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Abstract: Accurate estimates of forest aboveground biomass (AGB) after anthropogenic 

disturbance could reduce uncertainties in the carbon budget of terrestrial ecosystems and 

provide critical information to policy makers. Yet, the loss of carbon due to forest disturbance 

and the gain from post-disturbance recovery have not been sufficiently assessed. In this study, 

a sensitivity analysis was first conducted to investigate: (1) the influence of incidence angle 

and soil moisture on Synthetic Aperture Radar (SAR) backscatter; (2) the feasibility of  

cross-image normalization between multi-temporal and multi-sensor SAR data; and (3) the 

possibility of applying normalized backscatter data to detect forest biomass changes. An 

empirical model was used to reduce incidence angle effects, followed by cross-image 

normalization procedure to lessen soil moisture effect. Changes in forest biomass at medium 

spatial resolution (100 m) were mapped using both spaceborne and airborne SAR data. Results 

indicate that (1) the effect of incidence angle on SAR backscatter could be reduced to less than 

1 dB by the correction model for airborne SAR data; (2) over 50% of the changes in SAR 

backscatter due to soil moisture could be eliminated by the cross-image normalization 

procedure; and (3) forest biomass changes greater than 100 Mg·ha−1 or above 50% of  

150 Mg·ha−1 are detectable using cross-normalized SAR data. 
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1. Introduction 

The carbon budget of terrestrial ecosystems contains large uncertainties at both global and regional 

scales [1]. Aboveground biomass (AGB, hereafter biomass) stock from forest represents an important 

component of the global carbon cycle and related carbon policy [2]. Anthropogenic disturbance 

including deforestation and forest degradation due to management has led to significant changes in 

biomass and thus the carbon budget [3]. However, the loss of carbon due to deforestation and forest 

degradation, and the gain from post-disturbance recovery have not been sufficiently assessed. The use 

of active remote sensing techniques such as Synthetic Aperture Radar (SAR) is a promising approach 

for measuring and monitoring the spatial and temporal variation of forest carbon stock [3–5].  

Imaging with SAR has advantages over optical imagery in its capacity to penetrate clouds, rain, 

smoke, and haze, which are known problems for optical sensors. The ability to penetrate the forest 

canopy makes it possible to retrieve the forest structure as a function of backscatter mechanisms [4]. 

Generally, studies have reported that SAR backscatter is more sensitive to canopy biomass (especially 

tree trunks) at longer wavelengths. Full polarimetric SAR (PolSAR) provides four combinations of 

transmitted and received polarizations: co-polarized bands HH (horizontal transmitted and horizontal 

received) and VV (vertical transmitted and vertical received), as well as cross-polarized bands HV 

(horizontal transmitted and vertical received) and VH (vertical transmitted and horizontal received). 

Longer SAR wavelengths such as P- (30–100 cm) and L- (15–30 cm) bands penetrate farther into the 

forest canopy and capture more vertical structure than C- (4.8–7.7 cm) and X- (2.8–5.2 cm) bands, while 

HV backscatters from dual polarization (e.g., HH and HV) or full polarization (i.e., HH, VV, HV, and 

VH) are more sensitive to woody biomass.  

A series of studies suggested that a widely applicable relationship exists between biomass and 

backscatter from L-band SAR for woody vegetation with lower levels of biomass (≤150 Mg·ha−1) in 

tropical [6–8], temperate and boreal biomes [9–13]. Both airborne and spaceborne systems were involved 

in these studies, including airborne instruments such as AIRborne SAR (AIRSAR) and the Uninhabited 

Aerial Vehicle SAR (UAVSAR) developed by the National Aeronautics and Space Administration 

(NASA), Experimental-SAR (ESAR) operated by the German Aerospace Center (DLR), as well as 

spaceborne instruments such as the first Earth-orbiting satellite SEASAT, Spaceborne Imaging Radar-C 

and X-B and SAR (SIR-C/XSAR), Japanese Earth Resources Satellite 1 (JERS-1), and Phased Array type 

L-band SAR (PALSAR) on board the Advanced Land Observing Satellite (ALOS) operated by the Japan 

Aerospace Exploration Agency (JAXA). Ranson et al. [10] investigated the use of multi-frequency,  

multi-polarization and multi-season image data from SIR-C/XSAR to map forest cover type and estimate 

aboveground biomass for a Boreal Ecosystem-Atmosphere Study (BOREAS) site in Saskatchewan, 

Canada. Santos et al. [6] utilized the L-HH channel of JERS-1 data in tropical forest-savanna contact zones, 

and found that the logarithmic and sigmoid functions were adequate to explain the SAR backscatter as a 

function of forest biomass. Collins et al. [7] indicated that the L-HV channel of polarimetric backscatter 
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intensity from AIRSAR was best suited (R2 = 0.92) for modeling biomass (both above-ground and  

below-ground) of the tropical savannahs in North Australia. Mitchard et al. [8] examined the relationships 

between field-measured biomass at four study sites in Cameroon, Uganda and Mozambique and L-band 

HV data from ALOS/PALSAR, and found that biomass estimates based on these relationships were highly 

significant and similar among sites. Sandberg et al. [12] explored the relationship between SAR 

backscatter from E-SAR data and forest biomass in southern Sweden, and found that for L-band data the 

best results were obtained from HV-polarized backscatter. Robinson et al. [13] studied the variation in 

field estimated biomass at different scales (0.0625, 0.25, 0.5, and 1.0 ha) in a temperate to boreal 

transitional region (Howland, ME), and found that the cross-polarized HV had the highest sensitivity to 

field estimated biomass (R2 = 0.68).  

