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Improved monitoring of forest biomass is needed to quantify natural and 

anthropogenic effects on the terrestrial carbon cycle. Landsat’s temporal and spatial 

coverage, fine spatial grain, and long history of earth observations provide a unique 

opportunity for measuring biophysical properties of vegetation across large areas and 

long time scales. However, like other multi-spectral data, the relationship between 

single-date reflectance and forest biomass weakens under certain canopy conditions. 

Because the structure and composition of a forest stand at any point in time is linked 

to the stand’s disturbance history, one potential means of enhancing Landsat’s spectral 



relationships with biomass is by including information on vegetation trends prior to 

the date for which estimates are desired.  

The purpose of this research was to develop and assess a method that links field data, 

airborne lidar, and Landsat-derived disturbance and recovery history for mapping of 

forest biomass and biomass change. Our study area is located in eastern Oregon (US), 

an area dominated by mixed conifer and single species forests. In Chapter 2, we test 

and demonstrate the utility of Landsat-derived disturbance and recovery metrics to 

predict current forest structure (live and dead biomass, basal area, and stand height) 

for 51 field plots, and compare the results with estimates from airborne lidar and 

single-date Landsat imagery. To characterize the complex nature of long-term (insect, 

growth) and short-term (fire, harvest) vegetation changes found in this area, we use 

annual Landsat time series between 1972 and 2010. This required integrating Landsat 

data from MSS (1972-1992) and TM/ETM+ (1982-present) sensors. In Chapter 2, we 

describe a method to bridge spectral differences between Landsat sensors, and 

therefore extent Landsat time-series analyses back to 1972. In Chapter 3, we extend 

and automate our approach and develop maps of current (2009) and historic (1993-

2009) live forest biomass. We use lidar data for model training and evaluate the results 

with forest inventory data. We further conduct a sensitivity analysis to determine the 

effects of forest structure, time-series length, terrain and sampling design on model 

predictions. Our research showed that including disturbance and recovery trends in 

empirical models significantly improved predictions of forest biomass, and that the 

approach can be applied across a larger landscape and across time for estimating 

biomass change.  
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Remote Sensing of Forest Biomass Dynamics With Landsat-derived 

Disturbance and Recovery History and Lidar Data 

 Chapter 1 – Introduction 

Forest biomass plays a key role in the terrestrial carbon cycle (Houghton et al. 

2009). Forests account for 80% of the global plant biomass, from which 70-80% is 

allocated aboveground (Chapin et al. 2002). Carbon uptake by forests may have 

contributed to a terrestrial carbon sink of 2.6 Pg C year
-1

 in the 1990s, which is 

equivalent to about 33% of anthropogenic carbon emissions from fossil fuel and land-

use change (Denman et al. 2007). However, the exact nature and distribution of 

terrestrial carbon stores and sinks is highly uncertain. To project the future ability of 

forests to offset anthropogenic carbon emission a better understanding of the 

individual effects and feedbacks of natural processes (climate, disturbances) and 

human actions (land-use, land-use change, pollution) on the global carbon budget is 

needed. This will require biomass observations on spatial and temporal scales much 

more finely resolved than currently available. Quantifying forest biomass requires 

intensive field measurements, but these are time-consuming and difficult to 

implement, particularly in remote regions. Consequently, there is great incentive to 

augment field measurements with remote sensing.  

The capability to measure forest biomass remotely and consistently over large 

areas greatly varies with the type of instrument and the platform it is carried on (e.g. 

airborne or satellite). Passive optical sensors onboard satellites form the basis for 

much of the current regional and global scale vegetation mapping. Their wide spatial 
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coverage of repeated land observations allows for facile monitoring of large areas. 

Passive sensors record solar radiation reflected by vegetation canopies, which is 

empirically related to biomass. However, the relationship between canopy reflectance 

and biomass is diminished in closed canopies, limiting the value of passive optical 

sensors for mapping high biomass forests. Active sensors, which emit and record 

energy in the microwave (radar) or near-infrared (lidar) portion of the electromagnetic 

spectrum, have demonstrated a demonstrated ability to estimate forest biomass more 

accurately than passive sensors (Lefsky et al. 2002; Treuhaft et al. 2004). To-date, 

lidar (light detection and ranging) provides the most accurate estimates of forest 

biomass, and the signal does not saturate in high biomass densities (demonstrated for 

up to 1300 Mg ha
-1

, Lefsky et al. 2002). However, currently there is no vegetation-

relevant lidar mission in space, and airborne sensors do not provide the repeated, 

spatial coverage needed for large area biomass monitoring. It is, therefore, unlikely 

that a single sensor can provide the data requirements for regional and global biomass 

monitoring. The purpose of this research was to develop and test a method that links 

field data, airborne lidar, and passive optical satellite imagery for mapping of forest 

biomass and biomass change. 

In this research we developed a new approach that enhances the relationship 

between passive optical satellite data and biomass by including temporal-spectral 

information prior to the date of interest. Forest biomass at any point in time is a 

function of the disturbance and recovery history (and environmental factors) (Franklin 

et al. 2002). Thus, combining spectral data with knowledge of disturbance history in 
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empirical models should improve prediction accuracy of biomass. In this research, we 

used yearly Landsat times series (1972-2010) to characterize historic vegetation 

changes. The advantages of Landsat are several, including a spatial resolution that 

captures the fine grained patterns of land-cover and land-use change, a long history of 

widespread use and research (Cohen 2004), and a data record going back to 1972.  

Landsat’s long record has been used to map stand-replacing disturbances as 

discrete events (Cohen et al. 2002), and recently to describe vegetation trends on a 

continuous scale (Kennedy et al. 2007; Schroeder et al. 2006). Most studies that 

quantified continuous vegetation changes, however, have been limited to Landsat TM/ 

ETM+ sensor data and thus to time periods between 1984-present. Extending the 

analysis further back into the past could provide greater richness of historical data, but 

required bridging the technological gap between Landsat TM/ETM+ and historic MSS 

(Multi-Spectral Scanner) data that begin in 1972. In Chapter 2, we describe an 

approach that integrates MSS and TM/ETM+ time series. We characterized 

disturbance and recovery (DR) trends for 51 field plots distributed across a mixed 

conifer forest in eastern Oregon (US). We developed regression models between field 

data (biomass, basal area, height) and Landsat-derived DR metrics and tested their 

prediction accuracy against models based on single-date Landsat data and also against 

lidar-based models. Chapter 2 served three main goals: 1) integrate MSS and 

TM/ETM+ time series, 2) test the utility of DR metrics derived from spectral profiles 

of annual Landsat time series for estimating forest structure, and 3) develop a high-
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resolution biomass map from lidar data that can be used to calibrate Landsat models in 

the following chapter. 

In Chapter 3, we build on our previous work and assess the utility of the DR 

approach for regional mapping of forest biomass and biomass change. Characterizing 

DR across a larger region required the use of an automated trajectory-fitting algorithm 

(Kennedy et al. 2010). We calculated DR metrics from the derived trajectories, based 

on our previous work, but we refined them to more fully characterize forest recovery 

processes. We assessed the robustness of the DR approach across a wide range of 

forest structure types and disturbances using a lidar-based biomass map for model 

calibration and assessment. We tested the effect of sampling density, terrain and time-

series length on the prediction accuracy of DR models. The sensitivity analysis and an 

evaluation with forest inventory data provided a greater understanding of the 

advantages and limitations of the DR approach to derive regional maps of biomass and 

biomass change. The results are useful for the application of the presented approach to 

other forest systems, and underscore the value of lidar for scaling between field and 

Landsat data.  
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ABSTRACT 

Lidar is currently the most accurate method for remote estimation of forest 

structure, but it has limited spatial and temporal coverage. Conversely, Landsat data 

are more widely available, but exhibit a weaker relationship with structure under 

medium to high leaf area conditions. One potentially valuable means of enhancing the 

relationship between Landsat reflectance and forest structure is to incorporate Landsat 

spectral trends prior to a date of interest. Because the condition of a forest stand at any 

point in time is linked to the stand’s disturbance history, an approach that directly 

leverages the temporal information of Landsat time series should improve estimates of 

forest structure. The main objective of this study was to test and demonstrate the 

utility of disturbance and recovery metrics derived from spectral profiles of annual 

Landsat time series (LTS) to predict current forest structure attributes (as compared to 

more traditional approaches, including airborne, discrete return lidar and single-date 

Landsat). We estimated aboveground live biomass (AGBlive), dead woody biomass 

(AGBdead), basal area (live and dead), and Lorey’s mean stand height for a mixed-

conifer forest in eastern Oregon, USA, and compared the results with estimates from 

lidar and single, current-date Landsat imagery. Annual time-series stacks for the entire 

Landsat record (1972-2010) were obtained to characterize all long-term (insect, 

growth) and short-term (fire, harvest) vegetation changes that occurred during that 

period. This required the additional objective of integrating Landsat data from MSS 

and TM/ETM+ sensors, and we describe here our approach. To extract spectral 
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trajectories and change metrics associated with forest disturbances and recovery we 

applied a temporal segmentation to the calibrated time series. 

Lidar predicted forest structure of live trees most accurately (e.g. AGBlive: 

R
2
=0.88, RMSE=35.3 Mg ha

-1
). However, LTS metrics significantly improved model 

predictions (e.g. AGBlive: R
2
=0.80, RMSE=46.9 Mg ha

-1
) compared to single-date 

Landsat data (AGBlive, R
2
=0.58, RMSE=65.1 Mg ha

-1
). Conversely, distributions of 

AGBdead were more strongly associated with disturbance history than current structure 

of live trees. As a result, LTS models performed significantly better in estimating 

AGBdead (R
2
=0.73, RMSE=31.0 Mg ha

-1
), than lidar models (R

2
=0.21, RMSE=43.8 

Mg ha
-1

); and single-date Landsat data failed completely (R
2
=0, RMSE=47.8 Mg ha

-1
). 

Further, LTS metrics that integrated disturbance and recovery history over the entire 

time series generally predicted AGBdead better than metrics describing single events 

only (e.g. the greatest disturbance). This study demonstrates the unique value of the 

long, historic Landsat record, and suggests new potentials for mapping current forest 

structure with Landsat.  

1.  INTRODUCTION 

Accurate spatial estimates of forest structure are required for a broad range of 

ecological applications including studies of the terrestrial carbon cycle (Houghton, 

2005) and research on wildlife habitat and biodiversity (Bergen et al., 2009). Because 

forest structure is highly variable in space and time, there is great interest in estimating 

key parameters using remote sensing. Lidar is currently the most accurate sensor 

technology to achieve this task. There are numerous studies that have demonstrated 
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that lidar can accurately estimate forest height and aboveground biomass (Drake et al. 

2003; Lefsky et al. 1999), and a variety of other ecologically imporant variables such 

as leaf area index (Zhao & Popescu, 2009), vertical vegetation strata (Morsdorf et al., 

2010), succession stages (Falkowski et al, 2009), and canopy structure (Lefsky et al., 

1999; Andersen et al, 2005). As a result, the availability of airborne lidar data is 

rapidly increasing, but the costs associated with acquisition, data storage and 

processing are high. Lidar data from spaceborne sensors that meet the measurement 

requirements for vegetation studies (Hall et al., 2011) will not be available in the near 

future. Therefore, alternative approaches that include other remote sensing data, e.g. 

passive optical, are needed.  

Estimating forest structure variables with Landsat and other multi-spectral 

sensors has been a research topic of great interest (e.g. Cohen and Spies 1992, Hall et 

al. 2006, Powell et al, 2010). The advantages of Landsat are several, including a 

spatial resolution that captures the fine-grained patterns of land-cover and land-use 

change associated with land management, a long history of widespread use and 

acceptance (Cohen and Goward 2004), and a data record going back to 1972. 

However, the sensitivity of Landsat and other passive optical sensors to discriminate 

vertical structure is limited (e.g. Lu, 2006); the signal recorded by these sensors is 

known to saturate in high leaf-area forests (Turner et al. 1999).  

Current forest structure and composition is a function of disturbance history 

(Harmon et al., 1980; Spies 1989). Type and intensity of disturbance events (e.g. 

insect, fire, and harvest) affect the amount of dead woody material produced, and by 
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extension the amount of live biomass left following disturbance. Bark beetle outbreaks 

can cause widespread tree mortality that may become a large contiguous fuel base for 

subsequent fires (Parker et al., 2006). Frequency and intensity of disturbances affect 

carbon storage not only through the production of dead woody material, but also by 

affecting forest productivity when nutrient availability is limited (Gough et al., 2008). 

The concept that forest structure is influenced by disturbances and environmental 

conditions, and can be described through ecological processes of tree growth, 

mortality, and decomposition, is commonly applied in forest yield and ecosystem 

process models (Landsberg & Waring, 1997; Thornton et al., 2002). In fact, forest 

management utilizes these concepts to achieve specific, desirable structural conditions, 

either for wood production or other ecosystem services such as wildlife habitat. By 

means of silvicultural treatments such as harvest, planting, herbicide application, 

prescribed fire, humans alter forests in ways that lead to specific prescribed conditions 

(O’Hara, 2001).  

It follows that if sufficient spatial data of the disturbance and regrowth history 

can be obtained then this information could be used to map the current condition of 

forest stands for which structural information is unavailable or incomplete. There is 

growing consensus that dense time-series records are required to accurately monitor 

forest change in dynamic systems (Lunetta et al, 2004). However, it is less clear what 

kind of change metrics need to be observed to accurately characterize current forest 

conditions. Because forest age is a primary driver of forest structure in homogenous 

and managed forests, time since disturbance is frequently being used as a surrogate to 
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predict structure (Lefsky et al., 2005; Helmer et al., 2010).  However, partial 

disturbances from fire, insect, and logging can lead to more complex systems of 

uneven age-structure. Rates of forest regeneration after disturbances can be highly 

variable even for relatively homogeneous coniferous forests within similar site 

conditions (Yang et al., 2005). One potential way to improve on single age-related 

predictors is to quantify disturbance and regrowth trends across the full Landsat record 

and include information not only related to stand-replacing disturbances but also to 

long-term changes in vegetation cover (Kennedy et al., 2010). 

Landsat’s data record makes it well suited for mapping forest change, and there 

have been numerous studies on this topic. Disturbance characterization has been the 

most common usage of the Landsat archive (Cohen et al. 2002; Masek et al. 2008; 

Huang et al., 2010), with specific emphases on harvest and fire (Roder et al., 2008, 

Schroeder et al. 2011), insects (Wulder et al., 2005; Goodwin et al., 2008; Meigs et al., 

in press), and forest loss due to land use conversion (Powell et al. 2008). Other studies 

have used the Landsat archive for the purpose of understanding recent trajectories of 

forest succession, including both primary (Lawrence & Ripple, 2000) and secondary 

succession (Peterson & Nilson, 1993; Jakubauskas, 1996; Schroeder et al., 2007; 

Gomez et al., 2011). However, the focus of most studies that used Landsat time-series 

has been to quantify historic changes for retrospective analyses (e.g., Healey et al. 

2008, Kuemmerle et al., 2009) or as baseline information to establish potential future 

scenarios (e.g. Baker et al., 2004; Spies et al., 2007). There are studies that have used 

multi-temporal Landsat data to detect stand replacing disturbances, and then estimate 
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forest structure from the timing of disturbance (which is related to forest age in some 

systems as mentioned above) (Lefsky et al., 2005; Helmer et al. 2010). However, there 

have been no studies that use the long-term data record at an approximately annual 

time step to map current forest conditions by explicitly incorporating Landsat-derived 

forest disturbance and recovery trends in predictive models. 

