predict a fine image at t2 using an unmixing-based method, 2) estimate the 

residuals between real changed values and predicted changed values, 3) 

estimate the weights based on MAD variates and a heterogeneous index for 

each subpixel and each band, 4) distribute the residuals to fine pixels, and 5) 

final prediction using information in the neighborhood. 

Detailed descriptions of the steps of the RDSFM are given below. It needs 

one fine-resolution image and a coarse image at t1, and one coarse-resolution 

image at the prediction time. The work flow of the method can be seen in 

Figure 9. 
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Figure 9. Workflow of the RDSTM  

 

1) Predict fine-resolution image at t2 using the unmixing based 

method 

In this step, the unmixing-based method was used for predicting the 

temporal change without considering the within-class variability. First, to 

obtain the fraction of each class within a coarse pixel, the fine-resolution 

image at t1 is classified by unsupervised classification. This step is the same 

as the unmixing-based method used in FSDAF (Zhu et al. 2016) (see Equation 

(4) ~ (6)).  
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𝐹2
𝑇𝑃(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) = 𝐹1(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)

+ ∆𝐹(𝑐, 𝑏) 𝑖𝑓 (𝑥𝑖𝑗 , 𝑦𝑖𝑗)  𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑐𝑙𝑎𝑠𝑠 𝑐 
(18) 

2) Estimate the residuals  

The real changed values between t1 and t2 can be written as follows:  

 ∆𝐶(𝑥𝑖, 𝑦𝑖, 𝑏) = 𝐶2(𝑥𝑖, 𝑦𝑖, 𝑏) − 𝐶1(𝑥𝑖, 𝑦𝑖, 𝑏) . (19) 

The predicted fine-resolution image at t2 is not an accurate prediction if a 

spectral change has occurred. The predicted change values between the 

temporal prediction of the fine-resolution image at t2 and the real fine-

resolution image at t1 is as follows: 

∆𝐹(𝑥𝑖, 𝑦𝑖, 𝑏) =
1

𝑚
∑ 𝐹2

𝑇𝑃𝑚
𝑗=1 (𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) −

1

𝑚
∑ 𝐹1

𝑚
𝑗=1 (𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) . (20) 

Between the real changed values and the temporally predicted changed 

values, there are residuals. These residuals mainly are caused by a spectral 

change, such as a land-cover type change and within-class variability across 

the image (Zhu et al. 2016). Distributing residuals R(xi, yi, b) to fine pixels 

within a coarse pixel is important to improve the accuracy of the predict fine 

pixel value at t2. The residual R between the true changed values and the 

predicted changed values can be derived as follows:  

 𝑅(𝑥𝑖, 𝑦𝑖, 𝑏) = ∆𝐶(𝑥𝑖, 𝑦𝑖 , 𝑏) − ∆𝐹(𝑥𝑖, 𝑦𝑖 , 𝑏) . (21) 

In FSDAF, residual distribution is based on the degree of heterogeneity 

distributing the spectral changed values, but it only depends on the classes 

classified by the fine-resolution image at t1. Because different landscape 

types have similar reflectance at a particular time, it will be misclassified and 
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generate errors in some cases.  

3) Estimate MAD-based weights using IR-MAD  

For distributing the residuals to each subpixel more properly, this study 

introduced a weight based on multi-variates between the images at t1 and t2. 

It is estimated by iteratively regularized multi-variate alteration detection (IR-

MAD), which detect changes in multi-variate data acquired at two points in 

time covering the same geographical region (Nielsen 2007).  

The IR-MAD method (Nielsen 2007) is adopted for multi-variate 

calculation, owing to its effectiveness, speed, and fully automatic processing. 

For IR-MAD it is customary to calculate the difference between two images; 

the areas that exhibit no or small changes have zero or low absolute values 

and areas with large changes have large absolute values in the different image.  

The main idea of IR-MAD is a simple iterative scheme to place high weights 

on observations that exhibit little change over time. The IR-MAD algorithm 

is an established change detection technique based on canonical correlation 

analysis. Mathematically, the IR-MAD tries to identify linear combinations 

of two variables, 𝑎𝑇𝑋  and 𝑏𝑇𝑌 , to maximize the objective function 

𝑚𝑎𝑥𝑎,𝑏 𝑣𝑎𝑟(𝑎𝑇𝑋 − 𝑏𝑇𝑌)  with 𝑉{𝑎𝑇𝑋} = 𝑉{𝑏𝑇𝑌} = 1 . The dispersion 

matrix of the MAD variates is as follows:   

𝐷 = 𝑉{𝑎𝑇𝑋 − 𝑏𝑇𝑌} = 𝑉{𝑎𝑇𝑋} + 𝑉{𝑏𝑇𝑌} − 2𝑐𝑜𝑣{𝑎𝑇𝑋, 𝑏𝑇𝑌}

= 2(1 − 𝑐𝑜𝑟𝑟{𝑎𝑇𝑋, 𝑏𝑇𝑌}). 
(22) 

A MAD variate is the difference between the highest order canonical 
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variates and it can be expressed as follows:  

[
𝑋
𝑌

] → [
𝑎𝑝

𝑇𝑋 − 𝑏𝑝
𝑇𝑌

⋮
𝑎1

𝑇𝑋 − 𝑏1
𝑇𝑌

] (23) 

where 𝑎𝑖  and 𝑏𝑖  are the defining coefficients from a standard canonical 

correlation analysis.  

Using a brief derivation, the objective function can be reformulated to 

minimize the canonical correlation of two variables, that is 𝑚𝑖𝑛𝜆 =

𝑐𝑜𝑟𝑟(𝑎𝑇𝑋, 𝑏𝑇𝑌), where corr represents a correlation function. If we let the 

variance-covariance matrix of X and Y be Σ𝑋𝑋 and Σ𝑌𝑌, respectively, and 

their covariance be Σ𝑋𝑌 , the correlation can be formulated to Rayleigh 

quotients as follows: 

 min 𝜆2 =
𝑎𝑇Σ𝑋𝑌Σ𝑌𝑌

−1Σ𝑌𝑋𝑎

𝑎𝑇Σ𝑋𝑋𝑎
=

𝑏𝑇Σ𝑋𝑌Σ𝑋𝑋
−1Σ𝑌𝑋𝑏

𝑏𝑇Σ𝑌𝑌𝑏
 (24) 

Equation (24) is just an eigenvalue problem, that is Σ𝑋𝑌Σ𝑌𝑌
−1Σ𝑌𝑋𝑎 = 𝜆2Σ𝑋𝑋𝑎, 

and hence the solutions are the eigenvectors of 𝑎1, … , 𝑎𝑛 corresponding to 

the eigenvalues 𝜆1
2 ≥ ⋯ ≥ 𝜆𝑛

2 ≥ 0  of Σ𝑋𝑌Σ𝑌𝑌
−1Σ𝑌𝑋  with respect to Σ𝑋𝑋 . 

Now assuming that the MODIS image is preprocessed to be zero mean, we 

denote MAD = 𝑎𝑇𝑋 − 𝑏𝑇𝑌 as the MAD components of the combined bi-

temporal image.  

Because the MAD variates are linear combinations of the measured 

variables, they will have an approximate Gaussian distribution with the 

central limit theorem. Thus, MAD can represent the relative changes in 



- 49 - 

 

subpixels in a coarse-resolution pixel. In this process, the ENVI extension for 

IR-MAD generated by Mort Canty (2013)1 was used for running the IR-

MAD and obtaining the MAD variates. 

MAD values are determined by the correlation between two images; a larger 

value means much change occurred in the spectrum, indicating changed areas, 

and lower values means there are no changes in the spectrum and indicate the 

areas are the same as the previous image. Here, the input data for multi-variate 

calculation are a fine-resolution image at t1 and coarse-resolution image at t2, 

which resampled to a fine resolution through a bilinear interpolation method.  

4) Distribute the residuals to the fine pixel 

Errors in temporal prediction are mainly caused by land-cover type change 

and within-class variability across the image. Therefore, this study proposed 

a new weighted function to distribute residuals to subpixels, considering the 

variates in each band and the heterogeneous degree. This study introduced a 

multi-variate-based weight as follows: 

𝑊𝑀𝐴𝐷(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) = 𝑀𝐴𝐷(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)/ ∑ 𝑀𝐴𝐷

𝑚

𝑖=1

(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) (25) 

The HI proposed by Zhu et al. (2016), which represent the degree of 

heterogeneity, was also used for distributing the residuals. 

                                           

1 Open source IDL code : https://mortcanty.github.io/src/idldoc/index.html 
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 𝐻𝐼(𝑥𝑖𝑗 , 𝑦𝑖𝑗) = (∑ 𝐼𝑘

𝑚

𝑘=1

)/𝑚 (26) 

where Ik approaches 1 means the kth fine pixels within a moving window 

with the same land cover type as the central fine pixel (𝑥𝑖𝑗, 𝑦𝑖𝑗)  being 

considered, otherwise Ik approaches 0. HI ranges from 0 to 1, and larger 

values indicate more homogeneous landscape, and smaller values indicate 

more heterogeneous. The weight for combining the two cases is:  

𝑊(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) = 𝑅(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) ∗ (1 − 𝐻𝐼(𝑥𝑖𝑗 , 𝑦𝑖𝑗)) + 𝑅(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏)

∗ 𝑊𝑀𝐴𝐷(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏) 

(27) 

The weight is then normalized as follows:  

𝑊𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) = 𝑊(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏)/ ∑ 𝑊(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏)

𝑚

𝑗=1

 (28) 

Then, the residual distributed to jth fine pixel is as follows: 

𝑟(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) = 𝑊𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) ∗ 𝑅(𝑥𝑖, 𝑦𝑖 , 𝑏) (29) 

Summing the distributed residual and the temporal change, we can obtain 

the prediction of the total change of a fine pixel between t1 and t2 as follows: 

∆𝐹(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏) = 𝑟(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏) + [𝐹2
𝑇𝑃(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) − 𝐹1(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏)] (30) 

5) Final prediction using information in neighborhood 

In theory, adding the total change estimated in Eq. (30) to the value of the 

fine pixel at t1 can obtain the final prediction at t2. However, because the 

prediction is processed on a pixel-by-pixel basis, it unavoidably has many 
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uncertainties caused by errors during the previous steps and noise contained 

in all input images. Moreover, the distribution of MAD weights implemented 

with a fine-resolution image and interpolated with a coarse-resolution image 

leads to uncertainties in detail. Also, a block effect can occur from the residual 

within each coarse pixel. Many previous spatiotemporal data-fusion methods, 

such as STARFM, FSDAF, and ESTARFM, used additional neighborhood 

information to reduce the uncertainties and mitigate block effects in the final 

prediction (Gao et al. 2006; Zhu et al. 2010; Zhu et al. 2016). In this study, a 

similar strategy as that of FSDAF to obtain a more robust prediction of fine 

pixel values at t2 was used.  

