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A B S T R A C T   

Tree cover, which has been widely studied using various remote sensing techniques, serves an essential indicator 
of forest productivity and habitat quality. Spatial heterogeneity in tree cover has received less attention despite 
links with critical phenomena such as biodiversity, tree re-expansion into formerly deforested areas, and 
degradation of existing forest landscapes. Few remote sensing studies have explored how tree cover heteroge-
neity varies across space and time, or how it may determine local or large-scale forest dynamics. This study used 
a global vegetation time-series product to map spatio-temporal dynamics in global tree cover heterogeneity over 
a 35-year period from 1982 to 2016, with heterogeneity quantified using the diversity metric Rao’s Q. We first 
explored the underlying relationship between tree cover and its heterogeneity at landscape scale across the 
globe. We then investigated how tree cover heterogeneity varied across tree cover gradients, biogeographic 
biomes, stand history, land protection status, and forest landscape intact status. Finally, nine possible combi-
nations of variation trends in tree cover and its heterogeneity were used to generate a new map of forest dy-
namics categories. Our results show that monotonic spatio-temporal changes in tree cover are not necessarily 
associated with changes in tree cover heterogeneity. This suggests that simply using variation trends of tree cover 
without considering the context of local spatial heterogeneity does not fully capture forest dynamics. We show 
that remotely sensed tree cover heterogeneity can easily distinguish tree plantations from primary and secondary 
forests and that temporal change in tree cover heterogeneity is sensitive to spatial heterogeneity of open forest 
landscapes. The new forest dynamics categories map captures ongoing woody expansion in the Sahel region, 
forest degradation in the Amazon and central Africa, and widespread forest regrowth in Europe and Asia. 
Thereby, it is clear that spatio-temporal variation in tree cover heterogeneity supplements existing remote 
sensing studies in depicting global forest degradation, succession, and recovery.   

1. Introduction 

Many forested localities globally suffer from forest degradation and 
losses caused by land conversion and over-use. These include high- 
quality, intact tropical forests of the Amazon and the Congo basin 
(Bullock et al., 2020; Matricardi et al., 2020; Zhuravleva et al., 2013). 
However, forest transitions from net deforestation to net reforestation 
have occurred at many localities and in rapid progression over recent 
decades as well (Meyfroidt and Lambin 2011). Net increases in forested 
areas arise from active afforestation and reforestation, spontaneous 

reforestation following land abandonment, and woody expansion into 
naturally open ecosystems (Buitenwerf et al., 2012; Li et al., 2020a; 
Ratajczak et al., 2012). Contrary to the prevailing view that forest area 
has declined globally, it has been shown that global tree cover increased 
by 2.24 million km2 from 1982 to 2016 (Song et al., 2018). In addition to 
increases in forest area, some forests show reversals in forest degrada-
tion and net gains in forest quality (e.g., intactness, naturalness, and 
carbon storage) (Garcia et al., 2020; Honey-Rosés et al., 2017; Schwartz 
et al., 2020). Both tree cover losses and gains are likely to change the 
structure and composition of forest landscapes, and in particular, spatial 
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heterogeneity in tree cover. Vegetation heterogeneity affects biodiver-
sity (Azhar et al., 2015; Rocchini et al., 2018) and ecosystem functioning 
(Levine et al., 2016; Ratcliffe et al., 2017) and can indicate both 
degradation and recovery trajectories (Haapalehto et al., 2017; Ordway 
and Asner 2020). Most research over the past decades on forest loss and 
gain have mainly focused on tree cover specifically. This unidirectional 
focus means that changes in global tree cover heterogeneity remain 
understudied despite its links with important phenomena such as nat-
ural habitat diversity and within-habitat variability (Bar-Massada and 
Wood 2014; Hortal et al., 2009). 

Environmental heterogeneity has been quantified by more than one 
hundred metrics (Stein and Kreft 2015). Diversity estimates such as the 
Shannon index, number of species, or land cover types have been widely 
used along with their varying variants (Rocchini et al., 2013; Stein et al., 
2014). Usually, higher species diversity is expected in areas with higher 
environmental heterogeneity, likely reflecting that higher environ-
mental heterogeneity allows more species to coexist through expanded 
niche space, buffers against environmental stresses, and increases the 
probability of speciation events (Stein et al., 2014). However, while 
positive heterogeneity effects are highly general, there can also be ex-
ceptions, notably where it represents anthropogenic degradation of 
natural habitats. As an environmental heterogeneity metric for forest 
regions, tree cover heterogeneity is defined as the spatial variability in 
tree cover at one site relative to neighboring areas at the landscape scale. 
Tree cover heterogeneity quantifies spatial structural complexity and 
diversity of forest landscapes (Stein et al., 2014). However, previous 
studies on environmental heterogeneity has rarely investigated the 
spatio-temporal dynamics of tree cover heterogeneity at global scales. 

Spatio-temporal dynamics in tree cover heterogeneity can vary with 
different geographic, ecological, and societal environmental conditions. 
Monotonic changes in tree cover may result in divergent changes in tree 
cover heterogeneity. For instance, tree cover heterogeneity may increase 
in dense tropical forests experiencing degradation and partial defores-
tation, while tree cover heterogeneity of open ecosystems may increase 
with woody expansion. In addition, forest management history may 
influence tree cover changes and further shape heterogeneity across 
space and time. For instance, monoculture plantations under production 
and intensive human management exhibit lower temporal stability of 
carbon capture than species-rich natural or semi-natural forests (Osuri 
et al., 2020). Timber harvesting by clear-cutting of planted forests likely 
causes more rapid changes in tree cover heterogeneity than in natural 
forests (Potapov et al., 2008). Forests in protected areas (PAs) may 
experience more gradual changes in tree cover heterogeneity relative to 
human-altered forests due to lesser anthropogenic disturbance. How-
ever, a global assessment of tree cover heterogeneity distribution across 
space and time and across different tree cover gradients, forest biomes, 
stand management history, land protection status, and forest landscape 
intactness is lacking. 