Recent improvements of Landsat MSS data products support studies of 

historical vegetation trends back to the early 1970s. The release of the long-term 

Landsat archive for free (Woodcock et al. 2008) opened new opportunities to detect 

long-term vegetation changes with dense time-series (Huang et al., 2010; 

Sonnenschein et al., 2011, Kennedy et al., 2010), but to-date only few time-series 

studies have utilized MSS imagery (Hostert et al., 2003, Powell et al., 2008, Gomez et 

al., 2010). However, recent developments could greatly enhance the utility of MSS 

imagery for time-series analyses. In fall 2010, the USGS released new MSS data 

products with improved radiometry and geometric correction 

(http://landsat.usgs.gov/NewMSSProduct.php). MSS data are now processed with the 

Level 1 Product Generation System (LPGS), similar to TM and ETM+, and are cross-

calibrated to improve radiometric consistency across sensors. In addition, the majority 

of imagery is now available as terrain-corrected product (L1T).  

In this study, we test the hypothesis that Landsat disturbance history is a good 

predictor of current forest structure by exploring empirical relationships between field-

measurements of current forest structure and disturbance and recovery trajectories 

derived from spectral profiles of annual Landsat time series. Forest structure can be 

http://landsat.usgs.gov/NewMSSProduct.php
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described in numerous ways (Spies, 1998). Here, we focus on a few, representative 

metrics: aboveground tree biomass, basal area and height. Because lidar is the ‘gold 

standard’ for remote detection of forest structure, and because single-date Landsat data 

have been exhaustively studied for this problem, we compare the results from Landsat 

time series with results from these two other datasets. Our objectives were to:  

o Characterize forest disturbance history through the full temporal depth 

of the Landsat archive. This required integration of MSS and 

TM/ETM+ data into a single, normalized time series to obtain annual 

Landsat observations between 1972 and 2010. For our approach, it was 

necessary to improve MSS geometric registration relative to 

TM/ETM+, derive new tasseled cap coefficients for MSS data, and 

conduct scene-level radiometric normalization and pixel-level spectral 

index alignment. 

o Derive and evaluate prediction models, for a variety of forest structure 

variables, from Landsat time series, lidar, and single-date Landsat. 

Aboveground live biomass is an important variable for linkage with 

ecosystem models, but we include others, like basal area (BA) and 

height, which are important for forest management. Because dead wood 

is important for a variety of wildlife, fire behavior, and related models 

that are based on comprehensive ecosystem functional descriptions, we 

also examine predictability of aboveground dead wood.  
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2.  METHODS 

2.1.  Study area 

The study area is located in the Blue Mountains of eastern Oregon, USA, and 

covers an area of ~830 km
2
 (Figure 2-1). The region is dry, with a large range of 

average annual precipitation from 305mm to 1270mm. Elevation ranges between 

500m and 2700m. Forest types include spruce (Picea engelmannii Parry ex Engelm.) 

and grand fir (Abies grandis [Douglas ex D. Don] Lindl.) at the higher elevations, 

mixed conifer at mid elevations, and ponderosa pine (Pinus ponderosa Douglas ex P. 

Lawson & C. Lawson) at lower elevations (Franklin and Dyrness, 1988). Hardwood 

species such as black cottonwood (Populus trichocarpa Torr. & Gray), quaking aspen 

(Populus tremuloides Michx.), and willow (Salix spp.) occur mainly in the riparian 

areas and wetlands. Current forest structure of the area has been shaped by natural and 

anthropogenic disturbances, with harvest, insects, and fire as major components. 

Mountain pine beetle (Dendroctonus ponderosae Hopkins) and western spruce 

budworm (Choristoneura occidentalis Freeman) are the main causes of insect 

defoliation and mortality. Thinning harvest and frequent low intensity fire are 

common, which have created structurally and compositionally complex mixed and 

multi-aged conifer-dominated forests (Campbell et al. 1996). 



15 

2.2.  Field sampling 

Fifty-one plots were located across the study area using a stratified systematic 

sampling protocol (Figure 2-1). We stratified the study area using a combination of 

lidar median canopy height and Landsat Normalized Burn Ratio (NBR, Key et al., 

2005) for the year 2008. Using the Jenks Natural Breaks Classification in ArcGIS 9.3 

(ESRI, Inc.), the median canopy height distribution was grouped into 4 classes (0.5-

5.2m, 5.3-10.7m, 10.8-15.4, 15.5-23.2) and the NBR distribution was grouped into 5 

classes (-0.3-0.12, 0.13-0.25, 0.26-0.37, 0.38-0.48, 0.49-0.76). The Jenks method 

determines class breaks by minimizing within class variance and maximizing 

differences between classes. Field plots were randomly selected and equally 

distributed across the canopy height and NBR classes, respectively. Because lidar 

height is related to forest structure (Lefsky et al., 2005) and NBR (like most spectral 

indices) is related to forest cover, employing these strata ensured that the plots covered 

a range of current forest structure and cover conditions. Field data were collected 

during summer 2009 using a fixed, 15-m radius at each plot. The location of each plot 

center was recorded using a Trimble GeoXM GPS. Average horizontal precision of 

plot coordinates after differential correction was 2.6m (± 1.1m). 

2.2.1.  Field data 

Within each plot, diameter at breast height (dbh), species, height, decay class, 

and the height of broken tops were recorded for live and dead trees with dbh > 2.5 cm. 

For selected trees, we also measured the distance and bearing from the plot center. 
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Tree heights were measured using a Haglöf Laser Vertex Hypsometer. We estimated 

total aboveground (oven-dry weight) biomass for all trees from a set of 10 allometric 

equations developed for regional studies (Jenkins et al. 2003). The Jenkins equations 

distinguish between four hardwood and six softwood species groups and use a simple 

log-linear regression model with tree diameter (dbh) as the predictor variable. 

Biomass for standing dead trees including snags greater than 1.3m height was 

estimated by adjusting total tree biomass estimates for live trees using component ratio 

equations from Jenkins et al. (2003). The component equations estimate the proportion 

of total aboveground biomass in a given biomass component (wood, bark, foliage). 

Total biomass in branches and treetops was calculated from the differences between 

total biomass and the sum of the individual components. Analogous to Smith et al. 

(2003), we reduced the mass of intact standing dead relative to live biomass by the 

following amounts: 10% of stem wood and bark, 100% of leaves, and 33% of 

branches. For trees with broken tops, we estimated the total tree height by fitting a 

Lundqvist function (Moore et al. 1996) for each tree species to the diameter and height 

of measured live intact trees. Then, we calculated the ratio of actual tree volume to 

total tree volume based on estimated total tree height using formulas for the frustum of 

a cone with a top diameter of 2.5 cm.  Finally, the ratio of actual to total bole volume 

was used to further reduce stem wood and bark biomass of dead trees with broken 

tops.  

We calculated total dead biomass by adding together biomass of standing dead 

trees and biomass of down wood. We measured down woody debris at each plot with 
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the line-intercept method (Harmon and Sexton, 1996, Van Wagner, 1968, Warren & 

Olsen, 1964), using two orthogonal line-transects crossing at the plot center and 

pointing towards magnetic north and east, respectively. We recorded species, decay 

class (Waddell 2002) and diameter of each down log with diameter > 10cm. Volume 

was calculated after Van Wagner (1968): 

LdV 8/22    (1) 

where V is the volume per unit area (m
3
 m

-2
), d is the piece diameter (m), and L 

is the transect length (m). Volume estimates were converted to biomass using species-

specific wood densities from Jenkins et al. (2003) and decay-class-specific density 

reduction factors from Waddell (2002).  

In addition to biomass, we estimated basal area (m
2
m

-2
) of live and dead trees 

and stand height for live trees (Table 2-1). As a measure of stand height we calculated 

Lorey’s mean height (Lorey 1878), which reflects more closely the height of the 

dominant tree stratum in multi-layer canopies compared to the standard mean height. 

The Lorey height weights the contribution of trees to the stand by their basal area as 

follows: 


 


g

hg
H L

  (2)

 

where g and h represent basal area and height of all measured trees within a 

plot, respectively. 
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2.3.  Lidar 

Discrete return lidar data for the entire study area were acquired between 19-28 

August 2008 using a Leica ALS50 Phase II laser system mounted in Cessna Caravan 

208B (Table 2-2). The lidar system recorded range and intensity of up to 4 returns per 

pulse, and achieved a nominal pulse density of > 8 pulses per m
2
.  Data delivered by 

the vendor included a digital elevation model (DEM) of 1-m spatial resolution. To 

obtain estimates of aboveground height for each return, we subtracted the DEM 

elevation from the point elevations. 

We extracted all lidar returns co-located with our field plots, and computed 26 

potential predictor variables from the height and intensity distributions of each plot 

(Table 2-3). Returns above a threshold of 0.5 m were considered vegetation returns, 

and returns below that threshold were considered ground returns. Height metrics 

included all recorded returns per pulse, whereas only first returns were used to 

compute intensity metrics. Height metrics were selected to characterize top (HMAX) 

and average vegetation height (HMEAN, HPEAK), vegetation density (CANCOV, 

RPC1), volume fraction (HVOL), and shape (HKURT and HSKEW) and variability 

(HCV, HSD, and HCV75) of the vertical distribution of vegetation. CANCOV was 

calculated by dividing the number of all returns above 2-m by the total number of 

returns including ground returns. We found that CANCOV calculated from all returns 

explained slightly more variation in forest biomass than when only first returns were 

used, but the difference was minimal. We, therefore, report here only results based on 

all returns. To obtain HVOL we multiplied CANCOV by HMEAN (Kim et al., 2009). 
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Intensity metrics included mean (IMEAN and IMEAN75), maximum (IMAX), 

standard deviation (ISD) and shape of the vegetation intensity (ISKEW and IKURT). 

We did not correct lidar intensity for variable gain or range differences. However, 

visual inspection of the mean intensity raster revealed no significant terrain or flight 

line patterns. Finally, we derived percentile metrics from the relative frequency 

distributions of vegetation heights and return intensities. Lidar metrics were computed 

using the R-language (R Development Core Team, 2011). 

2.4.  Landsat 

2.4.1.  Geometric reprocessing of MSS 

From the Landsat archive (http://glovis.usgs.gov/) we obtained annual, near-

anniversary date Landsat images of the study area acquired between mid-July and 

August from 1972 to 2010 (Table 2-4). All of the TM and ETM+ data and most of the 

MSS data (80%) were delivered terrain corrected (L1T). However, the terrain 

corrected MSS imagery showed lower geometric accuracy than the TM/ETM+ data. 

About 63% of the L1T MSS data had reported scene-wide root mean square error 

(RMSE) greater than 1 pixel (60m). To improve the accuracy of the time series 

analysis we co-registered all MSS imagery to a reference TM image using an 

automated tie-point program (Kennedy and Cohen, 2003) and 2
nd
–order polynomial 

transformations. To match the spatial resolution of the TM and ETM+ data we 

resampled the MSS imagery to 30 m. Co-registration was performed on the entire 

http://glovis.usgs.gov/
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scene overlap. Images with RMSEs greater than 0.5 pixels were removed from the 

analysis leaving a stack of annual Landsat imagery except for the years 1974, 1976, 

and 1982. The 1982-image was removed because it had been acquired late in the year 

(October). Limiting the choice of imagery to a relatively narrow mid-summer period 

minimized inter-annual variations caused by changes in vegetation phenology and 

sun-illumination conditions. 

2.4.2.  MSS tasseled cap revisited 

The tasseled cap (TC) is a linear transformation of Landsat’s spectral bands 

that was originally developed for Landsat MSS (Kauth and Thomas, 1976; Kauth et 

al., 1979) and later adapted for Landsat TM (Crist & Cicone, 1984), and ETM+ 

(Huang et al., 2002). The transformation yields a set of orthogonal components: 

brightness (TCB), greenness (TCG), and wetness (TCW), whereas TCW is not defined 

for MSS data. The TC components have been widely used to characterize vegetation 

conditions (Cohen & Goward, 2004) and for studying forest change (Cohen et al., 

2002, Healey et al., 2005, Wulder, et al., 2004). The MSS tasseled cap is a DN-based 

(digital number) transformation, and therefore specific to the post-calibration 

coefficients used to rescale the calibrated radiance data to calibrated DN. Starting 

September 15
th

 2010, the USGS EROS switched the processing of the MSS archive to 

LPGS resulting in new post-calibration dynamic ranges and data quantization that are 

significantly different from the ones previously used. Because of these changes, the 

tasseled cap transformation cannot be directly applied to the new MSS data without 
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adjusting for the differences in the band-specific rescaling factors. Following Hay 

(1991) and Parris and Rice (1983), we computed new MSS tasseled cap coefficients 

that matched the current post-calibration coefficients by converting the original 

tasseled cap rotation matrix for Landsat 2 (Kauth et al., 1979, Thompson & 

Wehmanen, 1980) using earlier post-calibration coefficients from Markham and 

Barker (1986). Our adjustments also accounted for variations in exoatmoshperic 

irradiance and those values were obtained from Chander et al. (2009). 

To convert between calibrated radiance and calibrated DN values we first 

calculated band-specific rescaling gain and bias factors as follows: 

QGBL      (2) 

QCALMINQCALMAX

LMINLMAX
G






 

(3)

 

QCALMINGLMINB     (4)
 

Where, 

L  = Spectral radiance at the sensor's aperture [W/(m2 sr μm)] 

Q = Quantized calibrated pixel value [DN] 

G = Band-specific rescaling gain factor [(W/(m2 sr μm))/DN]  

B  =  Band-specific rescaling bias factor [W/(m2 sr μm)] 

QCALMIN= Minimum quantized calibrated pixel value corresponding to 

LMINλ [DN]  

QCALMAX= Maximum quantized calibrated pixel value corresponding to 

LMAXλ [DN]  

LMIN= Spectral at-sensor radiance that is scaled to Qcalmin [W/(m
2
 sr μm)]  
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LMAX= Spectral at-sensor radiance that is scaled to Qcalmax [W/(m
2
 sr μm)] 

 

The post-calibration dynamic ranges and rescaling factors of the input and 

reference data are shown in Table 2-5. To convert between DN values of current MSS 

data (input) and DN values of Landsat 2 data before 7/16/1975 (reference), we 

computed adjusted band-specific rescaling factors while accounting for variations in 

exoatmospheric irradiance (ESUN). For the Landsat 2 reference, we used ESUN 

values for Landsat 2. Because MSS data from the USGS were cross-calibrated to 

Landsat 5 MSS, ESUN values for Landsat 5 MSS were used for all MSS images. In 

the following equations, subscript R and I denote coefficients from the reference and 

input data set, respectively. 
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Where,  

ESUN = band-specific mean solar exoatmospheric spectral irradiance [W/m
2
 

µm] 

GA  = adjusted band-specific rescaling gain factor [(W/(m2 sr μm))/DN] 
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BA= adjusted band-specific rescaling gain bias factor [(W/(m2 sr μm))/DN] 

The adjusted rescaling gain and bias factors can be used to convert pixel values 

(DN) of recent MSS data to pixel values (DN) of the Landsat 2 reference data. The 

Landsat 2 tasseled cap coefficients can then be applied to the converted pixels. 

