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loss and burned areas using Spearman’s correlation. For-
est loss increased significantly (264.8 km2 a−1; R2 = 0.54, 
p < 0.01) throughout China, with an average annual increase 
of 11.4% during 2003–2015. However, the forest loss trend 
had extensive spatial heterogeneity. Forest loss increased 
mainly in the subtropical evergreen broadleaf forest zone 
(315.0 km2 a−1; R2 = 0.69, p < 0.01) and tropical rainforest 
zone (38.8 km2 a−1; R2 = 0.66, p < 0.01), but the loss of forest 
decreased in the cold temperate deciduous coniferous forest 
zone (− 70.8 km2  year−1; R2 = 0.75, p < 0.01) and the temper-
ate deciduous mixed broadleaf and coniferous forest zone 
(− 14.4 km2 a−1; R2 = 0.45, p < 0.05). We found that 1.0% of 
China’s area had a significant positive correlation (r ≥ 0.55, 
p < 0.05) with burned areas and 0.3% had a significant nega-
tive correlation (r ≤ − 0.55, p < 0.05). In particular, forest 
loss had a significant positive relationship with the burned 
area in the cold temperate deciduous coniferous forest zone 
(16.9% of the lands) and the subtropical evergreen broadleaf 
forest zone (7.8%). These results provide a basis for future 
predictions of fire-induced forest loss in China.

Keywords Forest loss · Forest fire · Burned area · 
Spatiotemporal variability · Correlation analysis

Introduction

Forests play a vital role in the maintenance of the Earth’s 
ecological balance and mitigation of climate change (Bonan 
2008), but forest loss is widespread in various countries 
(Hansen et al. 2013; Da Ponte et al. 2017; Harris et al. 
2017). Studies based on ground observations and satellite 
data have shown that global forest loss has been remarkably 
high over the last decade (Hansen et al. 2013; Heino et al. 
2015; Keenan et al. 2015). For example, global forest loss 

Abstract Fire-induced forest loss has substantially 
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nection between forest loss and frequent fires on a national 
scale remains largely unexplored. In this study, we used a 
data set for a time-series of forest loss from the Global For-
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was ~ 0.19 million  km2 a−1 during 2000–2012 (Hansen et al. 
2013). Forest loss has a significant impact on ecological pro-
cesses and functions of forest ecosystems (e.g., biodiversity 
loss and ecosystem service reduction) (Foley et al. 2007; 
Betts et al. 2017) and environments (e.g., greenhouse gases 
emission) (van der Werf et al. 2009; Chiriaco et al. 2013). 
Thus, there is a need to elucidate the spatiotemporal pat-
terns, trends, and drivers of forest loss (Molin et al. 2017; 
Curtis et al. 2018) because such loss is an important compo-
nent of global changes (Trumbore et al. 2015).

Fire has long been considered a major driver of spati-
otemporal changes in forest loss (Curtis et al. 2018; Reilly 
et al. 2018). For example, about 67 × 106 ha of forests burned 
annually worldwide during 2003–2012 (van Lierop et al. 
2015). Moreover, studies have suggested that fire frequency 
and the area burned could substantially increase with the 
prolonged growing seasons predicted with warming climates 
(Liu et al. 2010; Wotton et al. 2010; Abatzoglou and Wil-
liams 2016). Such altered fire regimes will likely increase 
forest loss because the effects of fires will be amplified in 
warmer, drier climates (Stephens et al. 2013; Brando et al. 
2014). Thus, in this study, we focused on the role of fire in 
shaping spatiotemporal patterns of forest loss, which may 
help to elucidate the vulnerability of forests to fire and their 
resilience after a fire event (Tepley et al. 2017).

Forest fires occur frequently in China (Adams and Shen 
2015; Chen et al. 2017). For example, about 78.6% of the 
land in China was affected by fire during 2001–2016 (Chen 
et al. 2017). Fires have caused substantial loss of forests 
in China. For example, on 6 May 1987, a fire in the boreal 
forests of northeastern China burned ~ 1.3 × 106 ha and 
significantly affected forest resources and the environment 
(Xiao et al. 1988; Cahoon et al. 1994). Although the pat-
terns and drivers (e.g., urban expansion) of forest loss have 
been examined in some regions of China (Jia et al. 2015; 
Zhai et al. 2017; Zhou et al. 2017), an understanding of the 
effects of fires on forest loss on a national scale for China is 
still lacking. Filling this gap in our knowledge will increase 
the accuracy of predictions of future trends in forest change 
(loss or gain) in China.

