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Abstract: Forest disturbance plays a vital role in modulating carbon storage, biodiversity and climate change. Yearly Landsat imagery 

from 1986 to 2015 of a typical plantation region in the northern Guangdong province of southern China was used as a case study. A 

Landsat time series stack (LTSS) was fed to the vegetation change tracker model (VCT) to map long-term changes in plantation forests’ 

disturbance and recovery, followed by an intensive validation and a continuous 27-yr change analysis on disturbance locations, magni-

tudes and rates of plantations’ disturbance and recovery. And the validation results of the disturbance year maps derived from five ran-

domly identified sample plots with 25 km2 located at the four corners and the center of the scene showed the majority of the spatial 

agreement measures ranged from 60% to 83%. A confusion matrix summary of the accuracy measures for all four validation sites in 

Fogang County showed that the disturbance year maps had an overall accuracy estimate of 71.70%. Forest disturbance rates’ change 

trend was characterized by a decline first, followed by an increase, then giving way to a decline again. An undulated and gentle decreas-

ing trend of disturbance rates from the highest value of 3.95% to the lowest value of 0.76% occurred between 1988 and 2001, disturbance 

rate of 4.51% in 1994 was a notable anomaly, while after 2001 there was a sharp ascending change, forest disturbance rate spiked in 2007 

(5.84%). After that, there was a significant decreasing trend up to the lowest value of 1.96% in 2011 and a slight ascending trend from 2011 

to 2015 (2.59%). Two obvious spikes in post-disturbance recovery rates occurred in 1995 (0.26%) and 2008 (0.41%). Overall, forest recov-

ery rates were lower than forest disturbance rates. Moreover, forest disturbance and recovery detection based on VCT and the Landsat-based 

detections of trends in disturbance and recovery (LandTrendr) algorithms in Fogang County have been conducted, with LandTrendr finding 

mostly much more disturbance than VCT. Overall, disturbances and recoveries in northern Guangdong were triggered mostly by timber 

needs, policies and decisions of the local governments. This study highlights that a better understanding about plantations’ changes would 

provide a critical foundation for local forest management decisions in the southern China.   
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1  Introduction 

Disturbance is an important component in forest ecosys-

tem dynamic change. Several studies pointed out distur-
bance types, intensity and size impacted the growth of 
forest stand, tree species and forest structure (Pflug-
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macher et al., 2012; Edwards et al., 2014; Cohen et al., 
2016). For example, natural disturbance (thunderstorm, 
snow disaster and insects, etc.), human disturbance (log-
ging/harvesting, land use change, etc.) were forest carbon 
sources and post-disturbance regeneration would cause 
forest carbon sink events (Turner et al., 2015). Also, dif-
ferent landscape levels, such as urbanization, climate or 
disaster and forest management activities, would result in 
different disturbance magnitudes (Kennedy et al., 2015). 
Forest harvesting as an important characterization of hu-
man disturbance and landscape dynamics holds a robust 
relation with carbon storage and forest cover density, spe-
cies, topography and socio-economic (Levers et al., 2014; 
Wu et al., 2016).  

Plantations’ carbon sink in the southern China ac-
counts for 65% of the forest carbon sink in China (Piao 
et al., 2009). Expanding current area of the plantations 
can alleviate the CO2 concentration in the atmosphere, 
thus mitigating the global climate warming (Fang and 
Chen, 2001; Ma et al., 2013). Since 1980, the 
large-scale afforestation projects have made China dis-
tribute the largest area of plantation, accumulating a 
quarter of global plantation area. However, the planta-
tions include the characters of limited tree species, irra-
tional structures and vulnerability to diseases and insects 
(Chen et al., 2014), largely constraining the carbon se-
questration of the plantations ecosystem and being dif-
ficult in meeting contemporary timber demand in China. 
Because of the characters of fast-growing, high yield 
and short rotation cycle of the plantations, a widespread 
and frequent forest spatio-temporal change is definitely 
existing, which demands abrupt forest change monitor-
ing (Huang and Zhang, 2009). For example, prompt 
plantations reforestation followed by a harvesting event 
occurs frequently in southern China. This sharp change 
event would be spectrally undetectable when using two 
or three Landsat images (Mas 1999; Coppin et al., 2004; 
Lu et al., 2004) with a long time interval. Free access of 
long time series Landsat images (Woodcock et al., 
2008) make detecting forest disturbance events over the 
last several decades possible. The temporal and spatial 
coverage, moderate spatial resolution, and long history 
of earth observations provide a unique opportunity for 
observing vegetation changes across large areas and 
long time scales (Masek et al., 2013). Monitoring when 
and where forest disturbance and recovery occur by us-
ing Landsat images has a profound significance for for-

est management and carbon prediction, due to quantita-
tive and spatio-temporally explicit information on forest 
disturbance and recovery can be derived from the 
monitoring process.  