Alternatively, we calculated a set of new tasseled cap coefficients (Table 2-6) from the 

adjusted rescaling factors that can be used directly with the new MSS data 

(Appendix). Tasseled cap transformations also include TC yellowness, which is not 

utilized in this study, but its coefficients are included for future reference. We used 

these new coefficients to calculate TCB, TCG, and TC angle (TCA) for MSS data in 

this study. 

2.4.3.  Cross-sensor, scene-level radiometric normalization 

We normalized each image in the Landsat time series to a single reference 

image to minimize annual variations in atmospheric conditions. As a reference, we 

selected a cloud-free TM image acquired in 1997 (Table 2-4) and converted it to 

surface reflectance by means of the COST correction method of Chavez (1996). 

Following Schroeder et al. (2006), all other TM and ETM+ images in the time series 

were radiometrically normalized to the COST image using the multivariate alteration 

detection and calibration algorithm (MADCAL) of Canty et al. (2004). MADCAL 

identifies invariant pixels between image pairs and performs a relative normalization 

using orthogonal regression. Water, clouds and cloud shadows were masked out 

following the method in Kennedy et al. (2007). All TM/ETM+ images were then 
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transformed to TCB, TCG, and TCW using the coefficients for reflectance data (Crist, 

1985). To normalize MSS data with the TM/ETM+ time series we used TCB and TCG 

with MADCAL instead of the individual spectral bands (Powell et al., 2008). As with 

all the Landsat data pre-processing, radiometric normalization was performed across 

the entire scene (WRS2: path 43, row 29). 

Structural differences in forest vegetation have been most effectively described 

with indices that utilize the contrast between short-wave- and near-infrared reflectance 

such as TCW (Cohen and Goward, 2004). However, MSS sensors lack short-wave 

infrared bands, and therefore TCW cannot be computed for Landsat data prior to 1982. 

Alternatively, we used an index called TC angle (TCA) first introduced by Powell et 

al. (2010) and computed as follows: TCA=arctan(TCG/TCB).  TCA describes the 

gradient of percent vegetation cover within the TCB-TCG spectral plane (Powell et al. 

2010, Gomez et al. 2011), and once calculated for our dataset was the only spectral 

index used to describe change in this study. However, later, we do use the TCB, TCG, 

and TCW values at the last image date for statistical modeling. 

2.4.4.  Cross-sensor, pixel-level alignment 

Residual TCA offsets between MSS and TM for some pixels in the scene-level 

normalized time series were evident (Figure 2-2a). To correct for these, we analyzed 

TCA values from the period between 1984 and 1992 where imagery from MSS and 

TM were available for the same year (Table 2-4). We computed the mean bias 
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between MSS and TM TCA from year i to N, and applied it to the MSS time-series as 

follows:  





N

i

ii TMMSS
N

Bias
1

1
 (9) 

BiasMSSSMS ii    (10)

 

Where, MS ¢Si  is the new TCA value for year i. This final calibration step 

resulted in what we call the pixel-aligned Landsat time series (Figure 2-2b). The pixel-

aligned imagery can be easily interpreted without sensor-based interruption across the 

series (Figure 2-3). Across all pixels, average RMSE between MSS-TCA and TM-

TCA in the overlapping period was 3.1 (SD=1.2) before and 2.3 (SD=0.9) after pixel-

level alignment. 

2.4.5.  Landsat-derived disturbance history 

We used the pixel-aligned Landsat time-series to characterize disturbance 

history for all pixels co-located with field plots (one pixel per plot). Our logic 

followed that of Cohen et al. (2010) and Kennedy et al. (2010), which temporally 

dissects each pixel’s time trajectory into a series of approximately linear segments, 

each representing some directional change in spectral index response (Figure 2-4). 

Each segment was given a label associated with disturbance or succession (depending 

on spectral index used and trend direction) and is bounded by a start and end date 

vertex. For temporal segmentation of each plot trajectory we used the TimeSync 

software developed by Cohen et al. (2010) for manual interpretation of land cover 
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change using a time series of Landsat image chips and historic airphotos. First, we 

determined the change year (start vertex) and the label (fire, harvest, insect and 

pathogens, recovery, maturation, or stable) associated with the underlying process or 

forcing factor for each segment. Next, we used the segmentation fitting routines from 

the LandTrendr algorithm (Kennedy et al. 2010) to derive fitted TCA values for each 

trajectory. LandTrendr also segments time series, but, as an automated algorithm, is 

more prone to interpretation errors than is a human using TimeSync. As we were 

interested in the most accurate segmentation possible for each plot, we used TimeSync 

for the actual segmentation. However, even pixel-aligned Landsat TCA time series 

still contain residual inter-annual noise (e.g. phenology, sun-angle, and residual 

atmospheric effects) that is minimized by fitting regression lines to each segment and 

adjusting the TCA values within each segment to the fitted lines (Figure 2-4). The 

application of LandTrendr resulted in a series of interconnected linear segments.  

We derived seven sets of quantitative metrics describing the temporal patterns 

of forest disturbance and recovery from the fitted time-series for each plot (e.g., Figure 

2-4)  (Table 2-7). The greatest disturbance set contains metrics associated with the 

disturbance segment having the greatest amount of spectral change (b in Figure 2-4). 

The TCA value before and after the disturbance is identified by the TCA value at the 

beginning (vertex B) and end (vertex C) vertex of this segment (b), respectively. 

Duration of greatest disturbance is the number of years between vertices (C minus B). 

Magnitude of the greatest disturbance is the TCA value difference between vertices (C 

minus B). Relative magnitude is the magnitude of greatest disturbance divided by the 



27 

TCA value prior to disturbance, and rate of change is the absolute magnitude divided 

by duration of greatest disturbance. The duration-weighted magnitude highlights 

subtle but long-term disturbances and is calculated as the product of magnitude and 

duration of the greatest disturbance. Time since start of greatest disturbance is the 

number of years between the beginning disturbance year (vertex B) and the year of the 

last vertex (vertex E). Time since the end of the greatest disturbance is the number of 

years between the ending disturbance year (vertex C) and the last year (vertex E). 

Agent of disturbance is a categorical variable that distinguishes between fire, insect-

pathogen, and harvest disturbances and is interpreted directly during use of TimeSync 

(Cohen et al. 2010).  

The total disturbance, total recovery, total no change and total all sets 

summarize the entire historic Landsat record. Total disturbance magnitude and 

duration are the sums of the magnitudes and durations of all disturbance segments 

(e.g., Figure 2-4, a plus b). Total recovery magnitude and duration sum the 

magnitudes and durations of all recovery segments (c and d). The rates of change for 

total disturbance and total recovery are obtained by dividing change magnitude by 

change duration. Duration-weighted magnitude was calculated from the product of 

magnitude and duration similar to the greatest disturbance set, but from the total of all 

disturbance segments. Total no-change duration is the total number of years across 

stable segments (none for the plot shown in Figure 2-4). The disturbance-recovery 

ratio is the total disturbance divided by the total recovery.  The mean square error 
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(MSE) of the trajectory is the sum of the individual MSEs of the fitted segments 

weighted by their duration.  

The last monotonic trend set describes the union of the final segment and any 

preceding it that have the same directional trend. For the example in Figure 2-4, 

magnitude is TCA of E minus that of C. Likewise, duration is number of years 

between C and E. Rate of change is magnitude divided by duration, and similar to 

earlier MSE is also derived for the recent trend. 

The final set of metrics describes the current condition in terms of TCB, TCG, 

TCW, and TCA. The tasseled cap indices, when used in unison, capture the three basic 

dimensions of Landsat spectral space and are generally aligned with gradients of forest 

cover, composition, and structure (Cohen et al. 2001). Landsat metrics were computed 

in IDL (Interactive Data Language, ITT Visual Information Solutions, Inc.). 

2.5.  Regression analyses 

We performed multiple linear regression analyses to explore the relationships 

between each forest structure variable (response) and remote sensing variables 

(predictors). Predictor variables were divided into three main groups: 1) lidar (Table 2-

3), 2) Landsat time series (Table 2-7 – all variables), and 3) single-date Landsat 

variables (Table 2-7 – TC of current condition). Analyses were conducted for each 

group separately. Prior to building regression models, we removed variables with 

nearly identical information and thus a high correlation coefficient with other predictor 

variables (r>0.9). This step did not eliminate colinearity among all variables. 
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However, a lower correlation threshold would have significantly reduced the number 

of potential lidar predictors, which often tend to be correlated (Muss et al., 2011). To 

avoid problems associated with over-fitting and colinearity we employed all-subsets 

regression using the leaps package (Lumley, 2009) in the R statistical language (R 

Development Core Team, 2011). All-subsets regression does not limit model selection 

to a single ‘best’ model, but it performs an exhaustive search for the best subsets of 

predictor variables. Once the best subsets were identified, we selected the most 

parsimonious models with the lowest Cp value (Mallows, 1973) approximately equal 

to the number of parameters and removed models that showed signs of colinearity 

(variance inflation factors < 5). Cp compares the residual sum of squares for a subset 

model to the MSE of the full model and is closely related to the adjusted R
2 

(Ra
2 ). For 

final models we report multiple R
2
 and Ra

2 . Further, we measured the relative 

importance of variables using the Lindeman-Merenda-Gold ( Rlmg
2

) metric from the 

relaimpo package in R (Grömping, 2006). Rlmg
2

computes the average contribution of 

each variable to the overall R
2
 across all possible orderings and thus provides a unique 

decomposition of the explained variance when predictors are correlated. The 

interpretation of the method is convenient because individual Rlmg
2

sum to the multiple 

R
2 

of the model.  Finally, we evaluated model performance using leave one out cross-

validation, which provides a nearly unbiased estimator of prediction error (Efron & 

Gong, 1983). For each final model, we computed RMSE of model predictions (from 

cross-validation) versus observed (field) data. 
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Final, models and predictor variables were tested for significance (p < 0.05). 

Predictor variables were continuous metrics except for agent of greatest disturbance 

(GDAGT), which was recorded as a categorical variable with four factor levels (fire, 

insect-pathogen, harvest, and undisturbed). We included GDAGT in the regression 

models by recoding the four levels using three indicator variables: GDAGTFire, 

GDAGTInsect, and GDAGTHarvest (GDAGTUndisturbed was implicit if the other three were 

zero). 

3.  RESULTS 

3.1.  Prediction models 

3.1.1.  Lidar estimates of forest structure 

3.1.1.1. Live biomass 

Individual lidar variables were strongly correlated with live biomass but 

weakly correlated with dead biomass (Table 2-3.) Height metrics showed the strongest 

relationships with live structure: volume fraction (HVOL) with live biomass and basal 

area, and median and mean height with Lorey mean height . Further, an increase in 

live biomass was associated with an increase in the intensity variance (ISD). The 

correlations with dead woody biomass and dead basal area were generally low (e.g. r < 

0.2). Most variables were not statistically significant, except for mean intensity of the 

top height stratum (IMEAN75), which decreased with dead biomass density, and the 
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standard deviation of vegetation height (HSD), which showed a slight increase with 

dead biomass density. Six lidar predictor variables showed correlation coefficients 

greater than 0.9 with other lidar variables and were excluded from the analysis 

(correlated variables that were kept are shown in parentheses): HMAX (H95PCT), 

HMEAN (HMEDIAN), H25PCT (HMEDIAN), H75PCT (HMEDIAN), IKURT 

(ISD), I25PCT (RPC1), and I50PCT (IMEAN). 

Most of the variation in live biomass was explained by a single variable: 

HVOL (R
2
=0.88, Figure 2-5a). Adding other predictor variables did not significantly 

improve model predictability. When HVOL was excluded from analysis, median 

height (HMEDIAN, Rlmg
2

=0.28) and canopy cover (CANCOV, Rlmg
2

=0.26) together 

explained the majority of the variance (78%) in the best subset, which is not surprising 

as HVOL is the product of CANCOV and HMEAN. Including ISD, a measure of 

intensity variability, in the alternative model improved the model’s R
2
 by 4%.  

3.1.1.2.  Dead biomass 

For dead biomass, two best-subsets models were selected with similar 

performance and model size. The best model explained 22% of the variance in dead 

biomass and included measures of intensity (IMEAN75, Rlmg
2

=0.19) and height 

(H95PCT, Rlmg
2

=0.03) associated with the top canopy. However, H95PCT was not 

significant (p=0.181). Therefore, we selected the alternative model (R
2
=0.21), which 
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did not include intensity, but a measure of height variability (HSD, Rlmg
2

=0.16) and 

median height (HMEDIAN, Rlmg
2

=0.05) (Figure 2-5d).   

3.1.1.3.  Basal area 

Three variables were selected in the best subset for predicting live basal area. 

Similar to the results for live biomass, HVOL was again the most important variable 

(Rlmg
2

=0.59). In addition, two variables describing the variation in the top height 

stratum (HCV75, Rlmg
2

=0.17) and the relative frequency of low vegetation returns 

(H05PCT, Rlmg
2

=0.15) were selected, respectively. Overall, the model explained 91% 

of the variance in live basal area (Figure 2-5g). In comparison, lidar failed to predict 

basal area of dead trees (R
2
=0.1, Figure 2-5j). IMEAN75 and HSD were the only 

variables showing a weak but statistically significant relationship. 

3.1.1.4.  Stand height 

Lorey’s mean height was the most accurately estimated structure variable 

using lidar metrics ( Ra
2 =0.96). The best subset from all-subsets regression contained 

five variables including HMEDIAN ( Rlmg
2

=0.35), H95PCT (Rlmg
2

=0.29), HCV75 

(Rlmg
2

=0.18), I95PCT ( Rlmg
2

=0.07) and IMEAN75PCT ( Rlmg
2

=0.07). The model 

predicted Lorey height with an RMSE of 1.6m (Figure 2-5m). The best single 

predictors were HMEDIAN, HVOL, H95PCT, and ISD. 
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3.1.2.  Landsat time-series estimates of forest structure 

3.1.2.1.Live biomass 

Several time-series predictors were correlated with live biomass (Table 2-8). 

There were strong correlations between live biomass and TCA after the greatest 

disturbance (GDTCAA) and TCA before the greatest disturbance (GDTCAB). 

Correlations between biomass and metrics describing the time and trend of historical 

events were weaker but also significant. For example, higher biomass densities were 

associated with lower disturbance rates (GDROC) and longer times since the greatest 

disturbance (GDTSDS). Relative change (GDRCH) and absolute magnitude 

(GDMAG) of greatest disturbance showed weaker correlations. For undisturbed plots, 

MSE of the time-series fit (TAMSE) showed an increase with increased biomass.  

