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Abstract

Forest disturbance and recovery has been regarded as a primary mechanism for
transferring carbon between land surface and the atmosphere, and thus plays a key
role in the terrestrial carbon balance. Identification and monitoring of forest
disturbances is an important global and regional application, where updated
information about where and when disturbances have occurred, and the area affected
and recovered, is crucial.
Traditional forest investigation appears comparatively time-consuming, costly, but

inefficient, and difficult to achieve full-cover and real-time monitoring. It is believed
that, at regional and greater scales, the only feasible and effective means to monitor
forest disturbance and recovery continuously and regularly is remote sensing.
Fire is a common disturbance regime, especially in boreal forests. It is a complex

issue, both ecologically and socially, affecting the forest ecological process either as a
positive agent of renewal or a highly destructive force. Fire effects and post-fire forest
dynamics have been widely studied. A wide range of such studies are based on field
forest investigation alone, while many researchers and managers are combining field
survey data with remote sensing imagery to monitor post-fire forest patterns relying
on their long temporal coverage, sufficient spatial and spectral resolutions which
permit capture of most forest features.
The Greater Hinggan Mountain area, located in the northeast China, is rich in forest

resources while suffers from a high incidence of forest fires simultaneously. Among
all the fires in this area, the most noteworthy one is the “5.6 Fire” that occurred on
May 6 1987 and developed to be the most serious forest fire for P. R. China. Aiming
at this fire, this thesis proposes to detect the burned forest area, and monitor the
post-fire forest recovery using field survey records and multi-source optical and SAR
data. Particular emphasis has been laid on the effects of different restoration strategies
for post-fire forest regeneration and vegetation recovery.
First of all, the fire scar and burned forest area was extracted and mapped using

Landsat TM imagery by multiple methods. During the mapping, the fire perimeter, as
well as rivers, roads and building areas were first delineated and masked, and then
four indices were calculated. For comparison, threshold segmentation using the
reflectance of original six multispectral bands was performed, in addition to a
MLC-based supervised classification of all features and forest area alone. Their
accuracies were also evaluated and analyzed. Compared to the traditional methods
used to report official statistics on burned areas, the remote sensing-based extraction
is less labour- and time-consuming, and more objective and efficient.
Following this fire, the local forestry bureaus have taken a series of measures for

the forest recovery. Typically three different restoration treatments, namely natural
regeneration (NR), artificial regeneration (AR), and artificial promotion (AP), are
adopted for the forest regeneration in the burned area. In order to elucidate the effects
of the three treatments, a field survey was conducted to collect the attribute data,
specifically species composition, structural parameters, and LAI, which were



analyzed through ANOVA and a post-hoc test. Results suggest AR to be adopted in
post-fire recovery if the goal is timber production, while NR should be selected when
focusing on canopy vertical density and species richness. These findings can be used
for reference in local forest management.
Considering the limitations of field forest survey, multi-source remote sensing data

were also employed to monitor the forest recovery trajectories after the “5.6 Fire”.
These data include the Landsat TM/ETM+ imagery, MODIS Land Cover Type and
Vegetation Indices products, and ALOS PALSAR FBD data.
With Landsat TM/ETM+ records, totally 12 scenes covering the period of

1987-2011 were used for the post-fire forest recovery monitoring. In addition to the
commonly used vegetation indices, a more effective index of DI was examined and
evaluated. Combining with the field survey data analysis, the availability of different
remote sensing indices and applicability of the three restoration treatments were
evaluated and compared. Results indicated that the forest under NR achieved a totally
different recovery process with those under the other two treatments.
Due to the unique characteristics of MODIS sensor, the well-developed MODIS

Land Cover Type products were exploited to monitor the temporal and spatial
dynamics of forest coverage. It centered on the hypothesis that the annual variability
in coverage of different types of forest during 2001-2012 can be detected. Results
suggested that the area of “Mixed forest” gradually increased from 46.34% in 2001 to
80.50% in 2012, while that of “Cropland/Natural vegetation mosaic” decreased from
30.46% to 5.94% in this period.
In addition to the optical images, ALOS PALSAR data covering the period

2007-2010 were also applied to detect the post-fire dynamics. The backscattering
intensity in HH and HV polarization and the derived radar indices of RRVI and
RNDVI were examined and evaluated. Results showed that, compared to the other
two treatments, forests under NR presented a different recovery trajectory. They were
consistent with those achieved by LAI and DI which together demonstrated the
reliability of the forest recovery trajectory monitoring.
For more direct and targeted evaluation and comparison among the performances

of different sensors, the linear statistical modeling was applied using field measured
LAI and remote sensing indices from ALOS AVNIR-2, Landsat-5 TM and MODIS
NBAR, ALOS PALSAR data. The gap between the spatial resolution of Landsat-5
TM and MODIS NBAR data with the field plot size can account for the reduced
accuracy. Nonetheless, the data with higher spatial resolution and retrieval accuracy
usually have lower efficiency in spatial and temporal coverage, and require higher
acquisition costs. Thus in specific applications, the actual accuracy needs should be
carefully considered to achieve a cost-efficient result.
Finally, the knowledge gained throughout this thesis is summarized, and limitations

and deficiencies existed within this exercise has also been identified and commented,
based on which, the improvements with regard to future studies are discussed and
recommended.
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1 Introduction

1.1 Background

1.1.1 Forest and forest disturbance

Forests are multi-functional and multi-value ecosystems, which are widely distributed
across land surfaces and have a complex composition. Although occupying less than
14% of the Earth’s surface, forests and savannahs together account for more than 40%
of the total solar energy captured by green plants, as well as containing the largest
concentrations of organic material compared to all other global ecosystems (Perry et
al., 2008; Chen et al., 2010). “Forest” is a comprehensive description that has the
greatest biodiversity among all terrestrial ecosystems. For example, tropical
rainforests, which cover only 7% of the total land area, contain 50%–70% of all
global terrestrial species (Perry et al., 2008; Krishnaswamy et al., 2009). Forests
contain the most abundant biological resources and thus play an irreplaceable role in
maintaining ecological balance on Earth. Additionally, forest ecosystems provide a
wide range of products and services to humans, directly and indirectly, including
climatic regulation, water purification, provisioning of wood, fibre and fuel, food,
clear air, natural medicines, supporting of soil formation, nutrient cycling etc (MA,
2005).
The forests worldwide are unevenly distributed. For example, the five most

forest-rich countries (the Russian Federation, Brazil, Canada, the United States and
China) account for about 53% of total forest area, however, 64 countries with a
combined population of 2.0 billion have less than 0.1 ha of forest per capita (FAO,
2006). What is more, forests are suffering a variety of unwanted disturbances, mainly
in the form of wildfires, deforestation, insect and disease infestation, and other
disturbance factors including extreme weather conditions (wind, snow, ice, floods and
drought), pollutants, and invasive species and so on. These disturbances result in a
decline in forest coverage and changes in forest structure and composition, which in
turn affect its functional mechanisms as a whole (Bacles, 2014). It was concluded by
Millennium Ecosystem Assessment that “Forests have essentially disappeared from
25 countries, with 9.4 million hectares being lost annually” (Mooney et al., 2005;
Perry et al., 2008). In the United States, a few species of forest pests routinely have
significant impacts on up to 20 million hectares of forest with economic costs that
probably exceed 1 billion USD per year (Ayres and Lombardero, 2000).
The detection of forest disturbances is a key process in terrestrial ecosystem

research, especially in fields related with global carbon cycles and climate change
(Cao et al., 2011; Schroeder et al., 2006, 2012). Forest disturbance and recovery have
been proposed as primary mechanisms for transferring carbon between land surface
and the atmosphere, and thus plays an important role in both regional and global
carbon budgets, as well as in long-term forest monitoring processes (Masek et al.,
2008; Sönmez et al., 2011). However, the timing and geography of these disturbance
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events are still in need of being more quantitatively described and studied. Moreover,
the magnitude and duration of the impacts of various disturbances on forest health and
vitality vary greatly in time and space, which may translate to significant variability in
ecosystem state and climate change (FAO, 2006; Townshend et al., 2012).

1.1.2 Forest fire and its effects

On a global basis, forest fire is one of the most widespread and common disturbance
regimes, with significant implications for both carbon cycles and forest health. It has
been regarded as a dominant disturbance, especially in boreal forests (Díaz-Delgado
and Pons, 2001; Forkel et al., 2012). It is a primary process responsible for organizing
the physical and biological attributes of a boreal biome, as well as shaping forest age
structure, landscape diversity and influencing energy flows and biogeochemical
cycles (Weber and Flannigan, 1997; Wotton et al., 2010; Stroppiana et al., 2012).
Forest fire is a complex issue, both ecologically and socially, being of beneficial

and detrimental effects on forest ecosystems, depending on the specific circumstances.
With respect to detrimental impacts, it can be easily understood that the fire
disturbance will cause the loss of lives and property, greenhouse gas emissions, soil
erosion and degradation, haze pollution as well as the destruction of biomass and
biodiversity (Flannigan et al., 2005; Shvidenko and Schepaschenko, 2013). On the
other hand, it can also positively facilitate the early and abundant seed dispersal and
germination, especially in the initial stages of forest regeneration, thus bring about the
rapid recruitment of natural seedlings (Babintseva and Titova, 1996; Chu and Guo,
2014). In conclusion, fire influences the forest ecological process either as an essential
agent of renewal or a highly destructive force.
A Large Fire Database (LFDB) has been developed for all fires larger than 200 ha

in Canada for the period of 1959-1997, which includes information about fire location,
start date, final size, cause, and suppression action. The LFDB represents only 3.1%
of the total number of Canadian fires during this period, yet accounts for nearly 97%
of the total burned area, allowing a spatial and temporal analysis of recent Canadian
landscape-scale fire effects and their relationship to other factors (Stocks et al., 2002;
Skinner et al., 2006). Gillett et al. (2004) have demonstrated that the observed
increase in area burned in Canada during the last four decades mainly result from the
human-induced climate change. A study using various remote sensing instruments
have shown that the average vegetation area by wildfire in Russia for 1998-2010
accounted for (8.2 ± 0.8) × 106 ha, with an average annual fire carbon balance during
the same period being (121 ± 28) Tg C/yr. However, it still should be noticed that,
according to the statistics by Food and Agriculture Organization, only 78 countries
responding to fire effect surveys, representing 63% of the global forest area, reported
that 60 million hectares of land, including forests and other wooded land, were burned
per year throughout 2003-2007 (FAO, 2010). The forest fire disturbance and its
effects are generally underreported because of various reasons.
Both traditional acquisition of forest products and the increased use of forests for

recreational, educational and tourism purposes increase the risk of forest fires. Fires
occurred with varied location, range, intensity and duration will result in different
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effects. Therefore, it is crucial to quantify the distribution and frequency of forest fire
disturbances in an ecologically sound way, which helps to understand the
environmental and climate change. It is also enormously useful for identifying spatial
and temporal trends in forest utilization and management (Schroeder et al., 2012;
Pflugmacher et al., 2012). Due to the specific characteristics of forest fires in
frequency, intensity and spreading ability, additional information are in great need
regarding their direct and underlying causes, temporal and spatial dynamics, as well
as the ecological impacts of fire and desired long-term conditions of post-fire
ecosystems.

1.1.3 Remote sensing

1.1.3.1 Concept and history

In forest-related studies, many researches rely on the field survey data, which are
costly, labor- and time-consuming, but inefficient, and difficult to achieve real-time
monitoring and change capturing. Furthermore, ground measurements are not always
standardized, lacking for many remote areas that are dangerous or difficult to access.
Thus there is great need for remotely sensed estimates of forest attributes over
landscapes in order to obtain information for forest monitoring, assessment and
management (White, 1998; Perry et al., 2008; Bergen et al., 2009).
Actually, at regional and global scales, the only feasible and effective means of

monitoring land surface, atmosphere and oceans continuously and regularly is remote
sensing. Especially airborne and spaceborne remote sensing offers an affordable and
effective tool for monitoring forest state and its change over large areas and long
periods (Carlson and Ripley, 1997; Cohen and Goward, 2004; Cao et al., 2011).
Remote sensing is the science of acquiring data and information about objects,

areas or phenomena without touching it by detecting the signals reflected from the
Earth through a sensor typically aboard aircraft or satellites. The remote sensors can
be either passive or active. Passive sensors merely record radiation that is emitted or
reflected by the objects on Earth, usually from the sun and thus can only be used to
collect data during daylight hours (Fig. 1.1(a)). They generally include aerial
photography, infrared, charge-coupled devices, thermal cameras, and radiometers. In
contrast, active sensors receive the signals emitted by their own and reflected or
backscattered from the targets on Earth’s surface (Fig. 1.1(b)). Therefore, active
sensors can achieve day-and-night observations under all weather conditions. Light
Detection and Ranging (LiDAR) and radar are typical examples of active sensors.
The term of “Remote Sensing” was first introduced by the division of scientific

research of U.S. navy and officially adopted in the early 1960s. The launch of the
Earth Resources Technology Satellite "ERTS-1" (i.e. Landsat-1) in the early 1970s is
considered as a milestone in the history of the development of satellite remote sensing.
SEASAT launched in 1978 was the first civilian satellite designed for remote sensing
of the Earth's oceans with the first spaceborne synthetic aperture radar (SAR). In 1999
the first commercial satellite (IKONOS) collecting very high resolution imagery was
launched. Thus far there are more than 6000 satellites have been launched, over 60%
of which serve military purposes (Cao, 2013). Those for civilian and scientific use
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mainly include the series of Landsat, meteorological, ocean, geodetic, astronomical
observation and communications satellites (Zhao, 2003).

Figure 1.1 Illustration of remote sensing system using (a) passive sensor; (b) active
sensor. The number of 1 denotes the source of reflected signals, 2 means the energy
emission of land features, 3 indicates signal transfer from sensor to ground station.
(Courtesy of Arkarjun, published on Wikipedia).

1.1.3.2 Optical sensors

Optical remote sensing refers to wavelengths ranging from the visible spectrum to the
thermal infrared (TIR) spectrum (0.4-14 μm) (Liang, 2004). From the wavelength
range, it can be divided into visible, reflected infrared, and emitted (thermal) infrared,
while the forest disturbance monitoring mainly requires the utilization of the former
two. Without considering TIR, the passive optical sensors can be briefly grouped into
two categories of multispectral (a limited number of spectral bands) and hyperspectral
(about two hundred channels) sensors from the aspect of spectral characteristics
(Table 1.1). There are abundant multispectral sensors, mainly including Landsat
TM/ETM+ (Thematic Mapper/Enhanced Thematic Mapper plus), SPOT (Satellite
Pour l'Observation de la Terre) VEGETATION, IKONOS, QuickBird, WorldView,
GeoEye, Pleiades-1A/B, ALOS/AVNIR-2 (Advanced Land Observing
Satellite/Advanced Visible and Near Infrared Radiometer-2), ASTER (Advanced
Spaceborne Thermal Emission and Reflection Radiometer), CBERS (China-Brazil
Earth Resources Satellite), HJ-1A/B (Huan Jing-“Environment” in Chinese),
SeaWiFS (Sea-viewing Wide Field-of-view Sensor), AVHRR (Advanced Very High
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Resolution Radiometer) and so on. The typical examples of hyperspectral sensors
include AVIRIS (Airborne Visible/Infrared Imaging Spectrometer), HYDICE
(Hyperspectral Digital Imagery Collection Experiment), HyMap, Hyperion etc.
Besides, MODIS (Moderate-resolution Imaging Spectroradiometer) which has 36
spectral bands is either thought to be a medium-spectral resolution sensor or
incorporated into the multispectral category.
When viewed from spatial resolution, the optical sensors can be simply

summarized into three types: low, medium, high resolution ones (Table 1.1). Currently
there is no common consensus about the definition of low, medium and high spatial
resolution. From the perspective of forest-related research, here we define that low
resolution means pixels being ≥ 100 m; high resolution represents ≤ 10 m and hence
medium resolution is 10-100 m (usually 30 m). According to this definition, sensors
with low resolution mainly include AVHRR, MODIS and SPOT VEGETATION; that
of medium resolution is a collection of Landsat TM/ETM+, ASTER, HJ-1A/B,
CBERS, AVIRIS (by ER-2), Hyperion etc.; the high resolution sensors consist of
IKONOS, QuickBird, WorldView, GeoEye, Pleiades-1A/B, ALOS/AVNIR-2, AVIRIS
(by Twin Otter), HYDICE, HyMap and so on.

Table 1.1 Classification of remote sensing sensors from the perspectives of spectral
characteristics and spatial resolution.

Spatial resolution Multispectral sensor Hyperspectral sensor
Low ( ≥ 100 m) AVHRR, MODIS, SPOT

VEGETATION
Medium

(10-100 m)
Landsat TM/ETM+, ASTER,

HJ-1A/B, CBERS
AVIRIS (by ER-2),

Hyperion
High ( ≤ 10 m) IKONOS, QuickBird,

WorldView, GeoEye,
Pleiades-1A/B, ALOS/AVNIR-2

AVIRIS (by Twin
Otter), HYDICE,

HyMap

In addition, there is a relatively new active optical sensor of LiDAR, which
transmits a laser onto the surface of Earth and measures the time delay between
emission to and return from the targets, is gradually being widely used in the field of
forest measurements and disturbance investigation by remote sensing.

1.1.3.3 SAR technique

SAR is an airborne or spaceborne side-looking radar system which records the
backscattering signals emitted by its own, and generates high-resolution remote
sensing imagery at wavelengths from millimeters up to 1 meter. SAR has some unique
properties which are not known from optical sensors. Firstly, it is an active imaging
technology. Typical microwave bands that SAR uses are X-band (2.4-3.8 cm), C-band
(3.9-7.5 cm), and L-band (15.0-30.0 cm). As these microwaves can penetrate clouds,
canopy, soil and snow partially, it allows the volumetric detection into these objects.
Additionally, SAR employs polarized radiation and, therefore, can exploit polarization
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signatures to obtain more abundant information about the target’s structure (e.g.,
forests). Finally, SAR is also a coherent imaging technique which serves as the
prerequisite for interferometric SAR (InSAR) and polarimetric SAR interferometry
(PolInSAR) (Bamler, 2000; Gartley et al., 2010).
Recently, a wide variety of SAR instruments with various bands, polarimetric and

interferometric characteristics have been attached onto satellite platforms under
different observation modes, which rapidly made available the acquisition of large
amounts of SAR data as well as their further applications. Typical cases of SAR
missions include ERS-2/SAR, Envisat/ASAR and Radarsat-1/2, TerraSAR-X,
ALOS/PALSAR (Phased Array type L-band Synthetic Aperture Radar), etc. However,
compared with optical data, the geometric and radiometric interpretation of SAR
images seems more difficult due to the terrain distortion (e.g., foreshortening, layover,
shadowing) and speckle effect (Schmullius and Evans, 1997).

1.1.4 Fire disturbance and forest recovery investigation

Passive and active remote sensing have a wide range of applications in many fields
including resource management, environment monitoring, urban planning and ocean
exploration, as well as climate change related studies. As this research focuses on the
fire disturbance detection and post-fire forest recovery monitoring based on remote
sensing data, here an overall review on this specific field would be made.
Previous studies have demonstrated that there is a significant difference between

the spectral characteristics of vegetation and other land surface features. Especially
for healthy vegetation, spectral curve characteristics (Fig. 1.2) are particularly notable:
a low peak of reflectivity of 10%-20% high at the green band with central wavelength
of 0.55 μm; two absorption valleys at the blue-purple band of 0.45 μm and red band
of 0.65 μm, respectively; a sharp increase shown as a steep on the curve at about
0.7-0.8 μm followed by a significant reflectivity peak of 40% or greater in the
near-infrared band of 0.8-1.3 μm. Besides, there are another three absorption valleys
at the bands of 1.45 μm, 1.95 μm and 2.6-2.7 μm, respectively. However, when the
vegetation suffers a fire disturbance, there is a sharp decrease in the reflectance of
visible-to-near-infrared channels, accompanied by an increase in the surface
reflectance of short and middle infrared bands. Thus the spectral signatures of forest
vegetation are a comprehensive reflection of its own structural characteristics and
environmental conditions, which can be used to identify various disturbances and
monitor vegetation recovery in a wide variety of studies (Kennedy et al., 2012).
Therefore optical remote sensing technology is particularly the most common and

traditional approach used to extract forest attributes, including vegetation fractional
cover (VFC), leaf area index (LAI), biomass and other structural parameters,
benefiting from their abundant spectral signatures, sufficient spatial resolution and
temporal coverage. Thus it is always available to perform forest disturbance
monitoring based on optical data in large scales for long time series. SAR, which is
one type of active sensors, serves as another attractive tool for forest disturbance
detection due to its ability to penetrate cloud cover and characterize forest geometry
volumetrically (Miles et al., 2003).
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Figure 1.2 The spectral curve of healthy vegetation within visible and infrared
wavelength range.

1.1.4.1 Based on medium resolution data

Among all optical remote sensing imagery, especially with medium spatial resolution,
the Landsat records, are particularly suitable to detect forest disturbances and monitor
forest dynamics as they have unprecedented historical coverage (40 years), as well as
a necessary spatial (30 m) and spectral resolutions (7 bands) which permit capturing
of most forest disturbance events (Wilson and Sader, 2002; Tucker et al., 2004;
Schroeder et al., 2012). The Landsat TM/ETM+ images are mainly used for the
burned area mapping, burn severity assessment and post-fire forest recovery
monitoring when regarding fire disturbance studies (Chen et al., 2013; Chu and Guo,
2014). Most previous studies were performed using the methods of regression models,
image classification, and other non-parametric approaches.
Statistical regression models are among the most commonly used methods, through

the establishment of linear and non-linear relationships between spectral bands or
derived spectral indices and the field measured parameters. For example, Hoy et al.
(2008) assessed the differenced Normalized Burn Ratio (dNBR) and other spectral
indices and image transforms derived from Landsat TM/ETM+ data for mapping fire
severity in Alaskan black spruce forests using ground measurements of severity and
obtained low correlations overall, with the highest linear correlation (R2 = 0.52)
between dNBR and field-measured Composite Burn Index (CBI). Epting et al. (2005)
evaluated 13 remotely sensed indices, including single bands, band ratios, vegetation
indices, and multivariate components, across four wildfire burn sites in interior Alaska
by examining the linear correlation between each index and field-based CBI values.
Similar studies were also conducted with various forest ecosystems in different
regions by building the linear regression relationships between NBR/dNBR/RdNBR
and CBI (De Santis and Chuvieco, 2007; Allen and Sorbel, 2008; Murphy et al., 2008;
Cansler and McKenzie, 2012) or post-fire organic soil depth (Verbyla and Lord, 2008).
Additionally, Song et al. (2007) found that the successional trajectories, from young
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to old-growth stages, can be identified by a linear regression model between the
Landsat Tasseled Cap indices and forest stand ages.
In addition to linear regression models, non-linear regression was also conducted in

many forest environments. For example, Soverel et al. (2011) examined the
non-linear correlation between Landsat-derived dNBR and filed-measured CBI, and
obtained an overall model with R2 of 0.69. Hall et al. (2008) assessed both the linear
and non-linear relationships of the CBI-dNBR and found non-linear model performed
better than linear model. More specifically, for the different types of temperate forest
and boreal forest in North America, the exponential and second-order polynomial
relationships between CBI and dNBR/RdNBR achieved better results respectively.
As stated in many above studies, the statistical regression models are usually

limited to specific study regions with specific forest types, and need to be examined
whether they can be extended to other forest sites with different tree characteristics
and environmental conditions (De Santis and Chuvieco, 2007). Thus an alternative
method to regression models is image classification, in terms of supervised or
unsupervised classification etc (Castellana et al., 2007). For example, Michalek et al.
(2000) used supervised classification (maximum likelihood decision rule) to classify
burn severity classes, which was later used to estimate carbon efflux for the burned
black spruce in an Alaskan forest. Epting and Verbyla (2005) performed an
unsupervised classification (ISODATA algorithm) on both pre-fire and post-fire
Landsat scenes to identify six vegetation types. Some other studies based on
classification of spectral indices were also conducted aiming at the boreal forest in
Northeast China (Cai et al., 2013; Wu et al., 2013).
Except the image classification, there are other alternatives of non-parametric

approaches, including spectral unmixing, neural network, genetic algorithm, random
forest etc. Sunderman and Weisberg (2011) tested and compared the performance of
two methods of dNBR classification and differenced linear spectral unmixing for
delineating fire perimeters and burn severity mosaics using field observations of burn
presence and fire severity for two recent wildfires. Liu et al. (2008) explored the
potential of using Forest Inventory and Analysis (FIA) plot data to extract forest
successional stage information from Landsat TM imagery with two other predictive
models of neural networks and decision trees, which achieved better results than
linear regression method.
The above summarization is obtained from the perspective of method when using

medium spatial resolution data, especially Landsat imagery. As is well known,
temporal resolution is another crucial characteristic of remote sensing data which will
also be discussed here. A large number of previous studies have proven that the time
series data usually gave better results compared with single-phase application. For
example, Song et al. (2007) concluded that multi-temporal Landsat imagery improved
identification of forest successional stages, especially for the separation of mature
from old-growth stands. Bastarrika et al. (2011) proposed an automatic algorithm
applied for burned area mapping in two Mediterranean sites based on two-phase
Landsat images. Compared with one-phase method, this algorithm minimized the
commission errors and omission errors by the synergic using the two phases and thus
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improved the accuracy of burned patches delimitation.