Satellite-based remote sensing is an efficient tool to monitor global 
landscape heterogeneity as it provides data for large-area observations 
over short periods in a consistent, regular, and economical manner. 
Remotely sensed spectral heterogeneity, defined as the spatial vari-
ability extracted from remotely sensed images, has been proved to have 
the potential for estimating species diversity and assessing habitat 
quality (Bar-Massada and Wood, 2014; Bellis et al., 2008; Rocchini et al., 
2010; Tuanmu and Jetz, 2015). Vegetation indices like the normalized 
difference vegetation index (NDVI) and the enhanced vegetation index 
(EVI) derived from the Moderate Resolution Imaging Spectroradiometer 
(MODIS) are widely used as the basic remote sensing spectral proxy in 
those previous studies (Rocchini et al., 2017; Tuanmu and Jetz, 2015). 
However, previous studies have rarely differentiated heterogeneity 
within the grid/pixel of analysis due to widespread mixed pixel effects in 
moderate and coarse remote sensing imagery. This makes it hard to infer 
the relative contribution by different land cover types to the spectral 
heterogeneity at pixel level. As one of the important land cover types, 
forest or woodland has been usually mixed with other land cover types 

in remote sensing studies on environmental heterogeneity and species 
habitat assessment (Bar-Massada and Wood, 2014; Tuanmu and Jetz, 
2015). Consequencely, it remains unknown how landscape heteroge-
neity in tree cover is distributed globally across space and time. 

Over the past decades, most remote sensing studies on forests have 
focused on deforestation mapping (DeFries et al., 2010). To our 
knowledge, no studies have used remote sensing to address global long- 
term tree cover heterogeneity. The release of the AVHRR vegetation 
continuous field (VCF) product (5.5 km) (Song et al. 2018), global forest 
change (GFC) maps (30 m) (Hansen et al., 2013), and intact forest 
landscape (IFL) maps (Kauppi et al., 2018) demonstrate the feasibility 
and advantages in using remote sensing for long-term tree cover map-
ping. These satellite-based remote sensing products provide detailed 
coverage on tree cover dynamics including gain or loss at different 
temporal and spatial scales, but have not been used to quantify or 
analyze tree cover heterogeneity. Recent studies have shown that Rao’s 
Q diversity index can successfully depict spatial environmental hetero-
geneity when applied to the spectral mixing space of satellite imagery 
and can detect hotspots of taxonomic and functional diversity in vege-
tation (Rocchini et al., 2018; Torresani et al., 2019). Rao’s Q index can 
also potentially capture temporal variation in environmental heteroge-
neity and its relationship with biodiversity (Rocchini et al., 2019). 
Rocchini et al., (2019) used the remotely sensed NDVI to construct the 
spectral mixing space for Rao’s Q index. However, Rocchini’s study did 
not differentiate forests from other land cover types. Further experi-
mentation using Rao’s index to depict global environmental heteroge-
neity (particularly tree cover heterogeneity) can demonstrate the 
metric’s capacity for elucidating large-scale forest dynamics. 

In the present study, we mapped global tree cover heterogeneity 
across space and time over a 35-year period from 1982 to 2016 using the 
global vegetation continuous fields (VCF) time-series product developed 
by Song et al., (2018). In the analysis, we combined this dataset with 
thematic data on forest management type, land protection, and intact 
forest landscape maps. The study sought to: 1) accurately quantify 
spatio-temporal changes in global tree cover heterogeneity using satel-
lite remote sensing data, 2) map variation in tree cover heterogeneity 
with respect to tree density (dense, moderate, and sparse), biome 
(tropical, temperate, boreal, and Mediterranean), stand history (pri-
mary, naturally regrown, and planted forest), conservation protection 
status, and forest landscape intactness, and 3) interpret how spatio- 
temporal tree cover heterogeneity reflects forest degradation, recov-
ery, and succession, respectively. 

2. Methods 

2.1. Global tree cover data 

The tree cover (TC) time-series data used in this study was developed 
by Song et al. (2018) as part of a global vegetation continuous fields 
(VCF) product covering the time period from 1982 to 2016. The VCF 
product defines tree cover as the fractional/percent cover consisting of 
vegetation with a canopy height ≥ 5 m at 0.05◦ × 0.05◦ spatial reso-
lution as captured at the time of the local peak growing season (Song 
et al. 2018). The VCF product also includes data on short vegetation (SV) 
and bare ground (BG). The dataset combines data from multiple satel-
lites including AVHRR, the Moderate Resolution Imaging Spectroradi-
ometer, the Landsat Enhanced Thematic Mapper Plus, and several other 
high spatial resolution image sources. Song et al. (2018) provide full 
details on how the VCF product was produced. We extracted the TC 
component from the original VCF product. This tree cover data was then 
processed to quantify tree cover heterogeneity. We applied the global 
forest/non-forest map (FNF) updated from the 2017 dataset 
(https://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index. 
htm#description), representing the global forest extent for 2017 to 
restrict the TC data to forest zones. The FNF map applies a classification 
to a global 25-m resolution PALSAR-2/PALSAR SAR mosaic of synthetic 
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aperture radar (SAR) imagery (Shimada et al., 2014). “Forest” in the FNF 
map is defined as natural forest with an area of ≥ 0.5 ha having forest 
cover ≥ 10 %, according to the Food and Agriculture Organization. In 
this study, we used the TC data from Song et al (2018) as the key dataset 
and only used the FNF map to crop the TC data. To capture variation in 
heterogeneity across different tree cover gradients, we further desig-
nated tree cover density according to three levels of sparse (TC < 40 %), 
moderately dense (40 % ≤ TC < 75 %), and dense (TC ≥ 75 %) (Fig. 1a). 