All-subsets regression models explained 80% of the variance and included 

current, single-date TCB (LTCB, Rlmg
2

=0.35, also included in single-date Landsat 

models), TCA before the greatest disturbance (GDTCAB, Rlmg
2

=0.29), and total 

disturbance duration (TDDUR, Rlmg
2

=0.16) (Figure 2-5b). An alternative model 

explained 77% of the variance and included GDTCAA ( Rlmg
2

=0.39), LTCB 

(Rlmg
2

=0.28), and GDROC ( Rlmg
2

=0.1). Including information on disturbance agent 

(GDAGT) did not improve model predictions. 
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3.1.2.2.  Dead biomass 

Dead biomass was associated with disturbances and recovery trends, but the 

effects depended strongly on type of disturbance agent (GDAGT) (Table 2-8). The 

weighted magnitude of the greatest (GDMXD) and total disturbance (TDMXD) were 

the most informative variables overall. The best subset model across all GDAGT 

classes included TDMXD ( Rlmg
2

=0.23), GDMAG ( Rlmg
2

=0.18), and the total MSE of fit 

for the overall trend (TAMSE, Rlmg
2

=0.06). The model explained 46% of the variance 

in dead biomass (RMSE=38.3, Ra
2 =0.43). An alternative model that included GDAGT 

(Rlmg
2

=0.24) and GDMAG ( Rlmg
2

=0.22) did not improve model predictions 

(RMSE=40.1, Ra
2 =0.41). However, examination of the correlation structure suggested 

a non-additive effect between GDAGT and other predictor variables. For example, 

dead biomass at fire-disturbed plots (GDAGTFire) was associated with metrics 

characterizing the intensity of the disturbance, among which TDROCFire (Figure 2-6), 

TADRRFire, GDROCFire, and GDMAGFire showed the strongest correlations. 

Conversely, plots disturbed by insects and pathogens showed relatively weak 

correlations with these intensity metrics (e.g. TDROCInsect), but were more strongly 

correlated with variables incorporating disturbance duration information. For example, 

insect-disturbed plots showed high correlations between dead biomass and the 

weighted magnitude of total disturbance (TDMXDInsect, Figure 2-6) and total 

disturbance duration (TDDURInsect); metrics that were only weakly correlated for plots 

that underwent more rapid disturbance from fire. Interestingly, the rate of change 
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across all (total) disturbances was more strongly correlated with dead biomass from 

burned plots (TDROCFire) than the rate of change associated with the greatest 

disturbance only (GDROCFire), suggesting an effect of disturbances preceding fire 

(e.g. insect). Dead biomass for fire-disturbed plots was also associated with GDTCA-

B/Fire suggesting a relationship between pre-disturbance forest cover and current dead 

biomass. In contrast, insect-disturbed plots showed a stronger relationship with the 

most recent trend (LMMAGInsect, LMMSEInsect). 

Harvested and undisturbed plots had an overall weak relationship but also 

contained significantly less dead biomass (Table 2-1). Mean biomass of dead wood at 

harvested plots was 19.9 Mg ha
-1

 (standard deviation: SD=15.4) similar to undisturbed 

plots (mean=19.4, SD=20.9 Mg ha
-1

). In comparison, mean biomass observed at fire- 

and insect-disturbed plots was approximately three times higher (65.4 Mg ha-1 and 

71.7 Mg ha, respectively). 

To account for differences in the effects of time-series predictors associated 

with fire and insect disturbances, we built a linear model that included TDROC and 

TDMXD with interaction terms for fire-disturbance (GDAGTFire) and insect-

disturbance (GDAGTInsect), respectively:  

AGBdead ~ DGAGTFire x TDROC + DGAGTInsect x TDMXD   (10) 

The resulting model explained 73% of the variance and significantly improved 

predictions of dead biomass (RMSE=31.0, Ra
2 =0.7) (Figure 2-5e). The interaction 

terms were statistically significant (p < 0.05). Including additional terms to describe 

the variation in undisturbed and harvested plots was not significant (p > 0.05).  
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3.1.2.3.  Basal area 

Models for live basal area using time-series predictors performed comparably 

to lidar-based models. The best subset model explained 86% of the variance and 

predicted live basal area with an RMSE of 6.0 m
2
 ha

-1
. The most important predictors 

were LTCB ( Rlmg
2

=0.35) and GDTCAB (Rlmg
2

=0.21), and metrics describing the 

disturbance rate (GDROC, Rlmg
2

=0.17) and duration (TDDUR, Rlmg
2

=0.13) (Figure 2-

5h). The best subset model for predicting basal area of dead trees had an R
2
 of 0.63 

and included TDMXD ( Rlmg
2

=0.33), GDAGT ( Rlmg
2

=0.17), and GDMAG ( Rlmg
2

=0.13) 

(Ra
2 =0.63). For fire-disturbed plots, dead basal area was correlated with total 

disturbance rate (similar to dead biomass) (TDROCFire), but even stronger with total 

disturbance-recovery ratio (TADRRFire). Similarly, TDMXDInsect was strongly 

correlated with dead basal area for insect-disturbed plots, as were TDDURInsect and 

LMMSEInsect . No significant relationship was found for undisturbed plots and 

harvested plots. Following our logic for estimating dead biomass, we built a final 

model using indicator variables and interaction terms for TADRRFire and 

TDMXDInsect. The resulting model explained 86% of the variance with an RMSE of 

4.0m
2
 ha

-1 
(Figure 2-5k). 

3.1.2.4.  Stand height 

The best subset for predicting Lorey’s mean height included GDTCAA 

(Rlmg
2

=0.51) and the rate of change of the last monotonic trend (LMROC, Rlmg
2

=0.16). 



37 

The R
2
 of the model was 0.67 with an RMSE of 5.0m (30% of mean). Other subsets 

included a larger number of variables (4-5) without improving prediction accuracy. 

For example, an alternative model was based on LTCB ( Rlmg
2

=0.39), LMMAG 

(Rlmg
2

=0.11), TRROC ( Rlmg
2

=0.09), and LTCG ( Rlmg
2

=0.08) (R
2
=0.64, RMSE=5.6 m). 

3.1.3.  Single-date Landsat estimates of forest structure 

Models using current, single-date Landsat data based on TCB (LTCB), TCG 

(LTCG), TCW (LTCW), and TCA (LTCA) were inferior to models using lidar or 

Landsat time-series predictors. Correlations with field data were strongest for LTCB, 

whereas LTCG was not statistically significant (p>0.05). Models based on LTCB 

alone explained 70% of the variance in live basal area (Figure 2-5i), 58% of the 

variance in live biomass (Figure 2-5c), and 47% in Lorey’s mean height (Figure 2-5o). 

Including LTCW and LTCA did not improve model performance. However, LTCW 

was correlated with LTCB (r=-0.86), and LTCA was correlated with LTCW (r=0.83). 

We did not find an adequate model for dead woody biomass and basal area of dead 

trees using single-date Landsat data (Figure 2-5f & 5l). 

3.1.4.  Probability density functions of live and dead biomass 

Distributional differences between field-measured and predicted AGB can be 

examined using kernel density functions (Figure 2-7). For AGBlive, distributions from 

lidar and Landsat time-series predictions exhibited only minor differences relative to 
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the field-measurements, whereas distributions from single-date Landsat models were 

strikingly different (Figure 2-7a). All three datasets predicted the field-observed live 

biomass of 113 Mg ha
-1

 with minimal bias, but the difference between median 

predicted biomass and field-measured biomass was significantly higher for single-date 

Landsat predictions (33.4 Mg ha
-1

, 38% of the median) than for lidar (12.9 Mg ha
-1

, 

15%), and Landsat time-series models (14.6 Mg ha
-1

, 17%). Single-date models 

significantly overestimated low biomass stands (50-100 Mg ha
-1

) but then saturated 

(approximated by the mode) between 150-200 Mg ha
-1

. In comparison, models from 

time-series data extended the dynamic range of biomass (approximated by the smaller 

second mode) to 250-300 Mg ha
-1

. Overall, models using time-series predictors 

preserved the variance in the field measurements (standard deviation of the predicted 

data divided by the standard deviation of the observed data, SDratio=0.89) better than 

models from single-date data (SDratio=0.76), and were comparable to lidar-based 

models (SDratio=0.93).  

For dead biomass (Figure 2-7b), lidar estimates deviated significantly from the 

field median (bias=14.6 Mg ha
-1

, 79%, and bias=16.6 Mg ha
-1

, 90%, respectively). 

Lidar significantly overestimated low biomass densities of dead wood while 

significantly underestimating higher biomass density (< 50 Mg ha
-1

). In comparison, 

Landsat time-series estimates were close to the median field biomass (bias=1.6 Mg ha
-

1
, 8.4%). Time-series models preserved the variance in the field estimates 

(SDratio=0.84) better than lidar models (SDratio=0.46). Single-date Landsat models did 

not explain any variation in dead biomass.  
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4.  DISCUSSION 

4.1.  The role of Landsat time series and lidar for predicting forest structure 

This study explored the potential of using Landsat-derived disturbance history 

parameters to estimate forest biophysical structure in comparison to single-date 

Landsat data and discrete-return, airborne lidar data. There are well-documented 

limitations of single-date Landsat data for mapping forest structure (e.g. Lu, 2006), 

and there is a consensus in the remote sensing community that active remote sensors 

such as lidar and InSAR (Treuhaft et al., 2004) are more accurate and therefore more 

suitable for many applications. The motivation of this study was not to challenge the 

capabilities of lidar, but rather to search for alternative approaches that could 

potentially extend the spatial and temporal coverage of lidar observations. With a lack 

of a suitable vegetation-relevant spaceborne sensor and the great expense of airborne 

lidar, the availability of lidar will remain limited in the near future. The high costs of 

airborne lidar further limit the repeatability of data acquisitions whereas Landsat data 

can provide near annual imagery for large parts of the northern hemisphere. We have 

demonstrated that Landsat data are considerably more useful for mapping forest 

structure than has previously been appreciated; but only if time series are used to 

extract information relevant to detailed forest disturbance history. Landsat data exist 

globally, although the temporal depth of the archive, especially in cloudy areas, may 

be limited. However, with the recent opening of the US archive for free access 

(Woodcock et al., 2008) and ongoing repatriation of foreign retrieving station data, 



40 

there has never before been such a meaningful opportunity to exploit arguably one of 

the most valuable global remote sensing datasets. 

We compared Landsat-based models with lidar-based models of forest 

biophysical structure as a best-case reference for what remote sensing can currently 

provide for live trees. A comparison of our results with other studies would have been 

difficult because of differences in forest conditions, sampling designs and 

measurement protocols. In this study, we did not integrate lidar and Landsat to map 

forest structure. However, there are potential synergies between lidar and Landsat time 

series, and studies have started to explore these (Wulder et al., 2009). Because the 

collection of field data is expensive (especially in remote regions), lidar could provide 

a more rigorous sample (at least for live forest structure) that could help to calibrate 

and describe Landsat’s disturbance and recovery trajectories over a broader range of 

environmental conditions and disturbance types. A few studies have used lidar 

samples to train Landsat-based models for predicting forest structure but these used 

single-date imagery (Armston et al., 2009; Hudak et al., 2002; Wulder et al., 2003). 

Using lidar samples from ICESat I and the upcoming ICESat II may also help in 

understanding how these concepts are applicable to larger scales. However, like 

Landsat, ICESat waveforms require calibration with data from field measurements or 

airborne lidar. 
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4.2.  Using the MSS archive 

Including the MSS archive in this study enabled us to extend the Landsat time 

series by more than a decade back to 1972. We did not test for statistical differences 

between predicting forest structure with and without MSS data.  However, the forest 

disturbance and recovery trends in this study are complex and long-term process; 

several activities from timber harvests and insects would have been missed if the 

analysis were limited to the TM/ETM+ era (Figure 2-8 and 9). The sensitivity of the 

derived models to the length and density of the time series will need to be tested with a 

larger training sample potentially derived from the lidar data set. Knowledge of the 

required time length can be useful not only for predicting forest structure of current 

time periods, but potentially for estimating historic forest parameters by applying the 

derived models back through time. Another advantage of extending time series is only 

indirectly related to the length of time required to accurately estimate forest structure, 

but results from the fact that trend-fitting algorithms often exhibit larger errors at the 

beginning and end of the observation periods (Hostert et al., 2002, Kennedy et al., 

2010). Thus, a successful integration of the MSS archive also increases the confidence 

in the fitting of the early TM time periods.  

The use of the MSS imagery presented several challenges. The MSS archive 

was recently reprocessed for better radiometric and geometric fidelity. As with the 

TM/ETM+ archive, the majority of the imagery is now available with precision terrain 

correction, which represents a tremendous improvement. Nevertheless, in our study 

the geometric accuracy of MSS data was not as high as the TM/ETM+ data, 
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introducing additional sources of error. Studies that tested the effect of misregistration 

on change detection results (Townshend et al., 1992, Dai and Khorram, 1998) 

recommend image-registration accuracies at the sub-pixel scale (e.g. RMSE < 0.5 

pixels). That means that additional geometric correction would be required if MSS 

data is to be used in pixel-level time-series analysis. We used an automated program to 

geometrically align all MSS images in the time series, but doing that for large-area 

applications (e.g., Masek et al., 2008) could be problematic.  

To bridge radiometric differences between MSS and TM data we used tasseled 

cap indices. The transformation is consistent between the two sensors (Crist & Cicone, 

1984) and has been shown to describe vegetation patterns consistently across broad 

geographic ranges (Lobser and Cohen, 2007). Unlike for TM and ETM+, however, 

there are no reflectance-based coefficients for MSS. Using post-calibration 

coefficients available at the time, we corrected for differences in the post-calibration 

dynamic ranges of MSS data. The MSS tasseled cap coefficients we derived (Table 2-

6) are valid as long as the post-calibration coefficients for MSS (Table 2-5) do not 

change. Users should check the metadata information supplied with the Landsat data. 

As a DN-based transformation, MSS tasseled cap is influenced by temporal variations 

in atmospheric constituents. We minimized this source of error by means of relative 

normalization (Canty et al., 2004) of all images in the time series to an 

atmospherically corrected reference. Relative normalization ensures a strong level of 

temporal consistency (Schroeder et al., 2007) and is often applied in time-series 

studies (Powell et al, 2008; Powell et al., 2010; Kennedy et al., 2007, Kennedy et al., 



43 

2010, Gomez et al., 2011). Residual biases between MSS and TM time-series were 

small and adjusted for using a pixel-level alignment. Finally, we used a trajectory-

fitting algorithm (Kennedy et al., 2010) to minimize inter-annual noise caused by 

residual atmospheric effects and sun-angle differences. 

To describe inter-annual changes and trends in forest disturbance and recovery 

we used a single spectral index. TCA has been previously shown to capture forest 

cover changes adequately (Powell et al., 2010; Gomez et al., 2011). In this study, 

single-date TCA associated with the current condition showed a weaker direct 

correlation with forest structure than single-date TCB. We chose TCA, because our 

experience and early testing revealed a general superiority of TCA over TCB and TCG 

for identifying percent cover change (time-series segmentation). However, it is 

possible to use different indices for segmentation (identify time of events) and 

trajectory fitting (identify spectral values of events), which might improve estimates of 

forest structure. One could also use the Normalized Difference Vegetation Index 

(NDVI), which should be highly correlated with TCA. However, NDVI is a single 

index derived from multivariate spectral space, whereas the tasseled cap is a 

multidimensional index set derived from the same multivariate data-space (Jackson 

1983), so there is a potential advantage to using the tasseled cap transformation 

(Cohen & Goward, 2004). Additionally, TCA has a companion index: TCD (tasseled 

cap distance, Duane et al., 2010), which is sensitive to cover quality rather than cover 

percent. As such, TCD distinguishes between younger and older conifer forests 

(Duane et al., 2010), and as observed in other related work, cover type (e.g., conifer, 
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hardwood, grass). Consequently, used in combination, TCA and TCD are potentially 

more powerful than either alone. TCA and TCD are actually not new concepts, as they 

were originally derived for change vector analysis (Malila, 1980), and simply 

transform the Cartesian coordinate system of the tasseled cap to a polar coordinate 

system, or for TM/ETM+ data to a spherical system (Allen & Kupfer, 2000).  