1.1.4.2 Based on low resolution data

The optical data with low or coarse spatial resolution, such as AVHRR, MODIS,
SPOT VEGETATION, are particularly suited for the forest disturbance detection and
monitoring in regional and global scales, and in long time series when with high
temporal resolution. The validation and verification are usually conducted through
either the official statistics of field records or the results from higher spatial resolution
datasets (such as Landsat).
AVHRR is a key data source for detecting fire disturbances and their effects as it

has quite a long temporal coverage since 1978 over most regions. Thus it has been
mainly used for the forest fires occurred in the 1990s and early 2000s. However, due
to its relatively low spectral and spatial resolution, the accuracy and efficiency of the
applications based on AVHRR data vary among different regions with different
climatic and environmental conditions. For example, Kasischke et al. (1993) used
AVHRR NDVI images to map forest fire boundaries. Comparison with those mapped
by field observers indicated that 89.5% of all fires with sizes greater than 2000 ha
were detected while only 61% of the total area was mapped. Similarly, French et al.
(1995) used the AVHRR NDVI data composite from two seasons and finally detected
more than 80% of fires greater than 2000 ha and mapped 78% of the burned area of
all boreal forest fires in Alaska. Some other studies of fire scar and burned area
mapping using AVHRR NDVI data were also conducted and varied results depending
upon forest types and fire years were obtained (Kasischke and French, 1995; Remmel
and Perera, 2001; Jiang et al., 2008).
Besides, AVHRR data have also been used for the mapping of fire frequency,

distribution and area burned (Soja et al., 2004), operational detection of boreal forest
fire (Kelhä et al., 2003), and assessment of the impact of fire on net primary
productivity (NPP) (Hicke et al., 2003), as well as estimation of gaseous emissions to
the atmosphere (Kajii et al., 2002). Finally, long time series AVHRR products on fire
disturbance are given particular emphasis during recent years. For example, a 12-year
(1989-2000) daily 1-km forest fire dataset across the entire North America from
AVHRR records was developed (Pu et al., 2007). A time series of burned land areas
was also generated for a 23-year period (1984-2006) using 10-day composites of
AVHRR data in western Canada (Chuvieco et al., 2008). By a new algorithm, an
extensive product of burned areas in boreal forest in Canada was acquired using
AVHRR Long Term Data Record (LTDR) data from burn records for the 16-year
period (1984-1999). This product was subsequently evaluated against AVHRR 1 km
and AVHRR-PAL 8 km burned area map products (Ruiz et al., 2012).
MODIS data which has a relatively higher spectral resolution (36 bands covering

0.4-14.4 µm) and temporal resolution (1-2 days) and temporal coverage since 2000, as
well as its free availability policy, has been mostly widely used in a wide variety of
fields among coarse spatial resolution datasets. It can be used to detect active fires and
map burned areas as well as assess their influences in long time series and large scales.
George et al. (2006) combined the normalized difference SWIR from MODIS with
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thermal anomaly data to detect and date burned areas. Loboda and Csiszar (2007)
introduced an approach of fire spread reconstruction to reconstruct the occurrence and
development of fire events based on active fire detections from MODIS. Another
dNBR-based algorithm was proposed by Loboda et al. in the same year (2007)
through inputting MOD09A1 and MOD14 data to output yearly maps of burned area
of forests in Central Siberia. This algorithm was enhanced through a data
limitations-driven modification for the forests in Alaska (Loboda et al., 2011).
Additionally, Jin et al. (2012) used the MODIS dNBR and albedo changes in spring

as measures of burn severity. Besides, MODIS Enhanced Vegetation Index (EVI) was
observed for monitoring the recovery process. Chen et al. (2005) used MODIS LAI
and VI products to study the forest recovery in four post-fire sites. Results indicated
that MODIS LAI overestimated values in the low LAI deciduous forests (LAI < 5)
and underestimated values in the high LAI conifer forests (LAI > 6). Some other
studies were conducted concerning post-fire forest recovery using MODIS-derived
indices (Cuevas-Gonzalez et al., 2008, 2009; Urban et al., 2010).
SPOT VEGETATION has also been widely used to study fire disturbance although

it has only four multispectral bands (Blue, Red, NIR and SWIR) with a spatial
resolution of 1.15 km. Fraser and Li (2002) investigated the utility of the SPOT
VEGETATION (VGT) sensor for estimating three crucial parameters related to forest
fire: burned area, post-fire regeneration age, and aboveground biomass based on a
sample of fires across Canada. Zhang et al. (2003) provided estimates of monthly
burned area and forest fire carbon emission for the entire Russian Federation from
SPOT VGT. Additionally, the stand age distribution of forest regeneration following
fire could also be evaluated using the SPOT VGT NIR and SWIR bands in
conjunction with AVHRR imagery (Zhang et al., 2004).
Due to the high availability and accessibility of these data, in addition to the

original reflectance data, many derived mature products, including MODIS burned
area products (e.g. MCD45A1, MCD64A1 and GFED), AVHRR products (e.g. GBS),
and SPOT VEGETATION products (L3JRC, GEOLAND-2, and GLOBCARBON etc.)
are also available and convenient for direct utilization (Chang and Song, 2009; Giglio
et al., 2010; Kasischke et al., 2011a; Chu and Guo, 2014). The accuracy and
applicability of all these products were also evaluated and compared in previous
studies. For example, Giglio et al. (2010) compared the GFED2, L3JRC,
GLOBCARBON, and MCD45A1 global burned area products and found substantial
differences in many regions. Mouillot et al. (2014) made a survey on a wide range of
users of global fire data products, and finally summarized the current needs on
available burned area products.

1.1.4.3 Based on high resolution data

Currently, the development of high and very high spatial resolution spaceborne
sensors has brought new insight into the provision of information related with active
fire characteristics and post-fire forest patterns. These studies are mainly based on
textual information of high resolution image in addition to their spectral signatures.
Thus object-based approaches are more common compared to pixel-based methods.
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For example, Mitri and Gitas (2006, 2008) aimed to develop an object-oriented model
to map the fire type and fire severity by employing post-fire IKONOS imagery. It was
concluded that object-based classification applied to IKONOS imagery had the
potential to distinguish and map areas of surface and crown fire spread, and produce
accurate maps of fire severity, especially in open Mediterranean forests. The main
source of inaccuracy was the inability of IKONOS to penetrate the dense canopy of
unburned vegetation. In 2013, the two scholars proposed to map post-fire forest
regeneration and vegetation recovery in Mediterranean vegetation using a
combination of very high spatial resolution (QuickBird) and hyperspectral (EO-1
Hyperion) imagery and by employing object based image analysis (OBIA). The
achieved accuracy was 8% higher when compared to the results from the employing
of Hyperion image alone to map the same classes (Mitri and Gitas, 2013). Moskal and
Jakubauskas (2013) applied the OBIA approach to develop a hierarchical
classification with the application of second order image texture (SOIT) in image
segmentation to classify high-spatial imagery to fine detail level of tree crowns,
shadows and understory, while still allowing discrimination between density classes
and mature forest versus burned classes.
It was concluded that, in the last decade, high and very high resolution optical

remote sensing have widespread, providing affordable multi-temporal and
multispectral pictures of the considered phenomena, at different scales (spatial,
temporal and spectral resolutions) with regard to the monitoring needs (Corona et al.,
2008). However, it should be noted that, compared with medium and low spatial
resolution data, the high and very high resolution imagery was limitedly applied in
local scale because of the narrow swath width and high costs of data acquisition.

1.1.4.4 Based on SAR data

Compared to optical imagery, SAR data are more widely used to characterize the
forest vertical attributes due to its penetration into vegetation canopy. They have also
been applied for the detection of forest disturbance and monitoring of recovery in
many studies. For example, the backscatter information from C-band SAR imagery of
ERS-1 was used for mapping and estimating areal extent of fire scars in interior
Alaska (Bourgeau-Chavez et al., 1997) and globally (Bourgeau-Chavez et al., 2002).
In 2007, Bourgeau-Chavez et al. conducted another research on developing
algorithms for the retrieval of spatially and temporally varying patterns of soil
moisture from recently burned boreal forest ecosystems using C-band radar data. The
Radarsat-1 intensity data were used to map the onset and progression of the fire, and
interferometric coherence images were used to qualify burn severity and monitor
post-fire recovery (Rykhus and Lu, 2011). Radarsat-2 quad-pol data were analyzed
utilizing the polarimetric phase information to map historical fire scars over two main
study sites (Goodenough et al., 2011). Millin-Chalabi et al. (2014) evaluated the
potential of SAR intensity and InSAR coherence from ERS-2 and Envisat/ASAR to
detect a large peat moorland wildfire scar in northern England. There were a
considerable number of other studies regarding burned area mapping, fire effect
detection, and vegetation recovery monitoring based on C-band SAR sensors (Miles
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et al., 2003; Gimeno et al., 2004; Gimeno and San-Miguel-Ayanz, 2004; Menges et
al., 2004; Huang and Siegert, 2006; Abbott et al., 2007; Minchella et al., 2009).
Epting and Verbyla (2005) used L-band SAR data to monitor the recovery of

backscatter at burn sites to the pre-fire level after 60 years since fire. Kasischke et al.
(2011b) investigated the utility of L-band PALSAR for estimating aboveground
biomass in sites with low levels of vegetation regrowth. Mari et al. (2012) applied a
semi-automatic algorithm to the images of the L-band PALSAR for the estimate of the
burned area and the results were compared with those from optical data and ground
based information. Polychronaki et al. (2013) developed an object-based
classification scheme to map the burned areas using the ALOS/PALSAR imagery
acquired before and shortly after fire events. The investigation revealed that the
pre-fire vegetation conditions and fire severity should be taken into account when
mapping burned areas using PALSAR in Mediterranean regions.
Comparison between the performances of SAR with different bands (X-, C- and

L-band) was also conducted (Ranson et al., 2003; Tanase et al., 2010a, 2010b, 2011,
2014). Ranson et al. (2003) evaluated the capabilities of three radars (ERS, JERS and
Radarsat) to detect fire scars, logging, and insect damage in the boreal forest. Tanase
et al. (2010a, 2010b, and 2011) examined the sensitivity of SAR data of multiple
bands to post-fire forest regrowth. The results showed that TerraSAR-X X-band
backscatter showed the lowest sensitivity to forest regrowth, with the average
backscatter increasing by 1–2 dB between the most recent fire scar and the unburned
forest. Increased sensitivity (around 3–4 dB) was observed for C-band Envisat/ASAR
backscatter. The ALOS/PALSAR L-band backscatter presented the highest dynamic
range from unburned to recently burned forests (approximately 8 dB). The
interferometric coherence showed low sensitivity to forest regrowth at all SAR
frequencies. In 2014, Tanase et al. evaluated the polarimetric properties of burned
forest areas at C- and L-band, respectively. It was found only volume and dihedral
scattering related components provided significant relationships with burn severity
levels at L-band. For C-band, polarimetric components related to surface scattering
mechanisms had increased sensitivity to burn severity levels for steep SAR
acquisition geometries, and for datasets acquired with more grazing geometries, the
result was same as at L-band.

1.1.4.5 Based on synergic using of multi-source data

As different types of remote sensors differ in their technical characteristics, and thus
show advantages in different aspects, the synergic using of multi-source remote
sensing data (including optical imagery, LiDAR and SAR data) was widely applied in
the forest disturbance studies, especially during recent decade. For examples, Potapov
et al. (2008) combined Landsat and MODIS imagery to estimate and map forest cover
loss due to wildfires in 2002 and 2003. Morton et al. (2011) developed a Burn
Damage and Recovery (BDR) algorithm to identify understory fires based on the
reduction and recovery of live canopy cover as well as the size and shape of
individual understory burn scars in Amazon forests using spatial and spectral
information from time series Landsat (1997–2004) and MODIS (2000–2005) data. It
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was found that Landsat resolution was significant for detection of burn scars < 50 ha,
MODIS data were suitable for mapping medium (50–500 ha) and large (>500 ha)
burn scars that accounted for the majority of all fire-damaged forests in this area. The
MODIS and Landsat data were used to study the observed patterns of forest
disturbance at different spatial scales in temperate forest and tropical rainforests
(Broich et al., 2011; Negron-Juarez et al., 2014). Additionally, comparative study
using SPOT, Landsat, MODIS, and AVHRR indices which had different spatial
resolution had been conducted (Tong and He, 2013).
As LiDAR data are more appropriate for capturing vertically distributed elements

of forest structure and change, it was used to characterize post-disturbance forest
conditions combing with Landsat data (Wulder et al., 2009), MODIS data (Goetz et
al., 2010) as well as QuickBird imagery (Arroyo et al., 2010). Ranson et al. (2003)
found that the combined use of the radar and optical sensors improved the results of
discriminating the disturbances by fire, logging, and insect damage. Furthermore,
Andersen et al. (2011) utilized a combination of ground plots, LiDAR strip sampling,
multispectral optical imagery (Landsat TM) and SAR, as well as classified land cover
information to estimate forest biomass resources in interior Alaska. The results
indicated a substantial improvement in the precision when the estimate was based on
the biomass map derived via nearest-neighbor imputation. More results and
conclusions on forest disturbance and recovery using multi-source spaceborne sensors
could be found in the review by Frolking et al. (2009).

1.2 Study area

1.2.1 The Greater Hinggan Mountain area

The Greater Hinggan Mountain area (Da Xing'an Mountain), which spans the
northern part of Heilongjiang Province and the Inner Mongolia Autonomous Region
of China, is the watershed of the Mongolian Plateau in the west and the flat Songliao
Plain in the east (China DXAL). Its geographic coordinates range from 50°11′ to
53°33′ N in latitude, and from 121°12′ to 127°00′ E in longitude (Fig. 1.3). It has a
northeast-southwest direction starting from Heilongjiang River in the north and
extending southward to the upper valley of Xilamulun river. The region has a total
length of over 1200 km, and a width of 200–300 km, as well as an average altitude of
573 m. The western slope slowly tilts toward the Mongolian Plateau while the steep
eastern slope is eroded by the tributaries of the Songhua River and Nen River.
This region is an important climatic zone, having a typical continental

cold-temperate monsoon climate with warm summers and cold winters. The annual
average temperature is -2.6 °C, with a minimum temperature being -52.3 °C, and an
annual precipitation of 428.6–526.8 mm. It has an annual frost-free period of 80–110
days and freezeup period of 180–200 days, an annual solar radiation time of 2600
hours and an annual effective accumulated temperature of 2100 °C. This region has
rich mineral resources in terms of over 40 kinds of coal, non-ferrous and noble metal,
around 584 mineral deposits, and among one of the 16 national key metallogenic belts
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and 3 national prospecting targets. There are more than 500 rivers and streams inside
with a drainage area of up to 710 km2 and total water resources of 16.07 billion m3, as
well as the theoretical reserves of hydropower resources of 0.78 million kilowatts.
The Greater Hinggan Mountain area is also China's northernmost and largest

state-owned modern forest area, with a total ground area of 8.35×106 ha and a
forest-covered area of 6.78×106 ha. Thus, the forest coverage is around 81.20%,
providing a total stand volume of up to 5.38×108 m3, which accounts for around 7.8%
of the total national stand volume. This region contains more than 400 species of wild
animals and 1000 varieties of wild plants, and is therefore a significant collection of
biological resources. It is a mixed forest area dominated by the coniferous species,
Mongolian pine (Pinus sylvestris) and Larch (Larix gmelini), and the broad-leaved
species, Birch (Betula platyphylla) and Aspen (Populus davidiana). Administratively,
this area consists of three counties (Mohe, Tahe and Huma) and four districts
(Jiagedaqi, Songling, Xinlin and Huzhong), including 10 forestry bureaus and 52
forest farms.

Figure 1.3 Location of the study area of the Greater Hinggan Mountain area.
Background is the mosaic of two Landsat TM scenes acquired on June 15 and 24,
1987 (R: band 4; G: band 3; B: band 2).

1.2.2 The “5.6 Fire”

This region is rich in forest resources, but also suffers a high incidence of forest fires
(Chang et al., 2007; Chen et al., 2011). The annual burned forest area of this region
ranks first in People’s Republic of China, making it to be the most serious forest fire
hazard areas. The Greater Hinggan Mountain area has been regarded as a key focus
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for the studies of forest fire prevention and post-fire vegetation recovery due to the
forest and fire conditions in this region (Cahoon et al., 1991; Sun et al., 2011).
According to the records of fire in a period of 20 years from 1987 to 2006 (Tian et

al., 2010, 2011; Chen et al., 2011), 1059 fires occurred, with a burned area of
2.81×106 ha, including 1.36×106 ha of forest area. It means that there is an averaged
burned area of 2653 ha and burned forest area of 1284 ha for each fire. For each year,
there are average 53 fires resulting in a 1.40×105 ha burned area, including a 6.80×104
ha forest-covered area.
From the perspective of vegetation type which has the occurrence of forest fires, it

can be found that 61.3% of all fires occurred in needle-leaved forest followed by
23.9% in grassland, and 8.0% in broad-leaved forest, 4.7% in swamp, and the
remaining are mostly in farmland. Aiming at the fire season, it is concluded that forest
fires mainly occurred in spring (March-June) and autumn (October). The percentages
of number of fires (27.1%) and the burned area (69.1%) as well as the burned forest
area (86.8%) in May are all the highest. Although the frequency of fires in March
seem not high (1.2%), it has a high percentage of burned areas (11.3%). From the
aspect of the fire causes, lightning is the dominant cause for this region as it accounts
for 57.1% of the total, followed by smoking (11.7%) and self-ignition (4.3%).
Among all the fires occurred in this region, the most noteworthy one is that broke

out on May 6 1987. On this date, there were four forestry bureaus of Xilinji, Tuqiang,
Amuer (located in Mohe) and Tahe (located in Tahe) on fire, which subsequently
caused the most serious forest fire in the history of P. R. China (abbreviated to be “5.6
Fire” hereinafter). Due to the specific climatic and environmental (especially the dry
forest fuels and strong winds) and topographic conditions, this fire continued to burn
for as long as 28 days and brought great loss of both life and property (Cahoon et al.,
1991, 1994; Zhao et al., 1994). Some direct losses are listed in Table 1.2. The Landsat
TM scenes in Fig. 1.3 illustrate the burn scar of this fire in dark blue color.

Table 1.2 Direct loss caused by the serious forest fire on May 6 1987 (“5.6 Fire”).

Item (a) Figure Item (b) Figure

Burned land 1.70 × 104 km2 Destroyed equipments 2488 sets
Burned forest area 1.01 × 104 km2 Bridges and culverts 67
Burned houses 6.36×105 m2 Railway lines 9.2 km

Burned residential
houses

4.0×105 m2 Power transmission
lines

284.2 km

Log yards 4.5 Communication lines 483 km
Forest farms 9 Affected people About

50,000
Stored woods 8.55×105 m3 The deaths 211

Grain 3.25×106 kg The injured 226
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1.2.3 Post-fire research

The catastrophic forest fire (“5.6 Fire”) caused tremendous damage to the ecological
environments. After this fire, the local forestry bureaus had taken a series of favorable
measures and conditions for local forest recovery. Also there were a considerable
number of studies with respect to the local forest ecosystems from a wide variety of
points of view. Most studies were performed only using the data and materials
collected from the field survey and measurements of local environments within the
fire scar. For example, Zhao et al. (1994) predicted that the swamp area would expand
after that fire; however, different landscape conditions would complicate the trends of
evolution. Cai et al. (1995) conducted lots of observations and found that river runoff
increased at the initial stage after this fire, however, as the recovery of vegetation, the
river runoff decreased firstly and then increased gradually until restored to the pre-fire
level. Luo (2002) investigated the changes of the forest ecosystems and analyzed the
impact of this fire on local ecosystems through comprehensive field survey. Xie et al.
(2006) selected the forest farms of Yuying and Fendou in the forestry bureau of
Tuqiang to reveal the change of wetland pattern and regulating capacity of forest
hydrology as well as the permafrost active layer.
Recently, more emphasis has been put on the fire risk assessment and post-fire

effect monitoring (forest landscape change, carbon emission etc.) based on ecological
index or models. For example, Tian et al. (2011) analyzed the changes in the risk of
forest fires at this area during the recent 20 years based on the Canadian forest fire
weather index system and finally evaluated its applicability for this area. Chen et al.
(2011) used a spatially explicit landscape model, LANDIS, to simulate the changes of
fire regime and forest landscape under scenarios of four larch caterpillar disturbance
intensity levels in Huzhong forest area. Sun et al. (2011) examined the
spatio-temporal patterns of forest fires from 1980 to 1999 in this mountain area and
estimated the carbon emissions from forest fires based on both field survey and
laboratory experiments. Zhang et al. (2011) computed the amount of carbon released
by forest fires in Great Xing’an Mountains from 1980 to 2005. Based on the field
survey data and allometric equations, biomass of 32 separate carbon pools in 8 forest
types was estimated and an improved estimation method was used.
Remotely sensed data, especially the optical imagery with medium and low spatial

resolution were incorporated in some studies concerning this fire. In the context of the
review from space on the severe “5.6 Fire” in 1987 (Cahoon et al., 1991), Cahoon et
al. (1994) used National Oceanic and Atmospheric Administration (NOAA) 9
AVHRR Global Area Coverage (GAC) and Defense Meteorological Satellite Program
(DMSP) satellite imagery to examine fire occurrence and development and to
estimate the areal extent of burning in “5.6 Fire”. Based on the examination of general
climatology of this region, the overall trace gas emissions to the atmosphere were
derived by combining burned area estimate with fuel consumption figures and carbon
emission ratios for boreal forest fires. Yi et al. (2013) described the long-term effects
on vegetation following the severe “5.6 Fire” in 1987 on the northern Great Xing'an
Mountain by analyzing the AVHRR Global Inventory Monitoring and Modeling
Studies (GIMMS) 15-day composite NDVI dataset for 1984-2006. The spatial pattern
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and temporal trend analyses were done using the pixel-based annual stands regrowth
index (SRI) with a nonparametric Mann-Kendall (MK) statistics method. The results
revealed that October was a better period compared to other months for distinguishing
the vegetation conditions using the NDVI in this area.
Thus, from above review on research involving with this forest fire, it can be found

that, among all previous studies, those addressing post-fire ecological issues mainly
focused on one specific region (e.g. forestry bureau) or a limited period using the data
from field observations. The research in time series generally aimed at the fire itself,
including the fire risk, fire occurrence surveillance and fire-caused carbon emissions
based on historical fire statistics, terrain and climate data as well as remote sensing
imagery with low resolution (e.g. AVHRR). Little has been done aiming the entire
burned area of this severe fire in large scales over the long post-fire period of
1987-2012. Many issues associated with this fire need to be addressed from the
perspective of forest ecology using both the multi-scale remote sensing imagery and
data collected from field survey. Especially, the effects of different forest restoration
strategies on post-fire forest regeneration and vegetation recovery patterns should be
given particular attention due to its significance and necessity to local forest
management. These are what we propose to do in this doctoral research.

1.3 Objectives and methodology

1.3.1 Objectives

The objectives of this research can be summarized to be terms as follows:

1.3.1.1 Detection of forest disturbance and recovery

 Taking the “5.6 Fire” as an example, extract and map the burned forest area using
Landsat TM imagery.

 Detect the forest disturbance and monitor post-fire forest recovery patterns based
on multi-source and time series remote sensing data.

 Explore the impact of fire on forest ecosystem based on the inversion of forest
ecological attributes.