2.2. Global tree cover heterogeneity quantification 

We quantified tree cover heterogeneity using Rao’s Q diversity index 
(Eq. (1)), a metric proposed by Rao (1982). Rocchini et al., (2017) 
further applied the metric in quantifying spectral diversity and spatial 
heterogeneity of satellite imagery. 

Rao′ sQ =
∑∑

dij × pi × pj (1) 

The term dijrepresents tree cover difference or distance between 
pixels i and j. The term pi represents the proportion of pixel i relative to a 

Fig. 1. (a) Relationship between tree cover and its heterogeneity represented by Rao’s Q index; distribution of (b) tree cover, (c) Rao’s Q, (d) temporal variation rate/ 
slope of Rao’s Q relative to different forest stand history (primary, secondary, planted). The boxplots are grouped by tree cover density level (sparse: tree cover < 40 
%; moderate: 40 % ≤ tree cover < 75 %; dense: tree cover ≥ 75 %). The horizontal dashed lines in (b) and (c) represent mean values, and zero in (d). 
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group of pixels from a certain window size (Rocchini et al., 2018). Here 
spectral value is the fractional/percent tree cover of the pixel, andpi = 1/ 
n2 for a window of size n. In this study, Rao’s Q index represents local 
spatial variability of remotely sensed fractional tree cover or tree cover 
heterogeneity, which considers both relative abundance and tree cover 
distances among fractional tree cover values for individual pixels. A 
higher Rao’s Q value indicates higher tree cover evenness or heteroge-
neity in a certain window size or local environment. In this study, we 
calculated Rao’s Q using a moving window of 9 × 9 pixels (n = 9), 
representing the area of local context for each pixel from a spatial kernel 
or 2D matrix. This window spans an approximate 50 × 50 km area of 
forest landscape, according to the VCF spatial resolution (0.05◦), and as 
such enables pixel-wise computations due to computational efficiency 
when using big global datasets in a time span of 35 years. A Rao’s Q time 
series was calculated based on the global annual VCF TC imagery from 
1982 to 2016 using R (R CoreTeam, 2014) and the spectralrao function 
provided by Rocchini et al., (2019). This study further quantified dif-
ferences and the relationship between tree cover and its heterogeneity 
according to different density levels, stand history, land protection sta-
tus, landscape intactness, and biogeographic biomes (see Section 2.4). 

2.3. Temporal trend analysis and forest dynamics categories mapping 

To quantify the temporal variation trends in tree cover heterogene-
ity, we conducted a Mann-Kendall (MK) test on the Rao’s Q tree cover 
time series (Mann 1945). The MK test was used to detect monotonic 
trends in tree cover heterogeneity of the time series. Because the MK test 
determines the strength and direction of trends but not magnitude, the 
Theil-Sen estimator was used to quantify changes in Rao’s Q. This metric 
provides robust, non-parametric estimates of linear slopes (Li et al., 
2020b; Li et al., 2020c; Mann 1945). A negative slope represents a 
decrease in tree cover heterogeneity, a positive slope represents an in-
crease in tree cover heterogeneity, and slope steepness represents rate of 
change. We used the variation trend labels (1–3) returned by the MK test 
to categorize temporal trends in tree cover heterogeneity (1: increase, 2: 
stable, 3: decrease). We also applied the MK test to the tree cover time- 
series data to quantify the global tree cover trends. This analysis 
compared tree cover and its heterogeneity for the three types of varia-
tion trends (increase, stable, decrease) on a per-pixel basis resulting in 
nine different types of dynamics categories. A spatial transition matrix 
calculated using the Dinamica EGO software (Soares-Filho et al., 2009) 
determined the relationships between trends in tree cover and its het-
erogeneity. In this study, the statistical significance of the MK test was 
not considered for the variation rates for Rao’s Q and TC since we 
believe that using a p value < 0.01 or 0.05 (commonly used thresholds) 

is arbitrary, and sometimes the number of so-called non-significant 
pixels exceeds the significant ones. This could easily happen if big 
changes in a pixel only happened in recent years. The Theil-Sen slopes 
are more conservative with respect to such “outliers” than linear 
regression. More generally, these significance tests provide a test for 
each slope separately, while it may be more relevant if spatial groups of 
slopes tend to deviate from zero. Thus, we believe that Theil-Sen slopes 
that individually are not significant do not necessarily mean that no 
relevant change occurred. 