Data from L-band PolSAR have been applied especially to monitor forest disturbance and  

post-disturbance recovery [14–16]. Luckman et al. [14] compared biomass estimates from spaceborne 

SAR instruments such as SIR-C and JERS-1 and concluded that L-band SAR data were suitable for 

detecting regeneration in tropical regions. Baltzer et al. [15] employed multi-sensor L-band SAR (i.e., 

spaceborne SEASAT and JERS-1 SAR) to map regrowth of a conifer plantation in the Thetford forest, 

UK. Rowland et al. [16] used AIRSAR and ESAR data to monitor forest regrowth from 1991 to 2010. 

Santoro et al. [17] utilized airborne and space borne data such as PALSAR to detect clearcutting of 

a boreal forest from July 2007 to October 2008 and found a temporal consistency in the time series of  

L-HV backscatter measurements and developed a detection algorithm for clear-cut areas.  

Nevertheless, a number of important factors can affect the relationship between radar backscatter and 

forest biomass, including changes in forest structure [11], radar incidence angle (IA) [18,19] and look 

direction [20], surface and environmental conditions (soil moisture and roughness) [21–23], trunk 

dielectric properties [24] and saturation [4,25,26]. Backscatter from vegetated areas depends on a 

combination of canopy structure and underlying surface conditions [27]. The former is related to water 

content of the vegetation, while the latter is linked to soil moisture (SM) changes. Both (vegetation and 

soil) are affected by environmental factors such as temperature and moisture that will affect the dielectric 

constants of the target. These effects (i.e., temperature and moisture) need to be removed before any further 

analysis of changes caused by forest disturbances. Ranson and Sun [27] reported up to a 7 dB change in 

backscatter coefficient between frozen and non-frozen conditions and suggested multi-year comparisons 

under similar temperature conditions should be made such during in the summer growing season. In 

addition, saturation in SAR backscatter varies among different bands. Dobson et al. [25] indicated biomass 

saturation levels of ~200 Mg·ha−1 and ~100 Mg·ha−1 for P-band and L-band polarimetric SAR (PolSAR), 

respectively. Imhoff [28] reported that the radar signal saturation was ~100 Mg·ha−1 for the P-band,  

~40 Mg·ha−1 for the L-band, and ~20 Mg·ha−1 for the C-band by comparing SAR backscatter and forest 

biomass relationships over a tropical broadleaf evergreen forest in Hawaii and coniferous forest stands in 

North America and Europe. Ranson and Sun [26] indicated that SAR backscatter from AIRSAR and SIR-C 

could provide estimates of biomass up to ~150 Mg·ha−1 with an average of 97 Mg·ha−1. Lucas et al. [23] 

studied the relationship between PALSAR data and biomass in Australia, and concluded that PALSAR 

data acquired when surface moisture and rainfall are minimal allow better estimation of the biomass of 

woody vegetation and that retrieval algorithms ideally need to consider differences in surface moisture 

conditions and vegetation structure. 
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However, few studies have focused on analyzing the sensitivity of multi-source SAR backscatter to 

changes in forest biomass after forest disturbance because of issues such as limited SAR data acquisition 

over time, as well as effects from incidence angles, and surface conditions. Zink et al. [29] conducted a 

comparative study of different airborne SAR data from AIRSAR and ESAR, and demonstrated that 

cross-calibration is feasible for radar data obtained through stable systems under similar conditions. 

Ustin et al. [30] indicated that changes in biomass during the early stages of secondary succession  

could be monitored by L-band airborne SAR data for two datasets with an interval of five years. 

Sandberg et al. [31] estimated biomass change in a hemi-boreal forest from 2007 to 2010 using airborne 

P-band SAR data, and concluded that growth and thinning in a forest can be measured with 64 equivalent 

number of looks (ENL) in SAR imagery and a 50% change in biomass.  

This paper will describe our analysis of the sensitivity of multi-temporal and multi-sensor SAR 

signatures to changes in forest biomass. The objectives were to investigate: (1) a procedure to reduce the 

distortion in SAR backscatter caused by incidence angle and soil moisture; (2) the feasibility of  

cross-image calibration between multi-temporal and multi-sensor SAR data; and (3) the possibility of 

applying normalized backscatter to detect changes in biomass due to forest disturbance and  

post-disturbance recovery. The paper is organized as follows. Section 2 describes the study area and 

data. Section 3 explores the factors that influence changes in SAR backscatter. A cross-image 

normalization method is proposed to reduce the offset between images acquired from multi-source SAR 

data. In Section 4, the performance of our correction is evaluated and applied to selected stands after 

forest disturbance. A biomass-backscatter regression model is developed from field measurements, and 

applied to map changes in forest biomass in the study area. Lastly, in Sections 5 and 6, the significance 

and limitations of the results are discussed and conclusions are drawn. 

2. Study Area and Data 

The study site Howland Research Forest (HF) is located in the Northern Experimental Forest 

(45°08′N–45°14′N, 68°42′W–68°45′W), Penobscot County, Maine, USA (Figure 1). The dominant 

species include Abies balsamea (balsam fir), Picea rubens (red spruce), Tsuga canadensis (hemlock), 

Populus tremuloides (quaking aspen), Betula papyrifera (paper birch), and Acer rubrum (red maple). 

The HF has been owned and actively managed by International Paper® (IP), over the last three decades, 

including clear-cutting during the 1980s, strip-cutting during the 1990s, and selective-cutting after 2000. 

The region has a relative flat topography with gently rolling hills.  