4.3.  Predicting forest structure of live trees 

From this study, the superior performance of lidar to estimate live forest 

structure is not surprising and is supported by numerous studies (e.g. Lefsky et al., 

2002; Hudak et al, 2006). Interestingly, AGBlive models were best explained by a 

simple metric only: HVOL, which is related to the lidar observed volume occupied by 

vegetation surfaces (Kim et al., 2009). Average prediction error was smaller for young 

stands and increased with higher biomass densities (Mg ha
-1

 > 100). Because HVOL is 

relative to the mean lidar height, a possible explanation is that the sensitivity of HVOL 

decreased with increasing vertical complexity; the height distribution in young conifer 

stands was relatively homogenous compared to older conifer stands that tended to be 

more open and vertically differentiated. Lidar models of live basal area and Lorey’s 

height performed better than the live biomass model, but included multiple predictor 

variables. Our results are based on a comprehensive set of metrics, most of which have 

been tested in other studies (e.g. Hudak et al., 2008; Kim et al., 2009). We defined 

lidar here as the ‘best possible’ scenario, but it is still an evolving technology and not a 
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fixed standard. However, lidar is subject to availability, and is extremely limited 

across most of the Earth’s surface. 

This study found significant relationships between current forest structure from 

field measurements and disturbance history derived from 38 years of annual Landsat 

imagery. Exploiting these relationships significantly improved prediction of live forest 

biomass, basal area, and stand height, compared to models using Landsat data 

acquired for a single year. Estimates of live biomass from single-date Landsat data 

showed a saturation effect between 150-200 Mg ha
-1

 with an average prediction error 

of 65.1 Mg ha
-1

 (RMSE). Including temporal information on disturbance and recovery 

trends considerably improved AGBlive estimates (RMSE=46.9 Mg ha
-1

) and increased 

the sensitivity by at least 100 Mg ha
-1

 to 250-350 Mg ha
-1

.  As a result, prediction 

accuracy was much closer to that obtained from lidar metrics (RMSE=35.3 Mg ha
-1

). 

This was equally true for live basal area and Lorey’s height. Perhaps most important, 

however, was that frequency distributions of predictions from lidar and Landsat time 

series were nearly identical, which has important mapping implications, especially 

when maps of forest structure are used in non-linear ecosystem models (Duane et al. 

2010). 

4.4.  Predicting dead woody biomass and basal area 

In contrast to models of live forest structure variables, time-series models 

yielded significantly better estimates of dead biomass and dead basal area than did 

lidar models. Some studies have had moderate success using lidar to estimate standing 
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dead biomass (Bater et al., 2009; Kim et al., 2009; Pesonen et al., 2008). Kim et al. 

(2009), for example, estimated standing dead biomass at a site in Northern Arizona 

(R
2
=0.62, RMSE=41.5 Mg ha

-1
, 63% of mean versus RMSE=43.8 Mg ha

-1
, 125% in 

this study), revealing important differences between stands that were burned and 

stands that were not burned in large wildfires. Kim et al. (2009) used the relative 

frequency peak of low intensity returns of the lidar data to build regression models, 

and suggested that a height stratification of lidar intensity could improve results, but 

did not test this. In this study, we tested a height-stratified intensity metric using the 

75
th

 height percentile to capture the intensity of the lidar reflections from the top 

canopy (IMEAN75). We found that lidar intensity of the top canopy decreased with 

increased levels of dead biomass, whereas other lidar intensity metrics did not show a 

significant relationship (Table 2-3). One reason for the weak relationship here could 

be that our dead woody biomass included down logs, which cannot easily be observed 

with lidar data. However, with the approach used in this study, the correlation did not 

improve if only standing dead trees were analyzed. Pesonen et al. (2008) used height 

and intensity metrics to estimate dead wood volume and found a better prediction 

accuracy for downed dead wood volume (RMSE=51%) than for standing dead wood 

volume (RMSE=78%), despite there being little relationship between field measured 

live and dead trees. Because lidar intensity is not a calibrated measurement and 

variable across sensors and flight conditions (Korpela et al., 2010) it is difficult to 

compare results across studies. However, it is important to note that research on lidar-
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based estimation of dead biomass is still new and will likely evolve with new 

technological developments (e.g. waveform and multi-spectral lidar). 

The capability to estimate dead standing and down woody biomass with 

Landsat time series has important practical significance for spatially explicit 

ecosystem modeling. We found high correlations with time-series predictors and dead 

woody biomass and basal area, but the relationships varied by disturbance agent. For 

harvested and undisturbed plots, we found no significant relationships. For harvested 

areas, this is understandable because woody debris is usually removed from the site 

and patterns of remaining dead wood are strongly affected by forest management 

practices (Kennedy et al., 2008). For example, if the range of activity fuel treatments 

varied widely in the study area, then dead biomass associated with management would 

be difficult to predict. Mean and variance of dead biomass at undisturbed plots was 

similar to that of harvested plots and significantly lower compared to fire and insect 

disturbed plots. For applications of these results in a mapping context, a disturbance 

agent must be characterized for each disturbed patch, which has been a difficult task 

and is largely not attempted (e.g., Masek et al 2008, Huang et al. 2010) or is hand-

digitized (Cohen et al. 2002, Healey et al. 2008). Mapping the disturbance agent is 

now an important focus of Landsat-based change detection research (Schroeder et al. 

2011, Kennedy et al. this issue); therefore, the finding that dead biomass can be 

estimated using Landsat time series is timely.  

Standing and down woody debris play important roles for biodiversity and 

carbon sequestration (Harmon et al., 1986), but these parameters have been difficult to 
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obtain with remote sensing, especially with Landsat data. Landsat measures the 

reflective properties of forest canopies. Thus, the amount of dead woody biomass can 

only be inferred indirectly when tree mortality is associated with detectable structural 

and compositional changes in the canopy. Here, we found that dead biomass is 

indirectly related to the spectral change magnitude and duration of disturbance events. 

Our findings are based on a relatively small sample; the robustness of these 

relationships across a larger region remains to be tested. 

4.5.  Visual interpretation of Landsat‘s disturbance history 

Differentiation between long-term disturbances from insects and short-term 

disturbances from fire and harvest was important to predict dead biomass. To visualize 

the interactions between disturbance agent and dead biomass, we provide graphical 

representations of TCA time series for each plot (Figure 2-8). We did not convert TCA 

to a biophysical unit, but the index corresponds with a gradient in vegetation cover 

(Powell et al. 2010, Gomez et al. 2011). Within each category, the plots were sorted 

by dead biomass density. For fire-disturbed plots (most, but not all, fires occurred in 

August 1996 and were first detected in 1997) current dead biomass is largely a 

positive function of disturbance magnitude (light orange to red immediately after the 

fire event), which also is inversely associated with the pre-fire cover gradient (green to 

light orange). For insect-disturbed plots, the amount of dead biomass is largely a 

function of duration of disturbance (number of years the TCA trend goes from greener 

to more orange) but also the number of years of recovery since disturbance (increasing 
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trend towards green). In undisturbed plots, the amount of dead biomass is mostly 

associated with the amount of cover as indicated by the positive relationship with TCA 

(red to green). For harvest plots there is no clear pattern with TCA values over time. 

These interpretations are consistent with our regression analysis results, but provide a 

different, and perhaps more comprehensive, view of the observed relationships. 

Similar graphical representations for live biomass are useful but show weaker 

patterns (Figure 2-9).  For burned plots, there is an inverse relationship to that 

observed for dead biomass, with higher values for stands having lower magnitude 

disturbances, as should be expected. For insects, the amount of live biomass is a 

complex interaction of time since end of disturbance, pre disturbance cover, and rate 

of recovery towards increasing canopy cover. For harvest plots there seems to be no 

association with current amount of forest cover (as indicated by TCA values at the 

current time), and no clear indication of temporal patterns.  However, there is a 

somewhat weak, but nonetheless distinctive trend associated with time since 

disturbance; although the relationship is opposite to that expected, with more recent 

disturbances having more live biomass. This could be a function of an increasing 

tendency on federal ownerships in this region towards lighter thinnings, with 

increasing attention to other ecosystem service besides wood production. But this also 

highlights a potential short-coming of using TCA for indicating biomass amount, 

given that TCA is not formulated to discriminate between understory deciduous and 

overstory coniferous species. For undisturbed plots, there is a clear and distinct 

progression of higher cover associated with higher live biomass. Moreover, there is a 
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weak but notable trend in TCA over time (towards increasing cover) for most plots 

that enhances the ability of time series (over that of single date) imagery to predict 

current biomass. However, we did not stratify live biomass by disturbance agent, as 

we had done for dead biomass, because it did not improve prediction accuracy. 

4.6.  Application of the concepts to a larger landscape 

This study represented a proof-of-concept that parameters derived from 

Landsat time-series trajectories are useful for predicting forest structure. The 

trajectories were obtained through manual interpretation with TimeSync software 

(Cohen et al, 2010), but the methods can be automated using LandTrendr (Kennedy et 

al., 2010). Because the sample size was limited by the number of field plots, we chose 

a manual interpretation method to minimize errors associated with automated 

algorithms. However, the trajectory fitting used in this study is consistent with the 

automated LandTrendr algorithm (Kennedy et al., 2010), which for whole Landsat 

scenes, could replace our use of TimeSync. Required, however, may be a new set of 

disturbance and recovery metrics—similar to those used here—than the standard set 

currently produced (Kennedy et al. 2010).  

We showed that Landsat-derived disturbance and recovery information was 

important for predicting current live biomass and mortality in our coniferous forest 

site in Eastern Oregon. We calculated several sets of metrics from time-series 

trajectories that we assumed to be relevant for characterizing forest structure in this 

system, e.g. disturbance magnitude weighted by disturbance duration to differentiate 
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between abrupt-intense disturbances (fire) and long-slow disturbances (insects). We 

also included MSE metrics, which describe the inter-annual residuals in TCA around 

the segmentation lines. Because variations in sun-target-sensor viewing geometry 

increase with the structural complexity of forest canopies (Cohen and Spies 1992), we 

hypothesized that MSE metrics increase with forest age, and including them would 

improve differentiation of older, high biomass stands. However, we found only a weak 

but statistically significant correlation between the MSE of the most recent trend and 

live biomass at undisturbed plots. Because of the relatively small number of 

undisturbed field plots, we did not account for topographic effects (nor did we apply 

topographic correction to the imagery). However, our study site is characterized by 

complex topography, which complicates inferences based on MSE metrics. For 

example, the correlation between MSE metrics and forest parameters could 1) 

decrease with the effect of topography on inter-annual variations in canopy reflectance 

and 2) artificially increase when forest attributes are correlated with topography. 

Because disturbance metrics are only indirectly related to forest biophysical 

structure, the geographic region of applicability of the derived relationships to forest 

sites outside the study area needs to be tested. We believe our general sets of metrics 

are relevant for other forest sites where disturbance and recovery processes can be 

observed with satellite imagery over several years (e.g. boreal and other temperate 

forests). However, the relative importance of the variables may change with the nature 

of the disturbance regime. Considering that our study area is very complex with 
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respect to topography, forest structure and disturbance history, the applicability of the 

presented method to other areas is promising. 

5.  CONCLUSIONS 

We extracted metrics describing annual trends in forest disturbance and 

recovery from annual Landsat time series with the objective to predict current forest 

structure, and compared the results to predictions from lidar and single-date Landsat 

data. Landsat time-series metrics significantly improved predictions of live 

aboveground biomass (AGBlive), basal area (BAlive) and stand height compared to 

single-date Landsat data. We found a strong relationship between post-disturbance 

vegetation cover (as expressed by TC Angle) and current forest structure, which 

highlights the importance of detecting the time of disturbance accurately. Lidar 

predicted AGBlive, BAlive, and stand height most accurately, but estimates of AGBlive 

and BAlive from Landsat time-series models were remarkably similar. Because the 

spatial coverage of lidar is limited, Landsat time-series metrics could represent a 

viable alternative for estimating forest structure attributes in our study region.  

Lidar metrics were the best predictors for live tree biomass, but Landsat time-

series metrics captured the variation in dead woody biomass significantly better 

(AGBdead). Most of the AGBdead originated from insect- and fire-induced tree 

mortality, and information on the disturbance agent was important for accurate 

predictions. For insect-disturbed plots, AGBdead was associated with disturbance 

magnitude after accounting for differences in disturbance durations. For fire-disturbed 

plots, AGBdead was associated with the magnitude of the fire disturbance, but 
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including information on pre- and post-fire trends significantly improved predictions 

of AGBdead.  

The mixed-conifer forests in this study are the results of complex interactions 

of different disturbance agents. A long history of wildfires, insect, and harvest 

activities has created structurally complex forests. Suppression of fires in the past 

several decades has resulted in smaller, low-severity fires, which decreased landscape 

heterogeneity, and increased stand densities and the likelihood of high severity fire 

events (Schoennagel et al., 2004). The Landsat data archive provides a unique 

opportunity to study the effects of past disturbance interactions on current forest 

structure. Taking advantage of the full Landsat data record means that MSS data must 

be seamlessly integrated with TM and ETM+ imagery, and we have described one 

approach to accomplish this. Because of the lower spectral resolution and lower signal 

to noise ratio, MSS sensors have a lower sensitivity to subtle vegetation changes. For 

long-term trends, using dense time series partly offset this effect by increasing the 

number of observations. Finally, predicting forest structure in complex disturbance 

systems requires a long data record, but also change detection algorithms that are able 

to capture both rapid changes and long-term processes. The outlook is promising. In 

the last few years, Landsat change detection has made significant progress from 

relatively simple and standard bi-temporal analyses to sophisticated algorithms that 

explicitly leverage the power of annual Landsat time series (Huang et al., 2010; 

Kennedy et al., 2010). The continuity of the Landsat data mission in the near future is 

a critical requirement not only to continue the study of historic changes, but also to 
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understand the linkages between these changes and our current environment. Without 

availability of free, high quality data, little of this would be possible. 

APPENDIX 

Here we describe in detail the conversion of the original Landsat 2 (reference) 

tasseled cap coefficients for recent MSS data (input). Consistent with the text, we use 

subscript R to denote parameters of the reference data, subscript I for parameters of the 

input data, and subscript A for adjusted coefficients.  

The tasseled cap is a linear transformation, which can be written with respect 

to the reference data as follows: 
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Using the adjusted rescaling gain GA and bias BA factors (Eq. 7 and 8), 

reference pixel values QR can be substituted with the input MSS data QI as follows: 
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where,  
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,
 = Adjusted coefficient of tasseled cap component k for band i 

k

A = New additive term for tasseled cap component k 

 

Finally, the tasseled cap transformation can be expressed with respect to the 

input data using the adjusted coefficients (including the additive term) as follows:  
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Figure 2-1. Study area in Oregon, USA, location of field plots, and lidar canopy height 

surface. 
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Figure 2-2. Example trajectory of a single Landsat pixel showing TCA offset before 

(a) and after (b) pixel-level alignment of time series. The abrupt decrease of TCA in 

1997 was caused by a stand replacing wildfire in August 1996. The disturbance is 

followed by a slow increase in TCA indicating forest recovery. 