Given this novel application of Rao’s Q in quantifying tree cover 
heterogeneity, we further investigated its capacity for depicting forest 
dynamics categories relative to established interpretations of tree cover 
trends. A new map of forest dynamics categories (FDC) was generated 
using the nine possible combinations of tree cover variation trends and 
heterogeneity (Table 1). We interpreted forest pixels showing declining 
tree cover (FDC = -4, − 3, − 2, − 1) as experiencing deforestation or 
degradation. Forest pixels showing increasing tree cover (FDC = 1, 2, 3, 
4) were interpreted as experiencing woody expansion or densification. 
The forest pixel was interpreted as stable, when both tree cover and its 
heterogeneity showed no variation (FDC = 0). The FDC values were 
evaluated relative to variation in Rao’s Q, across different biomes, forest 
stand history, and ongoing forest restoration initiatives. The FDCs 
classify forest dynamics categories in a more detailed way compared to 
stand-alone tree cover or Rao’s Q, likely showing forest degradation and 
recovery in various gradients, e.g., forest degradation at the edges of the 
Amazon and central Africa, and woody expansion and densification in 
northern Sahel (Table 1, Fig. 7). This study base the reliability of tree 
cover heterogeneity and FDC maps on the original tree cover product 
from Song et al. (2018), whose reliability and accuracy have been 
comprehensively investigated. However, we were cautious not to over- 
interpret Rao’s Q and the FDC maps across all regions but focus the 
detailed interpretations of their global patterns at specific areas where 
forest dynamics have been well-documented (e.g., the Amazon, Cogon 
basin, China and Europe). 

2.4. Processing of auxiliary thematic data 

Forest stand history data. To investigate how global tree cover het-
erogeneity is distributed in forest landscapes with different stand his-
tory, we used a recent global forest management map produced by 
Schulze et al., (2019) to group tree cover and its heterogeneity. The 
forest management map classified global forest areas according to two 
management levels based on a large group of socio-economic and bio- 
physical variables using a multinomial logit regression model. The 
variables consider various factors from accessibility, governance, soil, 

Table 1 
Definition of forest dynamics categories (FDC) and descriptive examples of tree cover and heterogeneity (as represented by Rao’s Q index) relative to neighboring 
spatial heterogeneity (e.g., 9 × 9 window of neighboring pixels). The Mann-Kendall test quantified variation trends in tree cover and heterogeneity. The labels in the 
parentheses (D01 ~ D04, S, R01 ~ R03) in the first column are identical to those in the FDC map shown in Fig. 7.  

FDC Tree 
Cover 

Rao’s Q Example Scenario 

¡4 
(D04) 

Decrease Decrease Tree cover loss in both the focal pixel and neighboring pixels, i.e., rising homogeneity via tree cover loss, e.g., forest degradation along 
southern borders of both the Amazon and Africa extending southward. 

¡3 
(D03) 

Decrease Stable Tree cover loss where tree cover in neighboring pixels remain stable or only little tree cover loss, e.g., gradual forest degradation in central 
Africa and eastern Amazon. 

¡2 
(D02) 

Decrease Increase Tree cover loss in dense forest while tree cover of neighboring areas becomes heterogeneous via tree cover loss, e.g., forests in southern and 
eastern Amazon enclosed by dense or moderate forests. 

¡1 
(D01) 

Stable Increase Tree cover remains stable in dense forests while tree cover of neighboring areas declines, e.g., widespread forests in southern and eastern 
Amazon near non-forested areas and linked to potential edge effects. 

0 (S) Stable Stable Tree cover of one pixel and neighboring areas both remain stable, e.g., intact forests. 
1 (R01) Stable Decrease Tree cover in open and dense forests remain stable, while tree cover of neighboring areas becomes more homogeneous via woody expansion or 

densification, e.g., some mature tropical forests. 
2 (R02) Increase Increase Slight tree cover gain in sparse forests where neighboring pixels also experience tree cover gain, e.g., tree plantations in the northern Sahel and 

across large areas of China and Europe where earlier tree cover was relatively low. 
3 (R03) Increase Stable Tree cover gains where neighboring pixels are already mature with dense cover, e.g., large areas of China and Europe. 
4 (R04) Increase Decrease Tree cover gain in both the focal pixel and neighboring pixels, e.g., forests in eastern Europe.  
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climate, terrain, and forest properties. The effect of the predictor vari-
ables on the occurrence of a forest category was estimated (Schulze 
et al., 2019). We used the level one forest management type consisting of 
primary, naturally regrown and planted forests as a categorical factor to 
group the TC and Rao’s metrics (Schulze et al., 2019). The 1 × 1 km2 

forest management map was converted to a raster of 0.05◦ spatial res-
olution in ArcGIS®10.5 (ESRI). 

Protected area (PA) data. To determine whether land protection 
influenced the spatio-temporal variation in tree cover heterogeneity, we 
used the global PA dataset to investigate how global tree cover hetero-
geneity varied between protected and unprotected forests. The PA data 
derived from the World Database on Protected Areas (WDPA), was 
released in December 2019 (www.protectedplanet.net). This dataset 
included both polygon and point feature classes associated with 200,000 
protected areas. We used the polygon data only and extracted the 
terrestrial areas belonging to IUCN protected areas categories I to VI and 
classified as “designated”, “inscribed”, or “established”. These were 
converted to a 0.05◦ resolution raster in Google Earth Engine (GEE). 

Intact Forest Landscape (IFL) Data. An exploratory analysis compared 
intact and non-intact forest landscapes. In addition, an up-to-date map 
of remaining IFLs for the year 2016 produced by Potapov et al., (2008) 
was used to group global tree cover heterogeneity and its variation. 
Since intact forest landscapes are defined as a seamless mosaic of forest 
and naturally treeless ecosystems within the forest extent where little 
human disturbance or habitat fragmentation has occurred, the IFL map 
can help determine whether human activities influence global tree cover 
heterogeneity. The IFL map (polygon shapefiles) was converted to a 
0.05◦ spatial resolution raster in ArcGIS®10.5 (ESRI). 