The HF site is located within the original area of the NASA Forest Ecosystem Dynamics (FED)  

Multi-sensor Aircraft Campaign (MAC) carried out during the 1990s. Therefore, abundant ground 

measurements and remotely sensed datasets were available. In addition, independent field measurements 

were collected from 1992–2009. 

2.1. Field Campaign 

Forty-nine forest stands (FIA style plot) were measured in April 1992 during the MAC campaign [9]. 

Trunk diameter at breast height (DBH) and species were recorded. For each stand, an identifiable point on 

the AIRSAR image near or on a road was selected as a starting point, and the bearing and distance from 

this point to the center of the sample stand were measured. From the center point of the stand, three 50.3 m2 
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plots were located 15 m to the north, southeast, and southwest from the center. The DBH and species of 

every tree with DBH > 3 cm were recorded for each plot. 

Twenty-four 1.0 ha plots (hectare plot, 200 m × 50 m) with a biomass ranging from 1 to 278.9 Mg·ha−1 

were established in 2009 during the NASA/JPL UAVSAR field campaign [32]. The long edges of these 

plots were oriented in the range direction of the UAVSAR flight lines. The layout of these plots is 

illustrated in Figure 1b, where each plot consists of sixteen 0.25 ha (quarter hectare plot, 25 m × 25 m) 

subplots. The DBH, species of every tree with a DBH ≥ 10 cm, top height, height of crown base, and 

crown width of the three highest trees in each subplot were recorded. A census of stems below the 

established size threshold (DBH < 10 cm) and height of ≥1.3 m were sampled within a 2 m transect 

along the center of each rectangular plot. The number of stems falling into four diameter categories (i.e., 

0–2 cm, 2–5 cm, 5–8 cm, and 8–10 cm) was counted and used as a representative sample of all small 

stems in the plot. Biomass values at the study site range from 0.3–361.4 Mg·ha−1 for 0.25 ha plots,  

0.6–316 Mg·ha−1 for 0.5 ha plots, and from 1.0–278.9 Mg·ha−1 for hectare plots. Trees with a DBH 

greater than 10 cm were directly recorded and trees with dbh below 10 cm were sampled. Individual tree 

biomass was calculated with allometric equations, and plot-level biomass was summarized then 

converted to biomass density (as Mg·ha−1). The diameter-based allometric equations used for large stems 

(DBH ≥ 10 cm) and small stems (DBH < 10 cm) were derived from the USDA comprehensive report on 

North American forests [33]. Biomass of large stems was calculated by corresponding generalized 

species-specific allometric equations. Biomass of the small stems was calculated by mixed hardwoods 

equations using the midpoint of the diameter class (i.e., 1.0 cm, 2.5 cm, 6.5 cm, and 9.0 cm) as the DBH, 

multiplied by the number of stems in each category. Biomass was first calculated for each stem, and then 

total biomass was aggregated from subplot to plot levels. 

 

Figure 1. Map of study sites, and coverage of Landsat ETM+ scene (red dashed line, 

p011/r029), ALOS PALSAR FBD scene (blue solid line), and PLR scene (purple dashed 

line). (a) FIA style plot, and (b) 1.0 ha field plot. 
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2.2. SAR Data 

All SAR data used in this study were collected from middle April to early October and by systems 

operating at the L-band (23.6 cm wavelength or 1.3 GHz frequency). Specifically, quad-polarization (HH, 

VV, HV, and VH) L-band SAR data were collected in 1994 from AIRSAR and SIR-C/X-SAR data collected 

in April and October 1994. The ALOS was launched in 2006 with a 46-day repeat cycle, and PALSAR data 

were collected for the study area from 2007–2010 with fine beam dual mode (FDB; HH and HV).  

Meanwhile, UAVSAR data were collected for the study area in August 2009, with looking angle ranges 

of 20°–60°. Details of SAR data selected for this study are listed in Table 1, including acquisition date, pixel 

size, center incidence angle, and environmental conditions such as temperature and precipitation.  

Table 1. SAR data selected for sensitivity analysis. *Pixel size for the multi-looked  

ground-projected product. #incidence angles are at scene center; for technical specifications 

see https://www.asf.alaska.edu/sar-data. 

Sensor Scene ID 
Acquisition 

Date 

Pixel  

Size* (m)

Incidence 

Angle# (°) 

Environmental Conditions 

Temperature  

(°C) 

Precipitation (mm) 

3 Day 7 Day 14 Day

SIR-C/XSAR PR12331 04/13/1994 12.5  31.7 T ~ 5.5 °C  17.3 42.1 50.9 

SIR-C/XSAR PR47494 10/04/1994 12.5  31.7 T ~ 10.1 °C  0 0.2 76 

AIRSAR / 09/02/1989 10  35.0 T ~ 10.1 °C  16.8 18.6 27.6 

AIRSAR CM6221 10/07/1994 10  35.0 T ~ 10.1 °C  0 0.2 76 

UAVSAR 16702_09054_016 08/05/2009 6  48.0 T ~ 21.6 °C  11.5 49.6 94.4 

PALSAR/FBD ALPSRP191680890 08/30/2009 20  34.3 T ~ 14.8 °C  20.4 32 34.2 

2.3. Auxiliary Data 

Local forest management maps, Landsat derived disturbance maps, and climate data were prepared 

as referenced datasets for the study site. Forest management maps were digitized and composited from 

scanned American Forest Management (AFM) maps rectified to road maps and satellite images with 

UTM/WGS84 map projection for the study site from 1980 to 2011. The products of a yearly forest 

disturbance map from Landsat time series stack vegetation change tracker (LTSS-VCT) [34] were 

prepared for the study area (see details in [32]). 