 

 

 

 

 

 

 

 

 

 



66 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-3. Image chips of a field plot (center pixel) 

and its local neighborhood. Tasseled cap brightness, 

greenness, and angle are displayed as red, green, 

and blue. The clearcut patches (red) appearing in 

1979 begin the process of recovery towards 

moderately dense cover of young conifer trees 

(orange to cyan to light blue), which is nearly 

complete by 1997. Both MSS and TM are shown in 

the overlap period (1984-1990) and only images 

between 1978 and 1997 are displayed for 

illustrative purposes only. In practice, once the 

pixel-level normalization is completed the MSS of 

the overlap period are discarded. White areas 

represent cloud-covered pixels that were removed 

from the dataset. 
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Figure 2-4. Example of a normalized Landsat time-series for a single pixel, showing 

yearly tasseled cap angle values (grey dots), the fitted time series (black lines), and the 

fitted segment start and end vertices (black dots). Downward trending segments 

represent disturbance (or maturation) and upward trending segments represent 

recovery. Flat segments (not shown) represent stable segments. A variety of 

disturbance and succession process (and related) parameters are derived from the fitted 

segment vertices. For example, the duration for insect disturbance segment a is 

determined by subtracting the year of vertex A from that of vertex B. The magnitude 

of change for fire disturbance segment b is calculated from the difference between the 

TCA values of B and C. The spectral value at vertex C represents the spectral value at 

the end vertex for the disturbance having the greatest observed magnitude. Time since 

the end of the greatest disturbance is calculated by subtracting the year of vertex C 

from that of vertex E for recovery segments c and d. 
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Figure 2-5. Predicted versus observed forest structure attributes from lidar (left), 

Landsat time-series (center), and single-date Landsat data (right). Shown are the best 

models for live biomass (a-c), dead biomass (d-f), basal area of live trees (g-i), basal 

area of dead trees (j-l), and Lorey height (m-o). The scatterplots show the 1:1 line, 

adjusted R
2
 (Ra), RMSE, and the names of the predictor variables (see Table 2-7).   
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Figure 2-6. Aboveground dead biomass (standing plus down wood) versus rate of 

change of total disturbance (TDROC), and total magnitude weighted by total 

disturbance duration (TDMXD) for field plots disturbed by fire, harvest, insects & 

pathogens, and undisturbed plots between 1972-2010. 
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Figure 2-7. Density distributions of live (a) and dead (b) biomass predicted (from 

cross-validation) by models using lidar, Landsat time-series (derived from TimeSync 

observations and fitted LandTrendr vertices), and single-date Landsat data in 

comparison to field estimates. No adequate model was found for predicting dead 

biomass with single-date Landsat data.  
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Figure 2-8. Fitted time series of tasseled cap angle (TCA) grouped by disturbance 

agent and sorted by aboveground dead biomass (AGB). TCA increases (low to high: 

red-yellow-green) with increasing vegetation cover. 
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Figure 2-9. Fitted time series of tasseled cap angle (TCA) grouped by disturbance 

agent and sorted by aboveground live biomass. TCA increases (low to high: red-

yellow-green) with increasing vegetation cover. 
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TABLES 

 

 

 

 

 

Table 2-1. Number of plots, mean stand height, basal area of live and dead trees, and 

biomass of live trees and dead wood grouped by disturbance agent of the greatest 

disturbance between 1972 and 2010 (standard deviation=SD).   

 

Type of 

greatest 

disturbance 

Number 

of plots 

Mean 

stand 

height 

(SD) (m)  

Mean live 

basal area 

(SD) (m
2
 

ha
-1

)  

Mean dead 

basal area 

(SD) (m
2
 ha

-1
)  

Mean live 

AGB (SD)  

(Mg ha
-1

)  

Mean dead 

AGB (SD) 

(Mg ha
-1

)  

Fire          8 4.6 (6.1) 2.8 (5.2) 8.5 (12.2) 11.8 (26.7) 65.4 (77.2) 

Harvest 14 17.6 (5.8) 15.7 (7.9) 1.5 (1.9) 79.5 (52.1) 19.9 (15.4) 

Insect-

Pathogen      

8 21.3 (6.5) 33.4 (12.2) 10.1 (14.2) 189.3 

(113.9) 

71.7 (59.5) 

Undisturbed 21 19.3 (6.9) 27.3 (13.3) 2.2 (2.9) 147.0 

(94.0) 

19.4 (20.9) 
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Table 2-2. Lidar data acquisition parameters. 

Sensor Leica ALS50 Phase II 

Acquisition date 19-28 August, 2008 

Flight altitude 900 m above ground 

Flight line sidelap 50% 

Maximum off-nadir scan angle ±14° from nadir 

Returns/pulse Up to 4 

Density >8 pulses m
-2 

Pulse repetition >105 kHz 

Laser wavelength 1064 nm 
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Table 2-3. Lidar metrics derived from plot-level distributions of pulse return heights 

and intensities and their correlation coefficients with field measurements. Variables 

marked with an asterisk were correlated with other (more informative) predictor 

variables (r>0.9) and excluded from the regression analyses. Shading illustrates the 

strength of the correlation independent of the sign: from 0 (white) to -1 and 1 (grey). 

 

  

Correlation coefficient 

Variable Description 
AGB 
live 

AGB 
dead 

Basal 
area live 

Basal area 
dead 

Lorey 
height 

HMAX* Height, maximum of vegetation returns 0.67 0.18 0.65 0.20 0.75 

HMEAN* Height, mean of vegetation returns 0.85 0.00 0.85 0.09 0.91 

HMEDIAN Height, median of vegetation returns 0.84 -0.10 0.85 0.00 0.92 

HPEAK Height, height of upper mode 0.37 0.20 0.32 0.19 0.42 

HCV 

Height, coefficient of variation of 

vegetation returns -0.51 0.22 -0.59 0.12 -0.58 

HCV75 

Height, coefficient of variation of upper 75 

percentile -0.54 0.25 -0.63 0.23 -0.72 

HSD 
Height, standard deviation of vegetation 
returns 0.46 0.35 0.42 0.29 0.55 

HSKEW Height, skewness of vegetation returns -0.58 0.07 -0.65 -0.04 -0.71 

HKURT Height, kurtosis of vegetation returns -0.37 -0.04 -0.43 -0.13 -0.50 

H05PCT Height, 5th percentile of vegetation returns 0.59 -0.20 0.62 -0.07 0.58 

H25PCT* Height, 25th percentile of vegetation returns 0.81 -0.13 0.82 -0.01 0.87 

H75PCT* Height, 75th percentile of vegetation returns 0.81 0.00 0.82 0.06 0.90 

H95PCT Height, 95th percentile of vegetation returns 0.74 0.18 0.71 0.21 0.81 

CANCOV 
Vegetation returns > 2 m * 100 / Total 
returns 0.80 -0.13 0.89 -0.05 0.76 

HVOL CANCOV x HMEAN / 100 0.94 -0.06 0.94 0.02 0.83 

RPC1 Percentage of 1st returns to all returns -0.70 0.11 -0.81 0.03 -0.74 

IMAX Intensity, maximum of first returns 0.06 -0.02 0.14 0.00 0.12 

IMEAN Intensity, mean of first returns -0.34 0.03 -0.47 -0.01 -0.19 

ISD 
Intensity, standard deviation of vegetation 
returns 0.60 -0.09 0.71 -0.05 0.78 

ISKEW Intensity, skewness of vegetation returns 0.37 -0.08 0.49 -0.07 0.23 

IKURT* Intensity, kurtosis of vegetation returns -0.62 0.13 -0.71 0.08 -0.77 

I25PCT* Intensity, 25th percentile -0.61 0.06 -0.73 0.01 -0.58 

I50PCT* Intensity, 50th percentile -0.31 0.03 -0.45 0.00 -0.14 

I75PCT Intensity, 75th percentile 0.04 -0.02 -0.02 -0.05 0.29 

I95PCT Intensity, 95th percentile 0.27 -0.09 0.36 -0.11 0.50 

IMEAN75 

Intensity, mean above 75th percentile of 

height distribution 0.39 -0.44 0.39 -0.32 0.43 

 



76 

Table 2-4. Acquisition date and Landsat sensor of the images used in this study. The 

1997 geometric and MADCAL reference image is denoted by an asterisk. Images 

from 1972-1981 are referenced to WRS-1 path 46, row 29. Images between 1983-

2010 are referenced to WRS-2 path 43, row 29. 

Year Date Satellite 

1972 08/12 Landsat 1 MSS 

1973 08/07 Landsat 1 MSS 

1975 08/15 Landsat 1 MSS 

1977 08/13 Landsat 2 MSS 

1978 07/30 Landsat 3 MSS 

1979 08/03 Landsat 2 MSS 

1980 08/16 Landsat 2 MSS 

1981 08/10 Landsat 2 MSS 

1983 07/04 Landsat 4 MSS 

1984 07/14 Landsat 5 MSS 

1984 07/14 Landsat 5 TM 

1985 07/17 Landsat 5 MSS 

1985 07/17 Landsat 5 TM 

1986 07/20 Landsat 5 MSS 

1986 07/20 Landsat 5 TM 

1987 08/08 Landsat 5 MSS 

1987 08/08 Landsat 5 TM 

1988 07/25 Landsat 5 TM 

1988 08/10 Landsat 5 MSS 

1989 07/28 Landsat 5 TM 

1989 08/05 Landsat 4 MSS 

1990 07/31 Landsat 5 MSS 

1990 08/16 Landsat 5 TM 

1991 07/18 Landsat 5 TM 

1992 08/05 Landsat 5 MSS 

1992 08/05 Landsat 5 TM 

1993 08/08 Landsat 5 TM 

1994 07/26 Landsat 5 TM 

1995 08/14 Landsat 5 TM 

1996 07/31 Landsat 5 TM 

1997* 08/03 Landsat 5 TM 

1998 07/21 Landsat 5 TM 

1999 07/08 Landsat 5 TM 

2000 08/11 Landsat 5 TM 

2001 08/06 Landsat 7 ETM+ 

2002 08/09 Landsat 7 ETM+ 

2003 08/20 Landsat 5 TM 

2004 07/21 Landsat 5 TM 

2005 07/24 Landsat 5 TM 

2006 07/27 Landsat 5 TM 

2007 07/30 Landsat 5 TM 

2008 08/01 Landsat 5 TM 

2009 07/19 Landsat 5 TM 

2010 08/07 Landsat 5 TM 
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Table 2-5. Post-calibration dynamic ranges and derived gains and offsets for Landsat 2 

data prior to 7/16/1975 (Markham and Barker 1986, QCALMINBAND1-4=0, 

QCALMAX BAND1-3=127, QCALMAXBAND4=63) and for MSS data processed with 

LPGS 11.2.0 (Source: header files) (QCALMIN=1, QCALMAX=255). 

Exoatmospheric irradiance (ESUN) values are from Chander et al. (2009). Because 

LPGS data are cross-calibrated with Landsat MSS 5, ESUN from Landsat 5 were used 

for Landsat 1-5 (LPGS). 

 

Landsat Band 

LMIN 

W/ (m2 sr µm) 

LMAX 

W/ (m2 sr µm) 

GAIN 

(W/m2 sr µm)/DN 

OFFSET 

W/m2 sr µm 

ESUNλ 

W/m2 µm 

2 (NLAPS) 1 10 210 1.5748 10 1829 

 
2 7 156 1.1732 7 1539 

 
3 7 140 1.0472 7 1268 

 
4 5 138 2.1111 5 886.6 

1 (LPGS) 1 0 243.8 0.9598 -0.9598 1824 

 
2 10 187.4 0.6984 9.3016 1570 

 
3 -8.9 170.5 0.7063 -9.6063 1249 

 
4 0 166.5 0.6555 -0.6555 853.4 

2 (LPGS) 1 8.6 288.8 1.1031 7.4969 1824 

 
2 -0.8 184.6 0.7299 -1.5299 1570 

 
3 -2.6 151.5 0.6067 -3.2067 1249 

 
4 4.1 131.7 0.5024 3.5976 853.4 

3 (LPGS) 1 4.3 284.7 1.1039 3.1961 1824 

 
2 3 179.6 0.6953 2.3047 1570 

 
3 3.1 154.3 0.5953 2.5047 1249 

 
4 1 127 0.4961 0.5039 853.4 

4 (LPGS) 1 2.3 260.8 1.0177 1.2823 1824 

 
2 4.3 194.5 0.7488 3.5512 1570 

 
3 4.2 136.7 0.5217 3.6783 1249 

 
4 3.1 137 0.5272 2.5728 853.4 

5 (LPGS) 1 3 268 1.0433 1.9567 1824 

 
2 3 179 0.6929 2.3071 1570 

 
3 5 148 0.5630 4.4370 1249 

 
4 3 123 0.4724 2.5276 853.4 
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Table 2-6. Tasseled cap coefficients for Landsat 2 data processed prior to 7/16/1975 

(Kauth et al., 1979; Thompson & Wehmanen, 1980), and tasseled cap coefficients for 

Landsat 1-5 MSS processed with LPGS 11.2.0 coefficients in Table 5. 

 

Landsat Feature Band 1 Band 2 Band 3 Band 4 Bias 

2 (NLAPS) Brightness 0.3323 0.6032 0.6758 0.2628 0.0000 

 

Greenness -0.2832 -0.6601 0.5774 0.3883 0.0000 

 

Yellowness -0.8995 0.4283 0.0759 -0.0408 0.0000 

1 (LPGS) Brightness 0.2031 0.3520 0.4627 0.0848 -12.7421 

 

Greenness -0.1731 -0.3852 0.3953 0.1253 -9.5016 

 

Yellowness -0.5497 0.2499 0.0520 -0.0132 5.9304 

2 (LPGS) Brightness 0.2334 0.3679 0.3975 0.0650 -11.6690 

 

Greenness -0.1989 -0.4026 0.3396 0.0960 -0.6579 

 

Yellowness -0.6318 0.2612 0.0446 -0.0101 -2.4038 

3 (LPGS) Brightness 0.2336 0.3504 0.3900 0.0642 -7.3048 

 

Greenness -0.1991 -0.3835 0.3332 0.0948 0.6085 

 

Yellowness -0.6323 0.2488 0.0438 -0.0100 1.9141 

4 (LPGS) Brightness 0.2153 0.3774 0.3418 0.0682 -6.0451 

 

Greenness -0.1835 -0.4130 0.2920 0.1007 1.3184 

 

Yellowness -0.5829 0.2680 0.0384 -0.0106 3.5011 

5 (LPGS) Brightness 0.2208 0.3492 0.3688 0.0611 -6.0382 

 

Greenness -0.1881 -0.3822 0.3151 0.0903 2.2989 

  Yellowness -0.5976 0.2480 0.0414 -0.0095 2.7263 
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Table 2- 7. Parameters describing Landsat disturbance history. 