Forest disturbance in the current work was defined as 
any event that caused either substantial mortality or 
leaf-area reduction within a forest stand, including 
management activities such as harvest and thinning. 
Forest recovery was defined as post-disturbance recov-
ery. Landsat time series data based algorithms (Wood-
cock et al., 2008; Roy et al., 2014) captured the duration 
and magnitude of different disturbance types. VCT has 
been reported to identify the abrupt disturbance events 
successfully, such as forest fires, harvesting (Masek et 
al., 2013). LandTrendr is designed to detect both abrupt 
events as well as slower, longer-term changes across all 
lands (Schroeder et al., 2012). Harvesting is a frequent 
disturbance event in plantation forests in southern 
China, especially for commercial forests. And the near 
annual records of plantation forests disturbance or re-
covery in southern China from 1986 to 2015 were rare. 
A noticeablething regarding to VCT was how to select 
non- contamination growing season’s images to mini-
mize phenology and BRDF differences and make multi- 
temporal image differencing, otherwise, VCT-based 
mapping disturbance events displays according to the 
pre-establish software modules, so in situ algorithm 
cannot be adjusted to the user-defined function flexibly 
(Kennedy et al., 2010). However, VCT has been proved 
having the advantages in both identification and map-
ping forest disturbance and being more robust to noise 
from registration, BRDF, and seasonal effects (Huang et 
al., 2010). Additionally, the VCT model has been used 
to produce disturbance products for the sites where 
LTSS were assembled during the NAFD project 
(Goward et al., 2008; Huang et al., 2009; Huang et al., 
2010; Thomas et al., 2011), or through the LANDFIRE 
project (Li et al., 2009a; Li et al., 2009b). Noticeably, 
Both VCT and LandTrendr algorithms were able to find 
most of the major disturbances. Comparison of VCT and 
LandTrendr algorithms for disturbance detection have 
only been reported in Schroeder et al., 2014. Here, there 
would be a trial demonstration to monitor forest distur-
bance or recovery based on both algorithms in Fogang 
County, northern Guangdong, because large commercial 
forests disturbance distribution could be derived from 
local abundant field forest survey data, however, refer-
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ence data outside of Fogang were unavailable.  
The aim of this study was to assess the utility of 

Landsat time series algorithms for mapping forest dis-
turbance and recovery in northern Guangdong region. 
Our methodology comprised four main steps: 1) con-
verting the original scenes in the stack from Beijing sat-
ellite remote sensing ground station (BJGS) in China 
and United States Geological Survey (USGS) to the 
standard surface reflectance images by the LEDAPS 
algorithm; then 2) characterizing forest disturbance and 
recovery events through analyzing forest disturbance 
and recovery occurrence year and rates based on VCT 
models; 3) monitoring and comparing forest disturbance 
or recovery based on VCT and LandTrendr in Fogang 
County; and 4) finally, evaluating the disturbance iden-
tification accuracy of VCT model and identifying the 
driving forces contributing to plantations’ forest distur-
bance and recovery in the southern China. 

2  Materials and Methods  

2.1  Study site and data 
Fig. 1 illustrates the location of the study area, with a 
WRS path/row number 122/043 (p122r043), covering 
the central and northern portions of Guangdong Prov-
ince, including Shaoguan, Qingyuan and Heyuan cities. 
The study area extends from 113.10°E to 114.75°E and 
23.64°N to 25.44°N. The local topography is undulat-
ing and its elevation is between 22 m and 1353 m 
above sea level. The climate is a mid-subtropical 
monsoon climate, with an average annual precipitation 
ranging from 1300 mm to 2400 mm and an average an-
nual temperature ranging from 18  to 21 .℃ ℃  The rainy 
season takes place from March to August, with ap-
proximately 53% of the annual rain falling between 
April and June. Forest types are dominated by ever-
green forests mainly composed of Pinus massoniana, 
Cunninghamia Lanceolata, Pinus Elliottii Engelm, 
Cryptomeria fortunei, Eucalyptus, Pinus kwangtun-
gensis, Castanopsis fissa, Acacia mangium, Populus 
tremula, along with other minor tree species, as well as 
Phyllostachys pubescens, and a small amount of de-
ciduous trees and shrubs. Fogang County in Qingyuan 
City is located in the southern place of the whole re-
gion, where commercial plantations were distributed 
(Fig. 1). Guangdong Provincial Center for Forest Re-
sources Monitoring provided forest resources survey 
database ranging from 2005 to 2011 and sub-com-

sub-compartment data in 2005, 2006, 2009, 2011 in 
Fogang County to aid the identification of local forest 
types and non-forest types.  