 Investigate the effects of different post-fire forest restoration strategies and
provide useful suggestions for local forest management.

1.3.1.2 Performance evaluation of multiple sensors

 Take use of the advantages of individual optical (Landsat/MODIS/AVNIR2) and
SAR (PALSAR) technology in the monitoring of post-fire forest recovery.

 Evaluate and compare the performances of multiple remote sensing data in
accuracy, applicability and efficiency for the retrieval of LAI.

1.3.2 Methodology

For the above objectives, the overall methodology of this research is illustrated in the
technical flow chart (Fig. 1.4) as follows:
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Figure 1.4 Technical flow chart of the overall methodology of this research.
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2Mapping burned forest area from Landsat TM data

2.1 Introduction

Detection of fire disturbance is a crucial process in land surface research, especially in
fields related with global carbon emissions and climate change (Schroeder et al., 2006,
2012). Fire activity and vegetation burning has been proposed as a primary
mechanism for releasing carbon from terrestrial ecosystem to the atmosphere, with
significant influence on regional and even global carbon budgets (Wotton et al., 2010).
Quantifying the distribution and frequency of forest fire disturbance helps to
understand the changes in environment and climate, as well as serves the decision
making for local forest management (Bergen et al., 2009).
Extraction and mapping of burned forest area is one of the most common and basic

applications among fire disturbance-related studies based on remote sensing. In
various scales, the demand for the types of remote sensing data is significantly
different because of the diverse technical characteristics, especially the spectral and
spatial resolution. For example, at continental and global scales, the fire scar
delineation and burned area mapping mainly rely on the low spatial resolution
imagery which usually possess a wide swath width, including AVHRR (Kasischke et
al., 1993; French et al., 1995; Remmel and Perera, 2001; Jiang et al., 2008), MODIS
(George et al., 2006; Loboda et al., 2007, 2011; Kasischke et al., 2011a; Mouillot et
al., 2014), SPOT VEGETATION (Fraser and Li, 2002; Zhang et al., 2003) etc.
On the other hand, remote sensing imagery with medium and high resolution,

typically Landsat records are more suited for the extraction of burned forest area at
regional and local scales. A great number of such studies have been conducted based
on Landsat TM/ETM+ (Epting et al., 2005; Bastarrika et al., 2011; Matricardi et al.,
2013), IKONOS (Mitri and Gitas, 2008) imagery as well as ERS (Bourgeau-Chavez
et al., 2002), Radarsat (Goodenough et al., 2011), Envisat/ASAR (Millin-Chalabi et
al., 2014), ALOS/PALSAR (Polychronaki et al., 2013) data and so on.
Aiming at the study area of the Greater Hinggan Mountains, there were many

studies to summarize and analyze the fire occurrence and fire-induced burned area,
mainly using historical fire statistics. As described in chapter 1, Tian et al. (2010,
2011) found that in the 20 years from 1987 to 2006, totally 1059 fires occurred and
was recorded, with a burned area of 2.81×106 ha, including 1.36×106 ha of forest area.
Another observation on the same region concluded that there were about 1000473.06
ha of forest burned during the period of 1980-2005 (Zhang et al., 2011). Furthermore,
focusing on the “5.6 Fire”, the most serious forest fire in the history of P. R. China
occurred in this area, as introduced before, it resulted in a burned land of 1.70 × 106
ha, including a forest-covered area of 1.01 × 106 ha according to the official statistics.
However, Cahoon et al. (1994) detected the burn scar of the severe "5.6 Fire" using an
AVHRR GAC 4-km image acquired on 29 July 1987, and then calculated the burned
land of about 1.3 million hectares. The separation of forest vegetation from other land
features, such as bare soil, water, buildings could not be achieved since the low spatial
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resolution disabled the effective pixel spectral decomposition.
From the comprehensive comparison of the above results achieved either from

official fire statistics or by low spatial AVHRR imagery, it can be found that it is still
controversial about the actual burn scar and burned forest area caused by the “5.6
Fire”. This issue needs to be addressed using more conclusive evidence. Compared to
AVHRR imagery, the widely used Landsat data, characterized by more abundant
spectral channels and much higher spatial resolution (Cohen and Goward, 2004;
Pleniou and Koutsias, 2013), are particularly better suited to the fire scar delineation
and burned forest area mapping in this scenario.
Based on Landsat TM/ETM+ data, a large number of algorithms, including

supervised and unsupervised classification have been adopted to detect forest
disturbances resulting from fires, logging and other causes (Michalek et al., 2000;
Epting and Verbyla, 2005; Comber et al., 2012, Margono et al., 2012). For serious
stand-replacing forest disturbances, a much simpler method of threshold segmentation
has also performed well, and been proven to be effective in the mapping of burned
forest area (Loboda et al., 2011; Sunderman and Weisberg, 2011). Thus, this study
employs threshold segmentation based on four indices to accurately extract burned
area from Landsat TM data. For more targeted comparison, threshold segmentation
using single-band reflectance was conducted, as well as supervised classification of
all features and forest areas alone; the accuracies of all these methods were evaluated
and compared. Finally the optimal method for burned forest area extraction was
selected, and the estimated areas were compared with official statistical values.

2.2 Data and methods

2.2.1 Landsat data

Since the “5.6 Fire” occurred in as early as 1987, very limited satellite remote sensing
data have the temporal coverage over the occurrence. In addition to the NOAA
AVHRR imagery with a 1-km and even lower resolution, only Landsat TM data with
spatial resolution of 30 m (multispectral) can be utilized. The Landsat satellites follow
a repetitive, circular, and sun-synchronous, near earth orbit. The technical
characteristics of the sensors aboard Landsat 4-5 were shown in Table 2.1.

Table 2.1 Technical characteristics of the sensors aboard Landsat 4-5.
Satellite Sensor Band Wavelength

range (µm)
Spatial
resolution
(m)

Swath
width
(km)

Revisit
cycle
(days)

Landsat
4-5

MSS 4 (Green) 0.50 – 0.60 82
82
82
82

180 18

5 (Red) 0.60 – 0.70
6 (Near IR) 0.70 – 0.80
7 (Near IR) 0.80 – 1.10

TM 1 (Blue) 0.45 – 0.52 30 185 16
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30
30
30
30

2 (Green) 0.52 – 0.60
3 (Red) 0.63 – 0.69
4 (Near IR) 0.76 – 0.90
5 (Mid IR) 1.55 – 1.75
6 (Thermal) 10.4 – 12.5 120
7 (Mid IR) 2.08 – 2.35 30

Considering the “5.6 Fire” burned from May 6 to June 2, 1987, we selected
Landsat-5 TM images which were acquired just after the fire was extinguished. The
burn scar was so large that two scenes were needed (Table 2.2). They were provided
by the USGS-EROS (Earth Resources Observation and Science centre). The overall
technique flow chart of burned forest area mapping was shown in Fig. 2.1.

Table 2.2 The Landsat-5 images used for extraction in this study.

Year Date Path/Row Sensor

1987 June 15 122/23 TM
1987 June 24 121/23 TM

2.2.2 Data pre-processing

Regarding pre-processing of the TM data, the two scenes were first processed by
geometric correction, terrain correction, radiometric calibration, and atmospheric
correction (based on the moderate resolution atmospheric transmission model-4).
Following these, surface reflectance images could be acquired. The scene of path 121
row 23 was then normalized to the scene of path 122 row 23 to minimize the impact
of potential sun-sensor-view angle effects (Schroeder et al., 2006). Finally the two
scenes were combined, using georeferenced mosaicking. Since there were some small
burned patches located in Russia about which we had no knowledge of the field
survey and statistics, to reduce their impacts, we extracted the fire perimeter within
the Greater Hinggan Mountain area of China using visual interpretation by the
geographic information system (GIS) software, and then calculated the dimensions of
the burn scar.
Additionally, some rivers, roads and developed areas were within the burned area

while some were not, so in order to minimize their impacts on the extraction and
mapping of the burned forest area, we extracted the rivers, roads and buildings by
visual interpretation, and masked them out. In this way, only the forest area remained,
facilitating the mapping of the burned forest area. The extracted fire perimeter, as well
as rivers, roads and building areas were shown in Fig. 2.2.
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Figure 2.1The overall technique flow chart of burned forest area mapping.
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Figure 2.2 The fire perimeter and rivers, roads, building areas extracted by visual
interpretation.

2.2.3 Calculation of the four indices

Vegetation indices (VI) are combinations of single bands of a remote sensing image,
and are commonly used for a simple, effective and well-referenced characterization of
ground vegetation status. It is intended for geographical mapping of the relative
amounts of different vegetation components, which can then be interpreted in terms of
ecosystem conditions (Carlson and Ripley, 1997; Guo, 2003; Koutsias et al., 2009;
Sharma et al., 2013). Here we selected two VIs, the Normalized Difference Vegetation
Index (NDVI) and the Enhanced Vegetation Index (EVI). Additionally, we calculated
the Vegetation Fractional Cover (VFC) and Disturbance Index (DI) for comparison.

2.2.3.1 NDVI

NDVI is one of the oldest, most well-known, and most frequently used vegetation
indices. The combination of its normalized difference formulation and use of the
highest absorption and reflectance regions of chlorophyll make it robust over a wide
range of conditions (Rouse et al., 1974; Tucker, 1979). It can, however, saturate in
dense vegetation conditions, when the leaf area index becomes high. It is defined by
the following equation:

)(
)(

Re

Re

dNIR

dNIRNDVI






 (2-1)

where NIR and dRe indicate the reflectance of the near-infrared and red bands,
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respectively. The calculated NDVI was shown in Fig. 2.3(a).

2.2.3.2 EVI

EVI was developed to improve the NDVI by optimizing the vegetation signals in
high-LAI regions, by using the blue reflectance to correct for soil background signals
and reduce atmospheric influences (Huete et al., 1997). It is therefore more useful in
the high-LAI regions. EVI is defined by the following equation:

 
Lcc

EVI
BluedNIR

dNIR









2Re1

Re5.2
(2-2)

where NIR and dRe have the same meaning as in Equation (2-1), and Blue

indicates the reflectance of the blue band. We set 1c = 6.0, 2c = 7.5 and L = 1,

following those values used in the production of MODIS product. The acquired EVI
was shown in Fig. 2.3(b).

2.2.3.3 VFC

VFC, which defines the amount of vegetation on the land surface, plays an important
role in the fields of resource surveys and environment management, as well as climate
change monitoring (Jiang et al., 2008). Many methods have been developed to
estimate VFC, among which, the linear spectral mixture analysis (SMA)
(Fernandez-Manso et al., 2012) has been widely favored. In actual applications, we
often use vegetation indices in place of reflectance of a single band to take full use of
multi-band information (Cao et al., 2011; Chen and Cao, 2012). NDVI was selected in
this case, and the calculation of VFC was performed using the following equation:

soilveg

soil
overc NDVINDVI

NDVINDVIf




(2-3)

where overcf is the VFC, and vegNDVI and soilNDVI are the NDVI values of
pure forest and pure soil pixels in the study area, respectively. The acquired VFC was
shown in Fig. 2.3(c).

2.2.3.4 DI

DI is derived from the Tasseled Cap transformation (Crist and Cicone, 1984; Healey
et al., 2005; Chen et al., 2012). It is a linear combination of the three Tasseled Cap
indices: Brightness (B), Greenness (G) and Wetness (W). However, as there are
variations in the acquisition date between the images, the detection model should be
designed to be relatively insensitive to phenology and BRDF (bidirectional
reflectance distribution function) variation. Thus spectral normalization steps should
be taken, which use within-image statistics to normalize radiometric change. The
normalized equations are as follows:
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where B , G , and W represent the mean Tasseled Cap Brightness, Greenness

and Wetness of the dense forest for a particular scene, respectively, B , G , W

are the corresponding standard deviations, and hence nB , nG and nW indicate the

normalized Brightness, Greenness and Wetness, respectively. Here the “dense forest
of a particular scene” that was used for normalization was selected from the

corresponding NDVI image based on the criterion %95NDVINDVI  .

After the three component indices were normalized, they can be combined linearly
to acquire the DI (Healey et al., 2005) as follows:

)( nnn WGBDI  (2-5)

The DI transformation is based on the observation that disturbed stands of forest
typically have a higher Tasseled Cap brightness value and lower greenness and
wetness values than undisturbed forest areas. A disturbed forest area that shows a high

positive nB and a low negative nG and nW will give high DI values. Conversely,

an undisturbed forest area should present low DI values. The estimated DI image was
shown in Fig. 2.3(d).

Figure 2.3Maps of the burned area of (a) NDVI, (b) EVI, (c) VFC and (d) DI.
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2.2.4 Determination of thresholds for the four indices

In order to determine the thresholds in each index which will permit the separation of
burned forest from unburned forest, we selected samples in both the burned and
unburned forest area, by a stratified random sampling method, and then plotted their
distribution histograms from the NDVI, EVI, VFC and DI images. The results were
shown in Fig. 2.4(a), (b), (c) and (d), respectively.

Figure 2.4 Histograms of burned and unburned forest area of (a) NDVI, (b) EVI, (c)
VFC and (d) DI.

From these figures, it can be found that the histograms of the burned and unburned
forest area were clearly separated from one another, making the threshold
segmentation feasible. For accurate determination of the thresholds, we focused on the
overlap area in each histogram, between the burned and unburned forest areas, and
selected the optimal thresholds with which the highest accuracy of burned forest area
mapping could be achieved.
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2.2.5 Mapping by single-band threshold segmentation

The NDVI, EVI, VFC and DI indices, which incorporate information from different
bands, gave different accuracies in their mapping of the burned forest area. As such,
what may we expect if only the surface reflectance of single-band is used for mapping?
For comparison, we performed a burned forest area mapping based on threshold
segmentation of single-band reflectance.
The threshold for each band should be determined. Here the same samples used

above were employed for threshold determination. The histograms for the six TM
multispectral bands were plotted. Then the optimal thresholds were determined by the
detection and evaluation iteratively.

2.2.6 Supervised classification

As methods of supervised and unsupervised classification are currently widely used to
detect forest disturbances resulting from fires, logging and other causes (Castellana et
al., 2007; Comber et al., 2012; Margono et al., 2012), for further comparison, the
mapping of burned forest area was also conducted using a supervised classification.
Here the Maximum Likelihood Classifier (MLC) (Kavzoglu and Reis, 2008) was used
to classify the surface reflectance images. In fact, we also trained some other
classifiers, such as Parallelepiped, Minimum Distance, and Spectral Angle Mapper,
however their classification accuracies did not show significant improvements, and
thus here they have not been included.
Firstly, classification of all features was performed. The features selected in training

samples included five classes: roads, rivers, buildings, burned forest and unburned
forest. Additionally, as the mapping by threshold segmentation with these indices was
achieved using only the forest area, from which the rivers, roads and buildings had
been masked, the supervised classification of only forest area was also performed for
a more targeted comparison. Thus only two classes, burned forest and unburned forest,
were included in the training samples. Finally, these two types of classification were
both carried out using six different band combinations: bands 2 and 5; bands 3 and 4;
bands 4 and 7; bands 1, 3 and 4; bands 1, 2, 3 and 5; all 6 bands.

2.3 Results

2.3.1 Mapping using the four indices

From Fig. 2.5(a), (b), (c) and (d), it was concluded that the optimal thresholds for
segmentation using NDVI, EVI, VFC and DI were 0.56, 0.24, 0.58 and 2.7,
respectively. Based on the acquired thresholds for NDVI, EVI, VFC and DI, we
mapped the burned forest area using each index, respectively. To fully verify and
evaluate the mapping accuracy, we selected another group of test samples consisting
of 2,023,605 burned forest pixels and 500,325 unburned forest pixels by visual
interpretation following the stratified random sampling criterion. Using the index of
Moran’s I, the spatial autocorrelation of these burned and unburned forest pixels was
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examined, respectively. The results indicated that the interpreted burned and unburned
forest pixels were both randomly distributed and can be used for the accuracy
assessment. The assessment results based on the whole collection of these pixels were
shown in Table 2.3(a). As the reference samples used to estimate the accuracy were
created using photo interpretation of the same Landsat image, usually high accuracies
were justified.

Figure 2.5 Determination of optimal thresholds by focusing on the overlap area of
histograms of (a) NDVI, (b) EVI, (c) VFC and (d) DI.

Table 2.3 The accuracies of burned forest area mapping using: (a) four indices and (b)
six TM bands.

Indices/Variables Overall accuracy Kappa coefficient
(a) Four indices
NDVI 99.07% 0.9712
EVI 99.83% 0.9946
VFC 99.06% 0.9716
DI 99.44% 0.9824
(b) Six TM bands
Band 1 70.18% 0.2098
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Band 2 53.61% 0.1411
Band 3 80.62% 0.4703
Band 4 99.72% 0.9914
Band 5 46.03% 0.1253
Band 7 99.16% 0.9738

Using the test samples, the overall mapping accuracies of the NDVI, EVI, VFC and
DI indices were found to be 99.07%, 99.83%, 99.06% and 99.44%, with
corresponding kappa coefficients of 0.9712, 0.9946, 0.9716 and 0.9824, respectively.
By comparison, it was found that the mapping accuracies using the four indices
differed, and that their relative merits followed EVI > DI > NDVI ≈ VFC. To explore
the causes of this difference, the spectral signatures of the burned and unburned forest
area for the Landsat TM multispectral bands was plotted (Fig. 2.6).

Figure 2.6 The spectral signatures of burned and unburned forest area for Landsat TM
multispectral bands.

From Fig. 2.6, it was concluded that the differences in spectral characteristics of
band 1, 3, 4 and 7 were significant, with band 4 most prominent. In contrast, the
differences in band 2 and 5 were not significant. From the algorithms of the four
indices (Equations (2-1)–(2-5)), we knew that NDVI incorporates information from
band 3 and 4, and thus reflected the significant difference between the burned and
unburned forest area in the two bands. EVI, which utilized the information from band
1, 3 and 4, had an improved performance over NDVI. Since VFC was acquired from
NDVI, their accuracies were approximately equal. DI, derived from the Tasseled Cap
transformation which made use of all TM multispectral bands (band 1–5 and 7), also
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performed well in the mapping. However, as it incorporated the indistinct information
from band 2 and 5, the accuracy of the DI mapping was less than that of EVI,
although higher than those of NDVI and VFC.

2.3.2 Mapping using the six TM bands

The burned forest area was also mapped using the acquired optimal thresholds of 0.04,
0.04, 0.04, 0.15, 0.16 and 0.11 for band 1-5 and band 7, respectively. The same test
samples were used for accuracy evaluation. From Table 2.3(b), it can be found that the
overall mapping accuracies based on band 1-5 and band 7 were 70.18%, 53.61%,
80.62%, 99.72%, 46.03% and 99.16%, with corresponding kappa coefficients of
0.2098, 0.1411, 0.4703, 0.9914, 0.1253 and 0.9738, respectively.
From comparison among the bands, it was concluded that the mapping based on

band 2 and band 5 had the lowest accuracy, followed by those of band 1 and band 3,
while the mapping using band 4 and band 7 performed much better. This could be
explained by Fig. 2.6, in which the spectral difference between burned and unburned
forest areas was least in band 2 and 5, followed by that in band 1 and 3, while the
difference in band 4 and 7 was among the most significant.

2.3.3 Mapping using supervised classification

With the results of the two types of classification, the same test samples as used above
were taken as ground truth references for error analysis and accuracy evaluation. The
overall accuracies and kappa coefficients were calculated (Table 2.4).

Table 2.4 Mapping accuracies of (a) all features classification (5 classes), and (b) only
forest classification (2 classes) using six different band combinations.

Band combinations Overall accuracy Kappa coefficient

(a) All features classification (5 classes)
Bands 2&5 47.95% 0.1864
Bands 3&4 91.54% 0.7996
Bands 4&7 93.86% 0.8500
Bands 1&3&4 93.06% 0.8310
Bands 1&2&3&5 90.40% 0.7711
All 6 bands 95.18% 0.8800
(b) Only forest classification (2 classes)
Bands 2&5 52.78% 0.1599
Bands 3&4 99.49% 0.9841
Bands 4&7 99.73% 0.9915
Bands 1&3&4 99.51% 0.9847
Bands 1&2&3&5 95.42% 0.8629
All 6 bands 99.71% 0.9910
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From Table 2.4(a) and (b), it can be found that the classification accuracy based on
the combination of bands 2&5 was the lowest, and was significantly lower than the
accuracies from other combinations. This result can be explained by the little spectral
difference between the burned and unburned forest areas in band 2 and 5, which was
shown in Fig. 2.6. As there were significant differences in the spectral characteristics
of burned and unburned forests in band 1, 3, 4 and 7, the classifications based on the
combinations of bands 3&4, bands 4&7, as well as bands 1&3&4 were able to
achieve more desirable results. The combination of bands 1&2&3&5 gave a lower
classification accuracy than the above three combinations. It is probably because of
the exclusion of band 4 from this combination, and thus the exclusion of the most
significant information.

2.3.4 Area calculation and comparison with official statistics

Among all the mapping methods studied, including the six single-band reflectance
threshold segmentation, four indices threshold segmentation and two types of
supervised classification, the mapping by EVI threshold segmentation achieved the
highest accuracy. As such, the burned forest area estimated using the EVI was
determined to be optimal and taken as the final output. The burned and unburned
forest area given by the EVI threshold segmentation, in addition to rivers, roads and
building areas input by visual interpretation were shown in Fig. 2.7.

Figure 2.7 The burned and unburned forest area by EVI threshold segmentation as
well as the rivers, roads and building areas by visual interpretation.

Based on the mapping result, we calculated the burned land area, using the fire
perimeter from visual interpretation, and the burned forest area given by the EVI
threshold segmentation, and compared them with values from official statistics (Fig.
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2.8). The comparison revealed a discrepancy between the remote sensing extracted
values, of 1.298 million and 0.862 million ha, respectively, and the official statistical
values, of 1.70 million and 1.01 million ha, respectively. The official statistical values
came from the measurement and estimation of area within the range delineated on the
topographic map and forest form map. The delineation was achieved mainly by visual
inspection in the field survey with the help of corresponding land use map.

Figure 2.8 The comparison of burned land and burned forest area between remote
sensing extracted values and official statistics.

Compared with human experience in the field survey and range delineation of fire
scar, the mapping and calculation of burned area using remote sensing data appeared
to be more objective, making the results more credible. In addition, due to the
advantages of large-scale, multi-temporal and high-precision of remote sensing
technology, the Landsat-based mapping was repeatable, less labour-intensive and
more efficient, and proven to be an excellent choice of burned forest area mapping.

2.4 Discussion

2.4.1 Performance of spectral bands and indices

The burned land and burned forest area of the “5.6 Fire” were mapped from remote
sensing images in this study. In this area, the discrepancy between the remote sensing
extracted and official statistical values was found for the first time. This finding
allows a more objective and accurate understanding of the losses caused by that fire
and thus provides crucial information for the local forest monitoring and management.
Remote sensing approaches offer a feasible and effective tool for the detection of
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forest disturbances in regional and even global scales (Masek et al., 2008; Rykhus and
Lu, 2011; Stroppiana et al., 2012). In previous studies, a variety of spectral indices
(such as DI by Healey et al., 2005, NDVI and EVI by Stroppiana et al., 2012, and
NDVI, DVI, RVI, SAVI etc. by Veraverbeke et al., 2012) have been utilized and
compared, and being proven to achieve high accuracies. However, discussion on the
causes of the variations in accuracies under certain circumstances still remains to be
further explored.
In this study, four indices of NDVI, EVI, VFC, and DI were calculated for the

burned forest area mapping. For comparison, the mapping using six TM multispectral
bands was also performed individually by the same approach of threshold
segmentation. The high accuracies achieved by the band 4 and band 7 were consistent
with the findings in some previous studies (Koutsias and Karteris, 2000; Pleniou and
Koutsias, 2013). However, here we found that the reflectance of band 5 was
apparently not sensitive to forest fire disturbance. Actually, unlike Landsat band 7, in
band 5, the spectral pattern of burned surfaces does not follow a unique pattern. This
is consistent with the findings of the separability analysis by Maingi (2005) who
concluded that information recorded in Landsat ETM+ band 7 was more informative
than in ETM+ band 5 for the separation of old and new fire scars except for shaded
deciduous forests. Some other studies carried out in the middle-infrared range indicate
a varied behavior of burned areas (Pereira et al., 1997; Arino et al., 2001).
In particular, the comparison between the vegetation indices and the single spectral

bands showed the accuracy of the mapping based on band 4 was even higher than that
using NDVI, VFC and DI, and quite close to that by EVI. In addition, the mapping
accuracy based on band 7 was also higher than that using NDVI and VFC although
the magnitude of the difference was not significant. These results indicated that the
accuracy of burned forest area mapping depends not upon the number of bands used,
but on the proportion of significant information contained within the mapping
application. This provides more consideration for the selection of indices or bands
used for burned forest area mapping in the Greater Hinggan Mountain area.