China’s climate ranges from tropical to arctic and from 
rainy to extremely dry, and forest ecosystems range from 
subtropical to boreal forests (Piao et al. 2004), resulting in 
diverse fire regimes (Chen et al. 2017). For example, smaller 
fires occur most frequently in the hot, humid subtropical 
evergreen broadleaf forests of southern China. In contrast, 
fires in the cold temperate deciduous coniferous forests of 
northeastern China usually account for the majority of the 
burned area in the country (Tian et al. 2013; Chang et al. 
2015). Studies have shown that forest loss to fires may be 
positive, negative, or unrelated, depending largely on the 

vegetation conditions and fire regimes considered (Perry 
et al. 2012; Reilly et al. 2018). Consequently, evaluating 
forest loss and fire relationships at different spatial scales is 
essential. Accordingly, we conducted our study at two spatial 
scales: (1) all of China and (2) six forest zones throughout 
China.

National-level forest and fire inventory data have not 
been freely available to the public or are often incomplete 
(Lehtomaki et al. 2015; Fornacca et al. 2017), especially for 
remote and less-populated areas. In contrast, global observa-
tions using sensors on space-borne satellites have provided 
multiple regional or global thematic forest and fire data sets 
(e.g., the Global Forest Change products and MODIS fire 
products) (Giglio et al. 2010; Hansen et al. 2013), which are 
usually freely available to the public. Consequently, satellite 
imagery data have been widely used to monitor forests and 
fire dynamics at large spatial and temporal scales (Sannier 
et al. 2016), especially in areas where spatial and tempo-
ral forest and fire inventory data are lacking or not publicly 
available (Fornacca et al. 2017), as is the case for China.

In this study, we combined multi-sensor satellite observa-
tions to estimate trends in forest loss and its linkage to fire 
(herein represented by the burned area) during 2003–2015 
across China and in six forest zones, including a group of 
vegetation zones not dominated by forests, in China. Spe-
cifically, the aims of this study were to (1) investigate spati-
otemporal patterns of forest loss in China, (2) analyze rela-
tionships between forest loss and burned area, and (3) assess 
variations in the forest loss–burned area relationships among 
forest zones.

Materials and methods

Forest zones and fire regimes in China

China has five forest zones: (I) cold temperate deciduous 
coniferous forest zone (low fire frequency but high aver-
age burned area); (II) temperate deciduous mixed broadleaf 
and coniferous forest zone; (III) warm temperate deciduous 
broadleaf-mixed forest zone (low forest coverage and low 
forest fire frequency); (IV) subtropical evergreen broadleaf 
forest zone (high coverage and fire frequency, but low aver-
age burned area); and (V) tropical rainforest zone (high for-
est coverage, but low fire frequency). There are three other 
vegetation zones in China that are not typically dominated 
by forests: temperate grasslands (low fire frequency, but high 
average burned area), temperate steppes and desert region, 
and Qinghai–Xizang plateau alpine region (very low forest 
coverage and rare fires) (Guo et al. 2017). Because these 
three vegetation zones have also experienced forest loss 
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during our study period (2003–2015), we included them 
in our data analyses. Consequently, we derived six forest 
zones. The forest-zone data were obtained using a digitized 
1:1,000,000-scale vegetation map of China (Fig. 1).

Overall study approaches

We obtained Landsat-based forest loss data for 2003–2015 
from the Global Forest Watch project (https ://glad.umd.
edu/). We obtained data on the total burned area from 
the Global Fire Atlas (2003–2015) from NASA’s Carbon 
Monitoring System Program (https ://www.globa lfire data.
org/). We divided China into grid cells with a 0.5° × 0.5° 
spatial resolution. We then calculated forest loss and the 
burned area for each year (2003–2015) and grid cell. Linear 
regression using the ordinary least squares approach was 
used to identify temporal trends of forest loss and burned 
area over the study period for each 0.5° × 0.5° grid cells. 
We conducted Spearman’s correlation analysis to investigate 
the relationships between forest loss and burned area. To 
account for scale effects on variation in patterns and trends 
of forest loss, we analyzed the burned area–forest loss rela-
tionship at two scales: all of China and six forest zones. 
All data processing and statistical analyses were conducted 
using the R software version 3.5 (R Core Team 2018).