Thirty-one georectified Landsat 5 Thematic Mapper 
(TM), Landsat 7 Enhanced Thematic Mapper plus 
(ETM+) and Lansat 8 Operational Land Imager (OLI) 
images (30 m spatial resolution) from the USGS 
Landsat archive and BJGS for the p122r043 that span-
ning from 1986 to 2015 were used to characterize for-
est disturbance and recovery histories (Table 1). The 
forest management data on logging, regeneration, and 
fire etc., and the agricultural and rural development 
data were compiled by using the materials provided by 
the local forestry and agricultural committees of three 
major cities. 

2.2  Image acquisition 
This scene is near the coastal regions (Fig. 1), large- 
scale cloud contaminated images are quite common. 
Thus, we have to use some images out of the growing 
season, and the acquisition time frame can be ex-
tended to early October under this low latitude region 
(Table 1).  

2.3  Image calibration and LEDAPS images proc-
essing from BJGS and USGS  
Most selected Landsat time series stack (LTSS) images 
were downloaded from the USGS, which have been 
geometrically corrected to achieve sub-pixel geolocation 
accuracy and have high levels of radiometric consis-
tency achieved using best available calibration coeffi-
cients and calculation of reflectance in the Landsat Eco-
system Disturbance Adaptive Processing System 
(LEDAPS). However, for those non-standard format 
scenes from BJGS, which having different geo-referencing 
systems, a new procedure was developed to make them 
have the same input files of LEDAPS processing, 
namely, over 90 identical ground control points (GCPS) 
were used to co-register those images from BJGS using 
the 2004 image as base image by fitting a 2nd-order 
polynomial for projection and coordinates transforma-
tions. During the transformations, to maintain spectral 
fidelity, the re-sampling method of nearest neighbors 
was used, and five images from BJGS (Table1) were 
unified to the UTM projection, the sub-pixel level of the 
collocation accuracies among the involved images were 
achieved to enable the LTSS construction, and to minimize  
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Fig. 1  Location of study site. The red line area shows our prototype study site p122r043, covering three major cities in northern 
Guangdong region: Shaoguan, Qingyuan, Heyuan  
 

spurious changes arising from mis-registration errors 
(Townshend et al., 1992). Then implementing the 
LEDAPS to fulfill the requirement of the above- men-
tioned high level pre-processing algorithms and validat-
ing the efficacy of LEDAPS outputs by comparing the 
LEDAPS-derived spectral signatures or curves of water 
bodies and vegetation with those from standard spectral 
libraries (Shen and Li, 2014). Finally, a LTSS consisting 
of thirty-one Landsat images was assembled (Table 1), 
being utilized for mapping the disturbance and recovery 
products. 

2.4  VCT disturbance and recovery mapping  
2.4.1  Mapping and assessing disturbance and recov-
ery over p122r043 covering northern Guangdong  
The vegetation change tracker (VCT) algorithm based on 
an integrated forest z-score (IFZ) index which was de-
signed by Huang et al. (2009) was specifically for map-
ping forest disturbance and recovery using LTSS or 
LTSS-like data sets that consist of temporally dense satel-
lite acquisitions (Huang et al., 2010). Persistent forest 
land was defined as no major disturbance occurred during 
the years being monitored. Most of the errors in the  

persistent forest class were caused by partial disturbance 
events such as selective logging, understory fire, or defo-
liation due to insect or storm damage. The approach also 
did not distinguish between disturbance (mortality fol-
lowed by recovery) and permanent conversion of land 
cover. Thus, the definition of disturbance corresponds most 
closely to ‘gross forest cover loss’ (Hansen et al., 2010). 
Considering the particularity of VCT algorithm being used 
to detect abrupt disturbance, and the frequent logging of 
the plantation in the northern Guangdong, as well the tradi-
tional silviculture and deforestation patterns in southern 
mountains, for example, local residents rely on forests for 
food, fuel and medicine, we used the VCT to monitor these 
forest changes and classified each pixel as forest, non-           
forest, water, and flagged the year of disturbance.  