2.4.2 Selection of classification principles

The MLC-based supervised classification was conducted to detect forest disturbance
using different band combinations. Here we considered two groups of training
samples. Except the samples consisting of all features, another group only included
two classes of burned forest and unburned forest. The comparative study gave the
result that the forest-only classification had higher accuracies than the all features
classification. Especially, the classification accuracy from the combination of bands
4&7 was even higher than that from all six bands combination. This demonstrates that
the classification accuracy is not only determined by the amount of significant
information contained, but also influenced by any insignificant information included.
The combination of bands 4&7 was demonstrated to be most suitable for the
classification in this case, when only considering the forest area.
The above analyses indicate that simple indices or methods can also produce better

performance than complex calculations under some specific conditions. It is probably
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due to the blurring or lost of some original significant characteristics in the
reorganization of more complex models or indices. Thus the complexity in the models
is better to be avoided if simpler but also effective approaches exist, especially in
actual applications.
The Landsat records are particularly useful for forest change monitoring, as they

have unprecedented historical coverage, spanning 40 years of observations, as well as
the necessary spatial and spectral resolutions, of up to 30 m and 7 bands, respectively.
This permits the capture of most natural and managed disturbance events at regional
and global scales (Wilson and Sader, 2002; Tucker et al., 2004; Koutsias et al., 2009;
Kennedy et al., 2012). In the following chapters, the monitoring of post-fire forest
recovery can also be conducted based on these images, as well as with a combination
of data from other sensors, including AVNIR-2, MODIS and PALSAR.
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3 Field forest survey and data analysis

3.1 Introduction

Following severe fires, the forest ecosystems are remained to be recovered either
under natural regrowth or by different degrees of human intervention in terms of seed
planting or transplantation depending upon the local environmental conditions and
forest utilization requirements (Gromtsev, 2002; Perry et al., 2008; Dainou et al.,
2011; Camac et al., 2013). In various forest ecosystems with different species and
intensity of fire, the effects of forest restoration strategies were proven to be varied
(Marzano et al., 2013). Consequently it is necessary to investigate the effects of
various restoration treatments and monitor the patterns of post-fire forest regeneration
as it pertains to both post-fire ecological research and forest management (Bonan,
1989; Stueve et al., 2009; Wotton et al., 2010; Huang et al., 2012; Otoda et al., 2013).
Although there are already a large number of studies about forest fires and post-fire

forest recovery (Asselin et al., 2001; Díaz-Delgado and Pons, 2001; Shorohova et al.,
2009; Forkel et al., 2012), most of them focus on species composition and forest
succession (Uemura et al., 1997; Schulze et al., 2005; Gauthier et al., 2010; Otoda et
al., 2013), as well as on the structural parameters and plant cover/tree density (Pausas
et al., 1999; Johnstone et al., 2004; Moreira et al., 2009, 2013; Ascoli et al., 2013;
Senici et al., 2013). Thus far, relatively few studies have considered the forest
ecosystem as a whole, including all life forms (such as arbor species, shrubs, and
grasses) (Perry et al., 2008), especially using quantitative indicators (Healey et al.,
2005). Here, we introduce a three-dimensional scaling parameter, leaf area index
(LAI), which has been widely developed and validated in the interdisciplinary field of
forest remote sensing combining forestry science with remote sensing technology
(McMichael et al., 2004; Chen et al., 2010).
The leaf forms the main surface for matter and energy exchange between the plant

canopy and atmosphere, and LAI, defined as half of the total green leaf area per unit
horizontal ground surface area, is proposed as a key variable in the studies about
terrestrial ecosystems and their development (Chen and Black, 1992; Arias et al.,
2007; Schleppi et al., 2011). LAI can be used to characterize the canopy-atmosphere
interface of an ecosystem, and is related to precipitation, atmospheric nutrient
deposition and interception, canopy microclimate, radiation extinction, as well as
water, carbon, and energy exchanges with the atmosphere (Chen et al., 2010). It can
be retrieved from remote sensing data, and measured using advanced canopy analyzer
devices (Arias et al., 2007).
The Greater Hinggan Mountain area has been regarded as a key focus for forest fire

prevention and post-fire forest recovery monitoring because of the high incidence of
forest fires, particularly the occurrence of the “5.6 Fire”, most serious forest fire in the
history of P. R. China. After this fire, the local forestry bureaus have taken a series of
measures to recover the forests and many favorable conditions have been created for
speeding up ecological construction. During the recovery process, three different
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restoration treatments were adopted for the regeneration of the forests in the burned
area. The dynamics of forest regeneration varied depending on the treatment selected
for regeneration.
In this chapter, taking the forests in three forestry bureaus (Xilinji, Tuqiang and

Amuer) which suffered the largest biomass loss from the “5.6 Fire” as a focus, we
investigated the post-fire forest recovery under different restoration treatments. A field
survey was designed and a detailed statistical analysis on the collected data of
structural parameters and LAI was performed. The objectives were to evaluate and
compare the effects of different restoration treatments, based on which to determine
which approach is most suitable for successional regeneration of local forest
ecosystems. On the basis of the results, effective suggestions about post-fire forest
recovery could be provided for reference in local forest utilization and management.

3.2 Data and methods

3.2.1 Three restoration treatments

Following the “5.6 Fire”, three totally different restoration treatments, namely
artificial regeneration, natural regeneration, and artificial promotion, were conducted
for forest regeneration. As the name suggests, artificial regeneration indicates an
active role of humans in the recovery process through removing all dead or damaged
trees belonging to the pre-fire stand from the burned area, followed by complete
replanting. In these sites, the coniferous species of P. sylvestris and L. gmelini were
selected and a regular plant spacing (1.5 × 1.5 m or 1.5 × 2 m) was adopted according
to field conditions. Natural regeneration means allowing the forests to regenerate
completely naturally without any human intervention. Thus no any salvage logging or
harvesting was conducted, allowing natural restoration to take place. The third
approach, artificial promotion, indicates essentially natural regeneration with a select
number of artificial aids, which include removing all dead trees and snags, clearing
the burned area, weeding, and digging some pits to promote seed germination and
growth naturally. In the years with adequate seeds (as the case of forest regeneration
in this study), only pits with regular spacing were dug to promote seed rooting, while
in a year lacking in seeds, on the basis of the digging, some supplementary measures
of artificial seeding was also taken. In any case, no plantation by means of
transplantation was performed.

3.2.2 Sampling design and field data collection

In order to investigate the forest restoration dynamics and compare the effects of
different restoration strategies, we designed and performed a field forest survey within
the burned area of the “5.6 Fire” during 12–18 July 2012, which was the 25th year
after this fire. In this survey, we examined three forestry bureaus, Xilinji, Tuqiang,
and Amuer, which covered over 85% of the burned forest area of the “5.6 Fire”. We
selected and investigated three plots of 10 m × 10 m in each forestry bureau under
each type of restoration treatment. With respect to the plot size, in all plots under
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artificial regeneration and artificial promotion treatments, the trees are evenly
distributed within the plots and their surrounding areas, making the size of the plot
effectively irrelevant. However, it was not such a case for the plots under natural
regeneration. Thus, in future surveys, the size of sampling plots should be increased
and the number of observations in each combination of treatment and region is also in
need of augmentation. The field scene of forest ecosystems recovered under the three
restoration treatments was shown in Fig. 3.1.

a

b
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Figure 3.1 The field scene of forest ecosystems recovered under the three restoration
treatments: (a) artificial promotion, (b) artificial regeneration and (c) natural
regeneration.

Figure 3.2 Some photos showing the field working scene of some participants.

c
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The coordinates of the four corners and the centre of each plot were measured using
a differential global positioning system (DGPS). Within each regeneration plot, the
species of each individual tree was recorded and the corresponding structural
parameters including tree height, Diameter at Breast Height (DBH), and crown width
(in the direction of both North-South and West-East) were measured using such
devices as an altimeter rod, a tape measure, and a NIKON Forestry Pro 550. The
young trees with DBH < 2 cm were recognized as seedlings and being counted;
however, their structural parameters (tree height, DBH, and crown widths) were not
measured and incorporated in the subsequent statistics. The dominant shrub species
were also identified, but not measured. The LAI of each plot was measured using the
LAI-2200 canopy analyzer with a height of just above the shrub under stable weather
conditions (Chen and Cao, 2012). For all plots in the three forestry bureaus, forest
regeneration began during the 1987–1989 period, regardless of the restoration
treatments, and never suffered any disturbance thereafter. Some photos showing the
field working scene of some participants were put in Fig. 3.2. The spatial distribution
of these plots was shown in Fig. 3.3.

Figure 3.3 The spatial distribution of the experimental sites and survey plots within
the burned forest area of the “5.6 Fire”.

3.2.3 Statistical analysis

Fire severity is a crucial element for understanding and interpreting post-fire forest
dynamics, as it is one of the main factors affecting post-fire forest regeneration
(Schimmel and Granstrom, 1996; Keeley, 2009; Hollingsworth et al., 2013; Camac et
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al., 2013). For example, Hollingsworth et al. (2013) proposed that patterns of forest
community composition were primarily related to gradients in fire severity, which
could thus determine early patterns of community assembly because it has a greater
influence than do environmental constraints. In this study, since all the dead and
damaged trees had been removed from the burned sites under the artificial
regeneration, it was difficult to measure the fire severity in all sites using field survey
data (e.g. field-based CBI). As an alternative, we proposed taking the disturbance
index (DI) (Healey et al., 2005) as a proxy of fire severity. The DI image for the entire
burned area of the “5.6 Fire” was acquired from Landsat imagery in chapter 2 (Chen
et al., 2013) and the values of all surveyed plots were extracted and analyzed. The
results indicated that there was no significant difference in fire severity among the
three forestry bureaus, and among the areas restored using the three restoration
treatments. Therefore, in this chapter, we did not consider this factor for subsequent
analyses and comparisons.
The species composition, structural parameters (tree height, DBH, and crown

widths), and LAI of the forests in each forestry bureau under each type of restoration
treatment were statistically analyzed. Firstly, the basic statistics (mean and standard
deviation) of these attributes were calculated and compared. Then the quantitative
analysis of variance (ANOVA) was performed to further demonstrate the comparison.
In the ANOVA setting, it was hypothesized that no significant difference existed
among different regions and restoration treatments. As the interaction effect of
“treatment” by “region” was tested and proven insignificant in all these forest
attributes, it was incorporated in the “error effect” to emphasize the “main effect”
(“treatment effect” and “region effect”) in the final model.
Here the factor of restoration treatment was taken as a fixed factor and the region

effect was tested as a random factor. Before ANOVA, a test of normal distribution was
performed by using Kolmogorov-Smirnov and Shapiro-Wilk statistics, and the
equivalence of variances was tested through Levene’s statistic. When the assumptions
for the parametric statistical tests of normality and homoscedasticity on original data
were not met, logarithmic transformation was carried out to meet ANOVA
requirements. The p value (significant probability) was used to determine whether the
difference was significant or not. When a significant effect was found (the null
hypothesis was rejected), multiple comparisons (post-hoc test) among the three
restoration treatments for all attributes were performed using the algorithm of Tukey’s
Honestly Significant Difference (HSD) and the results were further analyzed to
explore the relative relationship between any two of the restoration treatments.

3.3 Results

3.3.1 Species composition

There were only four arbor species in the surveyed plots, which were the coniferous
species of P. sylvestris and L. gmelini, as well as the broad-leaved species of B.
platyphylla and P. davidiana. The species composition of regenerated forests in the
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burned area under the three restoration treatments was quite different due to the varied
effects of the three restoration treatments (Table 3.1).
It was found that there were only coniferous species of P. sylvestris and L. gmelini

in the forest area under artificial regeneration. This result was determined by the
species selection in the planting process. The species selection was made according to
the local climatic and topographic conditions and considering the recommendations of
local forestry engineers and technicians. Additionally, P. sylvestris and L. gmelini
were relatively more suitable for human production, including the paper industry and
construction activities, when compared to the broad-leaved species. In the forest area
under natural regeneration, there were both the coniferous species (Mongolian pine
and Larch) and broad-leaved species (Birch and Aspen), and the latter accounted for
the main part. The dominant species in the completely naturally regenerated forest
area was P. davidiana in Xilinji (78.02%), as well as B. platyphylla in Tuqiang
(86.24%) and Amuer (84.61%). This suggested that the broad-leaved species had
stronger resilience than coniferous species in the naturally regenerated forest area.
Besides, from field records, it was observed more coniferous seedlings and shrub
species in forest plots under natural regeneration. For the comparison studies, their
structural parameters were not measured and included in the statistical analysis. In the
forest area under artificial promotion, the coniferous species became dominant, which
was the same as that in the artificially regenerated area.

Table 3.1 The species composition of forests in the forestry bureaus of Xilinji,
Tuqiang, and Amuer under three different restoration treatments of artificial
regeneration (AR), natural regeneration (NR), and artificial promotion (AP) (unit: %).
Restoration
treatments

Coniferous species Broad-leaved species
Pinus
sylvestris

Larix
gmelini

Betula
platyphylla

Populus
davidiana

(a) Xilinji
AR 66.67 33.33 0.00 0.00
NR 6.59 10.99 4.40 78.02
AP 76.79 16.07 7.14 0.00
(b) Tuqiang
AR 91.89 8.11 0.00 0.00
NR 3.67 9.17 86.24 0.92
AP 59.18 6.13 34.69 0.00
(c) Amuer
AR 38.05 61.95 0.00 0.00
NR 3.13 10.94 84.61 1.32
AP 16.67 77.78 5.55 0.00

3.3.2 Tree height
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The statistics of tree height in the three forestry bureaus, and all regions under the
three restoration treatments, was performed and compared (Fig. 3.4). The results
indicated that the average tree heights of forests under artificial regeneration was
higher than those under natural regeneration and artificial promotion, with that of
artificial promotion being the lowest. The ANOVA result (Table 3.2(a)) suggested that
the difference in tree height was significant among the three restoration treatments (p
< 0.05), but not among different regions (p > 0.05). Based on multiple comparisons by
Tukey’s HSD (letters of a and b on Fig. 3.4), it can be concluded that there was no
significant difference in tree height between the restoration treatments of artificial
promotion and natural regeneration, while they were both significantly lower than that
of forest under artificial regeneration.

Figure 3.4 The statistics (mean±S.D.) and comparison of tree height in different
regions under different restoration treatments. The letters a and b indicate the results
of multiple comparison.

3.3.3 DBH

The statistics (Fig. 3.5) indicated that the recovered forest under artificial regeneration
had a higher average DBH than those under the other two restoration treatments. As
shown in Table 3.2(b), the difference in DBH among the three restoration treatments
was extremely significant (p < 0.01). However, there was no significant difference in
DBH among different regions (p > 0.05). The multiple comparison (Fig. 3.5) gave the
result that there was no significant difference in DBH of forests under the treatments
of artificial promotion and natural regeneration, however, they were both significantly
lower than that under artificial regeneration. It was similar to the result of tree height.
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Figure 3.5 The statistics (mean±S.D.) and comparison of Diameter at Breast Height
(DBH) in different regions under different restoration treatments. The letters a and b
indicate the results of multiple comparison.

3.3.4 Crown width

3.3.4.1 Crown width in North-South

The statistics of crown width in the N-S direction (Fig. 3.6) suggested that the
parameter differed in the three forestry bureaus. By qualitative comparison, crown
width was larger for trees under artificial regeneration treatment than under the other
two treatments. But ANOVA results (Table 3.2(c)) indicated that the difference among
the three restoration treatments was marginally insignificant (p ≈ 0.05) and that
among the three regions was also insignificant (p > 0.05). Consequently, here further
multiple comparison was not necessary. It was quantitatively different from the results
of tree height and DBH. Since these sites were located in high latitudes, the subtle
difference of solar radiation in the N-S direction may produce an impact on the
dynamics of crown width.
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Figure 3.6 The statistics (mean±S.D.) and comparison of crown width in N-S
direction in different regions under different restoration treatments.

3.3.4.2 Crown width in West-East

The statistics of crown width in the W-E direction were also analyzed (Fig. 3.7), from
which we came to similar conclusion to that in N-S (Fig. 3.6). However, ANOVA
results (Table 3.2(d)) indicated that the crown width in W-E had a marginally
significant difference among the three treatments (p ≈ 0.05), but not for the three
regions (p > 0.05). By multiple comparison (Fig. 3.7), it could be concluded that there
was a significant difference in crown width in W-E between the restoration treatments
of artificial regeneration and artificial promotion. The differences between the two
and natural regeneration were both insignificant.

Figure 3.7 The statistics (mean±S.D.) and comparison of crown width in W-E
direction in different regions under different restoration treatments. The letters a and b
indicate the results of multiple comparison.
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3.3.5 LAI

The statistical result (Fig. 3.8) suggested that the LAI of forest under natural
regeneration was the highest. ANOVA results (Table 3.2(e)) indicated that there was
no significant difference in LAI among different regions (p > 0.05), however, an
extremely significant difference in LAI was observed among the three restoration
treatments (p < 0.01). Multiple comparisons (Fig. 3.8) further indicated that a
significantly higher LAI was achieved in forest under natural regeneration than under
the other two restoration treatments. The average LAI of forests under artificial
regeneration was a little higher than that under artificial promotion. It was completely
different from the results of structural parameters (tree height, DBH, and crown
widths). The structural parameters characterized the states of individual trees, while
LAI was a characterization of the overall condition of forest within specific range of
regions.

Figure 3.8 The statistics (mean±S.D.) and comparison of leaf area index (LAI) in
different regions under different restoration treatments. The letters a and b indicate the
results of multiple comparison.

Table 3.2 Tests of between-subjects effects (ANOVA) in the structural parameters
(Tree height, DBH, and crown widths) and LAI. The “Treatment” and “Region”
denote three forestry bureaus and three restoration treatments.
Source Type III Sum

of Squares
df Mean

Square
F statistics Significant

difference (p)
(a) Tree Height
Treatment 29.233 2 14.617 9.294 0.031*

Region 1.202 2 0.601 0.382 0.705
Error 6.291 4 1.573
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(b) DBH
Treatment 85.203 2 42.601 29.488 0.004**

Region 3.018 2 1.509 1.044 0.432
Error 5.779 4 1.445
(c) Crown width in N-S
Treatment 3.528 2 1.764 5.288 0.075
Region 2.004 2 1.002 3.003 0.160
Error 1.334 4 0.334
(d) Crown width in W-E
Treatment 3.351 2 1.676 7.603 0.043*

Region 0.712 2 0.356 1.616 0.306
Error 0.882 4 0.220
(e) LAI
Treatment 3.551 2 1.775 22.571 0.007**

Region 0.112 2 0.056 0.711 0.544
Error 0.315 4 0.079
* 0.01 < p <= 0.05; **p <= 0.01.

3.4 Discussion

Forest fire is a common disturbance regime, and post-fire forest recovery plays a
crucial role in a variety of fields, including climate change, carbon cycles and forest
management which have been widely studied (Pausas et al., 1999; Huang et al., 2012;
Senici et al., 2013). Extensive studies have been conducted to investigate and
compare the effects of different strategies on post-fire forest recovery (Moreira et al.,
2009, 2013; Beghin et al., 2010; Ascoli et al., 2013). For example, Moreira et al.
(2009) compared two restoration treatments, direct planting and natural regeneration
through resprouting, by focusing on the survival and size (height and basal diameter)
of Fraxinus angustifolia and Quercus faginea in Central Portugal. The results
suggested that, using natural resprouting may be a cheaper and more effective
technique than direct planting to restore burned forests. Beghin et al. (2010) evaluated
the impacts of five post-fire management options (no intervention; salvage logging;
broadleaved plantation; L. decidua plantation; and P. sylvestris or Pseudotsuga
menziesii plantation) on natural regeneration structure and composition, and found
that density, size, and structural diversity of natural regeneration were higher in the
area with no intervention. Aiming at our study area of the Greater Hinggan Mountain
area, there were three different post-fire forest restoration strategies, artificial
regeneration, natural regeneration, and artificial promotion, which had never been
comparatively studied in previous research. Here, we proposed to evaluate and
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compare the effects of the three restoration treatments on forest ecosystem using
several forest attributes of structural parameters and LAI simultaneously.
On the basis of the field collected data, we concluded that there was significant

difference in the dominant species of the forests under different restoration treatments.
In the burned area under the treatment of artificial regeneration, the regenerated forest
was dominated by the species selected for the planting. However, in the burned forest
area, which was allowed to recover completely by natural regeneration, especially in
boreal forests, broad-leaved species dominated in the initial stage after the disturbance
event. This conclusion was demonstrated by many previous studies (Uemura et al.,
1997; Johnstone et al., 2004; Schulze et al., 2005).
Further analysis of the structural parameters (tree height, DBH, and crown widths)

suggested that forest under the restoration treatment of artificial regeneration
recovered significantly faster than those under the other two treatments. This probably
resulted from the different species composition in forests under the three restoration
treatments, which in turn, would affect the ecological functions and values of the
ecosystems (Johnstone et al., 2004; Gauthier et al., 2010). However, the fact that the
forest under natural regeneration recovered marginally faster than that under artificial
promotion should be given attention as it indicated that the effect of artificial
promotion is insignificant and hence its application as a restoration approach should
be reconsidered.
As LAI reflects the “layers” of leaves within a certain area in various ecosystems

and can characterize the canopy-atmosphere interface effectively, it can be used to
indicate the vertical density of vegetation canopy in forest ecosystems (Arias et al.,
2007; Schleppi et al., 2011). Besides, LAI benefits the comparison among different
types of forest ecosystems. By the analysis of LAI under the three restoration
treatments, it can be found that the completely naturally recovered forest had a higher
canopy vertical density and relatively abundant vegetation types. The fact that the
forest under artificial regeneration achieved a larger LAI than that under artificial
promotion also raises a question on the necessity for the latter.

By the combined analysis of structural parameters and LAI, it can be concluded
that the artificial regeneration treatment could be adopted in the actual forest
management of post-fire recovery if the objective is timber production since the
planted coniferous species of P. sylvestris and L. gmelini are more suitable for human
utilization, including the paper industry and construction activities, than the
broad-leaved species of B. platyphylla and P. davidiana. Additionally, a variety of
other forest species can also be selected in consideration of local climate and soil
conditions. However, when the aim of forest restoration is to promote species richness
in local forest ecosystems, the burned forest area should be allowed to recover
completely naturally without any anthropogenic interference. The restoration
treatment of artificial promotion, which did not make sense and demonstrate its
importance or necessity, should be carefully reconsidered. It could probably serve as a
means of balance in forest management.
In previous studies, it was found that there is a transition in the dominant species of

naturally regenerated forests, usually from dominance of broad-leaved pioneers in the
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early period to that of conifers in the late-successional stage (Gromtsev, 2002;
Johnstone et al., 2004; Gauthier et al., 2010; Otoda et al., 2013), particularly in
60–180 years after the fire. Therefore, it is necessary to continue the field
observations on forest regeneration in the future, as it has been only 27 years since the
severe “5.6 Fire” occurred. This observation will be accomplished with the assistance
of local forestry bureaus at an interval of five years. Moreover, we would attempt to
investigate more sampling sites and increase the plot size in future field studies.
Furthermore, the time series monitoring of forest disturbance and recovery would be
focused in combination with remote sensing data (McMichael et al., 2004; Masek et
al., 2008). In this synergy application, scale matching between the size of the field
plots and spatial resolution of remote sensing images should be considered (Mitri and
Gitas, 2013).
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4 Forest disturbance detection and recovery monitoring

4.1 Based on Landsat TM/ETM+ data

4.1.1 Introduction

It has been demonstrated by many previous studies and emphasized for several times
in the former chapters that serious fires will bring great damage to the whole forest
ecosystem and it is thus necessary to identify the spatial and temporal trends in
post-fire forest recovery for both ecological study and forest management (Schulze et
al., 2005; Beghin et al., 2010; Corona et al., 2012). The extensive Landsat records,
are well suited for the detection of fire disturbance and monitoring of post-fire forest
recovery due to their long historical coverage of about 40 years, the adequate spatial
resolution of 30 m and abundant spectral bands (7 bands encompassing visible,
infrared and thermal) which enable the capture of forest spectral changes at
appropriate spatial and temporal levels (Masek et al., 2008; Schroeder et al., 2012;
Han et al., 2013).
Many previous studies adopted the Landsat TM/ETM+ imagery to monitor the

forest regeneration patterns. For example, Song et al. (2007) used a forest succession
model and a canopy reflectance model to produce spectral trajectories of forest
succession and compared the simulated trajectories with those from Landsat TM
imagery. Results indicated that the simulated trajectories captured the major
characteristics of regional mean succession trajectory observed with TM-derived
Tasseled Cap indices. Roder et al. (2008) selected a time series of 6 Landsat MSS, 13
Landsat-5 TM and 1 Landsat-7 ETM+ images, covering the period 1975-2000, to
characterize post-fire vegetation dynamics in Mediterranean ecosystems using a
indicator of photosynthetic active green vegetation cover from spectral mixture
analysis. More specifically, a chronosequence of Landsat vegetation indices (NDVI
and NBR) were analyzed as a surrogate of post-fire vegetation recovery at 16 years
after fire (Epting and Verbyla, 2005).
Concerning the “5.6 Fire” occurred in 1987 in Northeastern China, the post-fire

forest dynamics were detected in some studies, mainly using NOAA AVHRR
imagery (Cahoon et al., 1994; Yi et al., 2013). Especially, when Yi et al. analyzed the
AVHRR GIMMS NDVI to detect post-fire vegetation trends, another five scenes of
Landsat imagery acquired in 1986-1987, 2000 and 2004 were taken as auxiliary
comparison. However, only NDVI was tested. In contrast, here as many as 12 scenes
of Landsat TM/ETM+ imagery covering the whole period of 1987-2011 were used for
the monitoring of post-fire forest recovery. In addition to the commonly used
vegetation indices (e.g. NDVI, EVI), a more effective index of DI was examined and
evaluated. Furthermore, in consideration of the three forest restoration treatments
introduced in chapter 3, the recovery trajectories under the three different strategies
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were also tracked and compared. The results can be used to provide significant
suggestions for policy makings in local forest management.