In the fine image at t1, for a target fine pixel (𝑥𝑖𝑗, 𝑦𝑖𝑗), n fine pixels (named 

as similar pixels including the target pixel itself) with the same class and 

smallest spectral difference from the target fine pixel within its neighborhood 

are selected. For the number of similar pixels n, Zhu et al. (2016) 

recommended selecting 20 similar pixels in practice as follows: 

 𝑆𝑘 = ∑[
|𝐹1(𝑥𝑘, 𝑦𝑘, 𝑏) − 𝐹1(𝑥𝑖𝑗 , 𝑦𝑖𝑗, 𝑏)|

𝐹1(𝑥𝑖𝑗 , 𝑦𝑖𝑗 , 𝑏)
]

𝐵

𝑏=1

 (31) 

Then, the weight of each similar pixel is determined by the spatial distance 

between similar pixels and the target pixel. The spatial distance of kth similar 

pixel Dk is a relative distance defined in ESTARFM (Zhu et al. 2010) as 

follows: 
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 𝐷𝑘 = 1 + √(𝑥𝑘 − 𝑥𝑖𝑗)
2

+ (𝑦𝑘 − 𝑦𝑖𝑗)
2

/(
𝑤

2
) (32) 

where w is the size of the moving window and neighborhood. Dk is a relative 

distance ranging from 1 to 1 + √2. Assuming that similar pixels are further 

away and contribute less to the estimated target pixel, the weight for the kth 

similar pixel is calculated as follows:  

 𝑊𝑘 = (
1

𝐷𝑘
)/ ∑(

1

𝐷𝑘
)

𝑛

𝑘=1

 (33) 

Change information for all similar pixels is summed by weight to obtain the 

total change value of the target pixel. Adding this final estimate of total 

change to a fine-resolution image at t1, the final prediction of the target pixel 

at t2 can be calculated as follows: 

𝐹2(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏) = 𝐹1(𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑏) + ∑ 𝑊𝑘

𝑛

𝑘=1

× ∆𝐹(𝑥𝑖𝑗, 𝑦𝑖𝑗 , 𝑏) (34) 

3.2.3 Testing experiment 

For the experiments, this study tested Landsat images covering two study 

areas with contrasting spatial and temporal dynamics, i.e. one with a complex 

and heterogeneous landscape and another with a land-cover-type change. 

These two sites have been used to evaluate different spatiotemporal data-

fusion methods, including STARFM, ESTARFM, FSDAF, etc. These sites 

can be used as a benchmark for comparing or testing spatiotemporal data-

fusion methods. 

At the first site with a complex and heterogeneous landscape, two cloud-
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free Landsat 7 ETM+ images covered southern New South Wales, Australia 

(145.0675ºE, 34.0034ºS). The two Landsat images (Path/Row 93/84) were 

acquired on November 25, 2001 and January 12, 2002 respectively. The major 

land cover types in this area are irrigated rice cropland, dryland agriculture, 

and woodlands. Rice croplands are often irrigated during October and 

November (Emelyanova et al. 2013; Zhu et al. 2016).  

 

Figure 10. Test data in a complex and heterogeneous landscape: Landsat images 

acquired on (a) November 25, 2001 and (b) January 12, 2002, (c) and (d) are the 
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corresponding MODIS images with a 500-m spatial resolution to (a) and (b). All 

images use red-green-blue as RGB, and MODIS images are resampled to have the 

same image size as the Landsat images. 

The second site with land-cover-type change is in northern New South 

Wales, Australia (149.2815ºE, 29.0855ºS). This site covers an area of 20 km 

× 20 km and is relatively homogenous, with large parcels of croplands and 

natural vegetation. Two Landsat images were acquired on November 26, 2004 

and December 12, 2004 (Path/Row 91/80). A large flood occurred in 

December 2004. From the Landsat image of December 12, 2004, we can see 

a large inundated area. The flood event caused land-cover-type change to 

water in some pixels.  

 

Figure 11. Test data in area with land-cover type change: Landsat images acquired 
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on (a) November 26, 2004 and (b) December 12, 2004, (c) and (d) are the 

corresponding MODIS images with a 500-m spatial resolution to (a) and (b). All 

images use red-green-blue as RGB, and MODIS images are resampled to have the 

same image size as the Landsat images. 

3.2.4 Comparison and evaluation of accuracy assessment 

The performance of RDSTM was also compared to the unmixing-based 

data-fusion algorithm (UBDF) (Zhukov et al. 1999) and FSDAF algorithm 

(Zhu et al., 2016), because the proposed algorithm is also unmixing-based. 

The fine-resolution images predicted using the two methods were compared 

to the true images quantitatively and visually. Several indices were calculated 

to represent the different aspects of accuracy. Root mean square error (RMSE) 

was used to gauge the difference between the predicted reflectance and the 

actual reflectance. Correlation coefficient r was used to show the linear 

relationship between the predicted and actual reflectance. The functions for 

RMSE and r are as follows:  

 RMSE = √
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1

𝑛
 (35) 

where n is the number of samples, Pi is the predicted value of pixel I, and 

Oi is the observed value in pixel i:  

 r =
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛

𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 (36) 

where xi, yi are the single sample indexed with I, and �̅� =
1

𝑛
∑ 𝑥𝑖𝑛

𝑖=1  (the 

sample mean), and analogously �̅�. 
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The average difference (AD) between the predicted and true images was 

used to represent the overall bias of predictions. A positive AD indicates that 

the fused image generally overestimates the actual values, while a negative 

AD represents underestimation.  

In addition to the aforementioned quantitative assessment, a visual 

assessment index, structure similarity (SSIM) (Wang et al. 2004; Zhu et al. 

2016), was also used to evaluate the similarity of the overall structure between 

the true and predicted images as follows: 

 SSIM =
(2𝜇𝑋𝜇𝑌 + 𝐶1)(2𝜎𝑋𝑌 + 𝐶2)

(𝜇𝑋
2 + 𝜇𝑌

2 + 𝐶1)(𝜎𝑋 + 𝜎𝑌 + 𝐶2)
 (37) 

where 𝜇𝑋 and 𝜇𝑌 are means; 𝜎𝑋 and 𝜎𝑌 are the variance of the true and 

predicted images, respectively; 𝜎𝑋𝑌 is the covariance of the two images; and 

𝐶1  and 𝐶2  are two small constants to avoid unstable results when the 

denominator of Eq. 35 is very close to zero. A SSIM value closer to 1 indicates 

more similarity between the two images.  

 

3.3  Monitoring deforestation and degradation using RDSFM 

The aim of this part is to develop a transparent and cost-effective method to 

obtain a reliable deforestation and forest degradation map that can be easily 

applied to other regions in North Korea or other regions that have 

heterogeneous vegetative cover. 

3.3.1 Study area for monitoring 
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The study area (Figure 12) for monitoring deforestation and degradation is 

the range of one Landsat image (Path/Row 117/032). The study area includes 

parts of North Pyongan province, South Pyongan province and Chagang 

province. Chagang province is one of the mountainous provinces and is 98% 

forest. North Pyongan province is bordered on the north by China, on the east 

by Chagang province, and on the south by South Pyongan province. North 

Pyongan province and South Pyongan province are among the most 

fragmented areas as result of deforestation and agriculture practices. Because 

this area is near the Pyeongyang region, the pressure of deforestation has been 

increasing. For monitoring deforestation and degradation, the study was 

conducted during 2014, when drought was the worst, so that the vegetation 

condition decreased while degradation increased due to climate. The 

reference year chosen was 2001, when the temperature and precipitation were 

similar to that of average years.  
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Figure 12. Study area for degradation mapping 

 

To construct time series Landsat-like images monthly, cloud-free Landsat 8 

OLI images (band 3~6) covering an area of 148 km × 165 km in southern 

North Korea was used as the fine image at t1. The false color composite of 

Landsat images and their corresponding MODIS images are shown in Figure 

11. The two Landsat images (Path/Row 117/032) were acquired on September 

10, 2014 (Figure. 13a) and May 21, 2014 (Figure. 13b), respectively.  

The major land-cover types in this area are irrigated rice cropland, farmland, 

hillside field, and woodlands. Rice croplands and farmland are irrigated from 

April to June. In this part, the pair of images on November 10, 2014 and the 

MODIS image on May 21, 2014 were used to predict the Landsat image in 
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Figure. 13b.  

The Landsat image was atmospherically correlated and converted radiance 

data to surface reflectance using FLAASH in ENVI 5.4. During the process 

of RDSFM, Figure. 13a was classified into a maximum of 10 spectral classes 

using the ISODATA method.  

Table 3. Information of test images 

Data 

type 

Acquire 

time 

Spatial 

resolution 
Cloud Location Band Role 

Landsat 

8 OLI 

2014.09.10 
30m 

0% Path/Row 

117/032 

Band 

3~6 

Input/Fine 

image at t1 

2014.05.21 50% Accuracy test 

MCD43

A4 

2014.09.10 

480m 

- 

H27V 
Band1,

2, 6, 7 

Input/ coarse 

image at t1 

2014.05.21 - 
Input/ coarse 

image at t2 
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Figure. 13. Test data in the study area with both heterogeneous and spectrum of land-

cover changes by phenology: Landsat images (4928 × 5504 pixels) acquired on (a) 

September 10, 2014 and (b) May 21, 2014. (c) and (d) are 480-m MODIS images. 

All images using RGB and MODIS images were resampled to the same image size 

as the Landsat images. 

 

In this part, two Landsat images, acquired on May 21, 2014 and October 28, 

2014 were selected to test the fusion accuracy, considering the different time 

intervals from the input image. To demonstrate the method effectiveness in 
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heterogeneous and homogeneous landscapes, sample site 1 and sample site 2 

were selected, respectively (Figure 14). Sample site1 represents an area that 

is the most fragmented and heterogeneous. The main landscapes in sample 

site1 are rice fields, crop fields, a water body and some forest. Sample site 2 

represents an area with a homogeneous landscape. The main landscapes in 

sample site 2 are forest and some farmland. The sample sites were chosen in 

each image considering the least impacts from cloud cover. Furthermore, the 

image of the whole study area was verified through R, RMSE, AD and SSIM. 

 

Figure 14. Validation images acquired on (a) May 21,2014 and (b) October 28, 2014.  

 

3.3.2 Application to deforestation and degradation monitoring 

To propose a cost-effective method for monitoring land use change, 

particularly as previously mentioned, key phenological variables for land-

cover classification of North Korea derived in the first part, and the 
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spatiotemporal method proposed in second part, were used for land-cover 

classification during 2001 and 2014. Through the land-cover classification 

results of two periods, the degradation that occurred from 2001 to 2014 was 

detected.  

Because there is no reference data for the past time, unsupervised 

classification methods were considered for mapping. Various clustering 

algorithms are generally deployed in remote sensing. The two most well-

known are the K-means and ISODATA unsupervised classification algorithms. 

Both algorithms are strong in clustering, but the ISODATA algorithm supplies 

better results as documented in previous studies (EI_Rahman 2016).  

Therefore, an ISODATA classifier was used for mapping land cover during 

2001 and 2014. ISODATA computes class means consistently circulated in 

the data space before iteratively clustering the continuing pixels utilizing 

least-distance approaches. Every iteration recalculates means as well as 

reclassifies pixels with respect to the new means, while in the K-means 

approach, the number of clusters K remains the same throughout the iteration, 

although it may be found later that more or fewer clusters would fit the data 

better. This drawback can be overcome in the ISODATA algorithm, which 

allows the number of clusters to be adjusted automatically during the iteration 

by merging similar clusters and splitting clusters with large standard 

deviations.  

Ground-truth points used for assessing the accuracy of our results were 

established using a random-sampling method, which helps ensure that test 
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samples are chosen in an unbiased manner and in proportion to the underlying, 

but as yet unmapped, land-cover and land use categories (Congalton and 

Green 2009).  

The random points made in ArcGIS 10.1 were overlaid on the GE images 

identifying land-cover classes using the visual criteria described in Table 3. 