The disturbance year map product summarizes forest 
cover changes that have occurred during the observation 
period (1986–2015). The definitions of the disturbance 
map legend are summarized in Table 2. To focus on the 
analytical pattern of forest versus non-forest, the origi-
nal seven classes in the disturbance map were aggre-
gated. Table 2 illustrates the criteria for this aggregation. 
In detail, class 2 (persisting forests) and class 5 (probable 
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Table 1  Landsat TM/ETM+ scenes used in this analysis 
(p122r043) 

Year/DOY (Day of year) Satellite Sensor Source 

1986307 Landsat 5 TM EROS 

1988313 Landsat 5 TM BJGS 

1990206 Landsat 5 TM EROS 

1992212 Landsat 5 TM BJGS 

1993278 Landsat 5 TM EROS 

1994313 Landsat 5 TM BJGS 

1995284 Landsat 5 TM EROS 

1996159 Landsat 5 TM EROS 

1997305 Landsat 5 TM BJGS 

1998228 Landsat 5 TM BJGS 

1999255, 1999287 Landsat 7 ETM+ EROS 

2000258 Landsat 7 ETM+ EROS 

2001252, 2001260 Landsat 5, 7 TM, ETM+ EROS 

2002311 Landsat 7 ETM+ EROS 

2003290 Landst 5 TM EROS 

2004277 Landsat 5 TM EROS 

2005199 Landsat 5 TM EROS 

2006266 Landsat 5 TM EROS 

2007205 Landsat 5 TM EROS 

2008208 Landsat 5 TM EROS 

2009194, 2009290 Landsat 5 TM EROS 

2010213 Landsat 5 TM EROS 

2011232 Landsat 5 TM EROS 

2012307 Landsat 7 ETM+ EROS 

2013325 Landsat 7 ETM+ EROS 

2014280, 2014288 Landsat 7, 8 ETM+, OLI EROS 

2015291 Landsat 8 OLI EROS 

 
forest with recent disturbance) were aggregated into a 
new forest class. Class 1 (persisting non-forest), 6 (dis-
turbed in this year) and 7 (post-disturbance non-forest) 
were grouped into the non-forest class. The persisting 
water was kept unchanged in the aggregation. Thus, the 
aggregation results were used for identifying the forest 
changes between the observation period. From the an-
nual forest disturbance map, we calculated the annual 
forest disturbance area by using the numbers of the pix-
els in Class 6 (Table 2), also generated the annual forest 
recovery area. The forest recovery area in that year was 
generated by intersecting forest pixels in that year with 
disturbance pixels before that year. 
2.4.2  Mapping and assessing Fogang County’s dis-
turbance and recovery based on VCT and LandTrendr   
VCT-based disturbance and recovery maps in Fogang  

Table 2  Definition and aggregation of forest disturbance map 
derived from VCT model 

Value Class description in VCT model Aggregated class 

0 Background Abandoned 

1 Persisting non-forest Non-forest 

2 Persisting forest Forest 

4 Persisting water Water 

5 Probable forest with recent disturbance Forest 

6 Disturbed in this year Non-forest 

7 Post-disturbance non-forest Non-forest 

 

County were clipped from the whole scene based on 
Fogang administration boundary. LandTrendr relies on 
multi-temporal segmentation to simultaneously find 
both abrupt events and slower, longer-term trends. And 
the nearly annual changing area of disturbance and re-
covery originating from LandTrendr has been calculated 
in Shen and Li (2017). The temporal span of VCT algo-
rithm was from 1988 to 2015, while that of LandTrendr 
algorithm was from 1988 to 2011, because of the limita-
tion in algorithm version. In comparison of the two 
changing results from both algorithms, we aimed to test 
their performance applying in plantation forests detec-
tion in southern China.  