4.1.2 Data and methods

4.1.2.1 Landsat time series data

Landsat TM/ETM+ imagery were used in this study. The technical characteristics of
Landsat 5 TM sensor were already shown in Table 2.1. Here only the corresponding
characteristics of Landsat 7 ETM+ sensor were introduced in Table 4.1.

Table 4.1 Technical characteristics of the Landsat 7 ETM+ sensor.
Satellite Sensor Band Wavelength

range (µm)
Spatial
resolution
(m)

Swath
width
(km)

Revisit
cycle
(days)

Landsat 7 ETM+ 1 (Blue) 0.450 – 0.515 30 185 16
2 (Green) 0.525 – 0.605 30
3 (Red) 0.630 – 0.690 30
4 (Near IR) 0.760 – 0.900 30
5 (Mid IR) 1.550 – 1.750 30
6 (Thermal) 10.40 – 12.50 60
7 (Mid IR) 2.080 – 2.350 30
8 (Pan) 0.520 – 0.920 15

The fire perimeter and burned forest area of the “5.6 Fire” were extracted in chapter
2. The entire burned forest area spanned two Landsat scenes (Path 121/122, Row 23),
but it was difficult to acquire the two scenes simultaneously in each period.
Considering that around 90% of the burned forest area was within the scene of path
122 row 23, we proposed to extract a sample area (Fig. 4.1) from Landsat path 122
row 23 for the recovery monitoring. For this scene 12 growing season (May-October)
Landsat TM and ETM+ images were acquired between 1987 and 2011 to develop the
time series (Table 4.2). These data were provided by the USGS-EROS. The overall
technique flow chart of this monitoring was shown in Fig. 4.2.

Table 4.2 Landsat images used to develop the path 122 row 23 time series.

Date Sensor
6/15/1987 TM
10/5/1993 TM
10/24/1994 TM
10/11/1995 TM
8/11/1999 ETM+



Detection of forest disturbance and post-fire recovery based on remote sensing and field survey data

51

9/14/2000 ETM+
7/15/2001 ETM+
5/15/2002 ETM+
7/5/2006 TM
8/30/2009 TM
9/2/2010 TM
7/3/2011 TM

Figure 4.1 Location of the “5.6 Fire” perimeter as well as a sample area in Landsat
path 122 row 23. The background is the mosaic of two Landsat TM scenes acquired in
1987 showing the burn scar in dark blue color.



4 Forest disturbance detection and recovery monitoring

52

Figure 4.2 The overall technique flow chart of the post-fire forest recovery
monitoring using time series TM/ETM+ data.

4.1.2.2 Data pre-processing and methodology

Prior to detection the images were pre-processed using the following steps. Firstly, the
images were converted to surface reflectance through geometric and terrain correction,
radiometric calibration, as well as atmospheric correction (based on MODTRAN-4).
Then the reflectance images were normalized to a common reference scene to
minimize the impact of sun-sensor-view angle effects. This made locating
pseudo-invariant features (i.e., temporally stable areas of reflectance) necessary. It
was achieved by the iterative multivariate alteration detection algorithm (Canty and
Nielsen, 2008). Areas of cloud and cloud shadow were masked and then filled using
an interpolation of the temporally nearest clear observations if necessary.

TM/ETM+ images (12
scenes in 1987-2011)

Pre-processing
Geometric correction Radiometric calibration

Terrain correction Atmospheric correction

TM/ETM+ surface
reflectance

Relative radiometric calibration

Cloud and cloud shadow
masking and filling

Sample area subsetting and
Road/River/Building extraction

Calculation of 2 indices

NDVI DI

Forest state detection

Time series recovery monitoring
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After all these pre-processing steps, the sample area of each scene was extracted.
Here we first masked the rivers, roads and building area in each scene by visual
interpretation and then extracted the burned and unburned forest area from the
post-fire detection of the scene on 6/15/1987 (Chen et al., 2013). The acquired surface
reflectance of the sample area in the scenes acquired on 6/15/1987 and 9/14/2000
were shown in Fig. 4.3. The boundary of “Serious Forest Area” was extracted from
the scene on 6/15/1987 and just for auxiliary understanding of the main burned area of
the “5.6 Fire”.

Figure 4.3 The pre-processed surface reflectance images of the sample area in the
scenes acquired on 6/15/1987 (left) and 9/14/2000 (right).

Here we selected two indices of NDVI and DI. The detailed definitions of the two
indices have been elaborated in section 2.2.3 (Equation 2-1 and 2-4, 2-5). It should be
noted that there was one different processing in the spectral normalization of the
Tasseled Cap Brightness, Greenness and Wetness when obtaining DI. In the section
2.2.3, a “dense forest for a particular scene” was determined to calculate within-image
statistics for the normalization. Currently, as we had already extracted the burned and
unburned forest area from the post-fire detection of image acquired on 6/15/1987 and
6/24/1987, to focus on the burned forest area, here the “dense forest for a particular
scene” used for normalization was the same extracted unburned forest area.
Since the two indices could only be used as a relative description of the overall

conditions of forest ecosystems with no corresponding parameters that could be
measured by devices, it was difficult to directly compare the results with field survey
data. Additionally, as there were already 27 years after the “5.6 Fire”, and we had not
collected forest attributes covering such a long period, the ground-based validation
synchronized with the time series images appeared impossible. In spite of this, the
collected forest attributes from the field survey in July 2012 will be used for some
validation here. Also comparison of the recovery trajectories of forests under different
restoration treatments was performed.

4.1.3 Results

4.1.3.1 Forest recovery in the burned area
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The NDVI time series values of the sample area in all scenes were calculated. As
there were 12 scenes which were too many to show all, only that on 9/14/2000 was
illustrated (Fig. 4.4). In this figure, the rivers, roads and building areas were masked.
Then the average NDVI values of the “burned forest” and “unburned forest” area
were calculated and developed to be time series (Fig. 4.5).
From the two figures, it can be found that there were little difference in NDVI

between the “burned forest” and “unburned forest” area. To illustrate quantitatively,
the ANOVA of the two groups of NDVI values was performed and the result was
shown in Table 4.3(a). It can be concluded that the difference in NDVI between the
“burned forest” and “unburned forest” area was statistically insignificant (Sig. > 0.05).
Additionally, from Fig. 4.5, we found that the NDVI was influenced by phenology as
the values in October (1993-1995) and May (2002) were significantly lower than
those in the peak growing seasons of July-September.

Table 4.3 The ANOVA result of NDVI and DI.
Difference Source Sum of

Squares
df Mean Square F statistics Sig.

(a) NDVI
Between Groups 0.042 1 0.042 1.148 0.296
Within Groups 0.796 22 0.036
Total 0.838 23
(b) DI
Between Groups 48.611 1 48.611 14.397 0.001
Within Groups 74.280 22 3.376
Total 122.891 23

Figure 4.4 The NDVI image of the sample area in the scene acquired on 9/14/2000.
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Figure 4.5 NDVI time series of the burned and unburned forest area of the “5.6 Fire”.

The DI time series images were acquired. Here also the DI image on 9/14/2000 was
shown in Fig. 4.6, where the rivers, roads, building area were the same as in Fig. 4.4.
Since the “unburned forest” area was used for normalization in the calculation of DI,
the corresponding DI values will all equal to 0 which appeared to be a straight line. In
order to fully verify the trend of extracted DI, we used the “test samples” consisting of
2,023,605 burned forest pixels and 500,325 unburned forest pixels which were
interpreted and used for evaluating burned forest area mapping accuracy in chapter 2.
Then the average DI values of those sample pixels within the sample area were
calculated, forming the time series (Fig. 4.7). In this figure, it can be found that the
green line representing unburned forest area was not straight but curve and quite close
to the “0 straight line”, indicating all corresponding DI approximately equaled to 0.
From Fig. 4.6 and 4.7, we could visually find the difference in DI between the

“burned forest” and “unburned forest” area, especially from the scene acquired in
1987. ANOVA was also conducted (Table 4.3(b)) and the result suggested that the
difference in DI between the “burned forest” and “unburned forest” area was
statistically extremely significant (Sig. < 0.01). It indicated that the serious “5.6 Fire”
caused far-reaching impacts on the forest ecosystem. The forest was not completely
recovered even after more than 20 years since the fire.

Figure 4.6 The DI image of the sample area in the scene acquired on 9/14/2000.
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Figure 4.7 DI time series of the burned and unburned forest area of the “5.6 Fire”.

Focusing on the DI of the “burned forest” area (red line in Fig. 4.7), the trend of DI
which representing the trend of post-fire forest recovery could be observed. As forest
area with a larger DI had a higher degree of being disturbed and the DI values in the
year of 1999-2002 were apparently larger than those in other years, the forest
probably suffered a new disturbance during this period for some reasons. But the
specific causes still remained to be determined.
Finally, as no available TM images in the period of 1988-1992 were acquired, it

was not possible to monitor the forest dynamics immediately after the “5.6 Fire”,
when the forest had been greatly recovered for natural and managed reasons.

4.1.3.2 Forest under different restoration treatments

As DI, but not NDVI, was proven suitable for the monitoring of post-fire forest
recovery, it was selected to conduct the comparison of forest recovery under different
restoration treatments. The DI values of the specific plots were extracted and averaged
to characterize the forest growth under different treatments (Fig. 4.8).
Fig. 4.8 suggested that the forest recovery trajectories were different among the

three restoration treatments. Compared to the other treatments, forests under natural
regeneration presented a totally different recovery track. The much higher DI values
in the early stage after fire indicated a relatively slower regeneration progress during
this period. But after about 20 years, the recovery process had a breakthrough and the
completely naturally recovered forest grew better than those under artificially assisted
restoration. Some minor difference also existed in the DI values between the
treatments of artificial regeneration and artificial promotion, which was statistically
insignificant.
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Figure 4.8 DI time series of post-fire forest recovery under different restoration
treatments.

4.1.3.3 Comparison with field survey data

The field survey indicated that there were only coniferous species of Mongolian pine
(Pinus sylvestris) and Larch (Larix gmelini) in the forest area under artificial
regeneration. It was definitely decided by the species selection in the planting process.
In the area under natural regeneration, there were both coniferous species and
broad-leaved species, and the latter achieved complete dominance. But for the forest
under artificial promotion, the coniferous species became dominant again.
The statistics of LAI of forests under the three restoration treatments was compared

(Fig. 3.8). The result indicated that the LAI of forests under natural regeneration was
the highest corresponding to the lowest DI value in 2011 (Fig. 4.8). The LAI of
artificial regeneration was higher than that of artificial promotion. It was also
consistent with the result from DI comparison. ANOVA results showed that an
extremely significant difference was observed among the three restoration treatments
(p < 0.01). Multiple comparisons further indicated that the forests under natural
regeneration achieved a significantly higher LAI than those under the other two
treatments (label a and b in Fig. 3.8). It reflected the overall trends of forest recovery
under the three restoration treatments characterized by time series DI.

4.1.4 Discussion

4.1.4.1 Availability of different remote sensing indices

In this study, NDVI, one of the most widely used vegetation indices, was considered
not suitable for the monitoring of post-fire forest recovery in the Greater Hinggan
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Mountain area. Actually we had also calculated several other vegetation indices
including EVI, ratio vegetation index, and soil adjusted vegetation index, however,
the results were similar with that of NDVI. It was probably due to the limited bands
(no more than three) used in the acquisition of these simple vegetation indices,
making them relatively insensitive to the post-fire forest recovery detection, especially
in long time series.
DI was proven to be a relatively effective approach to detect the forest disturbance

and monitor its change. It relies on the physical characteristics of reflectance
variations rather than statistical generalization from training samples, making it more
reliable and widely applicable (Healey et al., 2005; Masek et al., 2008). The
normalization of the spectral components using within-image statistics of unburned
forest area makes DI relatively insensitive to BRDF variability and phenology and
thus widely extend the data supply.
The Tasseled Cap transformation, where DI comes, is a standard transformation of

the original Landsat spectral bands and can effectively capture the three major axes of
spectral variation across the solar reflective spectrum (Crist and Cicone, 1984). It has
been extended to some other sensors including IKONOS (Horne, 2003), MODIS
(Lobser and Cohen, 2007). Consequently, the application of tracking forest
disturbance and recovery by DI would be widely expanded across a variety of forest
ecosystems using a wide range of data sources.

4.1.4.2 Applicability of the three restoration treatments

There have been many cases studying and comparing the effects of different post-fire
forest restoration strategies (Moreira et al., 2009; Beghin et al., 2010; Ascoli et al.,
2013), while most only focused on the two ways of natural regeneration and direct
tree planting. In previous studies, little was done aiming at the comparisons among the
different restoration treatments of artificial regeneration, natural regeneration and
artificial promotion, especially based on remote sensing data. In addition, long-term
monitoring appeared to be quite necessary. In this study, taking the forest recovery
after the “5.6 Fire” as an example, the forest recovery trajectories were monitored
based on time series Landsat images and the effects of the three restoration treatments
were compared.
The analysis results of structural parameters suggested that the coniferous species

under artificial regeneration recovered significantly faster than those under the other
two treatments. On the other hand, from the LAI which reflects the “layers” of leaves
within a certain area, it was found that the completely naturally recovered forest had
the highest canopy vertical density and relatively more abundant species. It was
consistent with the results obtained from the remote sensing indices. This conclusion
can provide a reference for local forest management.
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4.2 Based on MODIS data

4.2.1 Introduction

Compared to Landsat TM/ETM+ imagery, MODIS which is a crucial instrument
aboard the Terra and Aqua satellites has unique characteristics. Terra was launched on
December 18, 1999 orbiting around the earth from north to south across the equator in
the morning, while Aqua was launched on May 4, 2002 and passes south to north over
the equator in the afternoon. Terra and Aqua MODIS are combining to view the entire
earth's surface every 1 to 2 days with a 2330 km swath width, acquiring data in 36
spectral bands ranging from 0.4 to 14.4 µm. Two bands are imaged at a nominal
resolution of 250 m at nadir, with five bands at 500 m, and the remaining 29 bands at
1 km.
Due to its great advantages in radiometric and temporal resolution, the MODIS

original imagery and subsequently derived, abundant but free products have been
widely used in almost every field associated with the Earth dynamics and processes
occurring on the land (Friedl et al., 2002, 2010; Li et al., 2013), in the oceans (Wang
et al., 2007), and in the lower atmosphere (Levy et al., 2013), especially in continental
and global scales. When aiming at the forest disturbance mapping by MODIS, most
studies are also in large scales because of the relatively coarse spatial resolution
(Mildrexler et al., 2009; Ferreira et al., 2010). Simultaneously, as it provides global
coverage every one to two days, the near real-time monitoring was intensively
preferred (Hilker et al., 2009; Xin et al., 2013).
As expected, it has been used to detect forest fires and delineate burn scar in

various forest ecosystems. For example, Li et al. (2004) found that the MODIS NIR
channels centered near 1.24 and 2.13 µm are sensitive to changes in the surface
properties caused by the fire and are not obscured by smoke which allow remote
sensing recognition of burn scars in the presence of smoke. George et al. (2006) used
thermal anomaly data in combination with the Normalized Difference SWIR to detect
burned areas. Additionally, the MODIS burned area products (e.g. MCD45A1,
MCD64A1) are also being used and validated (Chang and Song, 2009; Giglio et al.,
2010; Mouillot et al., 2014).
As the “5.6 Fire” occurred in 1987 and the objective of this section is to monitor

post-fire forest recovery with MODIS data over the whole burned forest area in long
time series rather than the near real-time burn scar detection, some other MODIS
imagery and products are in need. It has been observed such studies that Loboda et al.
(2007) used MOD09A1 and MOD14 data to produce yearly maps of burned area of
forests in Central Siberia. Cuevas-Gonzalez et al. (2009) selected time series MODIS
NDVI and NDSWIR to investigate whether characteristic temporal patterns exist for
stands of different ages in two types of evergreen needle-leaf and deciduous
needle-leaf forests and whether their post-fire dynamics are influenced by variables
such as pre-fire vegetation cover.
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This study is centered on the hypothesis that the forest dynamics after the “5.6
Fire” can be detected by MODIS data. The main tasks are to monitor the temporal and
spatial characteristics of post-fire forest dynamics using MODIS Land Cover Type
data and investigate the responses of MODIS Vegetation Indices values to the forest
types. The interannual variability in land cover type composition and distribution
would be a useful reference for local forest monitoring.

4.2.2 Data and methods

4.2.2.1 MODIS Land Cover Type product

The MODIS data adopted included the Land Cover Type product (MCD12Q1) and
Vegetation Indices products (MOD13A1). The MODIS Land Cover Type Yearly L3
Global 500 m SIN Grid product provides global maps of land cover at annual time
steps and 500 m spatial resolution for 2001-present. It is produced from observations
spanning a full year’s input of both Terra- and Aqua-MODIS data through a
supervised decision-tree classification algorithm in combination with a technique of
boosting to improve classification accuracies.
This product incorporates five different land cover classification schemes,

including the International Geosphere-Biosphere Programme (IGBP) global
vegetation classification scheme (Belward et al., 1999; Friedl et al., 2002), the
University of Maryland (UMD) scheme (Hansen et al., 2000), the MODIS-derived
LAI/fPAR scheme (Myneni et al., 1997), the MODIS-derived Net Primary Production
(NPP) scheme (Running et al., 1994) and the Plant Functional Type (PFT) scheme
(Bonan et al., 2002). The primary land cover scheme which was defined by the IGBP
and adopted in this study identifies 17 land cover classes, including 11 natural
vegetation classes, 3 developed and mosaic land classes, and 3 classes of
non-vegetated lands (Table 4.4). The v051 Land Cover Type products of the
2001-2012 periods produced with revised training data and certain algorithm
refinements (Friedl et al., 2010) were used here.

Table 4.4 IGBP Land Cover Units.
Class
code

Class name Class definition

Natural Vegetation
1 Evergreen

Needleleaf forest
Lands dominated by woody vegetation with a percent cover >60%
and height exceeding 2 meters. Almost all trees remain green all year.
Canopy is never without green foliage.

2 Evergreen
Broadleaf forest

Lands dominated by woody vegetation with a percent cover >60%
and height exceeding 2 meters. Almost all trees and shrubs remain
green year round. Canopy is never without green foliage.

3 Deciduous
Needleleaf forest

Lands dominated by woody vegetation with a percent cover >60%
and height exceeding 2 meters. Consists of seasonal needleleaf tree
communities with an annual cycle of leaf-on and leaf-off periods.
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4 Deciduous
Broadleaf forest

Lands dominated by woody vegetation with a percent cover >60%
and height exceeding 2 meters. Consists of broadleaf tree
communities with an annual cycle of leaf-on and leaf-off periods.

5 Mixed forest Lands dominated by trees with a percent cover >60% and height
exceeding 2 meters. Consists of tree communities with interspersed
mixtures or mosaics of the other four forest types. None of the forest
types exceeds 60% of landscape.

6 Closed shrublands Lands with woody vegetation less than 2 meters tall and with shrub
canopy cover >60%. The shrub foliage can be either evergreen or
deciduous.

7 Open shrublands Lands with woody vegetation less than 2 meters tall and with shrub
canopy cover between 10-60%. The shrub foliage can be either
evergreen or deciduous.

8 Woody savannas Lands with herbaceous and other understory systems and with forest
canopy cover between 30-60%. The forest cover height exceeds 2
meters.

9 Savannas Lands with herbaceous and other understory systems and with forest
canopy cover between 10-30%. The forest cover height exceeds 2
meters.

10 Grasslands Lands with herbaceous types of cover. Tree and shrub cover is less
than 10%.

11 Permanent
wetlands

Lands with a permanent mixture of water and herbaceous or woody
vegetation. The vegetation can be present in either salt, brackish, or
fresh water.

Developed and Mosaic Lands
12 Croplands Lands covered with temporary crops followed by harvest and a bare

soil period (e.g., single and multiple cropping systems). Note that
perennial woody crops will be classified as the appropriate forest or
shrub land cover type.

13 Urban and built-up Land covered by buildings and other man-made structures.
14 Cropland/Natural

vegetation mosaic
Lands with a mosaic of croplands, forests, shrublands, and grasslands
in which no one component comprises more than 60% of the
landscape.

Non-Vegetated Lands
15 Snow and ice Lands under snow/ice cover throughout the year.
16 Barren or sparsely

vegetated
Lands with exposed soil, sand, rocks, or snow and never has more
than 10% vegetated cover during any time of the year.

0 Water Oceans, seas, lakes, reservoirs, and rivers. Can be either fresh or
salt-water bodies.

4.2.2.2 MODIS Vegetation Indices product

MODIS global vegetation indices are designed to provide consistent spatial and
temporal characterization and comparisons of vegetation conditions. Global
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MOD13A1 data are produced every 16 days at 500 m spatial resolution as a gridded
level-3 product. They include two indices of NDVI and EVI. In this study, the
products of the tile h25v03 from Julian Day 193 (July 11/12) during 2001-2012 were
collected and analyzed together with the IGBP Land Cover Type products.
As the fire perimeter and the burned forest area of the “5.6 Fire” had been extracted

in chapter 2, the images of land cover type and vegetation indices (NDVI and EVI)
were extracted using corresponding boundaries after they were re-projected from
sinusoidal to UTM/WGS-84 projection.

4.2.3 Results

4.2.3.1 Land cover type

The area percentage of 17 land cover units defined by IGBP during the period
2001-2012 was calculated and compared (Fig. 4.9). From this figure, it can be found
that the class of “Mixed forest” in the IGBP scheme dominated in this region,
followed by the lands with “Cropland/Natural vegetation mosaic”. On the whole, the
area of “Mixed forest” gradually increased throughout the 12 years (from 46.34% in
2001 to 80.50% in 2012), while that of “Cropland/Natural vegetation mosaic”
decreased from 30.46% in 2001 to 5.94% in 2012. It just reflected the vegetation
transition from the mosaic of croplands, forests, shrublands, and grasslands to pure
forests during the forest regeneration after the “5.6 Fire”.
As there were as many as 17 classes in the IGBP scheme, for ease of understanding

and use by the scientific community and public, we summarized them into four
high-level land cover categories, namely “Forests”, “Savannas & Shrublands &
Grasslands”, “Cropland/Natural vegetation mosaic” and “Others”. The former two
were the summarization of five forest classes (No. 1-5), several
savannas/shrublands/grasslands classes (No. 6-10), respectively. The
“Cropland/Natural vegetation mosaic” just corresponded to the No. 14 class in the
original IGBP scheme and the “Others” included all the remaining land cover units.
The area percentage of the four high-level land cover classes during 2001-2012 was
also calculated (Fig. 4.10). The results indicated that the “Forests” area increased from
50.29% in 2001 to 89.35% in 2012. The area change of different classes in this period
revealed the recovery of forests in the burned area. Certainly the anomaly of “Forests”
and “Savannas & Shrublands & Grasslands” in 2005-2007 should be noted.
Since the fire severity differed in different regions, to identify the temporal and

spatial change of recovered forests, we mapped the spatial distribution of forest of the
12 years (Fig. 4.11). By time series comparison, it was found that the regenerated
forest mainly existed in the severely burned area which was also shown in Fig. 4.1.
This comparison directly reflected the post-fire forest spatial dynamics.