Biogeographic data. We used the global RESOLVE Ecoregions data and 
the above analysis on the distribution of tree cover heterogeneity and its 
variation rate to further investigate how different biomes shape tree 
cover heterogeneity. The global Ecoregions data was updated in 2017 
and includes the boundaries of 846 terrestrial ecoregions grouped into 
14 biomes and 8 realms (Dinerstein et al., 2017). For this study, we 
extracted the six forest-related biomes (tropical & subtropical moist 
broadleaf forests, tropical & subtropical dry broadleaf forests, tropical & 
subtropical coniferous forests, temperate broadleaf & mixed forests, 
temperate conifer forests, boreal forests, Mediterranean forests) and 
grouped them into four types of tropical, temperate, boreal, and Medi-
terranean forests. The Ecoregions data is a vector file of polygons and 
was converted to a 0.05◦ spatial resolution raster in ArcGIS®10.5 
(ESRI). 

Human modification index and forest landscape integrity data. To 
analyze how sensitive the Rao’s metric is to human modification of land 
cover and forest integrity, we related the TC and Rao’s Q metrics to the 
human modification index (HMI) developed by Kennedy et al., (2019) 
using Pearson’s correlation analysis, and the forest landscape integrity 
(FLI) index developed by Grantham et al., (2020). Both of the HMI and 
FLI data were resampled to 0.05◦ spatial resolution raster. The Pearson’s 
correlation was compared between TC and Rao’sQ in their sensitiveness 
to HMI and FLI. 

3. Results 

3.1. Relationship between tree cover and its heterogeneity 

Tree cover heterogeneity represented by Rao’s Q shows an approx-
imately parabolic relationship with tree cover across global forested 
areas at landscape level. However, this relationship varies when 
assessed along the tree cover gradient in sparse, moderate, and dense 
forests (Fig. 1a). Specifically, Rao’s Q increases with tree cover when 
tree cover is categorized as sparse or at a low level (left half of the 
parabola). The relationship indicates that the higher tree cover, the 
higher the variability of tree cover distribution given its sparse coverage 
in the local environment. When tree cover is categorized as dense (right 
half of the parabola), Rao’s Q decreases with tree cover indicating that 

the higher tree cover, the lower the variability in the tree cover distri-
bution given the local context of dense forest. For moderate levels of tree 
cover, Rao’s Q shows no obvious directional response to tree cover. This 
indicates that tree cover change can be associated with increasing, 
decreasing, and stable Rao’s Q values under conditions of moderate 
forest cover. 

The distribution of tree cover and its heterogeneity varies greatly 
when grouped by different forest stand history and biomes across sparse, 
moderate, and dense gradients. Tree cover itself does not show clear 
linkages to forest stand history and management, but tree cover het-
erogeneity easily distinguishes tree plantations from more primary and 
secondary forests (Fig. 1 b ~ d). Tree plantations generally show a 
higher Rao’s Q value, which concurs with the fact that most tree plan-
tations occur in areas of considerable habitat fragmentation and human 
activity (Fig. 1c) with fragmentation and human alteration of forests 
usually cause a more heterogeneous local environment. This heteroge-
neity will be directly reflected in Rao’s Q since it considers the neigh-
borhood around each pixel. Tree plantations, particularly those with 
sparse cover, exhibited the highest Rao’s Q variation rate, followed by 
sparse secondary forest (Fig. 1d). This suggests that temporal changes in 
Rao’s Q depend on spatial heterogeneity in open forest landscapes. The 
variability of Rao’s Q in open forest landscapes also reflects biogeo-
graphical conditions. This parameter, for example, more clearly distin-
guishes Mediterranean forests from other forest biomes (Fig. 2b&c) than 
tree cover itself (Fig. 2a). Relatively high tree cover areas in Mediter-
ranean biomes gave the highest tree cover heterogeneity values, while 
sparse cover in these areas gave the lowest tree cover heterogeneity 
values across all forest biomes. This indicates a wide range of tree cover 
heterogeneity in Mediterranean forest ecosystems. The Mediterranean 
was the only biome where Rao’s Q values showed overall increasing 
temporal change in Rao’s Q across all tree cover densities. This likely 
reflects the well-documented woody densification and expansion 
occurring in the biome (Calleja et al., 2019; Malavasi et al., 2018; Nunes 
et al., 2019). Specifically, since Mediterranean forests generally have 
sparse tree cover, the well-documented woody densification and 
expansion in this biome will drive an increasing trend in Rao’s Q, i.e., 
given the generally positive relationship between tree cover and its 
Rao’s Q in open landscapes (Fig. 1a). By contrast, dense tropical primary 
forests exhibited the lowest Rao’s Q values among all forest types 
(Fig. 2b), reflecting their uniformly dense canopies. 

In contrast to temperate forests, intact forests in Mediterranean and 
tropical forest biomes generally gave lower Rao’s Q values relative to 
non-intact forests (Fig. 3a). Except for Mediterranean forests, intact and 
non-intact forests in most biomes showed no significant differences in 
the temporal variation of Rao’s Q values (Fig. 3c). Intact forests in 
Mediterranean showed higher tree cover heterogeneity variation than 
non-intact forests. For tropical and Mediterranean biomes, protected 
forests showed significantly lower Rao’s Q values relative to those 
estimated for unprotected forests, suggesting that less human distur-
bance in the protected forests in these biomes promotes a lower tree 
cover heterogeneity. The opposite held true for temperate and boreal 
forests (Fig. 3b). Protected and unprotected forest landscapes showed no 
significant differences in Rao’s Q variation rates (Fig. 3d). This suggests 
temporal variation in tree cover heterogeneity does not depend on 
intactness level or protection status. 