The random samples of natural forest were overabundant; in contrast, there 

were few samples for plateau vegetation, as these areas covered only small 

fractions of this site. Thus, this study implemented a stratified random 

sampling(Clark et al. 2010) for these classes. Because there was no 

information regarding plateau vegetation on the forest map, random points 

for plateau vegetation were established within the polygons with an elevation 

> 1,800m. Finally, 331 sample points, with a minimum of 30 points in each 

class, were selected based on the recommendations of Congalton and Green 

(Congalton and Green 2009) at intervals over 30m.  

To verify the classification result, a confusion matrix was used to estimate 

overall, user’s and producer’s accuracies, and the kappa coefficient (Jensen 

2005; Jeong et al. 2016a).  

Finally, a change detection method was used to analyze the land-cover-

change areas, and categorized forest degradation and deforestation types. 

Through the types of deforestation and degradation, this study suggests 

general strategies for forest restoration planning.  
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IV. Results and discussions 

1. Key phenological–based indices for classification 

1.1  Temporal indices of land-cover classes 

Figure 15 shows that the phenological characteristics (via NDVI, NDSI, and 

NDWI) of the paddies, flatland fields, hillside field, unstocked forest, forest, 

and plateau vegetation fluctuated during the growing season. The NDVI 

consistently increased from March to June for forest, unstocked forest and 

plateau vegetation during the growing season, and decreased during the 

period from August to October (end of the growing season). For paddy, field 

and hillside field the growing season extended to July. The highest NDVI 

value of all land-cover classes was observed during July and August. All 

landscapes showed slightly different trends of change in the NDVI value. 

Natural forest had the highest NDVI value during all periods (mainly 

consisting of trees), while unstocked forest consisting of grasses and shrubs 

had slightly lower NDVI values, but the curves followed the same general 

form. In hillside fields, the crops were planted more densely than in the flat 

fields (Jiang et al. 2014), with resultant NDVI values higher overall by month 

in comparison to flatland fields. Natural forest showed the highest NDVI 

value, followed by unstocked forest, plateau vegetation, hillside fields, flat 

land fields, and paddies.  
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Figure 15. Time series indices of MODIS NDVI, NDSI, and NDWI (derived from 

Red, NIR, and MIR reflectance) for paddy, field, hillside field, unstocked forest, 

forest, and plateau vegetation categories. Random samples of 100 points were 

individually extracted for each type.  

NDSI decreased from April to June or July, depending on the landscape type, 

as the NDVI increased. Hillside fields exhibited the highest NDSI value 
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among the forest landscapes when farmers were preparing the fields early in 

the season creating conditions for maximum soil exposure. From March to 

May, at the start of the growing season, the area of soil exposure in the four 

types of forest landscapes varied because of the canopy. In this case, the 

hillside fields had the highest NDSI values, followed by unstocked forest and 

forest. The highest NDWI value was observed at the start of the growing 

season because of snow melt when the canopy water content was at a 

maximum.  

When reviewing the three individual graphs in Figure 15, one notices that 

the six landscape types followed similar trends by index. However, the 

relative ranking of these landscape types varied according to the index being 

considered. The largest differences between forest landscape types occurred 

during different seasons based on the characteristics of each class. For 

example, hillside field and forest landscape types had similar trends of NDVI 

during the growing season and at the end of season. During these periods 

hillside fields had lower NDVI values of approximately 0.2, but in the middle 

of the season the difference narrowed to approximately 0.1 between the 

hillside field and forest landscape types. It is important to note that the NDWI 

of plateau vegetation is higher than that of the other classes because the snow 

melt rate on the plateau was initially slower than that of the other forest 

landscape types, and this remained true until May. Also, the NDWI of paddies 

reached a summer maximum during June because of irrigation.  
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1.2  Temporal indices of land-cover classes and relevant 

variables in RF  

Using models with 500 trees, the importance of the contribution of each 

variable to the general classification model was calculated (Breiman 2001). 

The mean decrease in accuracy displayed in Figure 16 is the contribution of 

each variable to the classification model generated by considering the 

seasonal multiple indices and topographic variables. Variables that have high 

mean decreased accuracy values are considered to be more important for 

overall or class-level classification (Clark et al. 2010).  

According to the mean decrease in accuracy, the relevant variables in the 

RF classification were elevation, NDSI during the growing season (March–

May), NDVI during September, and NDWI during April. In general, 

elevation contributed significantly to increased classification accuracy for 

each category (Table 1). Because the plateau vegetation, hillside field, and 

(flatland) field categories had similar NDVI patterns, but different topography, 

the priority variable for classifying these vegetation types was elevation. 

NDSI had a high value for exposed soils, and showed a large difference 

between vegetation types during March. Because field preparation for crops 

began during March (Boo et al. 2001), the fields became bare soil and 

presented the highest NDSI values while the other land-cover types were 

covered with vegetation or snow at the start of the season. Therefore, during 

March, NDSI could effectively distinguish (flatland) fields from other 

vegetation types. At the end of the growing season (September), differences 



- 68 - 

 

in NDVI values could be observed between farmland (field and paddy) and 

forest (forest and unstocked forest). The forests were covered with vegetation 

while farmland (field and paddy) was ready for harvest. The NDWI value 

during April contributed to a classification for plateau vegetation. In the 

plateau area, the rate of snow melt was slower than other landscape types and 

the NDWI value at the start of the growing season was higher than that for 

the other types. For this reason, this high value clearly distinguished the 

plateau sites from the other vegetation types that occurred nearby.  

Other variables during each season also contributed to increased accuracy 

in the classification of each vegetation type. The contributions of these 

variables are specific to North Korea. For mapping regions where there is 

heterogeneous vegetative cover, it is necessary to find the variables most 

effective for classification. Each vegetation type during each season was 

representative of different vegetation, soil, and water conditions (Takeuchi 

and Yasuoka 2004), so the phenology-based indices were found to be 

effective for classifying these vegetation-cover types (Clark et al. 2010; Pan 

et al. 2010; Richardson and O’Keefe 2009; Senf et al. 2013). 
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Figure 16. Mean decrease accuracy values of overall and for each class from the 

RF classification using phenology-based multi-index, and topographic variables. 

 

Therefore, from Figure 16, one can see that NDVI during September; NDSI 

during March, April, May, August, and September; NDWI during March, 

April, and October; and elevation are the key variables that contributed more 

than 20% to classification.  
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1.3  Classification result and accuracy assessment 

Classification results in this study demonstrated that phenology-based 

indices using RF classification are effective in mapping deforested land, and 

in understanding complex vegetative cover. High classification accuracies 

were achieved (Table 4), and it was possible to successfully distinguish areas 

covered by shrubs, crops, and plateau vegetation; which in turn distinguished 

unstocked forest, hillside field, and plateau from forest. The producer’s 

accuracy in mapping the hillside field and unstocked forest was 80.3% and 

87%, respectively, which indicates deforested areas. The corresponding user’s 

accuracies were 94% and 91.2%. Consequently, the overall accuracy of the 

resultant map was 89.38%, with a kappa coefficient 0.87 (Table 4). Because 

the landscape types within forest have similar variation in spectral signatures 

(Immitzer et al. 2012), hillside field was misclassified as other classes, such 

as flatland field or unstocked forest. Some areas of water were misclassified 

as built-up because the sand on the riverside was recognized as bare soil. This 

is a limitation of classification using data of 250-m resolution. This is a 

common problem when classifying heterogeneous landscapes using per-pixel 

classification techniques (Duro et al. 2012; Lu and Weng 2007; Zhang et al. 

2014). 
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Table 4. Confusion matrix for land-cover classification of North Korea 

Reference  

Data 

Map results 

Built-

up 
Paddy Field 

Hillside 

field 

Unstock

ed forest 
Forest 

Plateau 

vegetation 
Water Total User’s 

Built-up 51 0 4 0 0 0 0 2 57 89.5% 

Paddy 0 79 15 3 0 0 0 3 100 79% 

Field 0 1 90 8 0 0 0 0 99 90.9% 

Hillside field 0 0 0 94 1 0 5 0 100 94% 

Unstocked 

forest 
0 0 0 7 93 2 0 0 102 91.2% 

Forest 0 0 0 0 12 329 6 0 347 94.8% 

Plateau 

vegetation 
0 0 0 0 0 8 69 1 78 88.5% 

Water 15 1 3 5 1 4 0 87 116 75% 

Total 66 81 112 117 107 343 80 93 999  

Producer’s 
77.3

% 

96.3

% 

80.4

% 
80.3% 87% 96% 86.3% 93.5%   

OOB estimate of error rate: 4.47% 

Accuracy: 89.38% 

Kappa: 0.8701 

 

Figure 17a is the final classification map of the vegetative cover in North 

Korea, and Figure 17b shows the areas of deforestation in North Korea 

projected in this study. Approximately 4 million ha of forestland appeared 

deforested representing 34.2% of the total forestland in North Korea. In these 

areas forest was converted to hillside field (~ 2.7 million ha) and unstocked 

forest (~ 1.3 million ha) as shown in Figure 17b. Similar results were reported 

by Jeong (Jeong et al. 2016b), who also observed that approximately 30% of 

the forest was degraded in North Korea.  
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Figure 17. Final land-cover classification map of North Korea: A) Land-cover map 

in North Korea, B) Distribution of deforested land in North Korea 

 

In North Korea, attempts to separate these cover types using traditional 

multispectral data or vegetation indices (Landsat, MODIS or NDVI in one-

time images) (Cha and Park 2007; Jeong et al. 2016b) have not been 

successful. The class accuracies indicated that phenology-based indices that 

also include vegetation, soil, and water information, along with the use of RF 

consistently increased the individual classification accuracies. Nevertheless, 

further research is needed to develop a technique to analyze detailed 

vegetative cover types at high spatial resolution. 
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2. Deforestation and degradation dynamics from 1990 to 

2016 

The key phenology-based indices of 2001, 2010, and 2016 were stacked to 

one layer, respectively, then input into the RF classification model proposed 

previously, which can predict each year of land cover in North Korea only 

constructed by the phenology-based indices. The results of mapping land 

cover in North Korea can be seen in Figure 18. Each vegetative cover type 

during each season was representative of different vegetation, soil, and water 

conditions. In temperate climatic regions, the characteristics of vegetation 

phenology are similar, so that the phenology-based indices proposed in the 

first part are effective for classifying vegetative cover types during each year.  

The results of uncertainty can be seen in Table 5–7. Change detection from 

the 1990s to 2001 has the largest uncertainty; it was estimated as 16.3% 

because of the differences in satellite sensor, spatial resolution, and 

classification method. The classified-type difference between the 1990s and 

2001 also contributed to the total uncertainty. The pixels classified as non-

forest may contain unstocked forest and hillside farm. However, one cannot 

classify in detail using Landsat TM5 images with no training data.  

The total uncertainties between 2001 and 2010, and 2010 and 2016, were 

11.42 % and 7.93%, respectively. From the two cases, we can see the greatest 

uncertainty occurred in hillside farm and farmland on flatland. Because the 

hillside farmland and farmland on flatland show similar reflectance and 
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phenology, confusion values through classification remain.  