In addition, with an AmeriFlux tower located in the HF study site, various climate data were collected 

from 1987, including daily air temperature, total precipitation, wind speed, etc. The soil near the 

AmeriFlux tower consists with 50.35% sand, 33.75% silt, and 15.9% clay. From autumn of 1999, soil 

moisture, temperature and salinity were collected by five Hydra-Vitel probes and thermistors buried at 

depths of ~5 cm, 10 cm, 20 cm, 50 cm, and 100 cm.  

3. Methodology 

Sensitivity analysis in this study includes three steps: incidence angle effect reduction, soil moisture 

effect reduction, and determination of sensitivity to forest biomass (Figure 2). First, a theoretical model 

and field measurements are employed to illustrate the relationship between SAR backscatter and forest 

biomass. Then, an empirical model is applied to reduce incidence angle effects on SAR backscatter. The 
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influence of soil moisture on SAR backscatter is analyzed through in-situ soil moisture and field biomass 

studies. A cross-image normalization procedure is used to lessen the environmental effect on SAR 

backscatters. Lastly, the sensitivity of SAR backscatter to biomass is determined using normalized SAR 

data and field measurements. 

 

Figure 2. Flowchart of SAR data processing and sensitivity analysis. 

3.1. Sensitivity of SAR Backscatter to Biomass 

We employed a theoretical model to show the sensitivity of L-band SAR backscatter to forest 

biomass. ZELIG [35] is an individual tree-based forest gap model with the ability to simulate a forest 

ecosystem with complex species composition over a long period. Driven by temperature and 

precipitation data, as well as growth and environmental response parameters of each tree species and 

soil characteristics [36], the model was parameterized for the Howland Forest [37]. The outputs of the 

ZELIG model are forest stand parameters, including biomass density, forest height and leaf area index 

(LAI), and the size of each tree. Then, a radar model that simulated L-band radar backscatter of PolSAR 

data was implemented based on the output of the ZELIG model [18,38]. A look-up table (LUT) was 

generated from the physical-based forest backscatter model and was used in this study. 

Based on model simulations as well as field measurements, the relationship between SAR backscatter 

and forest biomass is strong (Figure 3). However, the SAR backscatter has a wider dynamic range when 

the level of biomass density is high. The simulated SAR attributes for co-polarization (HH) and cross-

polarization (HV) were plotted as a function of simulated forest biomass from the look-up table, where 

different soil types reflected differences in the hydrological condition related to soil moisture and ground 

roughness [36,38]. The SAR backscatter data from airborne (UAVSAR) and spaceborne observations 

(PALSAR) were plotted as a function of field measured biomass (Figure 3, in blue circles). The figure 

shows that when biomass increases from 0 to 50 Mg·ha−1, the backscatter ranges from −20 dB to −13 dB 

(~7 dB) at HV polarization, and from −14 dB to −9 dB at HH polarization (~5 dB). This is consistent 

with conclusions in the aforementioned literature that HV is more sensitive to forest disturbance than 
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HH; and that HV is sensitive to structures of post-disturbance tree regrowth, while HH is more sensitive 

to moisture content of the soils. 

 

Figure 3. SAR backscatter as a function of forest aboveground biomass from model 

simulation and remote sensing observations. Simulations from ZELIG are plotted with 

(a) PALSAR HH, (b) PALSAR HV, (c) UAVSAR HH, and (d) UAVSAR HV.  

ADAMS-WESTBURY are the different types of soil based on drainage and taxonomic 

classification [36]. 

The above analysis indicates that changes in forest biomass after disturbance are detectable from SAR 

backscatter. However, many factors other than the change in forest structure and biomass, such as radar 

incidence angle and surface conditions, also affect the radar backscattering. The influence of these 

factors will be discussed in the following sections. 

3.2. Incidence-Angle-Based Correction for Airborne SAR Backscatter  

Numerous studies have indicated that incidence angle variations lead to changes in backscatter [18,19], 

and that a model-based correction was effective in reducing IA influence on SAR backscatters [39,40]. Thus, 

for airborne SAR data (AIRSAR and UAVSAR), two sets of empirical models incidence angle correction 

were developed: 
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HH and HV polarization: 

(cos / cos )o o n
raw c c       (1)

VV polarization: 
( / )o o n

raw c c       (2)

where ߪ௥௔௪௢  is the raw backscatter before correction, θc is the radar incidence angle at the center of the 

image, θ is the local incidence angle, and n is the power exponent coefficient with a range of [1,2] 

determined by target attributes. The local incidence angle is defined as the angle between the radar  

line-of-sight and the local vertical with respect to the geoid. If topography is gentle (i.e., slope near zero), 

then local incidence angle can be assumed equal to incidence angle.  

Then, the correction models are applied to all pixels: 

HH and HV polarization:  

(cos / cos )o o n
corr raw c       (3)

VV polarization: 

raw c( / )o o n
corr       (4)

where σ௖௢௥௥௢  is the corrected radar backscatter. 

3.3. Sensitivity of SAR Backscatter to Soil Moisture and Cross-Image Normalization 

To study the effect of surface environments such as soil moisture (SM) on changes in SAR 

backscatter, the relationship between SAR signatures and soil moisture for the period of 2007–2010 over 

the selected stands was analyzed. Based on the forest management map, SAR signatures near the 

AmeriFlux tower (S1, near-mature forest with biomass > 200 Mg·ha−1) and near the non-forested area 

(S2, clear-cut with biomass < 10 Mg·ha−1) were extracted from PALSAR collected during the growth 

season (May to October in 2009). The relationship between SAR signatures and soil moisture is analyzed 

for the period of 2007–2010 (Figure 4).  