Detection of forest disturbance and post-fire recovery based on remote sensing and field survey data

63

Figure 4.9 The area percentage of 17 land cover units during the period of 2001-2012
in the IGBP classification scheme.
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Figure 4.10 The area percentage of 4 high-level land cover classes during the period
of 2001-2012.
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Figure 4.11 The spatial distribution of forest and its change in the burned area of “5.6
Fire” during 2001-2012 in the IGBP classification scheme.

4.2.3.2 Vegetation indices

As MODIS vegetation indices (NDVI & EVI) are well suited for the mapping of
global and regional vegetation conditions and have been used in products displaying
land cover and land cover changes, here they were used to identify different types of
forests and land cover vegetation classes.

NDVI

Since there was little “Evergreen Broadleaf forest” in the study area, we only detected
the other four types of “Evergreen Needleleaf forest”, “Deciduous Needleleaf forest”,
“Deciduous Broadleaf forest”, and “Mixed forest” in IGBP scheme. The annual NDVI
values of the four forest types in the peak growing season of 2001-2012 were
calculated and compared (Fig. 4.12). By ANOVA, it was concluded that there were
extremely significant differences among the NDVI of the four types of forests (Table
4.5(a), p < 0.01). It indicated that the four types of forests in this region can be
seperated by MODIS NDVI. The comparison also suggested that the broadleaf forest
had a significant higher NDVI than needleleaf forest (p < 0.05).
When the 17 IGBP land cover units were summarized to 4 high-level classes, the

NDVI values of the former 3 types of land cover vegetation were also extracted and
compared (Fig. 4.13). By ANOVA, it was found that there were extremely significant
differences among the NDVI of the “Forests”, “Savannas & Shrublands &
Grasslands”, and “Cropland/Natural vegetation mosaic” (Table 4.5(b), p < 0.01).
From multiple comparisons, it can be found the NDVI of “Forests” was significant
higher than the other two, and that of “Cropland/Natural vegetation mosaic” was the
lowest.
To further explore the impact of fire on local forest and monitor the post-fire forest

restoration, the forest located in the burned and unburned area of “5.6 Fire” was
recognized and their NDVI values were compared. Through the quantitative analysis
(Table 4.5(c)), it was found that the difference in NDVI between the burned and
unburned forests was extremely significant (p < 0.01), however, it remained
statistically unchanged throughout the 12 years.
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Figure 4.12 The NDVI of four types of forests (IGBP classification scheme) and their
dynamics in the peak growing season of 2001-2012.

Figure 4.13 The NDVI of three types of land cover vegetation and their dynamics in
the peak growing season of 2001-2012.

Table 4.5ANOVA of NDVI.
Source Sum of

Squares
df Mean Square F statistics Significant

difference (p)
(a) Four types of forests (IGBP scheme)
Between groups 0.0292 3 0.0097 96.4676 0.0000**
Within groups 0.0044 44 0.0001
Total 0.0336 47
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(b) Three types of vegetation
Between groups 0.0050 2 0.0025 35.9590 0.0000**
Within groups 0.0023 33 0.0001
Total 0.0073 35
(c) Burned & Unburned forests

Regression analysis 0.0005 1 0.0005 369.7039 0.0000**
Residuals 1.24E-05 10 1.24E-06
Total 0.0005 11
**p <= 0.01.

EVI

The time series EVI of four forest types (IGBP scheme) and three high-level
vegetation classes in the peak growing season of 2001-2012 were also calculated and
compared. From Fig. 4.14 and Table 4.6(a), similar results as in MODIS NDVI can be
obtained. But completely different results were acquired from Fig. 4.15 and Table
4.6(b). Here we found that no significant difference existed among the EVI of the
three vegetation classes (p > 0.05). It indicated that the “Forests”, “Savannas &
Shrublands & Grasslands”, and “Cropland/Natural vegetation mosaic” can not be
discriminated using MODIS EVI.
The EVI of burned and unburned forests in the peak growing season of 2001-2012

were compared (Table 4.6(c)). Also similar results were obtained as in MODIS NDVI.

Figure 4.14 The EVI of four types of forests (IGBP classification scheme) and their
dynamics in the peak growing season of 2001-2012.
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Figure 4.15 The EVI of three types of land cover vegetation and their dynamics in the
peak growing season of 2001-2012.

Table 4.6ANOVA of EVI.
Source Sum of

Squares
df Mean Square F statistics Significant

difference (p)
(a) Four types of forests (IGBP scheme)
Between groups 0.0958 3 0.0319 96.0067 0.0000**
Within groups 0.0146 44 0.0003
Total 0.1104 47
(b) Three types of vegetation
Between groups 6.09E-06 2 3.05E-06 0.0130 0.9871
Within groups 0.0077 33 0.0002
Total 0.0077 35
(c) Burned & Unburned forests
Regression analysis 0.0022 1 0.0022 516.3113 0.0000**
Residuals 4.25E-05 10 4.25E-06
Total 0.0022 11
**p <= 0.01.

4.2.4 Discussion

Focusing on the forest recovery after the “5.6 Fire”, this study identified the
interannual variability of land cover type in the burned area and detected the
responses of vegetation indices to different forest types based on MODIS data.
Together with the yearly increase of “Forests” area and decrease of “Cropland/Natural
vegetation mosaic” area, an anomaly in 2005-2007 can be observed. Further
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examination indicated that it mainly resulted from the misclassification between
forests and woody savannas/savannas which had no distinction in the definition of
vegetation height. Additionally, we also observed the relatively high percentage of
“Deciduous Needleleaf forest” in 2007-2009 which was because of the
misclassification between this class and “Mixed forest” in the northwest of the burned
area. It resulted from the data quality of original images with thin clouds in that area.
When comparing MODIS NDVI with EVI, it was found that they were both

effective to separate the four types of forests, however, were not for the separation of
three high-level vegetation classes. The differences among “Forests”, “Savannas &
Shrublands & Grasslands” and “Cropland/Natural vegetation mosaic” can be
characterized by NDVI, but not EVI. Compared with NDVI, EVI which uses the blue
band to remove residual atmosphere contamination minimizes canopy background
variations and maintains sensitivity over dense vegetation conditions. But it also
becomes more easily influenced by other factors including landscape fragmentation,
seasonal change etc (Ferreira et al., 2010; Samanta et al., 2011).
The annual MODIS Land Cover Type product were produced by a full year’s

observations, while Vegetation Indices data used in the study were collected from the
same period of each year, thus the NDVI and EVI time series values were influenced
by the phenology. Here the impact of phenology was not eliminated since it had no
influence on the comparisons among different forest types, different land cover
vegetation, as well as between the burned and unburned forests.
Additionally, when detecting the difference between the burned and unburned

forest area in MODIS VI, it was found that the difference in both NDVI and EVI
remained unchanged throughout the 12 years, without any significant fluctuations. It
suggested that the progress in restoration of burned forests during this period cannot
be characterized by MODIS VI. Considering the long growth and regeneration cycle
of boreal forest in this region, the relatively short period of 12 years appears to be a
reason; however, the factor of low spatial resolution of MODIS Vegetation Indices
products (500 m) is probably another cause.
Finally, as the Terra was launched on December 18, 1999, and Aqua was launched

on May 4, 2002, the MODIS data are available only after 2000. But since the “5.6
Fire” occurred in 1987, there was as long as 13 years immediately after the fire which
could not be covered by MODIS observations. In addition to the Landsat TM images,
the AVHRR imagery was used in other studies (Yi et al., 2013). The results indicated
that the severely burned area exhibited a better recovery trend than the lightly burned
regions but more detailed satellite analyses and field data were needed for a more
convincing validation.
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4.3 Based on ALOS/PALSAR data

4.3.1 Introduction

Rather than being sensitive to the spectral signatures of the targets, SAR is an active
microwave sensor and is primarily sensitive to its roughness and structural
composition and dielectric properties. Different land cover objects thus typically
produce different backscattering characteristics which can be taken as a key feature
when using SAR sensors for land cover analyses. For example, a smooth surface (e.g.
still water) will give rise to little backscatter as most of the transmitted signals will be
reflected away from the sensor, while a more structurally complex target (e.g. forest)
will shows brighter as the signal interaction with the leaves, branches and trunks will
result in a higher proportion of the signals being returned back to the sensor.
Compared to the X-band (e.g. TerraSAR-X) and C-band (e.g. ERS 1-2/SAR,

Envisat/ASAR, Radarsat-1/2) radar sensors, the relatively long L-band wavelength of
ALOS/PALSAR (23.6 cm) allows a penetration of microwave signals below the
vegetation canopy (leaves appear transparent), to reveal information about the
physical forest structures. PALSAR has both the co-polarized (HH and VV) and
cross-polarized (HV and VH) channels which can be considered as “spectral bands”
of SAR sensors and provide complementary information.
Regarding research involving with the detection of forest regeneration dynamics,

most studies were performed using field survey data (Uemura et al., 1997; Johnstone
et al., 2004; Otoda et al., 2013), and in combination with a variety of optical imagery
(Zhang et al., 2004; Cuevas-Gonzalez et al., 2009; Veraverbeke et al., 2012). There
were also some studies concerning fire scar identification and forest disturbance
detection using SAR data although they are comparatively difficult to acquire, process
and interpret (Ranson et al., 2003; Tanase et al., 2010b; Millin-Chalabi et al., 2014).
PALSAR is relatively preferred due to its capability of deep penetration into forest

structures, interacting with tree stems, large branches, and even ground. For example,
Lucas et al. (2010) examined the relationship between PALSAR HH and HV
backscattering coefficients and above ground biomass and concluded that the retrieval
algorithms ideally needed to consider differences in surface moisture conditions and
vegetation structure. Mari et al. (2012) used PALSAR backscatter information to
estimate the effect of fire over different Mediterranean vegetation types. The results
suggested that HH polarization exhibited a similar and continuous effect of increased
backscatter after fire over different vegetation types, while for the HV polarization, a
significant reduction was observed for sclerophyllous tree and coniferous forest.
Some other similar studies were also performed using PALSAR FBD or ScanSAR
data in co-polarized and cross-polarized polarization (Whittle et al., 2012; Cornforth
et al., 2013; Polychronaki et al., 2013).
Concerning the “5.6 Fire”, no studies based on SAR data have been conducted

focusing on the post-fire forest recovery, especially with respect to different
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restoration strategies. As the optical images (Landsat TM/ETM+, MODIS) have
already been used in above sections, for consistency and comparability, here the
objective was to detect the post-fire forest dynamics under different restoration
treatments and compare their different effects based on time series ALOS/PALSAR
data. Both the HH and HV polarization were examined and evaluated.

4.3.2 Data and methods

4.3.2.1 ALOS PALSAR data

The ALOS satellite has been developed to mainly contribute to the fields of mapping,
precise regional land coverage observation, disaster monitoring, and resource
surveying. It enhances land observation technologies acquired through the
development and operation of its predecessor of the Japanese Earth Resource
Satellite-1 (JERS-1) and its successor of ALOS-2. The ALOS characteristics were
shown in Table 4.7.

Table 4.7 The characteristics of ALOS satellite.
Item Figure

Operation life Jan. 24, 2006 – April 22, 2011
Launch vehicle H-IIA
Spacecraft mass Approx. 4 tons
Generated power Approx. 7 kW (at End of Life)

Orbit Sun-Synchronous Sub-Recurrent
Repeat Cycle: 46 days
Sub Cycle: 2 days

Altitude: 691.65 km (at Equator)
Inclination: 98.16 degree

Position determination accuracy 1 m (off-line)
Attitude determination accuracy 2.0 x 10-4 degree (with GCP)

ALOS is equipped with three sensors: the Panchromatic Remote-sensing
Instrument for Stereo Mapping (PRISM), which is used to measure precise land
elevation; the AVNIR-2, which observes the ground features in visible and near
infrared channels; and the PALSAR, which is an active microwave sensor using
L-band frequency to achieve cloud-free and day-and-night land observations (Fig.
4.16). The technical characteristics of PALSAR sensor under three observation modes
were introduced in Table 4.8.
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Figure 4.16 The three instruments onboard ALOS satellite (upper) and the PALSAR
observation modes (lower).

Table 4.8Technical characteristics of the PALSAR sensor.
Mode Fine ScanSAR Polarimetric

(experimental)FBS FBD
Chirp bandwidth 28 MHz 14 MHz 14 MHz, 28 MHz 14MHz
Polarization HH or VV HH+HV or

VV+VH
HH or VV HH+HV+VH+

VV
Incident angle 8 – 60 deg. 8 – 60 deg. 18 – 43 deg. 8 – 30 deg.

Resolution
Range 7 – 44 m 14 – 88 m 100 m 24 – 89 m

Azimuth 10 m (2 looks)
20 m (4 looks)

100 m 10 m (2 looks)
20 m (4 looks)

Swath width 40 – 70 km 40 – 70 km 250 – 350 km 20 – 65 km
Bit length 5 bits 5 bits 5 bits 3 or 5 bits
Data rate 240 Mbps 240 Mbps 120 or 240 Mbps 240 Mbps

Center frequency 1270 MHz (L-band)
Radiometric accuracy scene: 1 dB / orbit: 1.5 dB

In consideration of the life period of ALOS PALSAR sensor and the availability of
the three observation modes in the study area, only the data acquired under Fine
resolution mode covering the vegetation peak growing season of 2006-2010 was
available. Since that of 2006 had only single polarization (HH), those possessing dual
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polarization (HH+HV) during the period 2007-2010 were utilized in this study (Table
4.9). These images were acquired during the same month (August) and provided by
the JAXA EORC (Earth Observation Research Center).

Table 4.9Time series ALOS/PALSAR data used in the forest dynamics detection.
Date Polarization Observation mode

8/5/2007

HH and HV FBD8/7/2008
8/10/2009
8/13/2010

4.3.2.2 Data pre-processing and methodology

The PALSAR data used here are the level 1.1 data which corresponds to Single Look
Complex (SLC) products, provided in slant range geometry. The four scenes were
pre-processed to backscattering intensity (Sigma0: σ°) images using the tools of
NEST (Next ESA SAR Toolbox) and ASF (Alaska Satellite Facility) MapReady. The
pre-processing flow chart was illustrated in Fig. 4.17.

Figure 4.17 The pre-processing flow chart of the ALOS PALSAR data.

PALSAR level 1.1
data (2007-2010)

ALOS Deskewing

ASTER
GDEM 2

Corrected backscatter
coefficient (σ°) images

Multi-look

Speckle filter

SAR simulation

GCP Selection

SARSim-Terrain correction
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After these pre-processing steps, the backscattering coefficient images of Sigma0
were acquired. Taking the scene acquired on 8/5/2007 as an example, the histograms
and scatter plot of Sigma0 in HH and HV polarization were plotted (Fig. 4.18). By
comparison, it can be found that the Sigma0 of HH is higher than that of HV because
HH backscattering contains more signals from ground surface and branch/trunk than
HV.
SAR signals can be easily affected by terrain since it observes the ground in a side

looking geometry. Due to the geometry-induced distortions in terms of foreshortening,
layover and shadowing, terrain correction which removes these distortions by using
the height information from a DEM becomes necessary. In this study, the ASTER
GDEM 2 (Global Digital Elevation Model version 2) product was used for the terrain
correction. The correction effect was shown in Fig. 4.19. The RGB composite
subfigures showed the buildings in the urban area (upper) and the vegetation in the
mountain area (lower). The left two subfigures are those after terrain correction, and
those on the right represent situations before terrain correction.
In the upper two subfigures, the urban area in magenta revealed the strong HH

signals backscattered by buildings (surface scattering), while the rivers in black
indicated the extremely weak signals in both HH and HV polarization from the water.
As HV polarization mainly represents signals from volume scattering (e.g. forest
ecosystem), the green color in all these figures, especially the lower two, suggested
the forest coverage. By the comparison of the forest area in the lower two subfigures
between before (right) and after (left) terrain correction, it was concluded that terrain
correction (both geometric and radiometric) effectively adjusted the position of ridge
lines and valleys, as well as corrected the brightness of geometrically registered pixels
by reducing the brightness of pixels in the slope facing the SAR sensor and increasing
that in the opposite hillside.
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Figure 4.18 The histograms and scatter plot of processed PALSAR backscattering
coefficient (intensity) of the scene acquired on 8/5/2007 (UL: histogram of HH; UR:
histogram of HV; lower: scatter plot).

Figure 4.19 The acquired SAR backscattering coefficient (Sigma0: σ°) of the scene
acquired on 8/5/2007 (R: HH; G: HV; B: HH). The upper are the urban area and the
lower show the mountain vegetation; the left two subfigures are those after terrain
correction and those on the right represent situations before terrain correction.
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Since the swath width of PALSAR is relatively narrower compared to Landsat and
MODIS sensors, the scene used in this study covers only two forestry bureaus of
Tuqiang and Amuer with a spatial resolution of 10 m which well corresponds to the
size of investigated plots in the field forest survey. Therefore, only the forest
dynamics under different restoration treatments in the two regions were analyzed and
compared. Due to the sensitivity of the radar backscattering signals to many factors,
including forest canopy structure, terrain, surface moisture etc., based on ALOS
PALSAR data, the forests in the plots located in the forestry bureaus of Tuqiang and
Amuer will be examined and evaluated respectively.

4.3.3 Results

4.3.3.1 Forest dynamics in HH polarization

The statistics of backscattering coefficients (Sigma0: σ°) in HH polarization under
three different restoration treatments in the two forestry bureaus of Tuqiang and
Amuer were illustrated in Fig. 4.20. By one-way ANOVA, a quantitative comparison
was conducted between the three groups (restoration treatments) during the period
2007-2010 for Tuqiang and Amuer respectively (Table 4.10).
From this table and figure, it can be found that there was difference in the HH

backscattering coefficient among the three restoration treatments of Natural
Regeneration (NR), Artificial Regeneration (AR) and Artificial Promotion (AP). For
Tuqiang, the difference was significant (Sig. < 0.05), and for Amuer, it appeared to be
extremely significant (Sig. < 0.01). By multiple comparisons, the Sigma0 of forest
under NR was the strongest, and that of AR was larger than AP. The overall trends of
Sigma0 in the two regions were different which was probably due to their specific
environmental conditions.

Table 4.10 The one-way ANOVA result of backscattering coefficient (Sigma0: σ°) in
HH polarization.
Difference Source Sum of Squares df Mean Square F statistics Sig.
(a) Tuqiang
Between Groups 21.252 2 10.626 3.891 0.030*

Within Groups 90.113 33 2.731
Total 111.365 35
(b) Amuer
Between Groups 55.491 2 27.745 7.547 0.002**

Within Groups 121.321 33 3.676
Total 176.812 35
* 0.01 < p <= 0.05; ** p <= 0.01.
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Figure 4.20 The statistics (mean±S.D.) and comparison of backscattering coefficient
(Sigma0: σ°) in HH polarization under different restoration treatments in the forestry
bureau of (a) Tuqiang; (b) Amuer.

4.3.3.2 Forest states in HV polarization

Similarly, the statistics of backscattering coefficients in HV polarization for the two
forestry bureaus of Tuqiang and Amuer were shown in Fig. 4.21. Further comparison
by one-way ANOVA among the three different restoration treatments was performed
(Table 4.11). The probability value of 0.000 suggested that, for both the forests in
Tuqiang and Amuer, extremely significant difference existed in HV backscattering
coefficient among the three restoration treatments during the period 2007-2010.
Further multiple comparisons revealed the highest Sigma0 value in forest under NR

and the lowest Sigma0 for AP. That of AR fell in between. It was consistent with the
results achieved in HH polarization. Certainly, it can be found that the Sigma0 values
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in HV polarization were comparatively lower than that in HH polarization (about 2-5
dB), even for the forest in the same region and under the same restoration treatment.

Figure 4.21 The statistics (mean±S.D.) and comparison of backscattering coefficient
(Sigma0: σ°) in HV polarization under different restoration treatments in the forestry
bureau of (a) Tuqiang; (b) Amuer.

Table 4.11 The one-way ANOVA result of backscattering coefficient (Sigma0: σ°) in
HV polarization.
Difference Source Sum of Squares df Mean Square F statistics Sig.
(a) Tuqiang
Between Groups 42.881 2 21.440 18.921 0.000**

Within Groups 37.393 33 1.133
Total 80.274 35
(b) Amuer



4 Forest disturbance detection and recovery monitoring

80

Between Groups 159.242 2 79.621 16.313 0.000**

Within Groups 161.069 33 4.881
Total 320.311 35
* 0.01 < p <= 0.05; ** p <= 0.01.

4.3.3.3 Forest characterization by derived indices

The above analyses and comparison using backscattering coefficients in HH and HV
polarization indicated that the two variables were both suitable for the forest
identification among different restoration treatments. Nonetheless, it should be noted
that the availability and efficiency differed depending upon the forest regions and
detection period. More significant variables or indices should be developed and used
to characterize the forest growth states under different treatments.
Considering the derivation and application of vegetation indices (e.g. NDVI, RVI,

EVI) when using optical remote sensing imagery, we proposed to derive some similar
indices from the radar backscattering coefficients. In the same way as RVI (Pearson
and Miller, 1972) and NDVI (Rouse et al., 1974; Tucker, 1979), it is possible to
calculate two radar indices, namely Radar Ratio Vegetation Index (RRVI) and Radar
Normalized Difference Vegetation Index (RNDVI). They are defined by the
following equations:

HV

HHRRVI
0

0




 (4-1)

HHHV

HHHVRNDVI
00

00







 (4-2)

where HH0 and HV0 indicate the backscattering coefficient in HH and HV

polarization, respectively. The two polarization modes act as the same role with the
two spectral bands in red and near infrared wavelength.
The statistics of the two radar indices for the period 2007-2010 and the two regions

of Tuqiang and Amuer were calculated and shown in Fig. 4.22 and 4.23, respectively.
By visual comparison, it could be found that the two indices of RRVI and RNDVI had
similar performance in this scenario of forest detection and identification.
The two groups of figures revealed a significant difference existed among the forest

recovery trajectories under the three treatments of NR, AR and AP. A post-hoc test
further indicated that, compared to the other two treatments, the forests under NR
presented a completely different recovery trajectory characterized by both RRVI and
RNDVI for both the two regions. The difference between NR and the other two
treatments were relatively more apparent in Amuer than in Tuqiang. No significant
difference was observed in both RRVI and RNDVI between the treatments of AR and
AP. It was a conclusion that cannot be come to when using backscattering coefficient
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in HH or HV polarization individually. This demonstrated the advantages of RRVI
and RNDVI which utilize the significant information in HH and HV polarization
simultaneously.
When looking back to the former chapters, it was found that the results acquired

using radar indices were consistent with those achieved by DI (chapter 4.1) and LAI
(chapter 3). The DI calculated from time series Landsat images also revealed a
different recovery track between forests under NR and the other two treatments (Fig.
4.8). In that case, the minor difference in DI values between the treatments of AR and
AP was proven to be insignificant. Similarly, the statistics and comparisons of LAI
values collected from filed forest survey in 2012 gave the same conclusion (Fig. 3.8).
The forests under NR showed a highest LAI, and the difference in LAI between the
other two treatments was insignificant by a post-hoc test. All these indices and
parameters provided independent and mutual corroboration for the characterization
and delineation of forest recovery trajectories under different restoration treatments
after the “5.6 Fire” occurred in the Greater Hinggan Mountain area.

Figure 4.22 The comparison of backscattering coefficient ratio of RRVI under
different restoration treatments in the forestry bureau of (a) Tuqiang; (b) Amuer.
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Figure 4.23 The comparison of backscattering coefficient ratio of RNDVI under
different restoration treatments in the forestry bureau of (a) Tuqiang; (b) Amuer.