2.5  Accuracy assessment of VCT-developed forest 
disturbances 
Comprehensive validation of the entire suite of VCT 
products has been found extremely challenging because 
conventional, ground or aerial photography based vali-
dation sources or reference data sets pertaining to pre- 
and post-disturbance and recovery processes are scarce 
or do not exist at the required yearly or biennial tempo-
ral frequency for the entire time period of the LTSS 
(Huang et al., 2010; Thomas et al., 2011). Here, we fo-
cused on the validation of the VCT disturbance year 
maps. Because the spectral signals of most forest dis-
turbances can be identified reliably by experienced im-
age interpreters through visual examination of Landsat 
images acquired both before and after a particular dis-
turbance event based on Google Earth photos (Kennedy 
et al., 2007; Huang et al., 2010; Thomas et al., 2011). 
For a major disturbance caused by clear cut or other 
stand replacing events, however, the post-disturbance 
pixels did not look like forests any more. After a minor 
disturbance, the post-disturbance pixels looked brighter 
and less green than the pre- disturbance pixels, but they 
still looked like forest pixels.  
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The validation aimed at major disturbance patches 
consisting of at least 3 × 3 continuous pixels (Landsat), 
because patches smaller than 3 × 3 continuous pixels 
were difficult for visual interpretation due to residual 
mis-registration errors and known impacts of sensor’s 
point spread function (Huang et al., 2002). The first in-
terpretation assessment method was through calculating a 
spatial agreement index (SAI) for randomly five 5 km × 
5 km square plots located in the four corners of the im-
age and centered on the image. Specifically, SAI is 
calculated by dividing Acd by Avc, Avc and Amd mean 
the areas of the visually interpreted disturbance patch 
and the corresponding VCT-mapped disturbance patch 
respectively, and Acd stands for the area of the coinci-
dence region between Avc and Amd. The second accu-
racy estimation method was to create a confusion matrix 
(overall accuracy, kappa coefficient, and per class 
user’s, and producer’s accuracies) based on reference 
data sets of the above five validation sites, according to 
Stehman and Czaplewski, 1998. Fogang county’s dis-
turbance results were validated due to reliable ground 
reference data. For each of four sites, validation samples 
were selected using a stratified random sampling 
method and each class in the disturbance year map was 
used to define a stratum. Persisting water was included 
in the persisting non-forest class. We targeted 30 sam-
ples per stratum, with 27 stratums. A total of 810 valida-
tion samples were selected for each validation site. For 
each validation sample, all images of the target LTSS 
were inspected visually to determine whether it be-
longed to one of the ‘persisting’ classes or it had distur-
bances. The disturbance years were recorded after they 
were found at a sample location. 

3  Results and Discussion 

3.1  Validation of disturbance year map  
Fig. 2 demonstrates the disturbance year map derived 
from the VCT algorithm and the associated five valida-
tion square plots, each with an area of 25 km2. Table 3 
list all the agreement index measures of the five plots. 
Measures of the spatial agreement ranged from 24.1% to 
97.3%, and the majority of the measures stayed at 60% 
through 83% (Table 3). The validation accuracies were 
fully in agreement with those derived in the United 
States, which overall accuracy for North America Forest 
Disturbance (NAFD) individual time step disturbance 

products ranged from 77% to 86% (Thomas et al., 
2011). There were two exceptionally low agreement 
value (38.1%) occurring between 2000 and 2001, 
(24.1%) between 2008 and 2009 in the lower right plot, 
respectively. When tracing back to the image from the 
appropriate time period we found that the VCT algo-
rithm missed a patch of low intensity disturbances, 
which could be detected visually on the imagery. Also, 
some geometric errors originated from BJGS images 
undoubtedly produced some spurious changes in the 
disturbance year maps detected by VCT. This was likely 
the case for the low measure of 43.2% and 52.1% in the 
disturbance year of 1992 and 1994. 

Table 4 provides a summary of the accuracy measures 
for all four validation sites in Fogang County, showing 
that the disturbance year maps had overall accuracy of 
71.70%. The producer’s and user’s accuracies averaged 
over all classes ranged from 68.37% to 92.91% and 
70.51% to 79.37%, respectively. The errors in the distur-
bance year products can be attributed to several factors. 
The first is that it is difficult to detect many non-stand 
clearing disturbances by the current version of the VCT; 
the second is the lack of ground information or high 
resolution data, namely, for field survey data, one reason 
was without effective forest survey data corresponding to 
annual year, only four years available sub-compartment 
survey data covering the Fogang County could be re-
ferred, because the national data were not opened to the 
public, another reason was the inaccuracy of geographic 
coordinates location; for reference data, only minor local 
clear Google Earth photos could provide high resolution 
examination for validation. Moreover, most of the dis-
turbed pixels that were mapped as persisting forest by 
VCT were identified as non-stand clearing disturbances. 
Also, the disagreements were attributed to undetected 
thinning, crop lands and wetlands. Most of the overall 
accuracies and kappa values are close to those reported 
by Huang et al., (2010) and Kennedy et al., 2007.  