A conceptual diagram of the cross-image normalization is shown in Figure 4. The existence of radar 

“saturation” and different mechanisms related to soil and canopy vegetation were utilized to conduct the 

cross-image normalization for multi-temporal and multi-sensor SAR data. Model simulations [38] have 

indicated that SAR backscatter from soil is stronger than that from canopy in low biomass area (i.e., 

non-forested areas), but weaker in high biomass areas (i.e., near-mature forest). The objective of the 

normalization was to produce SAR signatures, acquired from different times and/or by different sensors, 

with similar patterns with regard to their backscatter–biomass relationship. 
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Figure 4. Conceptual diagram of cross-image normalization. Figure units are power domain 

(m2·m−2) for backscatter (σ), and density per hectare (Mg·ha−1) for biomass; S1 is the saturation 

point in a near-mature forest; S2 is the maximum soil effect point in a non-forested area. Dashed 

blue line (Veg) is the fitted backscatter versus biomass received from vegetation canopy without 

soil influences in theory; Brown dashed and dotted lines are backscatter from soil surfaces. Green 

dotted lines are backscatter from vegetation canopy plus soil. ①–③ denotes backscatter from 

data with different surface and soil moisture conditions. 

The following two-step normalization was developed for both airborne and spaceborne SAR data. 

First, the one-point normalization makes use of the saturation point at higher levels of biomass  

(near-mature forest). The first step of the normalization can be expressed as: 

1 1( / )o o o o
o S t S o o      (5)

where σ௢௢ (sigma naught) is the original SAR backscatter before normalization. Both ߪௌଵ௧
௢  and ߪௌଵ௢

௢  are 

the SAR backscatter of a near-mature forest (S1) from the target (S1t) or reference image and the  

original image (S1o) that need to be normalized. The variables ߪௌଶ௧
௢  and ߪௌଶ௢

௢  are the SAR backscatter of 

the non-forested area (S2) from the target (S2t) or reference image and the image (S2o) that need to be 

normalized. 

Then, the two-point normalization is applied to reduce the environmental effect of the soil component 

by subtracting it from the total signature. Normalized SAR backscatter after the second step of 

normalization (σ௢ᇳ௢) can be expressed as:  
o o o

o o

o o
oa b

    

   
 (6)

where Δσo is the difference between SAR backscatter at two different soil moisture conditions, and the 

coefficients a and b are derived from linear fitting of the data: 
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1 2 1 2

1 1 2 1 2 1

1 1 1 2 2 2

( ) / ( )

( ) / ( )

,

S S S o S o

S S S S o S o S o

S S t S o S S t S o

a

b

      

         

          

 (7)

where σୗଵ୲
ᇱ  and σௌଵ௢

ᇱ  are the target and the original SAR backscatter, respectively, of mature forest (S1) from 

Equation (3). The variables σௌଶ௧
ᇱ and σௌଶ௢

ᇱ are the target and the original SAR backscatter of the  

non-forested area (S2) from Equation (3). Finally, Δσௌଵ and Δσௌଶ  are the differences between SAR 

backscatter of the near-mature forest and the non-forested area under two different soil moisture conditions. 

Stands with select-cut and clear-cut trees were selected with assistance from the forest management 

map (Figure 5) to test the proposed normalization algorithm, and to analyze the sensitivity of normalized 

changes in backscatter to forest biomass over time. Figure 5a shows the selected plots on the AIRSAR 

image (7 October 1994). Figure 5b shows the forest management map of logging activities from 1984 to 

2011, where patches with different colors denote types and years of the disturbance. To make the 

management map comparable to the SAR images, the disturbances were reclassified into plantation before 

1994 (1984–1993), plantation after 1994 (1994–1995), natural regrowth after prior clear-cut, select-cut 

and strip-cut events (1984–1993), and recent select-cut (1994–1908). 

 

Figure 5. (a) Selected plots on AIRSAR image (10/07/1994, R: HH, G: HV, B: VV), and 

(b) Forest management map of the study site. Pink polygon is near-mature forest; dark blue 

polygon is the outline of the reserve area. Solid line polygons with labels (i.e.,  

PLT89 = plantation in 1989; CC86 = clear-cut in 1986; STC92 = strip-cut in 1992;  

SHL08 = shelterwood harvest in 2008) are the plots selected for sensitivity analysis; S1 is 

the saturation point in a near-mature forest (biomass > 200 Mg·ha−1); S2 is the maximum 

soil effect point in a non-forested area (biomass < 10 Mg·ha−1). 
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3.4. Regression Model for Forest Biomass Mapping 

Forest biomass values are related to SAR backscatter (ߪ௣௢) as: 
o( )AGB e pa b   (8)

where σ௣௢  represents the backscatter value (i.e., sigma naught) at different polarizations (i.e., HH, HV) 

and a and b are the exponential coefficients. To improve the fitting process, we estimated coefficients 

using a linear regression: 
o
py a b    (9)

where y = ln(biomass) and a and b are the linear coefficients. 

We assessed the regression models using leave-one-out cross-validation (LOOCV) performed with 

R (Version 2.14.2) [41]. The predicted values were regressed against the field-measured values to 

quantify the accuracy of the model using statistical indicators such as root mean square error from  

cross-validation (RMSECV), relative error of RMSEcv (RMSEcv%), and coefficient of determination (R2). 