 

Scope Description Parameter 

      

Greatest disturbance (GD) TC Angle before GDTCAB 

TC Angle after GDTCAA 

Duration GDDUR 

Magnitude GDMAG 

 Relative magnitude (GDMAG/GDTCAB) GDRCH 

 Rate (GDMAG/GDDUR) GDROC 

 Weighted Magnitude (GDMAG*GDDUR) GDMXD 

 Time since disturbance start GDTSDS 

  Time since disturbance end (GDTSD-GDDUR) GDTSDE 

Total disturbance (TD) Magnitude TDMAG 

Duration TDDUR 

Rate (TDMAG/TDDUR) TDROC 

 Weighted Magnitude (TDMAG*TDDUR) TDMXD 

Total recovery (TR) Magnitude TRMAG 

Duration TRDUR 

  Rate (TRMAG/TRDUR) TRROC 

Total no change (TS) Duration TSDUR 

Total all (TA) Disturbance-recovery ratio (TDMAG/TRMAG) TADRR 

Weighted MSE of fit TAMSE 

Last monotonic trend (LM) Magnitude LMMAG 

Duration LMDUR 

Rate of change (LCMAG/LCDUR) LMROC 

  MSE of fit LMMSE 

Current condition TC Brightness of 2008 image LTCB 

TC Greenness of 2008 image LTCG 

  TC Wetness of 2008 image LTCW 

 TC Angle of 2008 image LTCA 
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Table 2-8. Correlations between forest structure attributes and disturbance history 

parameters derived from Landsat (Table 7). Magnitude is negative for disturbances 

and positive for recovery. As a result, magnitudes of disturbances are negatively 

correlated with dead biomass and basal area. Shading illustrates the strength of the 

correlation independent of the sign: from 0 (white) to -1 and 1 (grey). For 

aboveground biomass (AGB), correlations within individual greatest disturbance agent 

(GDAGT) classes are shown; however, for basal area (BA) only the correlations 

across GDAGT are shown. 

Parameter           Correlation coefficients           

 

AGB 

live   AGB dead   

BA 

live   

BA 

dead   Height 

  

All 

plots   

All 

plots Fire Insect Harvest 

Un-

disturbed   

All 

plots   

All 

plots   

All 

plots 

GDTCAB 0.57  0.38 0.88 0.40 -0.29 -  0.48  0.36  0.44 

GDTCAA 0.83  -0.08 -0.46 0.26 -0.32 0.35  0.85  -0.04  0.79 

GDDUR 0.40  -0.19 -0.11 0.37 0.01 -  0.48  -0.13  0.34 

GDMAG 0.38  -0.48 -0.71 -0.34 -0.06 -  0.48  -0.41  0.45 

GDRCH 0.45  -0.41 -0.59 -0.24 -0.26 -  0.55  -0.33  0.52 

GDROC 0.52  -0.36 -0.72 0.15 -0.11 -  0.62  -0.29  0.54 

GDMXD -0.30  -0.49 -0.54 -0.54 -0.03 -  -0.26  -0.46  -0.20 

GDTSDS 0.50  -0.19 -0.23 -0.05 -0.12 -  0.56  -0.15  0.43 

GDTSDE 0.32  -0.36 -0.22 -0.17 -0.13 -  0.37  -0.29  0.28 

TDMAG 0.42  -0.40 -0.55 -0.26 -0.09 -  0.51  -0.37  0.48 

TDDUR 0.43  -0.12 -0.36 0.73 0.43 -  0.50  -0.02  0.36 

TDROC 0.51  -0.35 -0.89 0.32 0.18 -  0.61  -0.25  0.49 

TDMXD -0.21  -0.52 0.02 -0.82 -0.38 -  -0.18  -0.64  -0.10 

TRMAG -0.46  0.03 -0.05 -0.49 0.10 0.03  -0.47  -0.06  -0.44 

TRDUR -0.01  -0.16 -0.63 -0.34 -0.54 0.34  0.04  -0.19  0.16 

TRROC -0.36  0.18 0.25 -0.47 0.52 0.03  -0.37  0.01  -0.37 

TSDUR -0.04  0.02 0.45 -0.57 -0.12 0.27  -0.03  0.02  -0.04 

TADRR -0.03  -0.33 -0.84 -0.21 -0.02 -  0.01  -0.19  -0.10 

TAMSE 0.34   0.19 0.57 0.40 0.00 0.20   0.27   0.20   0.12 

LMMAG -0.31  -0.01 0.20 -0.70 0.04 0.12  -0.33  -0.09  -0.38 

LMDUR 0.43  -0.20 0.16 0.42 -0.26 0.00  0.47  -0.06  0.34 

LMROC -0.36  0.11 0.08 -0.49 0.07 0.12  -0.42  0.08  -0.53 

LMMSE 0.24  0.07 0.41 0.71 -0.42 0.20  0.19  0.14  0.07 

LTCB -0.76  -0.03 0.14 -0.36 0.01 -0.47  -0.84  -0.08  -0.69 

LTCG -0.11  -0.07 -0.27 -0.30 0.06 0.15  -0.14  -0.21  -0.01 

LTCW 0.70   -0.04 -0.28 -0.02 0.00 0.41   0.76   -0.07   0.67 

LTCA 0.47  0.03 -0.12 -0.30 0.09 0.33  0.48  -0.06  0.42 
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ABSTRACT 

Improved monitoring of forest biomass and biomass change is needed to 

quantify natural and anthropogenic effects on the terrestrial carbon cycle. Landsat’s 

temporal and spatial coverage, fine spatial grain, and long history of earth 

observations provide a unique opportunity for characterizing vegetation changes 

across large areas and long time scales. However, like other multi-spectral data, the 

relationship with forest biomass weakens under certain canopy conditions. Here, we 

present a method that enhances Landsat’s spectral relationships with biomass by 

including information on vegetation trends prior to the date for which estimates are 

desired. The condition of a forest stand at any point in time is determined by its 

disturbance and recovery history; and with recently developed algorithms these trends 

can now be characterized across large regions, e.g. year of onset, duration, and 

magnitude of long- (insect, growth) and short-term (fire, harvest) disturbances and 

regrowth.  

In this study we used yearly Landsat time series between 1972 and 2010 and a 

trajectory-fitting algorithm (LandTrendr) to characterize trends in forest disturbance 

and recovery (DR) for a mixed-conifer region in eastern Oregon (USA). We built 

empirical models to predict forest aboveground biomass (AGB) with DR metrics using 

a fine-resolution (30-m) AGB map developed from airborne lidar for model training 

and error assessment. We explored how time-series length, forest structure, 

topography, and sampling density influence DR model performance in comparison to 

models that use only single-date (SD) spectral data. Finally, we extended our 
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statistical models to map current AGB, historic AGB, and AGB change across a larger 

region (Landsat scene), and we assess these maps using field measurements from 

forest inventories. Our results showed that DR metrics significantly improved 

estimates of AGB (RMSE=30.3 Mg ha
-1

, 27%), and that model predictions were less 

affected by variations in topography and forest structure than predictions derived from 

a SD model (RMSE=39.6 Mg ha
-1

, 35%). DR metrics characterizing magnitude of 

disturbance, post-disturbance condition and post-disturbance recovery were the most 

important predictors of AGB, whereas time since disturbance and pre-disturbance 

trends showed only weak correlations. Time-series length between 10-20 years were 

adequate to capture effects of DR on AGB, though prediction error decreased across 

the entire time series (38 years), indicating a strong correlation between DR and AGB 

and/or a slow response of the system to disturbances. Further, DR models were robust 

when applied across time and space. Prediction error at the Landsat-scene level was 

higher (55.9 Mg ha
-1

, 53%), but the increase was not associated with choice of training 

data (lidar vs. inventory) or model (DR vs. SD). Maps of AGB change captured 

patterns of disturbance and regrowth, but missed a small net increase in AGB in 

mature conifer stands. This study demonstrates that long-term observations of DR 

processes can aid in monitoring AGB and AGB change, and that lidar provides a 

unique means to scale between field measurements and satellite data. 
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1.  INTRODUCTION 

Improved monitoring of forest biomass is required to accurately project the 

future role of forest ecosystems in the global climate and to implement national and 

international mitigation strategies that reduce greenhouse gas emissions (Aber et al. 

2001; Bonan 2008; Houghton 2005). Current observations of the land-atmosphere C-

flux based on measurements via eddy covariance techniques (Baldocchi 2003) and 

field inventories (Goodale et al. 2002) are too sparse in time and space to allow 

inferences of terrestrial carbon sources and sinks with sufficient accuracy (Denman et 

al. 2007; Houghton et al. 2009).  

Currently, the most promising strategies for improving forest carbon 

measurements combine satellite remote sensing with field measurements and/or 

ecosystem process models. For example, studies have combined ecosystem process 

models with maps of disturbance history and age derived from Landsat time-series 

(Cohen et al. 1996; Masek and Collatz 2006), and with satellite-based estimates of 

FPAR (fraction of photosynthetic active radiation) (Coops and Waring 2001; Smith et 

al. 2008). Ecosystem models provide a detailed simulation of ecophysiological 

processes, including those below ground, and can be run in prognostic mode, e.g. to 

analyze ecosystem feedbacks to future climate scenarios. However, these models also 

require large, detailed data sets for parameterization, and independent validation is 

limited. In addition, over decadal time scales, carbon fluxes are largely driven by 

changes in tree biomass, successional change in forest composition, and disturbance 
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events; processes that are not well represented by current ecosystem models (Urbanski 

et al. 2007). 

Consequently, the potential value of remotely sensed estimates of forest 

aboveground biomass (AGB) is high. Lidar (light detection and ranging) is currently 

the most accurate method, as the recorded laser pulse directly measures three-

dimensional forest attributes such as tree heights and vertical foliage distributions 

(Drake et al. 2003; Lefsky et al. 1999). Lidar has demonstrated consistent results 

across a range of forest types and biomes (Dubayah et al. 2010; Lefsky et al. 2002). 

Thus, it would be ideal to measure AGB with lidar at a fine spatial grain. However, 

wall-to-wall lidar coverage is acquired only by airborne sensors, which, because of the 

high costs, provide only limited spatial coverage. Because estimating of biomass 

change requires repeated measurements, the utility of lidar for spatially explicit carbon 

monitoring will stay confined to small geographic areas in the near future. To date, 

only few studies have evaluated lidar for measuring forest growth (e.g. Woodget et al. 

2007). Although lidar cannot provide the temporal and spatial coverage needed for 

complete and repeated biomass mapping, its high accuracy makes it particularly 

suitable as sampling tool to scale between field measurements and satellite data. In 

recent years, research has increasingly focused on integrating airborne lidar with forest 

inventory measurements (Andersen 2009; Andersen et al. 2011; Næsset 2004; Wulder 

and Seemann 2003), but little research exists on the integration of field, lidar and 

satellite imagery for regional vegetation studies. 
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Multi-spectral satellite sensors provide frequent and consistent observations of 

the earth surface, and have been used extensively for monitoring vegetation 

characteristics across a variety of spatial and temporal scales (Cohen 2004; Running et 

al. 2004). As a result, a large body of research has focused on estimating biomass 

directly with fine spatial resolution (e.g. Landsat, Hall et al. 2006; Powell et al. 2010) 

and coarse resolution sensors (e.g. MODIS, Baccini et al. 2004; Blackard et al. 2008). 

To estimate AGB, these studies utilize empirical models based on single-date 

reflectance and field measurements. However, the signal recorded by multi-spectral 

sensors is known to saturate under closed canopy conditions (Lu 2006) diminishing 

their accuracy in high biomass forests (e.g. > 200 Mg ha
-1

).  

Despite this limitation, estimating AGB with multi-spectral sensors remains an 

active field of research. Alternative approaches that rely on regional statistics and 

thematic land cover data greatly misrepresent the expected spatial distribution (Goetz 

et al. 2009). Recently, Avitabile et al. (2011) compared available biomass maps for 

Uganda and found, while estimates derived from multi-spectral data and regression 

models were conservative, maps based on biome-average values and national land 

cover data vastly overestimated AGB. To improve AGB estimates with multi-spectral 

data, studies have tested a variety of modeling techniques (Hudak et al. 2002; Powell 

et al. 2010), utilized multiple intra-annual images (Lefsky et al. 2001), and included 

topographic and climate variables in addition to spectral variables (Baccini et al. 2004; 

Powell et al. 2010) with mixed success. 
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Recently, we tested a new approach to enhance the relationship between 

Landsat reflectance and AGB by incorporating Landsat spectral trends prior to the 

date for which predictions are desired (Pflugmacher et al., in press). Including 

disturbance-recovery metrics (DR) derived from yearly Landsat time series (1972-

2010) into empirical models significantly improved prediction accuracy; RMSE 

decreased from 57% to 41% compared to models that used only single-date (SD) 

Landsat data. However, the analysis was limited to only 51 spectral-temporal 

trajectories extracted over field plots. Further, studies are needed to test the 

applicability of the DR approach across a wider range of forests and disturbance 

regimes. 

The conceptual basis for combining DR variables with spectral data derives 

from ecological observations that type (e.g. fire, harvest, insect) and intensity of 

disturbances influence forest structure, composition, and carbon dynamics (Franklin et 

al. 2002; Halpern 1988; Harmon et al. 1990; Spies 1998). Disturbance severity 

determines the proportion of live biomass that is released to the atmosphere, was 

transferred to dead woody biomass or removed from a site as products (Kasischke et 

al. 2005). In combination with environmental factors, disturbances determine the rate 

and pathways of subsequent recovery (Gough et al. 2007; Meigs et al. 2009), resulting 

in highly variable spatial and temporal patterns of forest regrowth (Halpern 1988; 

Yang et al. 2005).  

Landsat is well suited for mapping forest disturbances over large areas (Cohen 

et al. 2002; Masek et al. 2008). The U.S. Geological Survey has recently released the 
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Landsat archive, providing free-of-charge access to near-annual, cloud-free 

observations, at least for many parts of North America and Europe. These data policy 

changes have led to a significant paradigm shift in Landsat change detection research. 

While in the past change, detection was often limited to bi- and multi-temporal 

analyses of stand-replacing disturbances (Healey et al. 2005), easy access to imagery 

has led to developments of new algorithms that leverage the full temporal information 

of dense time series (Huang et al. 2010; Kennedy et al. 2010).  

The main objective of our study was to map AGB and AGB change across a 

mixed conifer region in eastern Oregon (US) using quantiative metrics that describe 

DR trends between 1972 and 2010 in addtion to Landsat spectral data. A key 

challenge was the identification and description of DR trends. Temporal patterns of 

DR can be highly complex, particularly when observed over long time periods 

(Kennedy et al. 2007b). In our study area, forest changes are caused by a range of 

anthropogenic and natural disturbances of varying intensity and duration (e.g. fire, 

clear-cuts, partial harvest, insect), and recovery and maturation processes are highly 

variable. Forest stands may have experienced a single disturbance or multiple 

disturbances during the observed period. Thus, quantification of the cumulative effects 

of disturbance history on forest biomass was likely to require a model that captures 

multiple, consecutive trends (of various direction and duration) that lead to the current 

condition. In a previous proof-of-concept study (Pflugmacher et al. in press), we 

derived DR trends from Landsat time series by means of manual interpretation and 

hand-digitizing. Here, we used a recently developed, trajectory-fitting algorithm called 
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LandTrendr (Kennedy et al. 2010) to automatically map DR trends across an entire 

Landsat scene. LandTrendr outputs spectral-temporal trajectories that capture abrupt 

changes (e.g. clear-cuts) and long-term trends associated with forest degradation and 

recovery.  