Data sources

Forest loss data

We obtained a global forest loss data set from the Global 
Land Analysis and Discovery Laboratory in the Depart-
ment of Geographical Sciences at the University of Mary-
land (https ://glad.umd.edu/) for January 2003 to December 
2015. The forest loss data set was generated by Hansen et al. 
(2013) using multispectral satellite images from the Landsat 
5 thematic mapper (TM), the Landsat 7 thematic mapper 
plus (ETM+), and the Landsat 8 Operational Land Imager 
(OLI) sensors. These Landsat satelite imagies were obtained 
from the U.S. Geological Services Earth Resources Obser-
vation and Science archive. The pre-processing of Landsat 
images included (1) image resampling, (2) converting digital 
values (DN) to top of atmosphere (TOA) reflectances, (3) 
cloud/shadow/water screening and quality assessment, and 
(4) image normalization. For each band, three categories 
of spectral metrics were calculated during vegetation grow-
ing season: (1) minimum (min), maximum (max) and per-
centiles (10, 25, 50, 75 and 90% percentiles) of reflectance 
values; (2) mean reflectance values between percentiles 
(max–10%, 10–25%, 25–50%, 50–75%, 75–90%, 90%–max, 
min–max, 10–90%, 25–75%); (3) linear regression slope of 

Fig. 1  Spatial distribution 
of forest zones and types in 
China. Zones: I, cold temper-
ate deciduous coniferous forest 
zone; II, temperate deciduous 
mixed broadleaf and coniferous 
forest zone; III, warm temper-
ate deciduous broadleaf-mixed 
forest zone; IV, subtropical 
evergreen broadleaf forest zone; 
V, tropical rainforest zone; VI, 
vegetation zones in China that 
are not typically dominated by 
forests

https://glad.umd.edu/
https://glad.umd.edu/
https://www.globalfiredata.org/
https://www.globalfiredata.org/
https://glad.umd.edu/
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band reflectance value and image data. The training data set 
was derived from image interpretation methods, including 
mapping crown and no-crown categories using very high 
spatial resolution data (such as Quickbird images), exist-
ing percentage tree cover layers from Landsat data (Hansen 
et al. 2011), and global MODIS percentage tree cover layers 
(Hansen et al. 2003). The relationship between the train-
ing data set (percentage tree cover) and the Landsat spec-
tral metrics was established through a bagged decision tree 
methodology. Based on this relationship, the map of global 
tree cover for a given year was generated by the decision 
tree methodology with a spatial resolution of 30 m. Details 
on the forest loss data set were described by Hansen et al. 
(2013).

In the forest loss data set, forests (trees) was defined with 
a 30-m pixel scale as areas with the presence of vegetation 
taller than 5 m and tree canopy cover greater than 20%. For-
est loss was defined as a stand replacement (e.g., the con-
version from natural forest to other land uses) disturbance 
or the 100% removal of tree cover canopy (e.g., > 50% tree 
cover changed to a 0% tree cover) for a given year (Hansen 
et al. 2013). Spatially, pixels (spatial resolution of 30 m) 
were encoded as either 0 (no loss) or a value in the range 
of specific years (e.g., 2003–2015), representing forest loss 
detected primariliy in the given year, respectively. The for-
est loss data had been validated by FAO statistics, LiDAR 
detection, and other satellite measurements, and were shown 
to have an overall accuracy higher than 99% (Hansen et al. 
2013). To be congruent with the spatial resolution of burned 
area data, the forest loss data were aggregated in grid cells 
of 500 × 500 m spatial resolution.