4.3.4 Discussion

4.3.4.1 Performance of different polarization modes

Similar with optical sensors, the polarization channels can be considered as the
“spectral bands” of PALSAR, where the co-polarized (HH and VV) and
cross-polarized (HV and VH) channels provide complementary characterization of the
forest structures. The HH and VV signals typically interact with branches, stems and
the ground layer (direct and specular backscatter), while the cross-polarized HV and
VH backscatter generally are results of multiple scattering within the forest canopies
(volume scattering) (Avtar et al., 2012). In this study, by the comparison of ANOVA
results, it was found that the Sigma0 in HV performed a little better than HH to
discriminate the forest states under different treatments. Nevertheless, the analyses of
Sigma0 in HH and HV polarization in this scenario of forest characterization gave the
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similar results. This may due to the acquisition date of the PALSAR data, which was
during 20+ years after the fire allowing a sufficient time for the forest to regenerate
and thus resulting in a relatively intact forest structure. It is completely different from
the situation of forest that immediately after a disturbance (e.g. fire, deforestation),
especially a stand clearing event. Under that circumstance, there will be a sudden and
considerable increase of Sigma0 in HH and decrease of Sigma0 in HV due to the
absence of woody stems and large branches and presence of ground layer which could
cause the increase of surface scattering and reduction of volume scattering (Isoguchi
et al., 2009; Mari et al., 2012).
The backscatter intensity (Sigma0) in L-band SAR co-polarization (HH and VV)

and cross-polarization (HV and VH) have been widely applied to estimate biophysical
attributes, including biomass (Watanabe et al., 2006; Mitchard et al., 2009), tree
foliage (Kobayashi et al., 2012), tree height, DBH, and tree density (Suzuki et al.,
2013). A general and common finding is that the Sigma0 in HV exhibits a higher
correlation with these filed measured parameters, especially with above-ground
biomass than HH Sigma0. It also results from the comparatively higher sensitivity of
Sigma0 in HV polarization to volume scattering.
In addition to the direct backscattering coefficients, polarimetric decomposition can

provide more abundant components or variables to represent the physical
characteristics of various targets and the corresponding scattering properties from
them (Chowdhury et al., 2013). The scattering mechanisms of even bounce, rotated
dihedral and odd bounce from Pauli decomposition, the parameters of entropy (H),
alpha angle ( ) and anisotropy (A) from Cloude-Pottier decomposition (Cloude and
Pottier, 1997), as well as the three components of even- or double-bounce scatter,
canopy scatter and Bragg scatter from Freeman-Durden decomposition (Freeman and
Durden, 1998) are typical polarimetric parameters which have been most widely used
in forest identification and monitoring studies (Antropov et al., 2011; Avtar et al.,
2012). However, all the polarimetric decompositions require quad-polarization (i.e.
the whole collection of HH, HV, VH and VV) data. Due to the gap of the
quad-polarization PALSAR data in the study area, the polarimetric decompositions
cannot be conducted here to enable the forest identification.

4.3.4.2 Limitations and potential in future exploration

The forest structure is a dominant factor determining the forest backscatter intensity in
this study. Additionally, radar backscattering signals can be affected by some other
factors, with the most typical representatives of terrain and surface moisture
conditions (Harrell et al., 1995; Lucas et al., 2010; Kasischke et al., 2011b). In this
case, the terrain effect has been greatly reduced by terrain correction, while the impact
of surface moisture was not considered. It should be taken into account in future
studies.
With the development of SAR technology, there is a new data collection and

processing technique of Interferometric SAR (InSAR) which can also provide
characterization of forest structural parameters by combining information of at least
two complex-valued SAR images acquired from different orbit position or at different
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times (Pinto et al., 2013; Millin-Chalabi et al., 2014). The interferometric coherence

parameters (e.g.  ) can be used to estimate the similarity between two SAR images

and are influenced by vegetation structure. Thus multiple PALSAR scenes covering
the study area with appropriate baseline should be determined for the acquisition of
interferometric coherence to retrieve the forest structural parameters, especially the
tree height etc.

Considering that PALSAR is a L-band SAR sensor, and the SAR backscattering
signals in different microwave bands will show varied properties, the combination use
and comparison of L-band PALSAR with other SAR sensors (e.g. C-band ERS-2 and
Envisat/ASAR) may give exciting results (Canisius and Fernandes, 2012; Tanase et
al., 2014). Because of the respective advantages of SAR and optical sensors, the
synergy using of PALSAR data and optical imagery (e.g. AVNIR-2, Landsat) would
be of particular interest and significance (Basuki et al., 2013; Hoan et al., 2013).
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5 Performance evaluation and comparison

5.1 Introduction

With the development of remote sensing technology, a variety of satellites and sensors
with different spatial, spectral and temporal resolutions have been developed rapidly,
providing sufficient spatial and temporal coverage of high quality data at various
scales. As a result, the potential of remote sensing techniques as a monitoring tool for
forest ecosystem has been adequately recognized. Multi-source optical and SAR data
have also been utilized to detect the forest disturbance and recovery under various
circumstances (Tucker et al., 2004; Wu and Peng, 2010; Bontemps et al., 2012).
All remote sensing-based modeling are traditionally classified into two major

categories: physical and statistical. Physical models follow the physical laws of the
remote sensing systems and can be continuously improved by adding necessary
knowledge. But it is usually difficult to make clear the physical mechanisms, and the
appropriate models are potentially very complex. On the other hand, statistical models
are based on correlation relationships between land surface measurements and
remotely sensed variables. These models are usually site-limited; however, there are
obvious advantages in terms of the conveniences for developing, effectiveness for
calculations, and less demanding of input data (Liang, 2004).
In consideration of the limitations of specific physical models in data source and

input variable requirements, the statistical modeling approaches are suited for various
conditions due to their advantages (Rastmanesh et al., 2010). Thus in this case, the
simple linear regression model was determined for the performance evaluation and
comparison among different optical sensors with varied resolution, as well as between
optical and SAR data.
As introduced in chapter 3, LAI, as a crucial factor indicating the impacts of many

biophysical processes (e.g. photosynthesis), has been regarded as an essential variable
in terrestrial ecosystem monitoring, thus plays a key role in studies of many fields,
including climate change, vegetation survey, as well as environment management
(Chen et al., 2010). It was selected as the field measured variable to be correlated with
remote sensing spectral reflectance or transformations.
From the spectral characteristic of green vegetation which is a comprehensive

reflection of its own biophysical features and environmental impacts, it is known that
single-band reflectance can be used to establish regression models. However, as there
are some differences in the wavelength range and bandwidth among different optical
sensors, the direct comparison using single-band reflectance is not feasible and thus
spectral indices should be derived and applied. As demonstrated in many studies,
vegetation index (VI), a combination of single bands of remote sensing image, can be
used as a simple, effective and experienced characterization of ground vegetation
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states (Guo, 2003; Sharma et al., 2013). Previous studies have shown that VI usually
has a good correlation with a variety of physiological and ecological parameters of
vegetation and thus be widely used to diagnose a range of vegetation biophysical
parameters, including LAI, VFC, AGB etc (Chen and Cihlar, 1996; Xu et al., 2010;
Chen et al., 2013). Therefore the VI was selected as remote sensing extracted variable
to establish linear regression models.
In previous chapters, the remote sensing data of Landsat TM/ETM+, MODIS and

ALOS PALSAR in time series had been used for the fire effect detection and forest
recovery monitoring after the “5.6 Fire”. As shown, these data possess considerably
different temporal coverage and spatial resolution, and hence gave quite different
performances. In order to make the performance evaluation and comparison among
various sensors more direct and to the point, in this study, the linear statistical
modeling was applied using field measured LAI values and remote sensing indices
from ALOS AVNIR-2, Landsat-5 TM and MODIS NBAR, ALOS PALSAR data.
These data was acquired at the relatively close dates in the year 2010. During the
modeling, six diverse optical vegetation indices were selected for the evaluation and
comparison among the three optical sensors, and two radar indices characterized by
similar expression as the corresponding optical indices were determined for the
comparison between optical and SAR sensors. The results seemed normal and natural
which requiring further exploration and verification.

5.2 Data and Methods

5.2.1 Remote sensing and field survey data

In order to investigate and compare the accuracy of optical remote sensing data with
different spatial resolution, here the multi-source optical images of ALOS AVNIR-2,
Landsat TM/ETM+ and MODIS were selected for the comparative study. As
described in Table 5.1, ALOS AVNIR-2 provides 10 m spatial resolution images with
a repeat cycle of 46 days, while Landsat-5 TM possesses a spatial resolution of 30 m
and temporal revisit cycle of 16 days, and MODIS aboard on Terra and Aqua
satellites are together viewing the entire Earth's surface every 1 to 2 days, acquiring
data in 36 spectral bands with ground resolutions of 250/500/1000 m. As these optical
sensors have different main objectives and thus show their specific advantages in
different fields, for more targeted research, the retrieval of LAI was focused and the
same simple inversion method of statistical regression modeling was chosen for the
comparative study. Considering data temporal coverage in the study area, we
determined the year of 2010 as the time window of the three types of images.
The ALOS AVNIR-2 image was acquired on September 4th, 2010, and the

Landsat-5 TM data was acquired on September 2nd, 2010. To keep the consistency in
acquisition date as much as possible, the MODIS products of Nadir BRDF-Adjusted
Reflectance data (NBAR, MCD43A4) covering August 29th-September 13th (from
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Julian Day of 241) was used. A superimposed map of the three scenes from
AVNIR-2, Landsat-5 TM and MODIS was shown in Fig. 5.1.
The LAI data collected in the field forest survey conducted in July 2012 were

utilized to build the regression models and evaluate their accuracies. The difference of
post-fire forest restoration treatments existed in the field sampling plots was not taken
into consideration since there would be no sufficient data to conduct the modeling if
considered. Although there is a gap between the remote sensing image acquisition
date and field data sampling time, the research can still be conducted as the main
objective is focused on the comparison of the performance of different optical sensors.

Table 5.1 Radiometric characteristics of ALOS AVNIR-2, Landsat-5 TM and
MODIS NBAR data.
Satellite Sensor Bands Wavelength

range (µm)
Spatial

resolution
(m)

Swath
width
(km)

Repeat
cycle
(days)

ALOS AVNIR-2 1 0.42 – 0.50 10 (at
Nadir)

70 (at
Nadir)

46
2 0.52 – 0.60
3 0.61 – 0.69
4 0.76 – 0.89

Landsat-5 TM 1 0.45 – 0.52 30 185 16
2 0.52 – 0.60
3 0.63 – 0.69
4 0.76 – 0.90
5 1.55 – 1.75
6 10.4 – 12.5 120
7 2.08 – 2.35 30

Terra/Aqua MODIS 1 0.620 – 0.670 250 2330
(cross
track)

1-2
2 0.841 – 0.876
3 0.459 – 0.479 500
4 0.545 – 0.565
5 1.230 – 1.250
6 1.628 – 1.652
7 2.105 – 2.155
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Figure 5.1 A superimposed map of three scenes from ALOS AVNIR-2, Landsat-5
TM and MODIS.

Regarding the performance evaluation and comparison between optical and SAR
sensors, it seems very difficult due to their totally different physical mechanisms and
the subsequent advantages. In order to minimize the unwanted effects of other
uncontrollable factors, the optical sensor of AVNIR-2 and radar sensor of PALSAR
aboard the same satellite of ALOS was determined for comparison. Considering the
acquisition date of AVNIR-2 image, the PALSAR data was acquired on August 13th,
2010 which had already been used for the time series monitoring of forest dynamics
in chapter 4.3. The same approach of linear regression modeling was adopted using
the same collection of field measured LAI values. The AVNIR-2 and PALSAR
images have the same spatial resolution of 10 m which just corresponds to the size of
field sampling plots. This greatly facilitates the effective comparison. A superimposed
map of the two images from ALOS AVNIR-2 and PALSAR was shown in Fig. 5.2.
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Figure 5.2 A superimposed map of two images from the optical sensor of AVNIR-2
and radar sensor of PALSAR aboard ALOS. For the overlap image in the middle,
there is a transparency of 50%.

5.2.2 Data pre-processing

The ALOS AVNIR-2 and Landsat-5 TM images were pre-processed by geometric
correction, orthorectification, radiometric calibration as well as atmospheric
correction, respectively, after which, the surface reflectance of the study area was
acquired. As the field sampling plots were located in the mountainous area with
undulating terrain, the terrain correction was performed using ASTER GDEM data.
The MODIS NBAR data has already standardized reflectance to a nadir view, thus
minimizing artifacts in the sample related to variable geometry. Additionally, the
NBAR spectral bands are comparable to those of Landsat TM, as summarized in
Table 5.1. The ALOS PALSAR data had already been pre-processed following the
flow chart shown in Fig. 4.17.
Since the ALOS AVNIR-2 and PALSAR imagery, Landsat-5 TM and MODIS

NBAR data have totally different spatial resolutions of 10 m, 30 m and 500 m,
respectively, while the LAI data were acquired from field survey sampling plots with
size of 1010 m, the images of Landsat-5 TM and MODIS NBAR were resampled to
10 m to make the spectral values extracted from optical images or backscattering
coefficients from SAR data corresponding in spatial scale with the measured LAI
values.

5.2.3 Multivariate selection and calculation
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Based on the acquisition of pre-processed remote sensing images and the field
measured LAI, we were able to carry out modeling. In this study, when establishing
the relationships between optical vegetation indices (VIs) and field measured LAI, the
impacts of soil background and atmosphere were considered and hence six indices
were finally selected and statistically correlated to field measured LAI values. They
are Ratio Vegetation Index (RVI) (Pearson and Miller, 1972), Difference Vegetation
Index (DVI) (Jordan, 1969), NDVI (Rouse et al., 1974), Soil-Adjusted Vegetation
Index (SAVI) (Huete, 1988), Atmospherically Resistant Vegetation Index (ARVI)
(Kaufman and Tanre, 1992) and EVI (Liu and Huete, 1995; Huete et al., 1997), which
are expressed as equation (5-1) to (5-6).
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where NIR , dRe and Blue denote the reflectance of the near-infrared, red and

blue bands, respectively. Then Re Re( )RB d Blue d       and  which indicating

the radiation correction coefficient of optical path is assumed to the recommended

value (by Kaufman) of 1. The parameter 1L in Equation (5-4) indicates a soil

adjusted coefficient which is normally assumed to be 0.5 for most regions. In

Equation (5-6), we set 1c =6.0, 2c =7.5 and 2L =1 which have been used in the

acquisition of MODIS product.
To maintain consistency, the radar indices of RRVI and RNDVI, introduced in

chapter 4.3, were utilized to conduct the linear regression modeling using PALSAR
data. The expression of the two indices had been shown in equation (4-1) and (4-2).
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After calculating the six optical VIs and two radar VIs, Pearson correlation analysis
was performed. With those showing significant correlations, statistical regression
models were established and ANOVA was conducted (Table 5.2).

5.3 Results

5.3.1 Univariate modeling using optical VIs

5.3.1.1 Based on ALOSAVNIR-2 data

Since the burned forest area is too large to be covered within one scene of ANVIR-2
image which possesses a swath width of 70 km (at Nadir), the AVNIR-2 data used
here has a coverage over only the two forestry bureaus of Tuqiang and Amuer (the
same as PALSAR data used in chapter 4.3), thus only totally 18 LAI sampling values
can be utilized to establish the regression models. The modeling results were shown in
Table 5.2(a) and Fig. 5.3. As expressed in the table, the correlation coefficient (R >
0.7) and determination coefficient (R2 > 0.5) were all quite high and the Standard
Error of the Estimate (SEE) was particularly little. The significant probability (Sig. <
0.01) indicated the validity and efficiency of these models. Among the six VIs, RVI
which achieved the highest R (0.893) and R2 (0.798) performed best, followed by
ARVI (R2 = 0.718) and NDVI (R2 = 0.652). The regression model based on DVI had
the lowest correlation.
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Figure 5.3 The linear regression models based on LAI and ALOS AVNIR-2 derived
vegetation indices: (a) RVI; (b) DVI; (c) NDVI; (d) SAVI; (e) ARVI and (f) EVI.

5.3.1.2 Based on Landsat-5 TM data

The Landsat-5 TM covered all the 27 field forest survey plots which located in the
three forestry bureaus of Xilinji, Tuqiang and Amuer, however, considering the
situation of AVNIR-2-based modeling, the same 18 plot values from Tuqiang and
Amuer were selected for correlation analysis to enable comparative studies. Based on
the six VIs derived from TM, we established the linear models which were shown in
Fig. 5.4. The model summary and ANOVA result were shown in Table 5.2(b), from
which it could be conclude that the six VIs were also extremely significant and could
be used to estimate the regional LAI individually (Sig. < 0.01).
Among the six VIs, it was still RVI that had the highest linear correlation with field

measured LAI and simultaneously, DVI showed the least correlation. Compared to
those from AVNIR-2-based VIs, the linear models established using TM-based VIs
gave a worse performance which was characterized by lower R and R2 as well as
higher SEE. This may be due to the effect of spatial resolution. The inconsistency
between the spatial resolution (30 m) and the size of field plots (10 m) can account for
the reduced accuracy.
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Figure 5.4 The linear regression models based on LAI and Landsat-5 TM derived
vegetation indices: (a) RVI; (b) DVI; (c) NDVI; (d) SAVI; (e) ARVI and (f) EVI.

5.3.1.3 Based on MODIS NBAR data

Due to the broad swath width of up to 2330 km of MODIS sensor, the whole burned
area (fire scar) including all field survey plots was within the MODIS coverage of one
scene (h25v03). However, because of the low spatial resolution of the MODIS NBAR
data (500 m) and relatively close distance between some plots, some two or even three
field plots, especially those under the same restoration treatments, were within one
MODIS pixel, and hence only 12 groups of LAI data could be identified in the
MODIS image. For those gathered in the same pixels, the average LAI value was
calculated to be correlated with corresponding VIs extracted from the image.
The linear correlation and modeling results were shown in Table 5.2(c) and Fig. 5.5

from which we found that the regression models based on VIs from MODIS NBAR
were also significant (Sig. < 0.05). RVI still achieved the highest linear correlation
with measured and partly averaged LAI while DVI showed the least. Compared with
the results from AVNIR-2 and TM, the correlations were overall much lower and the
SEE were much higher. It probably due to the reduction of the number of sample
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points and the increase of inconsistency between the spatial resolution (500 m) and
field plot size.

Figure 5.5 The linear regression models based on LAI and MODIS NBAR derived
vegetation indices: (a) RVI; (b) DVI; (c) NDVI; (d) SAVI; (e) ARVI and (f) EVI.

Table 5.2 The model summary and ANOVA of single-VI-based models. The VIs
were derived from (a) ALOS AVNIR-2; (b) Landsat-5 TM; (c) MODIS NBAR; (d)
ALOS PALSAR data.



Detection of forest disturbance and post-fire recovery based on remote sensing and field survey data

95

Independent variables a R R2 SEE b F statistics Sig.
(a) ALOS AVNIR-2
RVI 0.893 0.798 0.349 63.318 0.000**

DVI 0.720 0.517 0.539 17.186 0.001**

NDVI 0.808 0.652 0.458 29.987 0.000**

SAVI 0.766 0.586 0.499 22.733 0.000**

ARVI 0.848 0.718 0.412 40.853 0.000**

EVI 0.773 0.596 0.493 23.685 0.000**

(b) Landsat-5 TM
RVI 0.823 0.677 0.441 33.585 0.000**

DVI 0.625 0.391 0.606 10.279 0.006**

NDVI 0.750 0.562 0.513 20.567 0.000**

SAVI 0.693 0.480 0.560 14.783 0.001**

ARVI 0.756 0.570 0.509 21.281 0.000**

EVI 0.702 0.493 0.553 15.538 0.001**

(c) MODIS NBAR
RVI 0.687 0.471 0.518 8.920 0.014*

DVI 0.578 0.334 0.582 5.019 0.049*

NDVI 0.664 0.440 0.533 7.879 0.019*

SAVI 0.591 0.349 0.575 5.373 0.043*

ARVI 0.668 0.446 0.531 8.051 0.018*

EVI 0.644 0.415 0.545 7.094 0.024*

(d) ALOS PALSAR
RRVI 0.834 0.695 0.429 36.465 0.000**

RNDVI 0.833 0.694 0.429 36.380 0.000**
a Independent variables include constant; Dependent variable is measured LAI.
bSEE: Standard Error of the Estimate.
* Significant correlation (0.01 < Sig. <= 0.05).
**Extremely significant correlation (Sig. <= 0.01).
The same as below.

5.3.2 Multiple-variable-based modeling

All above linear models are single-VI-based; however, multiple-variable-based
models usually achieve a higher modeling accuracy and a lower error. Thus stepwise
regression analysis was conducted to build empirical models for the LAI retrieval in
SPSS 18.0, using the whole collection of all six VIs as the input independent
variables. The stepwise regression analysis can automatically select the most
significant variable(s) and produce the “best” regression model(s). The probability of
F test in the model was set for variables to enter at <= 0.05 while to remove at >=
0.10. The modes outputted by this stepwise regression were shown in Table 5.3.
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From this table, it was found that only partial variables (VIs) entered the multiple
regression models, while most were removed due to insignificant impact or
collinearity between variables. For VI calculated from different optical sensors, those
entered the final models differed. For example, there were two multiple regression
models produced when inputting VIs from ALOS AVNIR-2. RVI which having
highest correlation with measured LAI entered both, and EVI was the other variable
included in the second model. When taking the TM-based VIs as inputs, it would also
produce two multiple regression models which were similar to those of AVNIR-2.
The only difference lay in the replacement of EVI by ARVI. For the MODIS NBAR
data, the output of stepwise regression analysis under the criteria setting was a form of
univariate model. Compared with single-VI-based models, especially for AVNIR-2
and Landsat-5 TM, the multiple-VIs-based models showed higher accuracies and
lower errors. Comparison of accuracies of the multiple regression models among the
three optical sensors gave the same conclusion as that in univariate modeling analysis.

Table 5.3 The model summary and ANOVA of stepwise multiple-VIs-based model.
The VIs were derived from (a) ALOS AVNIR-2; (b) Landsat-5 TM; (c) MODIS
NBAR; (d) ALOS PALSAR data.
Independent variables a R R2 SEE b F statistics Sig.
(a) ALOS AVNIR-2
RVI 0.893 0.798 0.349 63.318 0.000**

RVI, EVI 0.921 0.849 0.311 42.193 0.000**

(b) Landsat-5 TM
RVI 0.823 0.677 0.441 33.585 0.000**

RVI, ARVI 0.871 0.758 0.394 23.488 0.000**

(c) MODIS NBAR
RVI 0.687 0.471 0.518 8.920 0.014*

(d) ALOS PALSAR
RRVI 0.834 0.695 0.429 36.465 0.000**

5.3.3 Comparison of correlation between VIs

Since most vegetation indices rely on the spectral signatures of the same blue, red and
near-infrared bands of one optical image, typically they had a strong correlation
between one another. The result of stepwise regression analysis is a reflection of this
autocorrelation to some extent. When building the linear regression models using the
six VIs individually, some always performed better than the others. To explore and
compare the correlation among VIs, the Pearson correlation was performed and the
coefficients between any two of the six VIs derived from ALOS AVNIR-2, Landsat-5
TM and MODIS NBAR data were calculated (Table 5.4).
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In this table, the figures in bold type indicated relatively high correlation. By
summarizing and comparison within each sensor, it can be apparently found that RVI,
NDVI, and ARVI formed one group, within which, a high correlation between each
other can be achieved. Similarly, the remaining three indices of DVI, SAVI, and EVI
also showed a relatively high correlation with each other and hence gathered into
another group. However, when referring to their correlations with field measured LAI
shown in Table 5.2, the two groups had completely different performance. The group
consisting of RVI, NDVI, and ARVI always gave higher R2 and lower SEE than those
from the other group regardless of the data source.
Comparison among the three sensors showed that the absolute values of correlation

among VIs were largely affected by the data source. The fact that those of MODIS
were higher than TM, and that AVNIR-2 produced the lowest correlation revealed
that an image with lower spatial resolution normally resulted in higher correlations
between the same two indices. Based on optical data with varied spatial resolution, the
difference in correlation within and between the two separated groups of VIs also
differed. This reflected the significance of the data source in a way.