The LOOCV is an effective solution to evaluate the regression models with a small number of samples 

(i.e., <30) to test the model [42]. The general procedure of LOOCV is described as follows:  

(1) Select observation i to form a test set (i.e., n independent observations y1, … , yn) and fit the model 

using the remaining data. Then, compute the predicted residual for the omitted observation: 

ii
*
i yye

  (10)

(2) Repeat step 1 for i = 1, … , n. 

(3) Compute the RMSE from ݁ଵ
∗, … ,	݁௡∗ , which is called RMSEcv. 

The ratio of RMSEcv to mean observed value is also calculated:  

y

RMSEcv
RMSEcv (%)  (11)

where ݕത is the mean biomass. 

4. Results 

4.1. Sensitivity of SAR Backscatter to Incidence Angle 

The correction models and coefficients of determination derived from UAVSAR data for three 

polarizations are given in Table 2. Cosine models were applied to normalize backscatter at HH and HV 

polarization, and a linear model was used to normalize backscatter at VV polarization. A plot of SAR 

backscatter data as a function of incidence angle (Figure 6) illustrates the trend of SAR backscatter 

before and after the incidence angle based radiometric correction. Before correction, there are significant 

decreasing trends along the incidence angle for both AIRSAR (Figure 6a) and UAVSAR (Figure 6c). 

After incidence angle correction, the overall trends of backscatter along the incidence angle were mostly 

removed (Figure 6c,d). Although there is a slightly decreasing trend from 20°–30°, the corrected sigma 

values stayed relatively stable (<1 dB variation) from 30°–60° in all three polarizations (i.e., R: HH,  

G: HV, B: VV).  
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Table 2. Correction model parameters and coefficients of determinant for three polarizations. 

Polarization Correction Model n R
2
 

HH 
raw(cos / cos )o o n

corr raw c       
1.5940 0.9733 

HV 1.5250 0.9665 

VV raw c( / )o o n
corr raw       −1.3293 0.9777 

 

Figure 6. Mean backscatter in three polarizations (R: HH, G: HV, B: VV) as a function of 

incidence angle. AISSAR data acquired on 7 October 1994 before (a) and after incidence 

angle normalization (b); UAVSAR data acquired on 5 August 2009 before (c) and after 

incidence angle normalization (d). 

4.2. Sensitivity of SAR Backscatter to Soil Moisture 

Two plots with field measurements taken in 2009 were selected to study the sensitivity of backscatter 

to soil moisture (Figure 7). Soil water fraction by volume (WFV) was collected at 5 cm depth from the 

Main Tower, Howland. The SAR backscatter was extracted from PALSAR data collected during the 

2007–2010 growing seasons with incidence angle ranging from 37°–40°. Scatter plots show an increase 
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in backscatter with increasing soil moisture at HH polarization for the low biomass plot (Figure 7b). A 

correction of radiometric distortion due to different soil moisture conditions is possible.  

 

Figure 7. Mean backscatter (dB) plotted versus soil water fraction by volume (%). (a) high 

biomass band, and (b) low biomass stand. 

4.3. Sensitivity of Normalized SAR Backscatter to Forest Biomass 

A two-step normalization was conducted on both airborne and spaceborne SAR data. First, 

spaceborne SIR-C data obtained on 13 April (PR12331) and 4 October (PR47494) 1994 were chosen to 

test the effectiveness of the proposed algorithm. Specifically, the SIR-C/XSAR data acquired in April 

were normalized to the data acquired in October. Changes in backscatter from the two  

SIR-C/XSAR scenes were illustrated for selected plots (Figure 8). The patch of forest near the flux tower 

was selected as the saturation point (S1), and the clear-cut patch of (CC86) with no canopy in 1994 was 

selected as the low biomass point (S2). The two selected scenes had similar sensor conditions (i.e., same 

looking direction and incidence angle). However, environmental conditions changed from April to 

October, including a temperature increase from 5.5 °C– to 21.6 °C, and an increase in surface soil 

moisture. The soil surface was very wet in April not only due to cumulative rainfall that fell three to 

seven days prior to the SAR acquisition, but also due to the presence of snow. While rainfall totals were 

higher in October two weeks prior to the SAR acquisitions (76 mm vs. 50.9 mm, Table 1), melting snow 

and lower air temperature in April would have resulted in higher surface moisture. In fact, field crews 

in 1994 reported running water (small streams and ponds) at numerous locations in the forest.  

Finally, deciduous trees had not yet leafed out in April, while deciduous trees had retained their leaves 

in October, suggesting that sap flow (and thus stem dielectric properties) would have been lower in April 

than in October. 
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Figure 8. Changes in SAR backscatter (HV) from SIR-C/XSAR 1994 for selected plots; 

(a) before normalization, and (b) after normalization. 

 

Figure 9. Changes in SAR backscatter (HV) from 1989–2009 at represented plots (a–d). 

(a,c) are values before and after normalization from the airborne data (AIRSAR 2 September 

1989, 7 October 1994, and UAVSAR 5 August 2009), while (b,d) are values from the 

spaceborne data (SIR-C/XSAR 4 October 1994, and PALSAR 30 August 2009). 
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Before the normalization, we saw an increasing trend of backscatter (~2 dB) for all plots from April 

to October due to the changes in environmental conditions (a). After normalization, the trend was 

removed for most plots (i.e., S1, S2, and PLT89), and reduced for the select-cut plots (i.e., SHL08 and 

STC89) with subtle changes (<1 dB). The proposed two-step normalization algorithm successfully 

removed 50%–100% of the effects of environmental conditions on SAR backscatter. Therefore, the 

following section analyzes the sensitivity of normalized changes in backscatter to forest biomass over 

time using multi-source SAR data. 