3.2. Spatio-temporal patterns in global tree cover and its heterogeneity 

Mean tree cover, tree cover heterogeneity, and its temporal variation 
rate vary across the globe (Fig. 4a&b, Fig. 5a&b). Generally, northern 
Sahel, Europe, eastern Asia, and the eastern U.S. experienced broad 
increases in tree cover. Tree cover across large areas of tropical forests in 
central Africa and South America remained stable but showed extensive 
loss along borders, as exemplified in the southern Amazon (Fig. 5a). The 
overall global tree cover increase is associated with a widespread decline 
in Rao’s Q, indicating temporal decrease of tree cover heterogeneity, 
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particularly at high latitudes in the Northern Hemisphere and tropical 
areas (Fig. 5b). The largest contribution to the global decline in Rao’s Q 
(53 %) came from boreal forests, while tropical forests contributed the 
most to the global increase in Rao’s Q (43 %) (Fig. 6a). For individual 
biomes, boreal forests showed the largest net decrease in Rao’s Q values 
(30 %), while Mediterranean forests showed the largest net increase in 
Rao’s Q values (22 %) (Fig. 6b). Given that most boreal forests were 
categorized as moderately dense forests, the net Rao’s Q decrease in 
boreal forests suggests that tree cover in boreal forests is generally 
becoming more heterogeneous via forest loss in areas transitioning from 
formerly moderate to sparse canopy conditions (Hansen et al. 2013; 

Svensson et al. 2019). However, forest regrowth has also been reported 
for some parts of this biome (Wu et al., 2014). Since most Mediterranean 
forests are categorized as open forests, the net Rao’s Q increase in 
Mediterranean forests suggests that woody expansion in these relatively 
open ecosystems create greater heterogeneity in tree cover (Calleja 
et al., 2019; Malavasi et al., 2018; Nunes et al., 2019). The net decrease 
in Rao’s Q (19 %) for temperate forests suggests that densification re-
duces heterogeneity in tree cover. This may reflect natural regeneration 
and management, including widespread reforestation efforts (Sitzia 
et al., 2010; Wang et al., 2019). Relative to other biomes, tropical forests 
consisting of intact forests tended to remain stable in terms of both tree 

Fig. 2. Distribution of (a) tree cover, (b) its heterogeneity (Rao’s Q) , and (c) temporal variation rate of Rao’s Q across different forest biomes (tropical, temperate, 
boreal, Mediterranean). The horizontal dashed lines in (a) and (b) represent mean values, and zero in (c). 
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cover and Rao’s Q variation while border areas of these forests are 
strongly impacted by degradation and deforestation (Hansen et al., 
2020). As a result, fragmentation leads to a critical increase in tropical 
forest edge area (Fischer et al., 2021) and in tree cover heterogeneity, as 
found in the present study. Importantly, we found that high Rao’s Q 
values in many areas are due to anthropogenic degradation and frag-
mentation of forests or tree expansion in (mostly) previously deforested 
areas (Fig. 4a), except for a few areas with naturally semi-open forest 
structure, notably in the ecotone towards the arctic tundra. This suggests 
a strong linkage of Rao’s Q to human deforestation and degradation. 

Pixel-wise comparison between tree cover and its heterogeneity 
showed that monotonic temporal changes in tree cover do not neces-
sarily accompany changes in tree cover heterogeneity (Fig. 5c). This 
demonstrates that forest structural dynamics depend on tree cover 

variation trends subject to specific spatial contexts. A range of mecha-
nisms may drive temporal trends in tree cover heterogeneity. Factors 
driving Rao’s Q increases in rainforest areas differ from those driving 
increases for the Sahel due to different levels of tree cover and human 
influence. The former increase (for rainforests) from lower values 
belonging to densely forested areas arises from anthropogenic defores-
tation and degradation, notably linked to timber harvesting and agri-
cultural expansion. For the Sahel, increases in Rao’s Q values reflect 
transition from sparse to moderate woody cover, likely at least partially 
linked to tree planting like the Great Green Wall initiative (Goffner et al., 
2019). Similarly, woody expansion for reforestation or natural regrowth 
has significantly increased tree cover heterogeneity in formerly defor-
ested or other naturally open areas (Li et al., 2020a; Li et al., 2020c). 
This occurs in Mediterranean biomes, as well as other areas of Europe, 

Fig. 3. Distribution of tree cover heterogeneity and its temporal variation rate grouped by (a, c) intact and non-intact status, and (b, d) protected and unprotected 
status for different forest biomes. The vertical dashed lines represent mean values in (a) and (b), and zero in (c) and (d). 
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China, and India (Calleja et al., 2019; Chen et al., 2019; Malavasi et al., 
2018; Nunes et al., 2019). 

3.3. Forest dynamics categories 

The newly generated map of forest dynamics categories (FDC) shows 
the nine possible variation types in global tree cover per pixel and 
relative to neighboring spatial heterogeneity (Fig. 7). The map provides 
a detailed picture of the history of and response to forest degradation, 
growth and expansion. Table 1 lists nine possible variation types for tree 
cover and their links to different scenarios. In terms of tree cover trends, 
positive FDC values (FDC > 0) indicate significant tree cover gain/ 
expansion or stable status associated with forest recovery or density 
increase. This can include woody expansion into open ecosystems. 
Negative values (FDC < 0) indicate significant tree cover loss or stable 
status associated with forest degradation or deforestation. In general, 
areas with stable tree cover and stable heterogeneity represented about 
23.4 % of the global forested area. Areas exhibiting high and low gra-
dients of forest recovery or growth represented the next largest areas 
(FDC = 4, 15.2 %; FDC = 1, 16.4 %; see inset pie chart in Fig. 7). 