 

Figure 18. Land-cover map for 2001 (b), 2010 (c), 2016 (d). (a) is the forest cover 

map for reference of deforestation and degradation. 
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Table 5. Change detection (km2) for the period 1990s to 2001. (Natural forest is the 

sum of plateau vegetation and forest; farmland is the sum of paddy and field. The 

total area of the study area is 122,778 km2) 

2001 

 

1990s 

Natural 

Forest 

Unstocked 

forest 

Hillside 

field 

Farmlan

d 
Water Urban 

Total 

in 

1990s 

Uncerta-

inty 

Natural 

forest 
57,792 
(47.1%) 

16,219 
(13.2%) 

7,821 
(6.4%) 

2,050 
(1.7%) 

381 
(0.3%) 

123 
(0.1%) 

84,385 
(68.7%) 

2,431 
(2.0%) 

Non- 

forest 
4,359 
(3.6%) 

3,327 
(2.7%) 

9,896 
(8.1%) 

17,643 
(14.4%) 

1,805 
(1.5%) 

1,363 
(1.11%) 

38,393 
(31.3%) 

17,582 
(14.3%) 

Total in 

2001 
62,150 
(50.7%) 

17,717 
(15.9%) 

17,717 
(14.4%) 

19,694 
(16.0%) 

2,185 
(1.8%) 

1,486 
(1.21%) 

122,778 
(100%) 

- 

Uncertain

ty 
4,359 
(3.6%) 

3,327 
(2.7%) 

9,896 
(8.1%) 

2,050 
(1.7%) 

381 
(0.3%) 

123 
(0%) 

- 
20,013 
(16.3%) 

Note: the table cells with yellow color represent land cover of no-change, the orange color 

represents forest degradation and deforestation, and the cells with grey color represent the 

uncertainties in land cover changed.  

Table 6. Change detection (km2) for the period 2001 to 2010. (Natural forest is the 

sum of plateau vegetation and forest; farmland is the sum of paddy and field. The 

total area of the study area is 122,778 km2)  

2010 

 

2001 

Natural 

Forest 

Unstocked 

forest 

Hillside 

field 

Farmla

nd 
Water Urban 

Total 

in 2001 

Uncerta-

inty 

Natural 

forest 
49,136 
(40.0%) 

6,876 
(5.6%) 

6,163 
(5.0%) 

98 
(0.1%) 

307 
(0.3%) 

25 
(0.02%) 

62,605 
(51.0%) 

405 
(0.3%) 

Unstocke

d forest 
6,421 
(5.2%) 

5,230 
(4.3%) 

7,072 
(5.8%) 

700 
(0.6%) 

123 
(0.1%) 

49 
(0.04%) 

19,595 
(16.0%) 

823 
(0.7%) 

Hillside 

field 
1,682 
(1.4%) 

1,486 
(1.2%) 

9,368 
(7.6%) 

4,138 
(3.4%) 

479 
(0.4%) 

577 
(0.5%) 

17,729 
(14.4%) 

4,616 
(3.8%) 

Farmland 
221 

(0.2%) 

196 
(0.2%) 

5,144 
(4.2%) 

12,155 
(9.9%) 

835 
(0.7%) 

1,130 
(0.9%) 

19,681 
(16.0%) 

6,397 
(5.2%) 

Water 
184 

(0.2%) 

49 
(0.04%) 

221 
(0.2%) 

246 
(0.2%) 

798 
(0.7%) 

258 
(0.2%) 

1,756 
(1.4%) 

958 
(0.8%) 

Urban 
37 

(0.03%) 

12 
(0.01%) 

246 
(0.2%) 

344 
(0.3%) 

184 
(0.2%) 

602 
(0.5%) 

1,424 
(1.2%) 

823 
(0.7%) 

Total in 

2010 
57,681 
(47.0%) 

13,849 
(11.3%) 

28,214 
(23.0%) 

17,680 
(14.4%) 

2,726 
(2.2%) 

2,640 
(2.2%) 

122,778 
(100%) 

- 

Uncertain

ty 
442 

(0.4%) 

258 
(0.2%) 

5,611 
(4.6%) 

5,525 
(4.5%) 

1,928 
(1.6%) 

258 
(0.2%) 

- 
14,021 
(11.4%) 

Note: the table cells with yellow color represent land cover of no-change, the orange color 
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represents forest degradation and deforestation, the cells with green color represent the forest 

restoration, and the cells with grey color represent the uncertainties in land cover changed.  

 

Table 7. Change detection (km2) for the period 2010 to 2016. (Natural forest is the 

sum of plateau vegetation and forest; farmland is the sum of paddy and field. The 

total area of the study area is 122,778 km2) 

2016 

 

2010 

Natural 

Forest 

Unstocked 

forest 

Hillside 

field 

Farmla

nd 
Water Urban 

Total 

in 2010 

Uncerta-

inty 

Natural 

forest 
43,341 
(35.3%) 

6,593 
(5.4%) 

7,367 
(6.0%) 

25 
(0.02%) 

332 
(0.3%) 

12 
(0.01%) 

57,669 
(47.0%) 

356 
(0.3%) 

Unstocke

d forest 
4,825 
(3.9%) 

2,542 
(2.1%) 

6,421 
(5.2%) 

49 
(0.04%) 

37 
(0.03%) 

12 
(0.01%) 

13,886 
(11.3%) 

86 
(0.1%) 

Hillside 

field 
1,461 
(1.2%) 

528 
(0.4%) 

23,377 
(19.0%) 

1,903 
(1.6%) 

602 
(0.5%) 

344 
(0.3%) 

28,214 
(23.0%) 

2,505 
(2.0%) 

Farmland 
12 

(0.01%) 
12 

(0.01%) 
3,585 
(2.9%) 

12,266 
(10.0%) 

172 
(0.1%) 

1,608 
(1.3%) 

17,655 
(14.4%) 

3,782 
(3.1%) 

Water 
74 

(0.1%) 
74 

(0.1%) 
589 

(0.5%) 
638 

(0.5%) 
970 

(0.8%) 
417 

(0.3%) 
2,763 
(2.3%) 

1,793 
(1.5%) 

Urban 
0 

(0.0%) 
0 

(0.0%) 
295 

(0.2%) 
761 

(0.6%) 
160 

(0.1%) 
1,437 
(1.2%) 

2,652 
(2.2%) 

1,216 
(1.0%) 

Total in 

2016 
49,713 
(40.5%) 

9,749 
(8.0%) 

41,634 
(33.9%) 

15,642 
(12.7%) 

2,271 
(1.9%) 

3,831 
(3.1%) 

122,778 
(100%) 

- 

Uncertai-

nty 
86 

(0.1%) 
86 

(0.1%) 
4,469 
(3.6%) 

3,376 
(2.8%) 

1,301 
(1.1%) 

417 
(0.3%) 

- 
9,736 
(7.9%) 

Note: the table cells with yellow color represent land cover of no-change, the orange color 

represents forest degradation and deforestation, the cells with green color represent the forest 

restoration, and the cells with grey color represent the uncertainties in land cover changed.  

From Table 5 to 7, the greatest transformation from the 1990s to 2001 is 

forest to unstocked forest; approximately 16,219 km2 of forest were 

deforested to unstocked forest. During this period, the Law of Land in North 

Korea formulates forest cultivation. A large area of forest was burned in order 

to clear land.  

During the period of 2001–2010, approximately 13,039 km2 of deforestation 
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occurred, where forest was converted to hillside field and unstocked forest. 

Hillside fields are not sustainable, as the ground is damaged resulting in soil 

and nutrient loss and landslides, as well as increased vulnerability to extreme 

weather events. Approximately 1,486 km2 changed from hillside field to 

unstocked forest during this period, a most serious problem. This occurs 

because hillside fields are used until their productivity declines and then are 

abandoned without management. These destructive farming processes are 

repeatedly undertaken. A new plot is selected and cut down and the forest 

burned for clear land, then used until the productivity decreases, and 

abandoned. 

From 2010 to 2016, 13,960 km2 of forest were converted to hillside field 

and unstocked forest, and 528 km2 of hillside field converted to unstocked 

forest. There are several causes for the forest to unstocked forest 

transformation. It may be caused by natural disasters, such as landslides, 

floods, or forest fires, because extreme climatic events occurred frequently 

during this period. Or changes in climatic conditions or landscape 

fragmentation from anthropogenic pressures may have caused these changes. 

Unfortunately, this study could not determine the detailed reasons of forest 

cover change to unstocked forest because the study area is an inaccessible 

area; thus, there is lack of survey data for forest degradation.  
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Table 8 . The area of each land-cover type from the 1990s to 2016 (unit: km2) 

 1990s 2001 2010 2016 

Natural forest 84,385 62,606 57,669 49,713 

Unstocked 

forest 

38,393 

19,595 13,886 9,749 

Hillside field 17,729 28,214 41,634 

Farmland 19,681 17,655 15,642 

Water 1,756 2,763 2,271 

Urban 1,424 2,652 3,831 
 

Table 8 summarizes the area of each land-cover type from Table 5~7, Figure 

19, and Figure 20 showing reconstructed results. They represent the forest 

loss and deforestation trends during the selected periods. One can see most of 

the decrease in forest was from conversion to unstocked forest and hillside 

field. The rate of urbanization was much less than the that of the growth of 

agriculture.  

 

Figure 19. Degradation and deforestation in North Korea from the 1990s to 2016, 

and the contributions of deforestation and forest degradation. 



- 79 - 

 

 

Figure 20. Rate of deforestation and degradation in North Korea form the 1990s to 

2016. 

According to Table 5–7, we can categorize the degradation and 

deforestation into three types: degradation from forest to unstocked forest, 

degradation from hillside field to unstocked forest, and deforestation from 

forest to hillside field. The area of forest decreased during the study period, 

while the area of unstocked forest and hillside field increased (Figure 20). 

From 1990 to 2001, the greatest contribution to deforestation was from forest 

to unstocked forest. After this, from 2001 to 2016, the change contributing 

the greatest of amount of degradation was from forest to hillside field. The 

degradation caused by the change from hillside field to unstocked forest is 

much less, however, these are potential degradation areas, where forest 

converted to hillside field occupies 41,634 km2 of the decreased forest. This 

means there are much more potential degraded areas if there is no 

management of the hillside fields.  

The forest area of North Korea was 84,385 km2 during the 1990s, and 
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remained 49,713 km2 in 2016. The annual rate of forest loss was 3.04% during 

the period of the 1990s to 2001; fortunately, the rate of forest loss has 

decreased, and restoration efforts are encouraged by policy in North Korea.  