Changes in multi-sensor SAR backscatter over time were analyzed for selected plots. Airborne AIRSAR 

data from 1989 and 1994 were normalized to UAVSAR data in 2009. Spaceborne SIR-C data from October 

1994 were normalized to PALSAR data from 2009. As expected, the change in biomass with time varies 

for different types of forest disturbance (Figure 9). Whole-stand disturbance (plantation after clear-cut) 

before the 1990s (PLT89) could be effectively detected by its backscatter signature. Plantation (PLT89) 

and natural recovery (CC86) are good examples to show post-disturbance recovery from clear-cut events 

before the 1990s. On the other hand, changes after partial-stand disturbance (i.e., shelterwood-harvest and 

strip-cut) could be detected by SAR signatures only under certain conditions. The strip-cut stand, which 

occurred in the 1990s (STC92), shows a relatively slow recovery rate, which is not sensitive to SAR 

signatures. However, the decrease of biomass from the shelterwood-cuts between 1994 and 2009 (e.g., 

SHL08) is detectable. For example, SHL08 means the first entry was in 1998 and the second entry was 

in 2008, when each time ~1/3 of the total biomass was removed. Previous model simulation [20] showed 

that when the radar looks perpendicular to the strip-cut direction, the radar signature does not change 

significantly. Meanwhile, the reason for the radar not being able to detect the regrowth may be that the 

radar signal after the strip-cut was still strong. 

4.4. Mapping Changes of Forest Biomass from SAR Backscatter 

Exponential regression models were derived from field measured biomass at the 1.0-ha plot-level and 

SAR backscatter data at HV polarization (Figure 10) with 95% confidence intervals shown. Specifically, 

two models were developed: the PALSAR HV (a) model for spaceborne SAR data (SIR-C and PALSAR), 

and the UAVSAR HV (Figure 10b) model for airborne SAR data (AIRSAR and UAVSAR). Confidence 

intervals for both PALSR and UAVSAR are narrow at a lower range of biomass (0–100 Mg·ha−1) but 

become wider at a higher range (>100 Mg·ha−1). The models were applied to the corresponding SAR data, 

and biomass maps were generated at 100 m spatial resolution for the study site.  

Changes of biomass (green to red color) from 1994–2009, derived from cross-image normalized 

multi-source SAR data at the HF site were mapped (Figure 11a, b), with the reclassified disturbance 

maps on the right (Figure 11c). A 100 m pixel size was used for biomass mapping. Most of the biomass 

changes derived from both spaceborne and airborne sensors are consistent with the forest disturbance 

patterns detected by the LTSS-VCT product. Specifically, both change maps show recent disturbance as 

well as regrowth after disturbance (highlighted by red and green colors in Figure 11c). In addition, results 

from airborne SAR systems (UAVSAR (2009 data) and AIRSAR (1994 data)) indicate more detailed 

changes in biomass than those from spaceborne systems (PALSAR (2009 data) and SIR-C (1994 data)). 

This is caused by the differences in the spatial resolution of SAR data. Airborne SAR data have a higher 
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spatial resolution (i.e., 6 m for UAVSAR, and 10 m for AIRSAR) than spaceborne SAR data (i.e., 20 m 

for PALSAR, and 12.5 m for SIR-C/XSAR). 

 

Figure 10. Field-measured biomass as an exponential function of SAR backscatter. 

(a) PALSAR HV, (b) UAVSAR HV; the Y-axis shows the field-measured biomass density 

at the 1.0 ha plot-level, and X-axis shows SAR backscatter at HV polarization in decibel 

(dB); red solid line is the prediction curve; blue dashed lines indicate the 95% confidence 

intervals for the predictions. 

 

Figure 11. Change in biomass for HF site using cross-image normalized multi-source SAR data. 

(a) 2009PALSAR-1994SIR-C at 100 m spatial resolution, (b) 2009UAVSAR-1994AIRSAR at 

100 m spatial resolution, and (c) reclassified year disturbance derived from LTSS-VCT 

product at 30 m spatial resolution. Different colors represent reclassified groups: prior to 1984 

(yellow), between 1984 and 1993 (green), and between 1994 and 2008 (red), respectively. 

5. Discussion 

Our objectives were to investigate the influence of incidence angle (IA), soil moisture (SM), and 

changes in forest biomass on SAR backscatter. Knowledge from these analyses forms the basis for the 

cross-image normalization. Results from both spaceborne- and airborne-systems demonstrated that 
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normalization ensured the derived biomass of regrowth forests was cross-calibrated, making the 

detection of biomass changes from multi-source SAR data possible. The forest biomass in the study area 

was mapped using multi-sensor SAR data from 1994 and 2009, and changes in biomass were derived 

for a 15-year period with both airborne and spaceborne systems.  

Results from airborne systems indicated that the influence of IA on SAR backscatter could be reduced 

to less than 1 dB using an empirical model (Figure 6). We chose an empirical method for incidence angle 

correction because it is efficient and only needs basic sensor parameters (i.e., near range distance, 

instrument height, incident angle at near range and slant range resolution). Thus, this procedure was 

suitable for the study area, which has a relatively flat topography and limited information in terms of 

sensor parameters in the archived data (AIRSAR). However, a more advanced radiometric correction 

that integrates terrain variations [43] should be applied in regions with large terrain variation to improve 

the precision of the correction. 