3.2  Analysis of forest changes 
From annual forest disturbance map generated by VCT, 
we generated annual forest cover, and the persisting 
non-forest and disturbed patches were grouped into 
non-forest type as annual non-forest cover (Fig. 3). For-
est cover increased from 1.79 × 106 ha in 1986 to 1.99 × 
106 ha in 2002, after which giving way to a decreasing 
trend during the period 2003 to 2010 (1.79 × 106 ha),  
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Fig. 2   The disturbance year map derived from the VCT algorithm and five validation square plots (Upper left: UL, Upper right: UR, 
Lower left: LL, Lower right: LR) 
 

with that an increasing trend was reported from 1.86 × 
106 ha in 2011 to 1.89 × 106 ha in 2015 (Fig. 4). Note-
worthy, the trend was characterized by a subtle fluctua-
tion before year 2002 (Fig. 4). There was a small de-
crease of forest area from 1.79 × 106 ha in 1986 to 1.72 
× 106 ha in 1988, followed by a rising up to 1.84 × 106 
ha in 1993, after which a slight decrease reached to 1.82 
× 106 ha in 1994.  

3.3  Forest disturbance and recovery year maps 
and changes in forest disturbance and recovery rate 
3.3.1  Northern Guangdong region 
For the acquisition year of each image in a LTSS, a dis-
turbance rate (%) was calculated as the ratio of the pix-
els disturbed in that year over the total number of forest 
pixels (Huang et al., 2009). Likewise, the recovery rate 
(%) was calculated by dividing the recovery pixels in  
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Table 3  Spatial agreement measures of the five square plots on forest disturbance year map 

Upper left plot Upper right plot Lower left plot Lower right plot Central plot 

DY AM (%) DY AM (%) DY AM (%) DY AM (%) DY AM (%) 

1986  1986  1986  1986  1986  

1988 63.8 1988 75.8 1988 81.6 1988 73.7 1988 66.4 

1990 92.1 1990  1990  1990 97.3 1990  

1992  1992 62.8 1992  1992  1992 43.2 

1993 66.9 1993 89.2 1993  1993  1993 78.8 

1994 70.9 1994 62.8 1994 52.1 1994 64.1 1994 67.3 

1995  1995  1995 63.8 1995 55.1 1995 58.2 

1996  1996 67.4 1996  1996  1996 65.8 

1997  1997  1997  1997  1997 60.9 

1998  1998  1998  1998  1998  

1999  1999 75.3 1999  1999  1999  

2000  2000 53.2 2000  2000  2000  

2001  2001  2001 73.0 2001 38.1 2001  

2002  2002  2002  2002 53.1 2002  

2003 66.0 2003  2003  2003  2003  

2004  2004  2004  2004  2004  

2005  2005  2005 74.6 2005  2005  

2006  2006  2006 55.4 2006 62.6 2006  

2007  2007 78.0 2007 63.7 2007 69.8 2007  

2008  2008 53.0 2008 59.8 2008 82.6 2008 43.8 

2009  2009 64.1 2009  2009 24.1 2009 74.6 

2010  2010 64.3 2010  2010  2010  

2011 66.3 2011 58.8 2011  2011 77.4 2011 77.1 

2012 65.1 2012 54.3 2012  2012 63.1 2012 55.3 

2013  2013  2013  2013 56.0 2013 84.1 

2014  2014  2014 54.3 2014 67.1 2014 60.1 

2015  2015  2015 72.0 2015 80.1 2015 73.6 

Notes: DY: disturbance year; AM(%): agreement measure; The blank cells (no data) in the table were principally attributed to lack of data due to cloud cover, or no 
disturbance detected by VCT 

 
Table 4  Confusion matrix for the VCT derived disturbance year map 

VCT Persistent forest Persistent nonforest Average disturbed forest User’s accuracy (%) 

Persistent forest 92.61 0.79 3.79 79.37 

Persistent nonforet 0.49 90.84 6.58 73.45 

Average disturbed forest 1.08 1.17 68.37 70.51 

Produce’s accuracy (%) 92.61 90.84 68.37  

Overall accuracy (%) 71.50 Kappa 0.68  

 

that year over the total number of forest pixels. Fig. 5 
displays the variation of annual forest disturbance rate 
and recovery rate. Because it was not possible to know 

the status in the pre-observation category and therefore 
forest disturbance and recovery rate in 1986 was ex-
cluded from Fig. 5. 
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Fig. 3  Example of spatial distribution of forest changes mapped 
in 2015 
 

Fig. 5 illustrates that forest disturbance rates change 
trend was a decline first, followed by an increase, and 
then giving way to a decline. An undulated and gentle 

decreasing trend of disturbance rates from the highest 
value of 3.95% to the lowest value of 0.76% occurred 
between 1988 and 2001, disturbance rate of 4.51% in 
1994 was a notable anomaly, while after 2001 there was 
a sharp ascending change, except for 2006, forest dis-
turbance rate spiked in 2007(5.84%). After that, there 
were a significant decreasing trend up to the lowest 
value of 1.96% in 2011 and a slight ascending from 
2011 to 2015 (2.59%). Two obvious spikes in post-          
disturbance recovery rates occurred in 1995 (0.26%) and 
2008 (0.41%). Overall, forest recovery rates were lower 
than forest disturbance rates.  