 

3. Spatiotemporal data fusion method for monitoring 

deforestation and degradation 

3.1 RDSFM experimental results 

Through visually comparing the predicted results via the two methods 

(Figure 21), one can see that all maintain spatial details. Figure 21b and 21c 

present a Landsat-like image on January 11, 2002 predicted using the FSDAF 

and RDSFM. Figure 22 and Figure 23 present the predicted red band and NIR 

band respectively, which play an important role in analyzing vegetation. From 

the visual comparison, the images that the two methods predicted are 

generally similar to the original Landsat image in Figure 21–23. This suggests 

that the two methods are able to capture the general phenology change of 

complex and heterogeneous lands.  
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Figure 21. Zoom-in scenes of a complex and heterogeneous site: Original Landsat 

image of January 11, 2002 (a) and its predicted images suing FSDAF (b) and 

RDSFM (c) 

 

Figure 22. Zoom-in scenes of a complex and heterogeneous site: Original Landsat 

red band of January 11, 2002 (a) and its predicted red band suing FSDAF (b) and 

RDSFM (c) 

 

Figure 23. Zoom in scenes of a complex and heterogeneous site: Original Landsat 

NIR band of January 11, 2002 (a) and its predicted red band suing FSDAF (b) and 

RDSFM (c) 
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Comparing the quantitative indices calculated using the original Landsat 

image at January 11, 2002 (Table 9), one can see that three methods have 

successfully added certain temporal change information to the input Landsat 

image to obtain the prediction on January 11, 2002. For the three bands, the 

fused results of RDSFM have a smaller RMSE and a higher R than those of 

UBDF and FSDAF, suggesting that the RDSFM predictions are more accurate 

than those of UBDF and FSDAF. Among the three bands, the NIR band has 

the greatest difference in accuracy between RDSFM and the other two 

methods. The acquired time of the two Landsat images was the early growing 

season of crops; thus, the NIR band and red band experienced a larger 

reflectance change than that of the other bands. Compared to UBDF and 

FSDAF, the large improvement in predicting the NIR band and red band suing 

RDSFM indicates that it is more capable of capturing large temporal change 

between the input and prediction dates.  
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Table 9. Accuracy assessment of three data-fusion methods applied to a complex and 

heterogeneous study area (Figure 21). The units are reflectance (band1: blue band; 

band2: Green band; band3: Red band; band4: NIR band; band5: SWIR1 band; band6: 

SWIR2 band; R: correlation coefficient; RMSE: root mean square error; AD: 

average difference from the true reflectance; SSIM: structural similarity) 

 UBDF FSDAF RDSFM 

R 

band1 0.8300 0.8638 0.8827 

band2 0.7961 0.8551 0.8743 

band3 0.8360 0.8779 0.8978 

band4 0.4965 0.7213 0.7709 

band5 0.8884 0.9354 0.9389 

band6 0.9320 0.9539 0.9558 

RMSE 

band1 0.0156 0.0140 0.0132 

band2 0.0234 0.0199 0.0187 

band3 0.0329 0.0286 0.0263 

band4 0.0639 0.0462 0.0420 

band5 0.0449 0.0348 0.0332 

band6 0.0329 0.0276 0.0269 

AD 

band1 0.0032 0.0021 0.0025 

band2 0.0042 0.0023 0.0030 

band3 0.0014 -0.0001 0.0006 

band4 0.0108 0.0024 0.0036 

band5 -0.0050 -0.0092 -0.0071 

band6 -0.0020 -0.0042 -0.0028 

SSIM 

band1 0.9290 0.9379 0.9415 

band2 0.9093 0.9337 0.9309 

band3 0.8735 0.9065 0.9026 

band4 0.8272 0.8641 0.8515 

band5 0.8356 0.8979 0.8807 

band6 0.8771 0.9130 0.9022 
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A zoom-in area was also used to highlight the difference between predicted 

images and the actual image (Figure 24–Figure 26). The predicted image of 

RDSFM is more similar to the original image than the images predicted using 

FSDAF in regards to spatial details, which can be seen from the zoom-in 

images of the red and NIR bands in Figure 25 and Figure 26. Particularly, 

comparing the zoom-in area of the two original Landsat images, we can see 

that there is a parcel of lake that changed from non-water to water. For this 

small parcel, although FSDAF predicted its pixel values well, RDSFM is 

better at preserving the small changes.  

 

Figure 24. Zoom-in scenes of land-cover change: original Landsat image of 

November 26, 2004 (a), and predicted images suing FSDAF (b) and RDSFM (c) 

 

Figure 25. Zoom-in scenes of land-cover change: original Landsat red band of 

November 26, 2004 (a), and predicted images suing FSDAF (b) and RDSFM (c) 
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Figure 26. Zoom-in scenes of land-cover change: original Landsat NIR band of 

November 26, 2004 (a), and predicted images using FSDAF (b) and RDSFM (c) 

 

The quantitative indices calculated from fused results and the original 

Landsat image on prediction time demonstrate that all data-fusion methods 

have captured certain temporal change information between the input and 

prediction images. For the three bands, RDSFM provided the most accurate 

predictions with the smallest RMSE and highest R and SSIM. For the overall 

bias of the prediction, the small AD values reveal that all three methods 

obtained nearly unbiased results.  
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Table 10. Accuracy assessment of three data-fusion methods applied to a complex 

and heterogeneous study area (Figure 22). The units are reflectance (band1: blue 

band; band2: Green band; band3: Red band; band4: NIR band; band5: SWIR1 band; 

band6: SWIR2 band; R: correlation coefficient; RMSE: root mean square error; AD: 

average difference from the true reflectance; SSIM: structural similarity) 

 UBDF FSDAF RDSFM 

R 

band1 0.6770 0.7298 0.7353 

band2 0.6461 0.7183 00.7319 

band3 0.6630 0.7450 0.7599 

band4 0.6920 0.8647 0.8637 

band5 0.4423 0.8146 0.8096 

band6 0.5084 0.8034 0.8074 

RMSE 

band1 0.0185 0.0177 0.0173 

band2 0.0241 0.0232 0.0223 

band3 0.0286 0.0269 0.0256 

band4 0.0483 0.0359 0.0357 

band5 0.0846 0.0544 0.0543 

band6 0.0634 0.0456 0.0442 

AD 

band1 -0.0041 -0.0041 -0.0039 

band2 -0.0023 -0.0054 -0.0051 

band3 -0.0015 -0.0048 -0.0043 

band4 -0.0096 -0.0139 -0.0130 

band5 -0.0340 -0.0211 -0.0196 

band6 -0.0210 -0.0166 -0.0156 

SSIM 

band1 0.9006 0.9094 0.9126 

band2 0.8881 0.8965 0.8988 

band3 0.8680 0.8814 0.8829 

band4 0.7826 0.8382 0.8175 

band5 0.6210 0.7142 0.6877 

band6 0.6272 0.7272 0.7150 
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3.2 Construct monthly Landsat-like images in part of 

North Korea 

In this part, RDSFM proposed in the previous chapter was used to construct 

monthly Landsat-like images from March to October of 2001 and 2014. The 

blended images can be seen in Figure 27 and Figure 28. By visually 

comparing the predicted results, one can see that all can maintain spatial and 

seasonal details. 

From the quantitative indices calculated using the original Landsat image 

on May 21, 2014 and October 28, 2014 (Table 11), one can see that RDSFM 

successfully added certain temporal change information to the input Landsat 

image to obtain the prediction on the two images. The R correlation value 

between the real Landsat images and predicted Landsat-like images is higher 

than 0.8, and the SSIM, which represents the structural similarity, is close to 

0.9. This means the predicted images are relatively close to the real Landsat 

images.  

For sample site 1, the most heterogeneous and with high spectral changes, 

the R correlation value is lower than value of all the points and sample site 2, 

especially the NIR band. Similar results can be seen in Table 9. However, 

improvements in the NIR band prediction were evident and the results of 

RDSFM were higher than those of the other methods, so that the predicted 

results in this part are relatively credible.  

For sample site 2, where most areas are homogeneous, the R correlation 
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value between the atmospherically corrected Landsat images and predicted 

Landsat-like images is close to 0.9. In addition, the values of RMSE, AD, and 

SSIM suggest that it predicted accurately in a homogeneous landscape area.  

Table 11. Accuracy assessment of two data fusion methods applied to pixels at all 

points, sample 1 and sample 2. Sample1 is for heterogeneous areas, main land cover 

is farmland; sample2 is for homogeneous areas, main land cover is forest. 

Date 2014/05/29 2014/10/28 

Indicator  R RMSE AD SSIM R RMSE AD SSIM 

All 

Red 0.880 0.027 0.003 0.834 0.818 0.028 0.011 0.899 

NIR 0.850 0.061 0.005 0.853 0.826 0.063 -0.044 0.828 

SWIR1 0.855 0.037 0.005 0.875 0.878 0.058 0.024 0.841 

SWIR2 0.813 0.036 0.002 0.824 0.824 0.055 0.030 0.870 

Sampl

esite 1 

Red 0.726 0.0469 0.009 0.809 0.721 0.029 0.009 0.868 

NIR 0.703 0.0109 0.006 0.846 0.708 0.065 -0.040 0.902 

SWIR1 0.809 0.064 0.020 0.869 0.785 0.060 0.019 0.769 

SWIR2 0.742 0.061 0.006 0.889 0.740 0.053 0.023 0.840 

Sampl

esite 2 

Red 0.847 0.026 -0.002 0.824 0.830 0.027 0.004 0.979 

NIR 0.905 0.063 0.004 0.887 0.825 0.072 -0.05 0.896 

SWIR1 0.936 0.030 0.002 0.897 0.891 0.066 0.018 0.949 

SWIR2 0.869 0.035 0.001 0.821 0.874 0.052 0.021 0.977 

 

The two Landsat images were acquired during different seasons and 

temporal interval; the base image (F1) for prediction was acquired in 

September, while the test image (F2) was acquired in May and October. All 

quantitative indices for accuracy assessment show consistent and high 

accuracy. This means that the RDSFM is not related to the temporal interval 

between the input and predicted image, but it is affected by the degree of 
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heterogeneity.  

 

Figure 27. The predicted Landsat-like images from March to October of 2001. All 

images use red-NIR-green as RGB 
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Figure 28. The predicted Landsat-like images from March to October of 2014. All 

images use red-NIR-green as RGB 

 

  



- 91 - 

 

3.3 Application to deforestation and degradation 

monitoring 

According to the results of the first part, the key variables for classification 

of land cover in North Korea are NDSI during the growing season (from 

March to May), NDVI at the end of the season (September), and NDWI at the 

start of season and end of the season (March to April, and October). Each 

vegetative cover type during each season was representative of different 

vegetation, soil, and water conditions; thus, the phenology-based indices 

proposed in the first part are effective for classifying vegetation-cover types. 

These variables have more than 20% relative importance in North Korea.  

To combine these key variables in fine resolution, the RDSFM proposed in 

the second part, was found to be effective in spectral change where there is 

heterogeneity and changes in phenology. The key phenology-based indices 

suggested in the first part were built using the RDSFM, and each variable in 

fine resolution is as below (Figure 29, 30). Finally, these key phenology-based 

indices were stacked to one layer, and applied to classification.  
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Figure 29. Phenological variables at fine spatial resolution for 2001 
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Figure 30. Phenological variables at fine spatial resolution for 2014 
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Table 12. Confusion matrix for land-cover classification of the study area during 

2014   

Reference 

data 

Map 

results 

Plateau 

vegetati

on 

Fore

st 

Unstocke

d forest 

Hillside 

field 

padd

y 
field 

Wat

er  
Total User’s 

Plateau 

vegetation 
21 2 1 0 0 0 0 24 87.5% 

Forest  0 103 1 0 0 0 0 104 99.0% 

Unstocked 

forest 
0 3 33 6 0 1 0 43 76.7% 

Hillside 

field 
0 0 1 50 6 1 0 58 86.2% 

Paddy 0 3 0 1 30 5 0 39 76.9% 

Field  0 0 0 7 8 14 0 29 48.3% 

Water 0 0 0 0 0 0 34 34 100% 

Total 21 111 36 64 46 21 34 331  

Producer’s 100% 
92.8

% 
91.7% 78.1% 

65.2

% 

66.7

% 

100

% 
  

Overall accuracy : 0.861 

Kappa: 0.829 

 

Classification results demonstrated that using phenology-based indices 

constructed by RDSFM and unsupervised classification are effective in 

mapping deforested areas, and in understanding complex vegetative cover. 