Table 5.4 The Pearson correlation coefficients between any two of the six vegetation
indices from (a) ALOS AVNIR-2; (b) Landsat-5 TM; (c) MODIS NBAR data.

VI RVI DVI NDVI SAVI ARVI EVI
(a) ALOS AVNIR-2
RVI 1
DVI 0.794** 1
NDVI 0.903** 0.768** 1
SAVI 0.677** 0.805** 0.705** 1
ARVI 0.905** 0.775** 0.973** 0.739** 1
EVI 0.680** 0.855** 0.708** 0.948** 0.739** 1
(b) Landsat-5 TM
RVI 1
DVI 0.709** 1
NDVI 0.975** 0.725** 1
SAVI 0.816** 0.984** 0.830** 1
ARVI 0.982** 0.720** 0.974** 0.826** 1
EVI 0.854** 0.961** 0.864** 0.989** 0.873** 1
(c) MODIS NBAR
RVI 1
DVI 0.930** 1
NDVI 0.996** 0.934** 1
SAVI 0.953** 0.996** 0.955** 1
ARVI 0.983** 0.936** 0.983** 0.961** 1
EVI 0.958** 0.991** 0.960** 0.994** 0.968** 1
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5.3.4 Comparison with PALSAR indices

As PALSAR is aboard the same satellite of ALOS with AVNIR-2, they have the same
spatial coverage over the two forestry bureaus of Tuqiang and Amuer, the same 18
LAI sampling values were utilized to establish the linear regression models based on
the two radar indices of RRVI and RNDVI. The modeling results were shown in
Table 5.2(d) and Fig. 5.6. As shown, the correlation coefficient and determination
coefficient were both high (R2 = 0.695 for RRVI and 0.694 for RNDVI). The
significant probability represented the efficiency of the modeling. Compared to the
results obtained in AVNIR-2 based linear regression modeling using the indices of
RVI (R2 = 0.798) and NDVI (R2 = 0.652), there was no significant difference between
them.
Through the Pearson correlation between the two indices, a strong collinearity was

found (R = 0.998). Thus only one variable was included when multiple-variable
stepwise regression analysis was performed (Table 5.3(d)).

Figure 5.6 The linear regression models based on LAI and ALOS PALSAR derived
vegetation indices: (a) RRVI; (b) RNDVI.

5.4 Discussion

5.4.1 Data features and performance evaluation

Due to limitations of energy supply and memory size of sensors onboard satellites,
normally there is a negative correlation between swath width and spatial resolution.
Furthermore, smaller swath width and higher spatial resolution will together lead to
longer revisit cycle (Table 5.1). Typically data with higher spatial resolution need
higher acquisition costs, thus leading to higher prices (Table 5.5).
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Table 5.5 Comparison of data characteristics and accuracy of LAI retrieval among
ALOS AVNIR-2, Landsat-5 TM, MODIS NBAR and ALOS PALSAR.

Data type Spatial
resolution (m)

Temporal
resolution
(days)

Retrieval
accuracy

Data costs (/scene)

ALOS AVNIR-2 10 46 High Standard products:
50,000 JPY

Landsat-5 TM 30 16 Medium Partly free;
Archive: 25/50;

New: 450/600 USD
MODIS NBAR 500 1-2 Low All free
ALOS PALSAR 10 46 Medium

-High
Standard products:

50,000 JPY

The spatial resolution determined the accuracy of LAI retrieval in this study. The
results indicated that the higher spatial resolution, the higher the accuracy. In
consideration of the higher costs of remote sensing data with higher spatial resolution,
the actual needs and accuracy requirements should be fully evaluated, while the
funding support may also be carefully considered to achieve a most cost-efficient
result with a balance between accuracy and cost.
Normally, lower spatial resolution will result in higher spatial heterogeneity within

each pixel. Resampling of remote sensing images from low to high spatial resolution
produces no effect on actual resolution. Thus the inconsistency between the spatial
resolution (30 m, 500 m) and the size of field plots (10 m) can substantially account
for the reduced accuracy. This conclusion appears to be normal, reasonable and in line
with general expectation. Anyhow, this unsurprising result is a well reflection and
demonstration of the influence of scale matching in studies combining remote sensing
technique with field measurements.
Because of the physical mechanisms of optical and radar remote sensing systems,

the optical sensors are well suitable for capturing horizontally distributed
characteristics and changes represented by spectral signatures, while the SAR are
reasonably advantageous for the characterization of vertical features. LAI is such a
basic and crucial characterization of forest attributes, both horizontally and vertically,
serves as a key input variable of a large number of ecological and physiological
models and attracts much attention. This study revealed a satisfactory accuracy in LAI
retrieval based on linear statistical modeling using both optical and SAR data.
Nevertheless, it is believed that comparatively higher accuracy will be achieved when
using biomass data to correlate with SAR derived variables for statistical modeling
(Watanabe et al., 2006; Mitchard et al., 2009; Basuki et al., 2013). It is due to the
deep penetration of microwave signals into forest canopy and the subsequent
interaction with not only leaves, but branches and trunks. Compared to LAI,



5 Performance evaluation and comparison

100

above-ground biomass can better characterize this complex interaction and correlate
with backscatter intensity or derived indices more closely, especially for the
cross-polarization (Kobayashi et al., 2012; Suzuki et al., 2013).

5.4.2 Future-oriented points for improvements

Although some positive results have been obtained in this scenario, there are many
aspects which could be discussed and improved.
First, there were only 18 sample plots used for regression modeling because of the

hot weather and hard sampling conditions in the forests in the Greater Hinggan
Mountain area. There is no doubt that more sample plots should be investigated for
both modeling and validation in future work.
Additionally, it should be admitted that generally the application of statistical

regression models are restricted to a specific study area with certain environmental
conditions (e.g. topography, climate, vegetation species), thus it is necessary to adjust
the coefficients for other regions or build physical models which represent the abstract
of common circumstances. In this way, the issues of the models or algorithms should
be taken into account when conducting the comparison of performance between
sensors with different resolutions.
Finally, the optical image used in this study is only the multispectral data with

varied spectral and spatial resolution. The SAR data comes from the L-band PALSAR
sensor alone. In future exploration, we need to try other types of data, including
hyperspectral imagery (e.g. Hyperion), other active remote sensing data (e.g. LiDAR,
X-band and C-band SAR) and explore their potential for the estimation of LAI as well
as other ecological parameters. In addition, the synergic application combining optical
images with LiDAR or SAR data simultaneously can be considered.
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6 Synthesis

This thesis represents a typical case of the fire disturbance detection and post-fire
forest recovery monitoring based on remote sensing and field survey data. In addition
to the data from conventional field measurements, multi-source remote sensing data
from both optical and SAR sensors were utilized and a variety of indices or models
were applied. The performances of remote sensors with variable characteristics were
further evaluated and compared. In this chapter, the knowledge gained throughout this
work is summarized, and limitations existed within this exercise has also been
identified, based on which, the orientation with regard to future studies are discussed
and recommended.

6.1 Research summarization

Identification and monitoring of human-induced and natural disturbances is an
important global and regional application, where updated information about where
disturbances have occurred, when they occurred, and the area affected, is crucial. As
many forest ecosystems are under threat of anthropogenic change, the capacity to
monitor such areas on a regular basis regardless of accessibility is of key importance.
Traditional ground-based measurements of forest dynamics, which are implemented
mainly through plot survey or digital photograph visualization, seem relatively
subjective, expensive, time consuming and labor intensive, and thus appear unrealistic
for the monitoring of the whole forest ecosystems in long-term and wide-range.
As an alternative, the advanced technique of remote sensing, which are greatly

developed and widely applied in a variety of fields, have been proven effective to
provide systematic, repetitive and comprehensive observations at scales from local,
continental to global. Multi-source and time series remote sensing data provide a
simple, but effective means for disturbance detection, yielding a clear indication of
both the temporal and spatial characteristics of the disturbance and recovery.
Forest disturbance and recovery have been regarded as a primary mechanism for

transferring carbon between land surface and atmosphere, and thus plays a key role in
the terrestrial carbon balance (Frolking et al., 2009; Schroeder et al., 2011). Fire is
one of the common disturbance regimes, especially in boreal forests. It is a complex
issue, both ecologically and socially, affecting the forest ecological process either as a
positive agent of renewal or a highly destructive force (Chu and Guo, 2014).
Fire effects and post-fire forest dynamics have been widely studied in boreal forests.

A wide range of such studies are based on field forest investigation alone (Schulze et
al., 2005; Moreira et al., 2009; Hollingsworth et al., 2013), while more and more
researchers and managers are combining field survey data with remote sensing
imagery, such as the Landsat, MODIS, SPOT, SAR records, to monitor post-fire forest
patterns due to their temporal coverage, sufficient spatial and spectral resolutions
which enable capturing of most forest features (Bourgeau-Chavez et al., 1997;
Schroeder et al., 2012; Matricardi et al., 2013).
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The Greater Hinggan Mountain area, located in the northeast China, is rich in forest
resources while suffers from a high incidence of forest fires simultaneously. Among
all the fires in this area, the most noteworthy one is the “5.6 Fire” that broke out on
May 6 1987 and developed to be the most serious forest fire hazard in the history of P.
R. China, causing tremendous damage to the forest ecosystems. Aiming at this severe
fire, this thesis proposes to detect the fire scar and burned forest area, and monitor the
post-fire forest recovery using field survey records and multi-source optical and SAR
data. Particular emphasis has been given to the effects of different restoration
strategies on post-fire forest regeneration and vegetation recovery patterns.
First of all, the fire scar and burned forest area was extracted and mapped using

Landsat TM imagery by multiple methods. During the mapping, the fire perimeter, as
well as rivers, roads and building areas were first delineated and masked by visual
interpretation, and then four indices of NDVI, EVI, VFC and DI were calculated. For
each index, the optimal threshold for separating burned from unburned forest area was
determined using their histograms. For comparison, threshold segmentation using the
reflectance of original six multispectral bands was performed, in addition to a
MLC-based supervised classification of all features and forest area alone; their
accuracies were also evaluated and analyzed. Among all the methods compared here,
mapping by EVI threshold segmentation proved to be optimal with an overall
accuracy of 99.78% and a kappa coefficient of 0.9946. Finally the calculated area was
compared with the values from official statistics. The comparison revealed a
discrepancy between the TM extracted burned land and burned forest area, 1.298
million and 0.862 million ha, and the official statistical values, 1.70 million and 1.01
million ha, respectively. Compared to the traditional methods used to report official
statistics on burned areas, the remote sensing-based extraction is less labour- and
time-consuming, and more objective and efficient.
Following this fire, the local forestry bureaus have taken a series of measures for

the forest recovery and ecological reconstruction. Typically three different restoration
treatments, namely natural regeneration (NR), artificial regeneration (AR), and
artificial promotion (AP), are adopted for the forest regeneration in the burned area.
The dynamics of forest renewal varied depending on the treatment selected. In order
to elucidate the effects of the three treatments, a field survey was conducted to collect
the attribute data, specifically species composition, structural parameters, and LAI,
which were analyzed through ANOVA and a post-hoc test. Results indicated that the
broad-leaved species occupied the main component of the forest under NR while the
coniferous species dominated those under the other two treatments. Tree height and
DBH were significantly highest for the forests under AR, but an insignificant
difference was found for crown widths. Significantly highest LAI was observed in
forest under NR. The results suggest AR to be adopted in post-fire recovery if the goal
is timber production, while NR should be selected when focusing on canopy vertical
density and species richness. The AP showed no advantage. These findings can be
used for reference in local forest management.
Taking into account the many limitations of field forest investigation, multi-source

remote sensing data were also employed to monitor the forest recovery trajectories
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after the “5.6 Fire”. These data include the Landsat TM/ETM+ imagery, MODIS Land
Cover Type and Vegetation Indices products, and ALOS PALSAR FBD data.
Concerning Landsat TM/ETM+ imagery, totally 12 scenes covering the period of

1987-2011 were used for the monitoring of post-fire forest recovery. In addition to the
commonly used vegetation indices (e.g. NDVI), a more effective index of DI was
examined and evaluated. As forest area with a larger DI had a higher degree of being
disturbed and the DI values in the year of 1999-2002 were significantly larger than
those in other years, the forest definitely suffered a new disturbance during this period
for some reasons. Furthermore, in combination with the field survey data, the
recovery trajectories under the three restoration treatments were also tracked and
compared. Results indicated that the forest under NR achieved a totally different
recovery process with those under the other two treatments. There was a relatively
slower regeneration rate for forest under NR in the early stage since fire. But after
about 20 years, the recovery process had a breakthrough and the completely naturally
recovered forest became more vigorous than those under artificially assisted
restoration.
Due to the unique characteristics of MODIS data, in terms of low spatial resolution

and high radiometric and temporal resolutions, the well-developed MODIS Land
Cover Type products were exploited to monitor the temporal and spatial dynamics in
post-fire forest coverage. It was centered on the hypothesis that the annual variability
in coverage of different types of forests during 2001-2012 can be detected. Results
suggested that the area of “Mixed forest” in the IGBP classification scheme gradually
increased from 46.34% in 2001 to 80.50% in 2012, while that of “Cropland/Natural
vegetation mosaic” decreased from 30.46% to 5.94% in this period. More specifically,
the defined high-level class of “Forests” area increased from 50.29% to 89.35%. By
examining the responses of MODIS Vegetation Indices values to the recovery activity,
it was found that the four types of forests and three classes of land cover vegetation
can be separated by NDVI, while EVI is not applicable for the separation of forests
from other vegetation types. The difference between the burned and unburned forest
area can be identified by MODIS NDVI and EVI.
In addition to the optical images, ALOS PALSAR data were also applied to detect

the post-fire forest dynamics under different restoration treatments during the period
2007-2010. The backscattering intensity in HH and HV polarization and the derived
radar indices of RRVI and RNDVI were examined and evaluated. Results showed that,
compared to the other two treatments, the forests under NR presented a different
recovery trajectory, especially for the forestry bureau of Amuer when characterized by
RRVI and RNDVI. No significant difference was observed between the treatments of
AR and AP. These results were consistent with those achieved by LAI and DI in
former chapters which together demonstrated the reliability of the forest recovery
trajectory monitoring.
As summarized, multi-source optical and SAR data have been employed to detect

the forest disturbance and recovery after the “5.6 Fire”. It is evident that these data
have considerably different temporal coverage and spatial resolution, and hence gave
variable performances. In order to perform more direct and targeted evaluation and
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comparison among the performances of different sensors, the linear statistical
modeling was applied using field measured LAI and remote sensing indices from
ALOS AVNIR-2, Landsat-5 TM and MODIS NBAR, ALOS PALSAR data. These
data was acquired at the close dates in 2010. During the modeling, six diverse optical
vegetation indices were selected for the comparison among the three optical sensors,
and two radar indices were determined for the comparison between optical and SAR
sensors. Results revealed the highest accuracy with AVNIR-2 while relatively lowest
accuracy with MODIS NBAR. No significant difference was found between results
from AVNIR-2 and PALSAR. The gap between the spatial resolution of Landsat-5
TM (30 m) and MODIS NBAR (500 m) data with the field plot size (10 m) can
account for the reduced accuracy. Nonetheless, the data with higher spatial resolution
and retrieval accuracy usually have lower efficiency in spatial and temporal coverage,
and require higher acquisition costs. Thus in specific applications, the actual accuracy
needs should be carefully considered to achieve a cost-efficient result.

6.2 Criticisms and future prospects

In spite of these positive results and knowledge obtained through the efforts in this
study, there are many limitations and deficiencies, pending future improvements and
enhancements. Now they will be further discussed and commented.

6.2.1 Fire frequency and severity

The research reported in this thesis only focused on the effects of one severe forest
fire, “5.6 Fire”, that occurred in the boreal forest grown in the Greater Hinggan
Mountain area of northeast China. Although it is a fairly serious fire and the damaged
forest ecosystems comprise both coniferous and deciduous tree species as well as
abundant shrubs and ground organic layer, the comparative study with the fires
distributed in other forest ecosystems (e.g. tropical forests, other boreal forests in
Central Siberia, Canada and Alaska) will enrich the research framework, enhance the
significance of achievements, and improve the possibility for obtaining more
compelling findings. Thus it should be included in future studies.
It has been demonstrated in many previous studies that there is a transition in the

dominant species of naturally regenerated forests, usually from dominance of
broad-leaved pioneers in the initial period to that of conifers in the late-establishment
stage (Johnstone et al., 2004; Schulze et al., 2005; Gauthier et al., 2010; Otoda et al.,
2013), particularly in 60–180 years after the fire. The forest regeneration rate and
patterns are also affected by fire frequency (Senici et al., 2013) and fire severity
(Schimmel and Granstrom, 1996; Hollingsworth et al., 2013).
Since there are only 27 years after the “5.6 Fire” and no apparent fires have

occurred with significant influence on ecological environment in the burned area of
this fire, the effect of fire frequency was not considered. As the field observations on
forest recovery will be continued in future work, this factor may be examined on the
basis of a sufficient length of time and number of fire activities.
Additionally, the fire severity for the sampling plots in the three forestry bureaus
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was evaluated using DI as a proxy, and comparison among the plots under the three
restoration treatments was made. As no significant difference was found, the
influence of fire severity was not incorporated into subsequent identification of the
effects of different restoration strategies based on remote sensing data. Nevertheless,
from the perspective of the entire burned forest area, the fire severity is potentially in
great need of consideration when performing long-term recovery monitoring.

6.2.2 Deficiencies of remote sensing data

As stated, the multi-source and time series remote sensing data from ALOS AVNIR-2,
Landsat TM/ETM+, MODIS, and ALOS PALSAR have been employed to represent
an affordable, cost-effective and standardized source of information on fire effect and
forest recovery. However, several evident deficiencies in remote sensing data
coverage existed.
First, when extracting the burned forest area, only single-phase Landsat TM images

acquired after the fire was applied since no appropriate data covering the whole burn
scar with an acquisition date just before the fire occurrence is available. Despite the
high accuracy achieved in the extraction, the results can be better verified and new
insights will be gained into the burned forest area mapping with the availability of
two-phase images.
Then, it should be admitted that the time series Landsat TM/ETM+ data used for

the forest recovery trajectory monitoring are not continuous annually although there
are as many as 12 images spanning the period of 1987-2011. Especially the lack of
data during 1988-1992 and pre-1999 presents a potentially great flaw as it may result
in the loss of key features in the whole recovery process. Also the sample area used
for the convenience to develop the Landsat path 122 row 23 time series seems a little
pity. Besides, there are some Landsat 7 ETM+ images for 2003-present can be
explored, while requiring appropriate pre-processing techniques to compensate for the
Scan Line Corrector (SLC) failure.
Additionally, owing to the launch of Terra MODIS in 1999 and Aqua MODIS in

2002 as well as the ALOS satellite in 2006, there is limitation in the temporal
coverage of these data for the whole post-fire period monitoring. Certainly, the
detection based on MODIS Land Cover Type product within the time period of
2001-2012 and ALOS PALSAR FBD data during 2007-2010 both gave satisfactory
results and thus provided the opportunity for mutual validation as with Landsat
records. Consequently, the research with regard to other fire disturbances occurred
within the coverage of these data would definitely be a meaningful attempt.
Furthermore, the remote sensing data with high spatial resolution (no less than 10

m) used in this thesis was the only one scene of AVNIR-2 image acquired in 2010.
No IKONOS or QuickBird data have been utilized. In fact, long time series detection
and monitoring of forest dynamics using such high resolution data seems not
cost-effective due to the high data acquisition costs, especially in large scales. It is
similar to the case of airborne LiDAR. But for local-scale studies, particularly those
key scenarios needing extraordinary high accuracy, it is necessary and deserves to be
tried. In addition, the hyperspectral imagery which is able to characterize forest with
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extremely fine spectral features (e.g. Hyperion) can be taken as an excellent
supplement to multispectral and SAR data. It has fallen into our plans for the
discrimination of forest types, complementary to the endeavor throughout this thesis.
Finally, the advantages of SAR systems for all-weather and day-and-night

observations have not been reflected in this study. Due to the lack of
quad-polarization PALSAR data covering the study area, it is not possible to carry out
polarimetric decomposition to acquire many more useful polarimetric parameters for
the forest identification. On the other hand, by examination, it is found that InSAR
can be implemented to provide more accurate characterization of forest structural
parameters (e.g. tree height). Despite the difficulties with this technique, it is the focus
of the work during next phase.
As an aside, due to the termination of ALOS mission in April 2011, the successor

of ALOS-2 has been designed and successfully launched just on May 24 2014. It is
equipped with only one remote sensing instrument, the PALSAR-2 for 24-hours
all-weather land observation. The PALSAR-2 will succeed to the radar mission of
PALSAR aboard ALOS with enhanced performances and the functions. The sensor
achieves 1 m-resolution by the spotlight mode, and wide observation swath of 350 km
or 490 km by the ScanSAR mode, and multiple polarimetric strip mode imaging. As
an ALOS Principal Investigator (PI), I will continue to conduct my research with the
support of free ALOS and ALOS-2 data from the JAXA.

6.2.3 Limitations and extensions in field survey

The field survey data of species composition, structural parameters and LAI come
from the ground-based investigation conducted in July 2012, which was the 25th year
after the “5.6 Fire”. Totally 27 plots with a size of 10 m × 10 m were surveyed and
particular emphasis was laid on the effects of three different restoration treatments,
NR, AR and AP. It was found that in all plots under AR and AP treatments, the trees
are evenly distributed within the plots and their surrounding areas, making the size of
the plot effectively irrelevant. But it was not such a case for the plots under NR. Thus,
in future measurements, the size of plots should be increased and the number of
observations in each combination of treatment and region is in need of augmentation.
Post-fire recruitment of tree species is closely related to species-specific

regeneration strategies and environmental conditions. For example, trees with
vegetative regeneration capabilities, such as Populus and Betula species, may be able
to recover quickly after fire even though seed supply is insufficient (Uemura et al.,
1997; Dainou et al., 2011), whereas dispersal limitation of seeds would be a primary
cause of regeneration failure in non-sprouters (Lavoie and Sirois, 1998; Asselin et al.,
2001). Consequently, these factors including tree characteristics (e.g., seed supply,
stem density and leaf water content) and environmental conditions (e.g., soil moisture,
slope and aspect) should be taken into account when operating the field survey due to
their potential influences on the local post-fire forest recovery (Camill et al., 2010).
In addition to the field survey data used in this thesis, there is another group of field

measurement data coming from the permanent plots designed for the National Forest
Inventory of China. National Forest Inventory is a periodic review of permanent plots
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carried out to detect the macro situation and monitor the dynamics of forest resources
throughout China, with province as a unit. It is an important component of the
national forest monitoring system.
The orientation and size of these permanent plots are shown in Fig. 6.1. The side

length of the plot is 25.82 m and its area equals to 0.0667 hectares (1 mu- an area unit
commonly used in China). In the field survey, only the trees with DBH ≥ 5.0 cm and
DBH (unit: cm) ≥ 2L (unit: m) are considered and measured. Here the parameter L
denotes the horizontal distance between the center of plot (central pile) and sample
tree (Fig. 6.2). The forest attributes of above-mentioned trees, including tree age,
DBH, tree height and crown closure are measured and recorded. However, only living
woods are included while snags, dead logs, felled tree and cut stumps are excluded.
The restoration treatments for forests within the plots are not referred.
The plots located within the burned and unburned forest area of “5.6 Fire” were

extracted and analyzed, respectively (Fig. 6.3). There are totally 131 plots located in
the burned forest area and 80 plots in the unburned forest area. For some reason, these
“confidential” data are not permitted to serve this thesis, while may be authorized to
utilize in the future.

Figure 6.1 Sketch map of permanent plots for the National Forest Inventory of China.

Figure 6.2 The meaning of the parameter L.
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Figure 6.3 The plots located in the burned and unburned forest area of the “5.6 Fire”.

6.3 Concluding remarks

Measurements and investigation from spaceborne passive (optical) and active (e.g.
radar) sensors and their integration into science and management heralds new
possibilities for advanced observations and monitoring of forest ecosystem, and come
at a critical juncture for exploring the multidimensional relationships between forest
disturbance/recovery and environmental change as well as the development of human
beings. It will also be conducive to build information systems to promote coexistence
between human society and the forest ecosystems.
As is known to all, forest is regarded as the “lung” of the Earth, and then remote

sensing is not the medicine for the treatment of asthma that the Earth is suffering, but
serves as advanced medical equipment for the health surveillance and diagnosis of the
“lung”. It will definitely be rapidly developed and functioning adequately.
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