China releases national forest resource inventory report 
every 5 years. We compared the areas of forest loss between 
the Landsat-based data set in this study and China’s national 
forest resources inventory data set during two 5-year periods, 
i.e., 2004–2008 and 2009–2013. The amount of forest loss 
between these two data sets is close. Specifically, according 
to China’s seventh (2004–2008) and eighth (2009–2013) for-
est resources inventory data set, approximately 37,700 km2 
and 34,307 km2 of forest were converted to non-forest, 
respectively. In the Landsat-based data set, national forest 
loss for 2004–2008 and 2009–2013 were 30,096 km2 and 
33,072 km2 respectively.

Burned area data

We obtained a Global Fire Atlas (2003–2015) from NASA’s 
Carbon Monitoring System Program (https ://www.globa 
lfire data.org/). This fire atlas contains the ignition location 
(latitude and longitude coordinates), perimeter, and other 
information regarding individual fires based on the MODIS 

Collection 6 MCD64A1 burned area product (spatial resolu-
tion of 500 m) (Andela et al. 2019). The fires were projected 
in the World Geodetic System 1984 (WGS84, EPSG: 4326). 
We converted the fire shape files into raster-format fire data 
with a pixel size of 0.0045099747° (spatial resolution of 
500 m) in the ArcGIS environment. The MODIS Land Cover 
Type product (MCD12Q1), covering 2003–2015 with a spa-
tial resolution of 500 m, was used to identify forest land 
cover.

The area of each pixel of the fires was calculated using 
the following equation (Li et al. 2015):

where k = �

180
 , R = 6371.004 km, and res = 0.0045099747°. 

Area represents the area of the pixel; R is the radius of the 
Earth; res is the resolution of the pixel; k is the conversion 
factor from degrees to radians; lat is the latitude of the center 
of the pixel.

Statistical analysis

We divided China into grid cells with 0.5° × 0.5° spatial 
resolution (total 4103 grid cells). For each grid cell, we 
calculated forest loss and burned area for the year. Using 
the 0.5° × 0.5° grid cells as statistical units, we quantified 
the relationship between forest loss and burned area at two 
scales: all of China and six forest zones. All statistical analy-
ses were conducted using R software version 3.5 (R Core 
Team 2018).

Linear regression analysis

Linear regression using the ordinary least-squares approach 
was used to identify trends in the temporal change in for-
est loss over the study period for each 0.5° × 0.5° grid cell. 
The trend in temporal change was calculated as the slope 
of linear regressions against the year of the study period 
(2003–2015), as follows:

where slope indicates the trend in forest loss; i is the year 
from 2003 to 2015; n denotes the number of years; and Xi 
is the forest loss during year i. A positive slope indicates an 
increase in forest loss during the period. A t test was used 
to detect the significance level of the trend (p < 0.05 was 
considered significant).
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Correlation analysis

In each 0.5° × 0.5° grid cell, we tested for a correlation 
between forest loss and burned area between 2003 and 2015 
using Spearman’s correlation coefficient (r), calculated as 
follows:

where rxy is the correlation coefficient between forest loss 
and burned area; and x̄ and ȳ are the means of the two vari-
ables. rxy values range from − 1.0 to 1.0, with higher nega-
tive/positive values indicating a stronger correlation. A t-test 
was used to determine the significance level of the correla-
tions (p < 0.05 was considered significant).

Results

Spatiotemporal changes in forest loss

On average, China lost 6209.2  km2 of forests during 
2003–2015. As shown in Fig. 2, forest loss increased sig-
nificantly (264.8 km2 a−1; R2 = 0.53; p < 0.01) over the 
study period (2003–2015), with an average annual increase 
of 11.4%. Along with the general increase in forest loss, 
there were several fluctuations in forest loss, which were 
the greatest in 2008 (7734.8 km2) and the lowest in 2003 
(2805.0 km2) (Fig. 2).

Figure 3 displays the spatial distribution of trends (slope 
values from regression analysis) in forest loss during the 
study period (2003–2015) for each 0.5° × 0.5° grid cells. In 
general, 25.7% of the grid cells showed an upward trend 
(slope value > 0) in forest loss, among which 32.9% was 

(3)rxy =
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�
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,

statistically significant (p < 0.05). Average regression slope 
values for all grid cells was 0.1 km2, with the largest rate of 
increase in annual forest loss having a slope of 4.5 km2, and 
the largest rate of decrease a slope of 9.5 km2 (Fig. 3).