High classification accuracies were achieved (Table 12), and it was possible 

to successfully distinguish areas covered by crops, low canopy areas, and 

plateau vegetation; which in turn distinguished unstocked forest, hillside field, 

and plateau from forest and farmland on flatland. The producer’s accuracy in 

mapping the hillside field and unstocked forest was 78.1% and 91.7%, 

respectively, which indicates deforested areas. The corresponding user’s 

accuracies were 86.2% and 76.7%. The errors of omission were higher than 

the errors of commission in prediction of hillside field, which suggests that 
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hillside field was rarely predicted where field and unstocked forest was 

observed. In unstocked forest prediction, the errors of commission were 

significantly higher than the errors of omission, which suggests unstocked 

forest were misclassified to hillside field. Consequently, the overall accuracy 

of the resultant map for 2014 was 86.1%, with a kappa coefficient 0.829. The 

land-cover maps for 2001 and 2014 are shown in Figure 31 and Figure 32.  

 

Figure 31. Land cover map in 2001 
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Figure 32. Land cover map in 2014 

The map of land-cover change occurring from 2001 to 2014 is as shown in 

Figure 33. In this study, the phenology-based indices which represent 

vegetation growth, exposure of soil, water, and moisture of vegetation were 

used for classification. Thus, the areas that have healthy vegetation and high 

canopy cover and also have satisfactory moisture of vegetation are first 

classified to forest. This classification for deforestation and degradation 
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considered the vegetation, canopy, and moisture conditions of vegetative 

cover to be more accurate than previous studies that only considered NDVI 

(Cha and Park 2007; Yoo et al. 2011).  

In Table 13 we can see the change rate of each landscape. The gray cells 

represent an uncertainty in land cover change. The greatest uncertainty 

appears in farmland classification. Two reasons can be considered. First, 

the uncertainty may be due to similar characteristics between farmland and 

hillside field during the two periods. Second, there is also a possibility that 

errors were caused due to the noise of the data during the blending of the 

Landsat and MODIS images.  

The greatest transformation is forest to unstocked forest; approximately 

1,660 km2 of forest were degraded to unstocked forest. There are several 

reasons for the forest to unstocked forest transformation. It may be due to 

natural disasters, such as landslides, floods, or forest fires. It may be a result 

of changes in climatic conditions or landscape fragmentation, or it could be 

caused by anthropogenic pressures, such as cutting down trees for fuel, or 

burning forest for clear land, etc. Unfortunately, this study could not 

determine the detailed reasons of forest cover change to unstocked forest 

because the study area is in an inaccessible area; thus, there is lack of survey 

data for forest degradation. 

From 2001 to 2014, approximately 1,562 km2 of deforestation occurred in 

the study are, which was forest converted to hillside field. It is a serious 

problem in North Korea, because hillside fields are created by sacrificing 
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forest ecosystems. Hillside fields are not sustainable, as the ground is 

degraded resulting in soil and nutrient loss and landslides, and they are also 

heavily influenced by extreme weather events.   

Table 13. Change rate of each landscape (Natural forest is the sum of plateau 

vegetation and forest; farmland is the sum of paddy and field. The total area in the 

study area is 24,411.3 km2) 

2014 

 

2001 

Natural 

Forest 

Unstock

ed forest 

Hillsid

e field 

Farmla

nd 
Water 

Total in 

2001 

Uncert

a-inty 

Natural 

forest 
46.7% 6.8% 6.4% 6.9% 0.3% 67.1% 7.2% 

Unstocke

d forest 
1.1% 0.2% 2.8% 2.8% 0.2% 7.1% 3% 

Hillside 

field 
4.1% 0.7% 1.3% 0.9% 0.2% 7.2% 5.2% 

Farmland 

 
2.0% 0.3% 5.8% 7.7% 1.6% 17.5% 8.7% 

Water 

 
0.1% 0.0% 0.0% 0.1% 0.9% 1.1% 0.2% 

Total in 

2014 
54.0% 8.0% 16.4% 18.4% 3.2% 100% 24.3% 

Uncertai-

nty 
6.2% 0.3% 5.8% 10.7% 2.3% 25.3%  

Note: the table cells with yellow color represent land cover of no-change, the orange color 

represents forest degradation and deforestation, the cells with green color represent the forest 

restoration, and the cells with grey color represent the uncertainties in land cover changed.  

The most serious problem is hillside field transformed to unstocked forest. 

Approximately 171 km2 of hillside field was transformed to unstocked forest 

from 2001 to 2014study area. This occurred because hillside field was used 

until its productivity declined and then abandoned without management. 

These destructive farming processes are repeatedly occurring; a new plot is 

selected and cut down, the forest burned for clear land, it is used until its 

productivity decreases, and then it is abandoned.  

Degradation and deforestation were categorized into three types: 
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degradation from forest to unstocked forest, degradation from hillside field to 

unstocked forest, and deforestation from forest to hillside field. A map of each 

type of degradation and deforestation is as shown in Figure 33. 

 

Figure 33 Land-cover changes (a), and deforestation and degradation (b) from 2001 

to 2014.  

The area of forest decreased during the study period, while unstocked forest 

and hillside field increased. The conversions contributing the greatest amount 

of degradation was forest to unstocked forest (49.3%). The degradation 

caused by conversion of hillside field to unstocked forest is much less, but the 

potential degradation area, where the forest has been converted to hillside 

field, occupies 46% of the decreased forest. This means there is much more 

potential degraded area if there is no management of the hillside field.  
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Figure 34. Comparison of the land-cover mapping using phenology-based indices 

and RDSFM (30 m) with GE image and MCD12Q1 land cover (500 m).  

 

Comparing the quality of the mapping deforestation and degradation result 

with the MCD12Q1 yearly land cover and GE image, the land-cover result 

derived using our method is closer to reality. Reviewing the zoom-in image 

(Figure 34), MCD12Q1 did not reflect the deforestation situation of North 

Korea. The land-cover types included in the zoomed image range are forest, 

hillside field, unstocked forest, river, and farmland on flatland. However, for 

the MCD12Q1 the land-cover types in the zoomed-in image are only 

classified as mixed forest, deciduous broadleaf forest, and cropland, whereas 
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the results in this study mostly reflected the vegetative cover types in North 

Korea, although this may be because of the gap in spatial resolution. In this 

study we also used the MCD43A4 products, whose spatial resolution is 500 

m, the same as MCD12Q1. Moreover, the land-cover types defined in 

MCD12Q1 cannot reflect the regional scale because it is for global land cover. 

Thus, the mapping and monitoring method proposed in this study can more 

effectively reflect the land-cover situation at a regional scale with fine spatial 

and temporal resolution.  
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4. Discussions 

4.1  Mapping deforestation and degradation using key 

phenology-based indices 

The key phenology-based indices and classification model proposed in this 

study were applied to classify the deforestation and degradation in 2001, 2010, 

and 2016 and with fine resolution in 2001 and 2014. This study demonstrated 

that the proposed phenology-based indices effectively mapped the 

deforestation in each year with low uncertainty.  

However, large uncertainties occurred in mapping land cover for 2001. This 

is because the climate was different from 2013, when the RF classification 

model was developed. Because the field survey was completed during 2013 

and 2014, the variables of the classification model for mapping deforestation 

and degradation were standard for 2013. The phenology-based indices of 

2013, 2010, and 2016 have a small temporal interval, but a relatively large 

difference exists between 2001 and 2013.  

The solution for improving the classification model is observing the 

phenology every year, and if the phenology for the target year is different 

from the variables of the established model, it is better to re-construct the 

classification model and search for the most contributing variables for the 

target year.  

In North Korea, attempts to separate these cover types using traditional 

multispectral data or vegetation indices (Landsat, MODIS or NDVI in one-
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time images) (Cha and Park 2007; Jeong et al. 2016b) have not been 

successful. The accuracies of each class indicated that phenology-based 

indices containing vegetation, soil, and water information, along with the use 

of RF, consistently increased the individual classification accuracies. 

Nevertheless, further research and field survey are needed to improve the 

technique for classifying vegetative cover types at high spatial resolution. 

 

4.2  Compare RDSFM and FSDAF 

To monitor rapid land surface dynamics with temporal change, 

spatiotemporal data-fusion methods have been developed to blend satellite 

images of different spatial and temporal resolutions. However, previous 

methods have had difficulties predicting pixel values in land-cover-change 

areas during the period between the input and prediction dates. To overcome 

this limitation, this study proposed a new spatiotemporal data-fusion method 

using residual distribution between fine and coarse images, termed RDSFM, 

to blend temporally sparse fine-resolution images with temporally dense 

coarse-resolution images. RDSFM integrates ideas from IR-MAD, which can  

detect the spectral changed pixels without supervision; the unmixing-based 

method; and HI, which was proposed in FSDAF and predicted in high 

accuracy in mixed coarse pixels, into one framework. All results demonstrate 

that RDSFM can achieve higher accuracy, and better predicted large-

spectrum-change areas.  

The spectral change of each pixel solved in RDSFM is more robust than that 
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of other methods because the strategy of weights is based on MAD. MAD 

addresses detection of nontrivial change in multiple bands and bi-temporal 

data based on a statistical technique. The data applied for the IR-MAD 

method are a fine-resolution image at t1 and a coarse-resolution image at t2, 

for detecting temporal changes. The fine-resolution image at t1 and coarse-

resolution image at t1 also applied to IR-MAD for detecting the changes 

occurring from different sensors. One combines the MADs to calculate the 

weight based on MAD. Figure 35b and Figure 36b show the distribution of 

MAD variates of the red and NIR bands between input time and prediction 

time. One can see the distribution of change detection from the original 

Landsat image at t1 and t2 (Figure 35b and Figure 36b) are similar to the 

distribution of estimated MAD between t1 and t2. Through this, we can 

provide the different weights based on the weight of MAD and can solve the 

limitations due to the reflectance of each band pixel changing differently. In 

FSDAF, the weights for residual distribution are the same value for each band 

based on the degree of heterogeneous. However, not all of the reflectance of 

the bands is changing in the same range with temporal change. As seen in  

Figure 7, the reflectance of band 5 is decreasing while the reflectance of other 

bands is increasing. The weight based on MAD, proposed in this study, can 

solve this limitation, and can distribute the temporal change more realistically.  
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Figure 35. Change detection of a land-cover-change site from original Landsat red 

band from November 26, 2004 to December 12, 2004(a), and the estimated MAD 

variate of the red band(b) 

 

Figure 36. Change detection of land-cover-change site from the original Landsat NIR 

band form November 26, 2004 to December 12, 2004 (a), and the estimated MAD 

variate of the NIR band (b). 

Compared to the results of FSDAF, the quantitative indices of the red band 

or other bands show similar predicted results as seen in Table 9 and 10. The 

final results of RDSFM combine two changes in the distribution results 

distributed by the homogeneous index and the weight based on MAD. In 
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heterogeneous landscapes, if one pixel has little variation between t1 and t2, 

the final result has the possibility to be biased toward HI. On the contrary, if 

one pixel has a large variation between t1 and t2, the final result has a 

possibility of depending on the weight of MAD. Therefore, in some cases, 

some bands do not change much through temporal change, then the blending 

result depends on HI, and the final result will be similar to that of the FSDAF, 

which also uses an HI index for heterogeneous landscape prediction. The 

weights-based MAD is most effective in the NIR band, the band with a large 

difference in reflectance value depending on the season, and shows higher 

accuracy than FSDAF. This is because the MAD can detect temporal 

differences in each band, and can more accurately predict the pixels that have 

a spectral change. 