We calculated the forest recovery areas between 
seven time intervals of almost every five years from 
1988 to 2015 (Fig. 6), year intervals were 1988 to 1992, 
1992 to 1996, 1996 to 2000, 2000 to 2004, 2004 to 
2008, 2008 to 2012, and 2012 to 2015, respectively. 
Results showed that the obvious highest recovery area 

 

Fig. 4  Forest areas changing with time by VCT    

 

Fig. 5  Temporal variation of the annual forest disturbance and recovery rate 
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Fig. 6  Areas of forest recovery year change map within seven 
time intervals from 1988 to 2015 

 
was 5.46 × 104 ha from 2008 to 2012, 2.66 × 106 ha 
from 1996 to 2000 was the second, which was higher 
than that of 2.50 × 106 ha from 2004 to 2008, the lowest 
value of 1.57 ×104 ha was witnessed between 2000 to 
2004. 

Missing three years of 1987, 1989 and 1991 impacted 
the calculation of annual recovery rates from the annual 
disturbance map. Similarly, Landsat images in 1988, 
1994, and 1997 from BJGS were collected on Novem-
ber 8th, November 9th, November 1st, respectively, 
which were time of late autumn or the early winter in 
this low-latitude region. Thus, the deciduous forests 
during this time likely represented near leaf-off status, 
which led the VCT algorithm to erroneously flag these 
sites as areas of change. The different imagery pre-   
processing means between BJGS and USGS also re-
sulted in estimation errors. The cloud cover was high in 
1996, 1997, 1998 and 1999. Also underestimation of 
partial disturbances may introduce biases to disturbance 
rates calculated from those products. The overestimate 
of disturbance rate would come from the confusion be-
tween mixed urban and tree areas. 
3.3.2  Fogang county’s VCT and LandTrendr forest 
disturbance and recovery  
Fast growing and high yield commercial forests and 
economic forests are dominant tree in Fogang County 
(Fig. 1). Both algorithms could identify an abrupt event 
(harvesting) (Fig. 7). VCT-based results (Fig. 8a) showed 
that an annual disturbance of near 1000 ha was wit-
nessed for most years, and an annual disturbance of over 
2000 ha occurred in 1988, 2003, 2004, 2005, 2006, 
2007, 2008, 2009, 2010, and 2015. Particularly, the dis-
turbance area of 2007 exceeded 6000 ha. In comparison 
to forest disturbance, forest recovery areas were also  

 

Fig. 7   Fogang County with VCT and LandTrendr forest dis-
turbance in northern Guangdong 

 
changing obviously. Through a trend analysis of forest 
disturbance and recovery in Fogang County, forest re-
covery area was significant less than disturbance area. 
LandTrendr-based results (Fig. 8b) indicated an annual 
disturbance area of 1000 ha for most years of the study, 
and an annual disturbance of over 2000 ha occurred in 
2002, 2004, 2005, 2006, 2007, and 2009. Particularly, 
the disturbance of 2007 exceeded 6000 ha. In compari-
son to forest disturbance, forest recovery areas were 
relatively stable (Shen and Li, 2017). Overall, both al-
gorithms reported that forest disturbance and recovery 
areas in the late 1980s through 1990s were less than 
those after 2000, and the trend was lower than that after 
2000. Since 2000, the forest disturbance areas have 
gradually increased, with a slight increase in forest re-
covery, but the overall magnitudes of forest disturbance 
exceeded those of forest recovery. 

Both algorithms infer change on ground from 
changes in the spectral signal captured over time by 
multiple Landsat images, they do so in different ways 
and produced noticeably different spatial (Fig.7) and 
temporal (Fig. 8) patterns, with LandTrendr finding 
much more disturbance than VCT mostly like the results 
in Schroeder et al., 2012. Because some disturbance 
from non-forested areas based on LandTrendr algorithm 
were added in forest disturbance map. Despite these 
differences, both maps resulted in similar accuracy met-
rics when compared with the satellite interpretations of 
disturbance (VCT overall accuracy 78%; LandTrendr 
overall accuracy 77%).  