Forest loss in forest zone IV increased at the highest 
rate (slope value) of 315.0 km2 a−1 (R2 = 0.69, p < 0.01), 
followed by forest zone V, which had an increasing rate of 
38.8 km2 a−1 (R2 = 0.66, p < 0.01). Other forest zones had a 
decreasing trend. Specifically, forest zone I had the great-
est decreasing rate of 70.8 km2 a−1 (R2 = 0.75, p < 0.01), 
followed by forest zone II (− 14.4  km2  a−1; R2 = 0.45, 
p < 0.05) and VI (− 3.5 km2 a−1; R2 = 0.35, p < 0.05). For-
est zone III had the weakest decreasing trend in forest loss 
(− 0.3 km2 a−1; R2 = 0.002, p > 0.05) (Fig. 4).

Spatiotemporal changes in burned area

The results during 2003–2015 showed that an average of 
1531.5 km2 of forests was burned. There was a general 
decrease over the study period, but the overall change in 
the burned area was nonsignificant (R2 = 0.22, p = 0.10), 
although large fluctuations were observed. Specifically, the 
area burned was the greatest in 2008 (3637.1 km2) and low-
est in 2015 (865.2 km2) (Fig. 5). On average, the burned area 
based on the MODIS-derived Global Fire Atlas data set was 
close to the area of affected forests (1027.4 km2) recorded in 
the government’s fire statistics data set during 2003–2015.

By forest zone, the largest area of forest burned was in 
forest zone IV, where more than 589.2 km2 of forests burned 
annually (Fig. 6). Forest zone III had the smallest burned 
area (8.8 km2 a−1) (Table 1).

Correlation between forest loss and burned area

The correlation coefficients relating forest loss to burned 
area are shown in Fig. 6. We found that 13.8% of the grid 
cells (n = 567) had a positive correlation between forest 
loss and burned area (r ≥ 0.004), although only 1.0% cells 
(n = 41) were significantly positive (r ≥ 0.55, p < 0.05). Only 
0.3% of the gridded cells (n = 11) experienced a significant 
negative correlation (r ≤ − 0.55, p < 0.05) (Fig. 7).

We summarized the percentage of grid cells at different 
correlation levels within each forest zone (Table 2). This 
result showed that 16.9% of grid cells within forest zone I 
had a positive correlation between burned area and forest 
loss, followed by forest zone IV (7.8%), zone V (5.9%), zone 
II (3.7%), zone III (2.7%), and zone VI (0.9%).

Fig. 2  Inter-annual variation in forest loss during 2003–2015. The 
dashed line indicates the linear fit of the regression equation
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Discussion

Forest change comprises gains and losses, and the difference 
between the two determines the net change in a country’s 
forest area in a given period. Our results showed that from 
2003 to 2015, China’s annual forest loss was 6209.2 km2, 
with an average annual increase in loss of 11.4%. The for-
est loss data set in this study only recorded the complete 
removal of tree cover canopy as a result of human activi-
ties, including forestry practices such as timber harvesting 
or deforestation (the conversion of natural forest to other 

land uses), and natural causes such as fire or storm damage 
(Hansen et al. 2013). The forest loss data set in this study 
excluded forest gain due to afforestation in China. Therefore, 
it is worth noting that our results do not represent the net 
loss of forests in China. China has undertaken reforesta-
tion initiatives that have increased its forest cover dramati-
cally in the last decades. From 2000 to 2010, for example, 
China’s forest area increased by 327,808 km2, according to 
the National Forestry Inventory data set (Wang et al. 2015).