The statistical composition of each FDC type grouped according to 
biomes reveals salient examples of FDC dynamics and spatial de-
pendencies (Fig. 8). Since Rao’s Q metric represents tree cover of 

neighboring landscapes from a 9 × 9 matrix of neighboring areas rela-
tive to the target pixel, temporal changes in Rao’s Q are more sensitive 
to local environmental change than single-pixel tree cover change. This 
holds especially true for stable tree cover accompanied by a significant 
increase in Rao’s Q. For example, the Amazon and African rainforest 
areas, which exhibit relatively high density and stable tree cover trends, 
gave a Rao’s Q increase from an FDC of − 1. This scenario captures 
ongoing tree cover loss and habitat fragmentation around forest edge 
zones (Hansen et al., 2020; Zhao et al., 2021). It likely links to potential 
edge effects associated with changing population or community struc-
tures at the boundary of forest landscapes (Levin et al., 2012). Forests 
with an FDC = -1 mainly occurred in tropical areas (60 %) characterized 
by well-documented edge effects (Fig. 8) (Broadbent et al. 2008; 
Maxwell et al. 2019; Qie et al. 2017; Zhao et al. 2021). Areas where FDC 
= -2 represented predominantly tropical forests experiencing decreasing 
tree cover together with increasing neighboring spatial heterogeneity. 
This resembles moderate forest degradation occurring in tropical areas. 
Boreal forests showed a wide range of FDC values (FDC = -3, − 4, 1, 3, 4). 
These heterogeneity dynamics coupled with extensive and significant 
tree cover indicate a greater change in tree cover for boreal forests 
relative to other forest types (Maleki et al., 2021). Overall, forest 
degradation and growth trajectories highlight the role of local spatial 
heterogeneity and other contextual factors in determining forest 

Fig.4. Global pattern on tree cover heterogeneity characterized by (a) average annual Rao’s Q diversity and (b) its temporal variation rate from 1982 to 2016. Rao’s 
Q diversity was calculated based on a 9 × 9 (~50 × 50 km) moving window from a spatial kernel or 2D matrix. The variation rate of Rao’s Q was quantified by the 
Theil-Sen estimator from the Mann-Kendall test. 
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dynamics. 

4. Discussion 

4.1. Mapping tree cover heterogeneity across the globe 

This study represents novel maps of global tree cover heterogeneity 
and its variation through time based on Rao’s Q diversity metric. 
Originally used as a proxy for spectral diversity, Rao’s Q was interpreted 
to indicate biodiversity according to a well-established spectral varia-
tion hypothesis (Rocchini et al., 2010; Torresani et al., 2019). The pre-
sent study confirms the ability of this metric to capture tree cover 
heterogeneity at the landscape scale with a strong link to human 

deforestation and degradation in the high Rao’s Q areas. However, our 
results showed that relationships between tree cover heterogeneity and 
biodiversity do not always hold (Stein et al., 2014). For example, dense 
tropical forests exhibit very low tree cover heterogeneity but host very 
high levels of biodiversity (e.g., high species richness of trees) (Gibson 
et al., 2011). This finding further supports assertions by previous studies 
that remotely sensed spectral diversity metrics do not always capture 
vegetation diversity. Field studies have further shown that high envi-
ronmental variability does not always equate to high levels of biodi-
versity (Ricotta et al., 2010; Stein et al., 2014). 

Despite these caveats, this study finds that the tree cover heteroge-
neity effectively differentiates planted forests from primary and sec-
ondary forests. The tree cover variable itself does not accomplish this. 

Fig. 5. Variation trends in global (a) tree cover and (b) its heterogeneity quantified by trend labels (1: increase, 2: stable, 3: decrease) returned by the Mann-Kendall 
(MK) test, and (c) their spatial correspondence obtained by a pixel-wise spatial comparison between the two trend maps in (a) and (b). The vertical axis in (c) 
represents the proportion of the area for the three trend types. 

Fig. 6. Distribution of tree cover heterogeneity (Rao’s Q) trends grouped by different (a) trend type (decrease, stable, increase), and (b) forest biome type including 
tropical, Mediterranean, temperate, and boreal. 
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Mapping tree plantations and differentiating them from natural forests 
using satellite remote sensing data is still challenging due to the mixed 
pixel effects in most moderate and coarse resolution satellite imagery 
(Torbick et al., 2016). The similarities between natural secondary forest 
and tree plantations in their spectral and structural attributes tend to 
increase the complexity of tree plantation mapping (Koskinen et al., 
2019). In this study, we directly used the recent global forest manage-
ment map produced by Schulze et al., (2019) to investigate how tree 
cover and its heterogeneity distribute in primary, secondary forests, and 
tree plantations. The high sensitiveness of tree cover heterogeneity to 
tree plantation history suggests that future remote sensing mapping on 
tree plantations should consider the tree cover’s local spatial heteroge-
neity proxies. The time-series imagery of tree cover heterogeneity 
generated in this study could be directly used for such global mapping 
efforts. 