Although RDSFM can predict both heterogeneous landscapes and spectral 

change between the input and prediction dates, it cannot capture miniscule 

changes in spectral change by land-cover change. For example, if only a few 

fine pixels underwent a land-cover-type change and the change is invisible in 

the interpolated coarse-resolution image. Moreover, because RDSFM is 

designed based on IR-MAD, some other products, such as NDVI and LST, 

do not directly apply. RDSFM requires a minimum of three bands for 

blending (Nielsen 2007; Wang et al. 2015).  
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4.3  Deforestation and degradation drivers in North Korea 

Over the past 50 years, North Korea has experienced intensive forestry and 

agricultural development that has significantly reduced the area of natural 

forest. In the early 1990s, forest covered 68.7% of North Korea, which 

decreased to 51% by 2001, and to 47% by 2010. This study estimated that the 

remaining forest extent covers 40.5% of North Korea. Slowing of forest cover 

loss is partly the result of a greatly diminished resource base. A summary of 

the direct causes of forest cover change over the past 50 years in North Korea 

is provided in Table 14.  

The direct drivers of forest cover loss over 50 years are agriculture and 

logging. The farming methods and post-management in North Korea have 

accelerating forest reduction. To cultivate forest to farmland, trees are cut 

down and burned in order to clear land. The cleared land is used until its 

productivity declines and then it is left without post-management, degrading 

the ground and leading to soil erosion. As a result, degradation has occurred 

and considerable forest is now denuded. Poor agriculture techniques and post-

management are the main drivers of degradation up to the present.  

Of the dominant drivers of forest cover loss, including agricultural 

extraction and logging, the underlying causes of forest cover loss in North 

Korea are related to policy and economic status (Schwekendiek 2010).  

Considering the scale of the observed changes over the study period, it is 

clear that large-scale commercial logging and expending farmland in hilly 
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areas are the main drivers of North Korea forest loss. Because forest 

cultivation was a part of the government program to expand productive 

farmlands, many were poorly built in forest and poorly managed, resulting in 

forest degradation and low productivity (Kang and Choi 2013). Logging and 

forest cultivation continued and more seriously until 2000 because of serious 

financial difficulty. The forest loss rate reached 3.13%/year and more than 18% 

of the forest was deforested, and the damage caused by natural hazards began 

to increase. In 1995 and 1996, floods resulted in the displacement of 5.4 

million people, destruction of 330,000 ha of agricultural land, and loss of 1.9 

million tons of grain (Kang and Choi 2013; Noland et al. 2001). Such floods 

were caused by downpours with decades-long cycles, but the damage was 

exacerbated due to environmental degradation (Kang and Choi 2013; Kim 

and Ryu 2009; Myeong 2014). Efforts for forest restoration from 2000 

through today have created a policy of forest restoration and a request for 

assistance to the international society. From 2000 to 2010, the rate of forest 

loss decreased to 0.88%, and 6.6% of the forest was restored. However, poor 

forest management technology and continuous natural hazards, such as floods 

and drought, resulted in a forest loss rate increase to 1.43% from 2010 to 2016. 

Isolation from the international community resulted in assistance and 

exchange of techniques of forest restoration stopping. Government efforts for 

improving techniques of forest management and forest restoration are 

material to maintaining the remaining forest.   

Most of North Korea is mountainous land, and because it is within a 
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monsoon climatic zone, it is inevitably exposed to floods. Forest cover 

reduces natural damage by preventing soil erosion and storing water. 

However, the forest in North Korea cannot supply ecosystem services, due to 

serious damage. The restoration of forest ecosystems and the prevention of 

soil loss are the most important issues in North Korea. The results of this 

study are expected to contribute to planning for forest ecosystem restoration 

and management and establishment of a sustainable society.  
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Table 14. A summary of forest cover loss drivers in North Korea over 50 years 

(Engler et al. 2014; Kang and Choi 2013; Kim and Ryu 2009; Lee et al. 1999; 

Myeong 2014; Myeong et al. 2008; Noland et al. 2001; Park and Lee 2014; 

Schwekendiek 2010; VOA 2016/9/17; Zheng et al. 1997) . 

Periods Main drivers Indirect drivers 

Beyond our time frame for analysis 

- 1960 

• Wood production based for

est management 

• Indiscriminate forest cultiva

tion 

• Slash and burn for farming 

• Policy of encourage forest culti

vation 

• Economic rehabilitation of war 

devastation 

 

1960- 

1990 

• Large-scale logging and for

est cultivation 

• Slash and burn for farming 

• Large-scale natural hazard 

(flood and land slide) 

• Population growth and increase

d food consumption  

• A shortage of food and energy 

• Forest cultivation is formulated 

by Law of Land 

During our time frame for analysis 

1990- 

2000 

• Uncontrolled forest cultivat

ion and logging 

• Vegetation roots for food 

• Large-scale natural hazard 

(flood and land slide) 

• Financial difficulty from 1980s 

• Food and energy shortage got 

worsen 

• Socialist state collapse and inte

rnational isolation 

• Trade between DPRK and othe

r socialist states stopped 

2000- 

2010 

• Establishment of Forest Ma

nagement Planning 

• Importing foreign vegetatio

n species 

• Policy for forest restoration 

• Request for assistance to intern

ational society 

• Technique exchange 

2010- 

present 

• Natural hazard (flood and 

land slide) 

• Droughts 

• Policy for forest restoration 

• Poor forest management technol

ogy 

• Isolation from the international 

community due to nuclear deve

lopment 
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V. Conclusions 

In this study, a cost-effective method for classification and monitoring of 

forest-cover dynamics in high spatial and temporal resolution was proposed. 

Finally, the answers to the research questions are as follows.  

1) What is the optimal combination of variables for effectively mapping 

confusing vegetative cover?  

To classify types of deforested and degraded areas and to increase the 

accuracy of classification over previous studies, this study investigated a way 

to combine phenology-based index distinctions derived from the MODIS 

product and RF, as well as ways to distinguish complex, heterogeneous land 

cover in forests, such as hillside field and unstocked forest, from plateau 

vegetation and natural forest. The outcomes of this study extend beyond those 

of most previous studies, which have usually been focused only on dryland 

forest. Previous work also involved the use of single-image classifications 

based only on spectral data to distinguish types of deforestation, and 

consequently had difficulty capturing the heterogeneous spectral signature of 

land-cover categories over large areas. 

The outcomes of this study can be summarized as follows. First, the 

seasonal patterns indicated by the three indices (NDVI, NDSI, and NDWI) 

showed differences typical of each type of vegetative cover in forest land; 

thus, it was possible to overcome the reflectance value confusion that occurs 

when using only one image, and to increase the classification accuracy. 
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Second, to classify complex land cover and dynamics, RF proved to be a 

useful tool for classifying a variety of input features. The results highlighted 

the types of deforested land and their distribution in North Korea. That 

classification result showed an overall accuracy of 89.38% when phenology-

based multi-indices were combined with RF. Third, the phenology-based 

indices highly contributing to classification, over 20%, are NDSI during the 

growing season (from March to May), NDVI at the end of the season 

(September), and NDWI at the start and end of the season (March to April 

and October). The combination of these variables is effective for classifying 

or monitoring vegetative cover. Our method greatly improved the 

classification accuracies for classification of heterogeneous vegetative cover 

and presented deforested areas more reliably. Therefore, it should be useful 

in continuing to monitor variation in forest areas during forest restoration 

efforts in North Korea. The ecological impacts of forest degradation in the 

study area should also be urgently considered. 

2) How can one improve spatiotemporal data-fusion accuracy in land cover 

that changes by season?  

To construct continuous satellite data in fine resolution, using the most 

accessible datasets, a spatiotemporal data-fusion method was developed to 

blend satellite images in heterogeneous and spectrum-changed areas. 

However, previous methods have difficulties in predicting spectrum-changed 

pixels in fine resolution, where each band value changes in a different range 

during the period between the input and prediction dates.  
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To overcome this limitation, this study proposed RDSFM to blend 

temporally fine-resolution data with temporally dense coarse-resolution data. 

RDSFM integrates ideas from unmixing-based methods and the 

homogeneous index in FSDAF, IR-MAD, and the weighted function-based 

method into one framework. RDSFM was tested on a real landscape and 

compared to the referred to spatiotemporal method, FSDAF and UBFM 

(unmixing-based data-fusion method). The results of the accuracy assessment 

demonstrate that RDSFM has higher accuracy, especially in fragmented areas 

and in the NIR band, and maintains more spatial details.  

The spectral change of each pixel solved in RDSFM is more robust than that 

of the other methods because the strategy of weights is based on MAD. MAD 

addresses detection of nontrivial change in multiple bands and bi-temporal 

data based on canonical correlation analysis. To estimate the MAD-based 

weights, the MAD for detecting the temporal change used a fine-resolution 

image at t1 and a coarse-resolution image at t2. This can effectively detect the 

relative alteration of each band in one coarse pixel. This method can help 

predict the pixel value well in the areas of spectrum-changed land cover or 

within-class variance. RDSFM, similar to other spatiotemporal data-fusion 

methods, can be applied to analyze land-cover dynamics, monitor vegetation 

phenology, and detect land-cover change and degradation occurrence.  

3) What is the extent of degraded forest and deforestation in North Korea? 

How have degradation rates changed from 1990 to 2016, and what are the 

drivers?   
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The area of forest during the 1990s was 84,385 km2. By 2001, the forest 

area had decreased to 62,606 km2, while the area of hillside field and 

unstocked forest was 17,729 km2 and 19,595 km2, respectively. By 2010, the 

area of forest was 57,669 km2, and hillside field and unstocked forest had 

increased to 28,214 km2 and 13,886 km2 respectively. By 2016, the remaining 

forest was 49,713 km2, and the hillside field and unstocked forest was 41,634 

km2 and 9,749 km2, respectively.  

Of the dominant drivers of forest cover loss, including agricultural 

extraction and logging, the underlying causes of forest cover loss in North 

Korea are related to policy and economic status (Schwekendiek 2010).  

Because forest cultivation was a part of a government program to expand 

productive farmlands, many were poorly built in forest and poorly managed, 

resulting in forest degradation and low productivity (Kang and Choi 2013). 

Logging and forest cultivation continued and more seriously until 2000 

because of more serious financial difficulty. The forest loss rate reached 

3.04%/year and more than 18% of the forest was deforested, and damage 

caused by naturals hazard began to increase. Efforts in forest restoration 

began in 2000 through policies for forest restoration and a request for 

assistance to the international community. From 2000 to 2010, the rate of 

forest loss decreased to 0.77%, and 6.6% of the forest was restored. However, 

poor forest management technology and continuous natural hazards, such as 

floods and droughts, resulted in the forest loss rate increasing to 1.53% from 

the 2010 to 2016. Isolation from the international community stopped 
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assistance and exchange of techniques of forest restoration. Government 

efforts for improving techniques of forest management and forest restoration 

are material to maintaining the remaining forest.   

4) Are the proposed methods effective in detecting deforestation and 

degradation?  

Using stacked phenology-based multi-variables with RDSFM is a powerful 

means of reducing classification errors, and enables better characterization of 

complex land-cover change status at 30-m resolution. The classification result 

showed an overall accuracy of 86.1% when using the simple unsupervised 

classifier. It is clearly effective and convenient to perform annual land-cover 

change analysis and to produce a transition matrix with no information.  

Comparing the quality of the mapping deforestation and degradation result 

to that of the MCD12Q1 yearly land cover and GE above, it was demonstrated 

that the land cover result derived using the proposed method is closer to reality. 