Our results showed that both forest loss and area burned 
were the highest in 2008, which was most obvious in forest 

Fig. 3  a Spatial distribution 
patterns of forest loss trends 
(linear regression slope) as 
a function of years between 
2003 and 2015 across China; 
b significance of forest loss 
trends. The white areas indicate 
no loss found or land without 
forests. Zones: I, cold temper-
ate deciduous coniferous forest 
zone; II, temperate deciduous 
mixed broadleaf and coniferous 
forest zone; III, warm temper-
ate deciduous broadleaf-mixed 
forest zone; IV, subtropical 
evergreen broadleaf forest zone; 
V, tropical rainforest zone; VI, 
vegetation zones in China that 
are not typically dominated by 
forests
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Fig. 4  Inter-annual variation in forest loss in China by forest zones 
during 2003–2015. The dashed line is the linear regression line for 
2003–2015. Zones: I, cold temperate deciduous coniferous forest 
zone; II, temperate deciduous mixed broadleaf and coniferous forest 

zone; III, warm temperate deciduous broadleaf-mixed forest zone; 
IV, subtropical evergreen broadleaf forest zone; V, tropical rainforest 
zone; VI, vegetation zones in China that are not typically dominated 
by forests
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zone IV (subtropical evergreen broadleaf forest zone). We 
assume that the causes of forest loss in forest zone IV, 
located in southern China, partially explain the country-level 
trend in forest loss. During spring 2008, this region suffered 
its worst snow disaster in the last 50 years (Yang et al. 2008), 
which generated a large amount of forest fuel accumulation 
in the region, which then fueled the largest area of forest 
fires during the study period (Wang et al. 2008) and the 
largest forest loss in China in 2008.

Our results showed that the correlation between forest 
loss and burned area varied by forest zone (e.g., fire and 
forest conditions), in agreement with other studies (Potapov 
et al. 2008; Broich et al. 2011; Fanin and van der Werf 
2015). For example, forest loss greatly varied spatially 
and temporally across Sumatra and Kalimantan Provinces, 
Indonesia, during 2000–2008 (Broich et al. 2011). Fires in 
China mainly occur in forest zones I (cold temperate decidu-
ous coniferous forest zone) and IV (subtropical evergreen 
broadleaf forest zone). In this study, although forest loss in 
forest zone I was lower than that in zone IV, the correlation 

Fig. 5  Inter-annual variation in burned area over the 2003–2015 
period. The dashed line is the linear regression line during 2003–
2015

Fig. 6  Spatial distribution of 
forest fire patches by for-
est zones in China over the 
2003–2015 period. Zones: I, 
cold temperate deciduous conif-
erous forest zone; II, temperate 
deciduous mixed broadleaf 
and coniferous forest zone; 
III, warm temperate deciduous 
broadleaf-mixed forest zone; IV, 
subtropical evergreen broadleaf 
forest zone; V, tropical rainfor-
est zone; VI, vegetation zones 
in China that are not typically 
dominated by forests

Table 1  Changes in burned area  (km2) in six forest zones in China between 2003 and 2015

Zones: I, cold temperate deciduous coniferous forest zone; II, temperate deciduous mixed broadleaf and coniferous forest zone; III, warm tem-
perate deciduous broadleaf-mixed forest zone; IV, subtropical evergreen broadleaf forest zone; V, tropical rainforest zone; VI, vegetation zones 
in China that are not typically dominated by forests

Forest zones 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

I 1005.0 249.3 103.3 262.3 123.5 741.6 82.9 23.1 300.2 75.1 73.2 222.8 195.4
II 1192.1 326.3 374.9 258.8 130.6 617.2 442.0 20.2 386.2 130.6 221.8 204.3 348.3
III 0.4 0.8 1.2 2.4 34.2 1.0 4.7 2.3 9.3 3.1 20.6 28.9 5.2
IV 509.7 676.3 524.3 305.7 496.1 1446.1 783.4 1013.5 207.9 445.3 420.7 642.8 187.7
V 224.3 362.6 137.5 165.5 298.2 68.7 402.8 175.7 104.5 250.5 172.6 178.2 108.5
VI 234.4 19.7 37.8 83.8 8.9 762.5 62.1 26.9 52.8 16.9 2.2 47.6 20.1
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between forest loss and burned area was higher in zone I. 
Forest zone I is located in the deciduous coniferous forest 
region (boreal forests) of China, where the frequency of for-
est fires is low but the burned area is usually large (high tree 
mortality), thus accounting for the majority of the national 
area affected by fire (Chang et al. 2015). A strong relation-
ship between forest loss and fire in boreal forests was found 
in other studies. For example, about 58.9% of total forest 
loss from 2000 to 2005 was attributable to wildfires within 
the boreal biome (Potapov et al. 2008). In contrast, fires 
covering less area with lower intensity (lower tree mortality) 