3.4  Driving forces analysis of forest changes 
The ‘Green Guangdong’ afforestation plan was estab- 
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Fig. 8  Forest disturbance and recovery area changing in Fogang County. a) VCT; b) LandTrendr; c) Area of disturbance (ha) mapped 
by VCT and LandTrendr 
 
 

lished in the 1980s and resulted in mountain forests re-
growth in the early 1990s, especially in 1992. At the 
beginning of mid-1990s, due to the blind of short-term 
economic benefit, an amount of eucalyptus species were 
introduced to the northern Guangdong. As the 
fast-growing and high-yield plantations have short rota-
tion cycle and need to be cut for a new regeneration 
(Shen et al., 2016). Results showed that forest area con-
stantly rose in the 1980s, and within the fast-growing 
fertility forests planted in the 1990s, the seedling grew 
to the mature forest, made the forest area cover of year 
2002 reach the peak (Fig. 4). Forest disturbance rate in 
1994 was higher as a result of the traditional cultivation 
of clear cutting then prescribed burning for land prepa-
ration responding to the implementation of eucalyptus 
construction plan (Fig. 5). Harvesting led the distur-
bance rates obviously rising since 2006. The reason was 
that the fast-growing productive trees being logged at a 
six years rotation period and the new reforestation came 
into the next cutting period. Furthermore, after 2000, the 

permission for a low slope development plan and 
mountainous urbanization increase could explain the 
gradually decreasing forest area and the increasing for-
est disturbance rate. Meanwhile, to protect water source 
forests and conservation forests, the eucalyptus plan was 
banned by local government, but some plantations were 
remaining. Furthermore, afforestation on the barren 
mountains, cutting-blank, fire-slash, inefficient forest 
lands was conducted, which together led to a slight ris-
ing of recovery rates after 2000 (Shen et al., 2016). The 
rain and ice snow storm in mid-January to early Febru-
ary 2008 destroyed 30 years of hard work from the 
1980s to reforest the region (Zhou et al., 2011), ac-
counting for one-tenth of China’s forests and planta-
tions, which was roughly equivalent to the number of 
hectares that were reforested between 2003 and 2006, 
according to China’s State Forestry Administration 
(Stone, 2008). The statistical materials from the local 
government and South China Botanical Garden in 
Guangzhou showing that restoration plans after snow 



 SHEN Wenjuan et al. Spatio-temporal Variations in Plantation Forests’ Disturbance and Recovery of Northern Guangdong… 611 

disaster helped the forest recover fast (Stone, 2008).  

3.5  Some difficulties and uncertainty 
Forest types here are dominated by evergreen forests, to 
some extent, alleviating the effects of phenology. Im-
ages acquired during or near the leaf-off season were 
considered, because the area in northern Guangdong 
where trees grow rapidly, even a stand clearing harvest 
can be replaced by thick young forests on just a few 
years, which are often spectrally similar to undisturbed 
forests. As a result, a harvest event may not be spectrally 
detectable if no images are acquired immediately after 
the event, while nearly annual record rather than bien-
nial time series stacks being used had proved the results 
would have been incrementally improved (Thomas et 
al., 2011). Additionally, the current version of VCT 
cannot map the disturbance types or sources individu-
ally, some additional analyses are needed to separate 
disturbance sources to enable further understanding of 
catalysts for disturbance (Kennedy et al., 2010; Ken-
nedy et al., 2012; Zhu et al., 2012; Vogelmann et al., 
2012; Neigh et al., 2014; Zhao et al., 2015). Some uncer-
tainties between forest disturbance and recovery, forest 
ecosystem (biomass, carbon stock) (Frolking et al., 
2009), urbanization and climate (Dale et al., 2001; Pei et 
al., 2015) still existed and need to be solved further.  

4  Conclusions  

This work has developed a forest disturbance and re-
covery history using a vegetation change tracker (VCT) 
model within the plantation in northern Guangdong 
based on an assembled LTSS consisting of annual 
Landsat time series observations spanning from 1986 to 
2015. It has demonstrated that VCT has a stable map-
ping abrupt disturbance although implementing VCT 
confronts more difficulties outside of the USA. And 
VCT and LandTrendr algorithms utilized in Fogang 
County have been conducted, with LandTrendr finding 
mostly much more disturbance than VCT. The mapped 
forest change patterns in northern Guangdong province 
are not only highly related to Chinese economic, demo-
graphic, environmental and political policies, but also to 
some extreme catastrophic events under the special 
geographical conditions. It is our belief that populariz-
ing the automated algorithms is beneficial to create a 
clear sight of forest disturbance and recovery histories 

and provide a critical component for assessing forest 
management, forest carbon sequestration and planning 
biodiversity conservation under climate change. 
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