Compared to the tree cover variable itself, tree cover heterogeneity 
also shows greater sensitivity to human modification (Kennedy et al., 
2019) and forest landscape integrity (Grantham et al., 2020) (Fig. 9). A 
higher Rao’s Q typically represents a more heterogeneous forest land-
scape associated with greater human modification and lower forest 
landscape integrity. This, in turn, indicates an underlying human in-
fluence in shaping the global tree cover heterogeneity. Notably, the 
increasing forest edge areas driven by human-caused fragmentation are 
clearly associated with high Rao’s Q in many tropical forest areas 
(Fischer et al., 2021). Thus, Rao’s Q metric effectively quantifies tree 
cover heterogeneity and its temporal variation. These, in turn, deter-
mine natural habitat diversity and its variability (Bar-Massada and 
Wood 2014; Hortal et al., 2009). Obvious differences in tree cover 
heterogeneity among the three forest stand history types (primary, 
secondary, and planted) also highlight critical legacies of tree cover 
dynamics (Swanson et al., 2021). 

In contrast to previous studies (Rocchini et al., 2018; Rocchini et al., 
2019), our study used tree cover instead of NDVI to quantify Rao’s Q 
metric. Future Rao’s Q-based studies could also use additional remote 
sensing information such as reflectance, backscatter coefficients, and 
other vegetation indices to estimate heterogeneity in vegetation struc-
ture more broadly. As such Rao’s Q offers a range of approaches for 
quantifying spectral diversity and spatial heterogeneity (Rao 1982; 
Rocchini et al., 2019). Satellite data offering greater spatio-temporal 
resolution (e.g., harmonized Landsat 8 and Sentinel-2 imagery, 
LiDAR) could capture tree cover heterogeneity in still greater detail (Li 
et al., 2020d; Shang and Zhu 2019). 

4.2. Implications for forest degradation and recovery 

Several studies have used remote sensing to interpret forest dynamics 
over the past three decades (DeFries et al., 2010; Hansen et al., 2013; 
Hansen et al., 2010). Challenges of monitoring forest degradation and 
recovery exceed those associated with deforestation because the former 
usually occur within forests (Matricardi et al., 2020). Strategies for 
restoring degraded forests will benefit from the design of effective 
remote sensing proxies that capture forest degradation. Supplementing 
previous remote sensing studies (Chen et al., 2019), our study found that 
monotonic changes in tree cover can result in divergent changes in tree 
cover heterogeneity. The divergent pathways depend on tree cover 
gradients determined by different climatic, biogeographic, and anthro-
pogenic environmental conditions, as well as complex land surface dy-
namics (Li et al., 2020a; Myers-Smith et al., 2020). 

The new map of forest dynamics categories presents combined 
variation trends in tree cover and its heterogeneity across space and 
time. The map links forest dynamic categories with different forest 
degradation and succession scenarios using tree cover variation trends 
(Table 1). These scenarios diverge according to their respective bioge-
ography, tree cover density, stand management history, land protection 
status, and forest landscape intactness. First, increasing tree cover het-
erogeneity can arise from deforestation, forest degradation, and woody 
expansion into naturally open habitats (Li et al., 2020a; Li et al., 2020c). 
Second, high tree cover heterogeneity and specifically increasing het-
erogeneity can represent positive habitat variation in some areas, such 
as the recovery of natural habitats. Typical forest dynamic categories 
capture obvious tree cover gain and loss along with more subtle forest 
degradation in so-called stable forests, woody expansion in open forests, 
and early tree cover densification by reforestation. This analysis sup-
plements previous studies on forest dynamics by detecting these local 
spatio-temporal trajectories in forests. It also demonstrates how detailed 
processing of remote sensing data can generate useful datasets for 
interpretation of global forest dynamics, ecological modeling, habitat 
assessment, and potential restoration strategies. A better understanding 
of tree cover dynamics in forests with stable tree cover could potentially 
also assist in early detection of forest degradation or assessing of re-
covery at local scales. Finally, the study demonstrates that relationships 
between tree cover heterogeneity and forest degradation or recovery 
depend strongly on local biogeographic context and land use history. 

Fig. 7. Map of forest dynamics categories (FDC) based on variation trends in tree cover and its heterogeneity as estimated by Rao’s Q (see Table 1). The inset pie 
chart (bottom left) shows the global forest area occupied by each FDC value. The FDC was represented by different labels corresponding to Table 1. D01 ~ D04 
represent a decreasing trend in tree cover with various tree cover heterogeneity trends, while R01 ~ R04 represent an increasing trend in tree cover with various tree 
cover heterogeneity. S represents a stable trend both in tree cover and its heterogeneity. 
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5. Conclusion 

This study mapped spatio-temporal dynamics in tree cover hetero-
geneity using a VCF tree cover time series product spanning 35 years 
(1982–2016). Data were used to generate a Rao’s Q diversity metric at 
landscape scale for global forested areas. Results showed that monotonic 
spatio-temporal changes in tree cover do not necessarily accompany 
changes in tree cover heterogeneity. This indicates that using tree cover 
variation trends without considering local spatial heterogeneity may not 
fully and accurately capture forest dynamics. Tree cover heterogeneity 
varies differently according to biogeography, tree cover density, stand 
history, land protection status, and forest landscape intactness, with a 
strong link to deforestation and degradation. The new map of forest 
dynamics shows nine possible combinations of the variation trends in 
both tree cover and its heterogeneity. This resource also elucidates 
several typical forest dynamic scenarios that apply to different forest 

degradation and succession scenarios across the globe. Hereby, it en-
riches our understanding of global forest dynamics and could help 
inform forest restoration and conservation. 
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