are more common in the hot, humid subtropical evergreen 
broadleaved forests (zone IV) in southern China. Therefore, 
the correlation between forest loss and burned area in the 
forest zone IV was lower. In most of the grid cells in forests 
zones II, III, and V, the correlation between forest loss and 
burned area was not strong. This result may be related to the 
vegetation cover and human activities in these forest zones. 
For example, many people reside in low-relief plains in for-
est zone II (temperate deciduous mixed broadleaf-conifer 
forests) and strongly affect regional fire regimes, espe-
cially by burning crop residues before planting (expansion 

Fig. 7  a Spatial patterns of 
correlation between forest loss 
and burned area across China 
between 2003 and 2015; b 
significance of correlation coef-
ficients. White areas denote no 
loss observed or uncovered by 
forests. Zones: I, cold temper-
ate deciduous coniferous forest 
zone; II, temperate deciduous 
mixed broadleaf and coniferous 
forest zone; III, warm temper-
ate deciduous broadleaf-mixed 
forest zone; IV, subtropical 
evergreen broadleaf forest zone; 
V, tropical rainforest zone; VI, 
vegetation zones in China that 
are not typically dominated by 
forests
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of agricultural fire fronts into forests) (Zhang et al. 2015). 
Roads are well developed, and population density is high in 
the forest zone V (tropical rainforest zone). Fires in forest 
zones II and V are easier to discover and suppress once they 
occur; consequently, tree mortality is usually lower than in 
areas with low population density, such as in forest zone I. 
Forest zone III (warm temperate deciduous broadleaf-mixed 
forests) is generally characterized by low forest coverage and 
low forest fire frequency, which results in a weak correlation 
between forest loss and burned area.

One uncertainty is the MODIS burned-area data, which 
are useful for detecting relatively large fires. Therefore, not 
all fires (e.g., some small fires) were detected. The use of 
high-resolution observations may improve the accuracy of 
national-scale burned area in future studies (Reiche et al. 
2018). In addition, most grid cells showed no strong corre-
lation between forest loss and burned area. First, our study 
focused on analyzing patterns of forest loss in the fire burn-
ing year. There may exist a time-lag effect of fires, mean-
ing forest loss likely occurs after fire burning over a longer 
period (e.g., years after fire burning). Second, studies sug-
gest that other causes of forest loss should be considered 
(van Lierop et al. 2015), such as urban expansion (Zhou 
et al. 2017), timber harvesting (Wu et al. 2019), and ice 
storm damage (Yang et al. 2008). For example, urban expan-
sion was suggested as a major factor causing forest loss in 
six mega regions of southern China (Zhou et al. 2017). Con-
sequently, our next step would be to incorporate vegetation 
dynamics models to address feedback effects of forest to fire 
and other disturbances (e.g., urban expansion).

Our study showed that forest loss caused by fires in boreal 
forests (forest zone I) accounted for the largest proportion of 

forest loss. Therefore, timely monitoring of forest loss in this 
region is needed. In addition, quantifying forest loss change 
is an important step in documenting carbon exchange esti-
mates; for example, quantifying and comparing the amount 
of carbon consumed following a fire across China and by for-
est zones (Potapov et al. 2009; Brown and Johnstone 2011). 
The results of forest loss and burned area correlations can 
provide a basis for a national-scale fire impact prediction 
model (Dennis and Colfer 2006).

Conclusions

Our main findings from our analysis of forest loss and its 
relation to forest biomass burned in China between 2003 
and 2015 are that (1) China’s forest loss has increased sig-
nificantly (264.8 km2 a−1) with an average annual increase 
of 11.4% over the past 13 years; (2) forest loss trends varied 
greatly in the six forest zones; forest loss rates have sig-
nificantly declined in forest zones I, II, and VI, but forest 
loss in forest zones IV and V has significantly increased; 
and (3) the correlation between forest loss and burned area 
was the strongest in forest zone I and weakest in forest zone 
VI. Results from this study will help guide the allocation of 
resources for forest monitoring and enforcement efforts to 
reduce fire-induced forest loss across the country.
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