Second, the sensitivity of SAR backscatter to soil moisture was analyzed via spaceborne PALSAR 

data and in situ measurements from April 2007 to October 2010. A cross-image normalization procedure 

was used to reduce the influence of environmental and acquisition conditions among multi-source SAR 

data. This procedure successfully reduced the temporal changes in backscatter for SIR-C/XSAR data 

collected between April and October 1994 by 50%–100% (Figure 8). Assuming that surface roughness 

was the same in April and October, increased surface wetness would have increased direct backscattering 

from soil and double-bounce backscattering. More sap flow and higher temperatures in October 

increased the dielectric constant of the tree trunks, increasing direct backscatter from the trunk and the 

trunk-ground double bounce. A further application to multi-sensor SAR data indicated that the proposed 

procedure successfully reduced radiometric distortions due to different acquisition conditions (Figure 9). 

We chose near-mature forest stands and non-forested area because they met the requirements for high 

and low biomass in the conceptual diagram (Figure 4). Future work needs to incorporate physical-based 

models and develop according normalization algorithms. 

In addition, the influence of incidence angle and soil moisture depends on the area and location of the 

study area. For instance, previous studies suggest that correction of the incidence angle effect is essential 

for a study area with a range of incidence angle greater than 10° across the landscape [39]. The effects of 

soil moisture will become more important as a study area approaches national to continental scale because 

of the increasing spatial variation in soil moisture. However, current soil moisture products derived from 

interpolation of meteorological station data or available satellite observation have limited spatial and 

temporal resolution. For example, the Aqua Advanced Microwave Scanning Radiometer-EOS (AMSE-E) 

has a nominal spatial resolution of 25 km [23], which is beyond the scale of our study site. The relationship 

between SAR backscatter and soil moisture for the forested and non-forested areas is still under exploration 

because of limited observational as well as high-temporal SAR data.  

Third, the ability to detect forest biomass reduction and regrowth using SAR backscatter also depends 

on numerous other factors such as the level of disturbance, model uncertainties, radar looking directions, 

forest structures, trunk dielectric properties, and tree species. Forest recovery from whole-stand 

disturbance (>50% removal), such as natural regrowth and plantation after clear-cut events, could 

effectively be detected by backscatter signatures. Depending on the magnitude of change and radar 

looking direction, the recovery from partial-stand disturbance (shelterwood harvest and strip-cut with 

<50% removal) was not always captured by SAR signatures. Uncertainty in biomass estimation from 
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single-date models will affect this ability. We were able to detect changes for pixels with changes greater 

than 100 Mg·ha−1 or above 50% of 150 Mg·ha−1, although with a ~50 Mg·ha−1 prediction error from the 

model. This is consistent with our analysis of selected plots (Figure 9), indicating that the level of 

disturbance has an influence on SAR detection ability. A previous study [13] had mentioned the effect 

of forest structure and tree species composition on the biomass estimation. The model developed for 

biomass mapping in this study did not take these effects into account because of a relatively simple 

species composition in the study area. However, we still recommend considering structure and species 

effects in areas with more complicated composition.  

Lastly, previous studies have indicated that a combination of multiple observations could improve 

the accuracy of biomass estimation from SAR data because multiple images provide more samples and 

using them together could reduce the radar speckle noise [44,45]. For example, Zhang [44] indicated 

that models developed using multi-direction SAR backscatters (i.e., left and right look) achieved the best 

performance in estimating forest biomass. Englhart et al. [45] demonstrated that regression models 

developed from multiple observations with multiple frequencies such as SAR data from PALSAR  

(L-band) and TerraSAR-X (X-band) are more accurate than regression models developed from single 

observations. There is a trade-off between pixel size and the ability to detect disturbance. Therefore, for 

biomass estimation, the data were resampled to a 100 m resolution, and a mean value was calculated for 

each cell so that it was large enough to reduce the speckle noise in the SAR data used in this study. 

Airborne SAR data (i.e., UAVSAR and AIRSAR) with higher spatial resolution revealed more detail 

than spaceborne data (i.e., PALASAR and SIR-C) in terms of changes in forest biomass. 

6. Conclusions 

This study analyzed the sensitivities of multi-temporal and multi-sensor SAR signatures to forest 

biomass, and applied an exponential regression model for mapping changes in forest biomass over a  

15-year period at medium spatial resolution (100 m) using multi-source spaceborne and airborne SAR 

data. Results from this study improved our knowledge about L-band SAR’s capability to monitor forest 

ecosystem disturbance and post-disturbance recovery. Findings from this study indicate that the use of 

a correction model can reduce incidence angle effects on SAR backscatter to less than 1 dB, and that 

cross-image normalization can reduce the effect of soil moisture on changes in backscatter to less  

than 50%. Thus, the changes in forest biomass greater than 100 Mg·ha−1 or above 50% of 150 Mg·ha−1 

are detectable using cross-normalized SAR data. 

Several current and future spaceborne SAR systems will continue to provide data for these types of 

studies. The ALOS PALSAR-2 was launched in 2014 providing high resolution (10 m) and a 14-day 

repeat cycle to monitor forest carbon changes. The NASA-ISRO Synthetic Aperture Radar (NISAR) 

mission, which is designed to carry an L-band and S-band SAR to study hazard and global environmental 

change, is set to launch in 2020. Future soil moisture products with better spatial resolution (3 km) will 

be available from the Soil Moisture Active Passive (SMAP, launched in 2015) mission, which will 

improve biomass predictions from SAR data by reducing the effects of surface wetness. Findings from 

this study will provide calibration and validation methods as the foundation for improving the 

performance of current and future spaceborne systems.  
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