The land-cover types included in the zoomed image range are forest, hillside 

field, unstocked forest, river, and farmland on flatland. Although this may be 

because of the difference in spatial resolution, in this study we also used the 

MCD43A4 products, at a spatial resolution of 500m, which is the same as the 

MODIS land-cover products. Moreover, the land-cover types defined in 

global land-cover products, such as MCD12Q1, do not reflect at a regional 

scale because it is for global land cover. Thus, the mapping and monitoring 

method proposed in this study can more effectively reflect the land-cover 

situation at a regional scale with fine spatial and temporal resolution.  
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The mapping and monitoring methods proposed in this study can apply to 

several fields, especially in optimized forest management and planning, 

which satisfy several objectives (such as agriculture, extreme climatic events, 

adaption and biodiversity, etc.). A land-cover map specifying the 

deforestation and degradation areas is fundamental data for prioritized 

restoration. It is important to conduct continuous forest inventories reflecting 

regional characteristics, such as deforestation and degradation in North Korea. 

This study is expected to contribute to effective forest management and in 

developing a sustainable environment in North Korea.     
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Abstract in Korean 

 

산림생태계는 인류에 여러 가지 생태계 서비스를 제공한다. 그러나 

장기간의 인위적 압력과 산불, 산사태, 가뭄 등과 같은 자연 재해, 

더불어 기후변화와 같은 비생물적 요인 변화로 인하여 산림 생태계가 

제공하는 생태계 서비스는 점차 감소된다. 북한은 전 세계에서 산림 

황폐율이 높은 나라 중 하나이며, 개간된 산지와 황폐된 산림의 

증가는 북한 산림 생태계와 인근 주민 생활에 위협을 주는 가장 

주요한 요소이다. 이러한 산림 파괴는 북한의 낙후한 농업기술로 

인하여 발생되었다고 할 수 있다. 산지의 개간으로 인하여 토양층이 

얇아지고 농작물의 생산력이 감소되며 결국에는 방치되어 황폐지로 

이어진다. 북한의 이러한 산림 훼손으로 인해 자연 재해에 취약하며 

매년 홍수, 산사태, 산불 등 재해로 인한 심각한 피해가 보고되고 

있다. 특히 강우로 인한 토양 유실 또는 산사태 등은 매년 심각해지며 

토양 자체의 생산성을 감소시켜 조림사업을 시행하더라도 생태계 

복원이 어렵게 된다. 따라서 우선 복원지역 선정, 체계적인 복원계획 

및 관리방안을 수립하기 위하여 황폐된 산림과 개간된 산림을 

지속적으로 모니터링하는 것이 필수적이다.  

토지피복 또는 산림 황폐지 및 산림 개간 지역을 모니터링하는 

것은 많은 과학분야에서 사용되는 가장 기본적인 정보 중 하나로, 

북한과 같이 접근이 어렵고 사용 가능한 데이터가 부족한 지역을 
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높은 공간 해상도로 주기적이고 정확하게 분석하는 것은 여전히 

도전적인 과제이며 북한 지역 연구에서 필요한 연구이다. 이를 위해 

본 연구에서는 정밀 공간해상도로 주기적인 산림피복을 정확하게 

분류하고 모니터링하기 위한 비용대비 효율적인 방법을 제안하고자 

한다.  

우선, 산림 황폐지역인 무입목지와 개간된 산림지역인 개간산지를 

반사 값이 유사한 산림 또는 농지로부터 높은 정확도로 분류하기 

위하여 식생 계절 기반의 다중 지표의 최적의 조합을 제안하였다. 

선행 연구에서는 산림 파괴 지역을 분류하기 위해 단일 영상의 

스펙트럼을 기반으로만 분류하였기에 넓은 지역의 토지 피복 유형의 

이질적인 스펙트럼 특징을 파악하는 것이 어려웠다. 본 연구 결과는 

기존의 연구에서 위의 한계점으로 인해 황폐지역 구분 시 오직 

산림과 건초지 분류에 초점을 맞춘 연구의 한계점을 해결하였다.  

그 결과를 요약하면 다음과 같다. 1) 식생의 성장, 식생의 캐노피, 

식생의 수분 상태를 표현하는 지수인 NDVI, NDSI, NDWI 의 

계절적인 변화 특성은 반사 값이 유사한 피복에서 전형적인 계절적인 

차이를 보였으며 이는 단일 영상을 사용했을 때의 반사 값의 

유사성으로 나타난 오류를 해결해주고 분류의 정확도를 높였다. 2) 

이질적이고 복잡한 토지피복과 변화를 분석하기 위한 랜덤포레스트는 

많은 변수를 입력했을 때 가장 효과적인 도구인 것으로 나타났다. 

계절 특성을 반영하는 식생 지수와 랜덤포레스트를 결합하여 분류한 
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결과 89.38%의 높은 정확도로 나타났다. 3) 분류에 20% 이상으로 

크게 기여한 식생 지수는 3 월에서 5 월까지 식생 성장 기간의 NDSI, 

계절이 끝나는 기간인 9월 NDVI, 그리고 계절 초기와 마지막 시점인 

3 월, 4 월, 10 월의 NDWI 인 것으로 나타났다. 이 변수들의 조합은 

북한의 산림 황폐지역 또는 파괴지역을 구분하거나 모니터링하는데 

효과적이다. 본 연구결과는 이질적인 경관에서 식생 피복을 

분류하는데 있어 정확도를 크게 제고하였고 개간산지와 무입목지 

분류의 신뢰성을 제시하였다. 따라서 본 연구에서 제시한 변수의 

조합은 산림 파괴지역 또는 황폐지역을 주기적으로 모니터링 하는데 

유용할 것으로 보인다.  

둘째, 본 연구에서 제시한 변수의 조합과 랜덤 포레스트 분류 

모형을 2001 년, 2010 년, 2016 년에 적용하여 각 년도의 토지피복을 

분류하였고 1990 년대의 산림과 비교하여 각 년대의 황폐율을 

계산하였다. 분류 결과 각 분류 과정에 나타난 불확실성은 

7.93%~16.3%로 나타났다. 특히 2001 년 분류 결과에서 비교적 큰 

불확실성이 나타났는데 이는 분류 모형 구축 시기인 2013 년은 

2001 년에 비해 식생 계절 특징이 약간의 변화로 인해 불확실성이 

16.3%로 가장 크게 나타난 것으로 사료된다. 산림 감소율은 

1990~2001 년에는 3.13%/년으로 가장 큰 감소율로 나타났고, 

2001~2010 년에는 0.88%/년으로 감소율이 대폭 감소된 것을 볼 수 

있었다. 이는 북한 정부에서 산림 복원 계획과 국제사회에 대한 기술 
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교류 추진으로 인해 황폐율이 감소된 것으로 사료된다. 

2010~2016 년의 산림 감소율은 1.43%/년으로 다시 증가 추세를 

보였지만, 이는 2010 년 이후 기후는 평년기후와 달리 극한 기상이 

자주 발생하며 이러한 기상 요건이 산림 황폐화를 가속하는데 일조한 

것으로 사료된다.  

셋째, 가장 얻기 쉬운 데이터를 활용하여 정밀하고 연속적인 위성 

영상 데이터를 구축하기 위하여 본 연구에서는 두 영상의 변량을 

통한 시공간 데이터 융합 기법인 RDSFM (Residual Distribution-

based Spatiotemporal Data-Fusion Method)를 제안하였다. 기존의 

시공간 융합 기법은 입력 시간과 예측 시간 사이 발생한 스펙트럼 

변화지역을 예측하는데 어려움이 있었다. 특히 식생 피복 같은 경우 

계절 변화에 따라 각 밴드 값의 반응 방향과 변화 레인지는 서로 

다를 수 있다. 이러한 한계점을 해결하기 위해 본 연구에서는 두 개 

서로 다른 시간대의 영상의 스펙트럼 상관관계를 통해 각 밴드의 

최대 변량을 기반한 가중치로 잔여 값들을 분배하여 예측하는 

RDSFM 을 제시하였다. RDSFM 은 FSDAF 기법에서 제기한 

이질성지수, IR-MAD, unmixing 기반 기법과 가중 함수 기법들을 

하나의 프레임워크로 통합하였다. 본 연구에서는 실제 위성영상으로 

테스트하여 예측 결과를 UBDF, FSDAF 기법과 비교하였다. 예측 

정확도 비교 결과 RDSFM 이 더 높은 예측 정확도로 나타났으며 
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특히 파편화된 경관 및 NIR 밴드 예측에서 더 높은 정확도를 

보여주고 있다.  

RDSFM 이 FSDAF 보다 더 높은 정확도로 예측한 이유는 두 

영상의 상관성을 통해 계산된 MAD 변량에 기반한 가중치를 

부여함으로써 나타난 결과로 보여진다. MAD 는 정준상관분석에 

기반한 변수 집단을 비교하여 무감독으로 변화된 지역을 탐지한다. 

MAD 기반의 가중치를 추정하기 위하여 우선 t1(입력 데이터 시간) 

에서의 정밀해상도 영상과 t2(예측 데이터 시간)에서의 거친 해상도 

영상과의 변화를 탐지하였고, 두 센서간의 차이로 인하여 나타나는 

변화를 덜어내기 위하여 t1 에서의 정밀해상도 영상과 거친 해상도 

영상과의 변화를 탐지하여 계산되었다. 이는 거친 해상도 픽셀에서 각 

밴드 subpixel 의 상대적인 변화를 효과적으로 감지할 수 있으며, 

토지피복 변화 또는 클래스 내 스펙트럼 변화에 의한 픽셀 값을 

예측하는데 도움이 된다. RDSFM 은 기타 시공간 융합 기법보다 더 

높은 예측 정확도로 토지피복 변화를 분석하고, 식생의 계절적인 

변화를 모니터링하며, 산림 황폐지역을 감지하는 등 다양한 영역에 

효과적으로 활용할 수 있다.  

마지막으로 위에서 제안한 방법들의 유효성을 판단하기 위하여 

여러 식생 피복 유형이 가장 혼합되어 있는 지역에서 가장 심플한 

분류 방법인 무감독 분류를 활용하여 2001 년과 2014 년에 발생한 

황폐지역과 파괴된 지역을 구분함으로써 본 연구에서 제시한 방법의 
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간편성과 효율성을 증명하였다. 분류에 효과적인 계절 특성에 기반한 

다중 식생변수들은 RDSFM 을 통해 구축된 변수 조합은 분류 오류를 

줄이는데 가장 효과적인 방법이며 토지피복변화 및 황폐지역을 

30m 의 공간해상도에서 분석 가능하다. 이러한 방식으로 2001 년과 

2014년 사이에 발생한 황폐지역을 산림에서 무입목지로 변화된 지역, 

산림에서 개간산지로 변화된 지역, 개간산지에서 무입목지로 변화된 

지역 세 가지로 구분하였다. 무감독 분류를 활용한 분류 결과 약 

86.1%의 분류정확도를 나타냈으며 이는 매년 현지 조사 데이터가 

없이 토지피복 변화를 분석하는데 비용대비 효과적임을 보여주고 

있다.  

종합하면, 식생계절 기반의 변수의 조합과 RDSFM 기법은 산림 

피복 변화의 분류 및 모니터링에 있어 공간적 및 시간적 해상도를 

향상시킬 수 있다. 또한 본 연구는 산림 황폐지역을 세분화하는 것이 

체계적인 복원 계획 및 산림 생태계 분석에서 필요함을 제시하였다.  

주요어 : 산림 황폐화, 산림 파괴, 랜덤 포레스트, 무감독 변화 

탐지기법, 불혼합 기반 데이터 융합, 데이터 융합, 산림 피복 

변화 모니터링 
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