To be able to characterize DR across the full Landsat record (1972 onward), 

we built on our previous work for integrating time series from Landsat MSS and 

TM/ETM+ (Pflugmacher et al. in press). There we used the tasseled cap angle (TCA, 

Powell et al. 2008) index to bridge spectral differences between sensors. TCA is 

related to vegetation cover (G me  et al. 2011  Powell et al. 2008), and effectively 

described the effects of disturbance magnitude and post-disturbance condition on 

forest structure attributes (Pflugmacher et al. in press). Here we tested an additional 

index: tasseled cap distance (TCD, Duane et al. 2010) and additional DR metrics to 

more fully characterize the spectral response of recovery and maturation. To sample a 

broad range of forest structure and disturbance types, we used a fine-resolution map of 

AGB derived from airborne (discrete-return) lidar for model training and error 

assessment. Lidar enabled accurate and extensive model calibration and validation, but 

was only available locally. We tested the representativeness of model predictions 

across a larger region (Landsat scene) using forest inventory data. We also extended 

our statistical models back in time to predict historic AGB and AGB change, and we 

used historic forest inventory data to assess the quality of these estimates. Our specific 

objectives were to: 1) Explore the relationships between AGB and DR metrics derived 

from TCA and TCD trajectories; 2) develop and assess prediction models based on 
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DR and SD metrics; 3) apply and test DR models across a larger region (Landsat 

scene); and 4) apply AGB models to previous time periods to estimate historic AGB 

and AGB change.  

2.  METHODS 

2.1.  Study area 

The study area is located in the Blue Mountains of eastern Oregon, USA, and 

consists of two nested regions: a larger area defined by the extent of a Landsat scene at 

WRS-2 path 43 row 29 (~ 185 km x 185 km), and a smaller area (~830 km
2
) within 

the Landsat scene (Figure 3-1). The smaller area covers two watersheds of the Upper 

Middle Fork John Day river and represents the core study area where detailed lidar 

data were available for model calibration. In the following we refer to this area as the 

training area. The exact boundaries of the Landsat-scene area were delineated using a 

Thiessen polygon to match the sampling scheme of a larger project that mapped 

disturbance and recovery trends in the Pacific Northwest (Kennedy et al., 2010). 

Within the Landsat WRS-2 system, the Thiessen polygon describes the area of a scene 

closest to its path-row center.  

Current forest structure of the area has been shaped by natural and 

anthropogenic disturbances, with harvest, insects, and fire as major agents. Mountain 

pine beetle (Dendroctonus ponderosae Hopkins) and western spruce budworm 

(Choristoneura occidentalis Freeman) are the main causes of tree mortality and 

defoliation (Meigs et al. 2011). Thinning harvest and frequent low intensity fire are 
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common, which have created structurally and compositionally complex mixed and 

multi-aged conifer-dominated forests (Campbell and Liegel 1996). Two high intensity 

wildfires have been documented for the training area by the Monitoring Trends in 

Burn Severity (MTBS) project (http://www.mtbs.gov/). The larger fire burned 

approximately 14,800 ha in 1996 in the northern part of the training area, and the 

smaller fire burned in 2002 approximately 2,600 ha in the south east part of the 

training area. 

The Blue Mountain region is characterized by a dry climate, with average 

annual precipitation from 305mm to 1270mm. Elevation ranges between 500m and 

2700m. Forest types include spruce (Picea engelmannii Parry ex Engelm.) and grand 

fir (Abies grandis [Douglas ex D. Don] Lindl.) at the higher elevations to mixed 

conifer at mid elevations, to ponderosa pine (Pinus ponderosa Douglas ex P. Lawson 

& C. Lawson) at lower elevations (Franklin and Dyrness, 1988). Hardwood species 

such as black cottonwood (Populus trichocarpa Torr. & Gray), quaking aspen 

(Populus tremuloides Michx.), and willow (Salix spp.) occur mainly in the riparian 

areas and wetlands.  

2.2.  Landsat data 

2.2.1.  Image selection and processing 

We obtained Landsat MSS, TM, and ETM+ images for the study region 

(WRS-2 path/row: 43/29) for nearly every year between 1972 and 2010 (Table 3-1) 
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from the Landsat archive (http://glovis.usgs.gov). To minimize inter-annual changes in 

sun angle and phenology we selected only images acquired between mid-July and 

August. Prior to 1984, Landsat MSS data were acquired using a different reference 

system. For those we obtained overlapping scenes from WRS-1 path/row 46/29, 

46/30, 47/29, and 47/30 except for 1974 and 1982, for which no acceptable could-free 

images were available.  

To quantify biophysical changes associated with forest disturbances and 

recovery it was crucial that all images in the Landsat time series be geometrically and 

radiometrically consistent (Lu et al. 2004; Song et al. 2001). Thus, we radiometrically 

normalized each image to an atmospherically corrected (Chavez 1996) reference 

image (here we used 1997) using the MADCAL algorithm of Canty et al. (2004). 

Schroeder et al. (2006) describes the procedure for MADCAL processing TM/ETM+ 

image stacks in more detail. Including MSS data in the image time series required 

additional steps (Pflugmacher et al, in press). Although the majority of the MSS 

imagery had been orthorectified, additional corrections were necessary to improve the 

geometric consistency. We utilized an automated tie-point program by Kennedy and 

Cohen (2003) to register all MSS data to the 1997 reference image (RMSE < 0.5 

pixel) and resampled each image to 30m. Following Powell et al. (2008), we applied 

the tasseled cap (TC) transformation to the TM/ETM+ data and the MSS data and then 

normalized MSS to the TM reference image using the TC components brightness 

(TCB) and greenness (TCG). For TM/ETM+ we used the TC coefficients for 

reflectance data from Crist (1985) and for MSS we used the coefficients from 

http://glovis.usgs.gov/
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Pflugmacher et al. (in press), which derive from Kauth et al. (1979) and match recent 

MSS radiometric calibration. Residual systematic differences across sensors were 

corrected by aligning the MSS time series using pixel-level correction factors obtained 

from overlapping MSS and TM images between 1984 and 1992 (Pflugmacher et al. in 

press). For years where multiple images where available, cloud-free pixels where 

selected from the image closest to the median Julian day (216) of the image collection, 

and pixels from TM were chosen over pixels from MSS sensors. Finally, we computed 

TC angle (TCA) from TCG and TCB as described in Powell et al. (2010) as 

TCA = arctan(TCG /TCB), and TC distance (TCD) first described in Duane et al. 

(2010), where TCD = TCG2 +TCB2 . TCA and TCD translate the brightness-

greenness plane of the TC transformation into a polar coordinate system. TCA 

describes the gradient of percent vegetation cover and TCD is related to variations in 

vegetation composition and structure.  

2.2.2.  Temporal trajectories 

To identify and characterize change trends for each pixel, we use the 

LandTrendr algorithm developed by (Kennedy et al. 2010). LandTrendr is a temporal 

segmentation algorithm that models change trajectories as a series of sequential line 

segments. The algorithm seeks to reduce interannual noise caused by variations in 

phenology and atmospheric conditions, while maintaining the temporal patterns 

associated with disturbance and recovery. Starting with a predefined maximum 

number of segments the algorithm iteratively loops through less complex model 
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solutions. The final segmentation is selected from all possible solutions, balancing an 

increase in residual error with decreasing model complexity (for details see (Kennedy 

et al. 2010). As a result, the trajectory of a pixel may be described by a single segment 

(stable, gradual increase or decrease) or by multiple interconnected segments (up to 

the maximum defined number, here we used six). Likewise, individual change 

processes may be represented by a single segment or by multiple segments where 

changes are non-linear (e.g. recovery) (Figure 3-2, Pflugmacher et al., in press).  

Initial testing revealed that TCA captured changes in vegetation cover better 

than TCB, TCG, and TCD. Therefore we applied the LandTrendr segmentation using 

the TCA time series. For all time series analyses we used the mean value of a 3 by 3 

sliding window at each 30-m pixel to minimize misregistration errors. To characterize 

the same temporal trends with TCD, we applied the LandTrendr fitting algorithm to 

TCD, but constrained the fitting to the same vertices (years marking a change). Thus, 

the results were two fitted trajectories derived from the same temporal segmentation 

(identification of events). 

2.2.3.  Disturbance and recovery metrics 

From the fitted trajectories we derived for each pixel a series of quantitative 

metrics characterizing the temporal and spectral patterns of forest disturbance and 

recovery (DR). Our approach is based on the supposition that the most significant 

change event (greatest magnitude), the trend and condition prior to, and the trend 

following, the event (recovery), capture the critical dynamics influencing the current 
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variations in forest biomass. The derivation of DR metrics from temporal trajectories 

is based on studies from Kennedy et al. (in press) and Pflugmacher et al. (in press), but 

here we extend on this work to include additional metrics describing pre-disturbance, 

post-disturbance, and current trends.  

We derived 23 DR metrics and grouped them into six sets (Table 3-2). From 

these 23 metrics, 17 metrics were computed twice (for TCA and for TCD trajectories) 

resulting in a total of 40 potential DR predictor variables. The first set contains metrics 

describing the greatest disturbance (GD), where GD is the disturbance segment with 

the greatest spectral change (b in Figure 3-2). Duration of greatest disturbance is the 

difference in years between segment end point (vertex C) and segment start (vertex B). 

Similarly, time since start and end of GD is the year difference between the current 

year (vertex E) and the GD start and end vertex, respectively. The spectral change at 

greatest disturbance was characterized using three metrics: 1) absolute change 

magnitude = pre-disturbance value minus post-disturbance value (GDMAG=BDVAL-

ADVAL), 2) relative magnitude = absolute magnitude divided by pre-disturbance 

spectral value (GDRCH=GDMAG/BDVAL), and 3) rate of change = absolute 

magnitude divided by duration (GDROC=GDMAG/GDDUR). Similar metrics were 

derived to characterize pre-disturbance trends (BD) and post-disturbance trends (AD). 

To accommodate potential non-linearity in post-disturbance recovery dynamics, we 

added four additional metrics to this set. Spectral value five years after disturbance 

(ADVA5), and the change magnitude in the first five years (ADMG5) were selected to 

characterize the rate of early recovery. Similarly, total recovery describes the relative 
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spectral change that occurred between the current date and the year immediately after 

disturbance (ADREC) or five years after disturbance (ADVA5). For disturbances and 

recovery processes that occur early in the time series the likelihood increases that 

subsequent less intense but long term trends are ignored. Therefore we calculated a 

series of metrics describing the last monotonic trend (LM), which summarizes the 

duration and magnitude of all segments having the same directional trend prior to the 

current year. Finally, we determine from the fitted trajectories the spectral values for 

the current condition (CCVAL) and from the last segment the current rate of change 

(CTROC).  

Predictor variables for single-date models (SD), included the current spectral 

values for TCA (CCTCA) and TCD (CCTCD), which we also used as DR predictors, 

and TCB and TCG of the current condition (CCTCB and CCTCG, respectively). 
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2.3. Lidar-based biomass data 

In this study we used AGB derived from small-footprint, discrete-return lidar 

data and field measurements for model training. Field data were acquired for fifty-one 

15-m radius plots during the summer of 2009 distributed across the lidar area (lidar 

training area, Fig. 1). Field measurements included diameter at breast height (dbh), 

species, and height of all live trees with dbh > 2.5 cm. For each tree, total AGB (oven-

dry weight) was calculated from ten allometric equations developed for regional 

applications (Jenkins et al. 2003) and then totaled over the plot area to derive estimates 

of biomass density (Mg ha
-1

).  

Airborne lidar data were acquired between 19-28 August 2008 with a Leica 

ALS50 Phase II laser system at an altitude of approximately 900 m asl. Flight lines 

overlapped at least 50% on each side. The lidar sensor operated at a wavelength of 

1064 nm and recorded pulse range and intensity at a nominal pulse density of >8 

pulses per m
2
. Up to 4 returns per pulse were recorded. To obtain estimates of 

vegetation height a 1-m DEM (provided by the vendor) was subtracted from the pulse 

elevations. Lidar returns co-located with the field plots were then extracted and 

metrics describing the height and intensity distributions were computed. For a more 

detailed description of the field and lidar data processing see Pflugmacher et al. (in 

press).  

To derive spatial estimates of AGB from lidar we used a regression model 

developed by Pflugmacher et al. (in press) based on the field measurements and lidar 

data previously described. The model predicts AGB from a canopy volume metric 
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(HVOL), which was computed as the product of lidar canopy cover (returns above 2m 

divided by all returns) and mean lidar vegetation height. The AGB model described 

87% of the variation in measured live tree biomass (up to 354 Mg ha
-1

) with an 

RMSE=35.3 Mg ha
-1

. We applied the model at a raster grid size of 30 m (comparable 

to the field plot size) and then smoothed the AGB raster using the same 3 by 3 mean 

sliding window to match the Landsat data processing. We used the smoothed AGB 

raster (AGBLidar) for training and testing of Landsat-based models. To decrease the 

data volume and processing time we extracted a systematic sample with a grid spacing 

of 500 m from AGBLidar. Samples over meadows and other areas that were not forested 

between 1985 and 2009 were excluded from analyses. We derived the regional, full-

scene non-forest mask using the iso-cluster algorithm iteratively on a six-band image 

stack build from TCB, TCG, and TCW for 1985 and 2009, respectively, and visual 

interpretations of airphotos.  

2.4.  Forest inventory data 

To assess Landsat-predicted AGB for historic time periods and geographic 

regions where lidar data were not available, we used field data from the US Forest 

Service (USFS) annual Forest Inventory and Analysis (FIA) program and the 

Continuous Vegetation Survey (CVS) of the Pacific Northwest Region (Table 3-3). 

FIA and CVS collect field measurements for all forested land using plots established 

on systematic grids at the national and regional level, respectively. Thus, they provide 

a consistent field data source useful for large-area monitoring applications (e.g. 
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Baccini et al. 2004, Powell et al. 2010). Plots are periodically remeasured allowing 

estimates of biomass change. In this study, CVS data have first been collected between 

1993 and 1996. Between 1997 and 2007, CVS remeasured 758 plots within the 

Landsat scene area, 87 of which fell within the lidar training area. FIA data was 

collected between 2001 and 2009, but not remeasured within that period. FIA and 

CVS collect similar tree data, but have different plot designs: annual FIA inventory 

plots consist of 4 fixed-radius subplots, whereas CVS plots consist of 5 variable radius 

subplots. Further, annual FIA subplots are located closer together and sample a 

smaller amount of land area than the CVS subplots (Figure 3-3). 

Within each inventory plot, trees ≥2.54 cm diameter at breast height (dbh) 

were sampled and the species recorded. We calculated biomass of live trees based on 

the national-scale equations we used for our field data and AGBLidar (Jenkins et al., 

2004). Plot-level biomass densities (Mg ha
-1

) were then obtained using the recorded 

trees-per-area expansion factors. We only selected homogenous plots with single 

conditions (as recorded by the inventories) to minimize misregistration effects. 

Further, we visually screened plots for outliers associated with edge effects such as 

adjacent meadows or roads. This removed less than 5% of inventory plots. Finally, 

inventory data were linked to the spatial data by extracting the 30-m pixel closest to 

the plot center. Because a 3 by 3 mean filter had been applied to all spatial data, the 

effective ground area sampled was 90 by 90 m around the plot center.  
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2.5.  Comparison of AGBLidar with AGB from forest inventories 

Differences between training data (lidar) and validation data (inventory) can 

influence inferences on model accuracy. We evaluated the agreement between 

AGBLidar and AGB measured by forest inventories between 2006 and 2009. We 

verified that plots had not been disturbed during that period by visually inspecting 

Landsat image chips. Further, we evaluated potential differences between inventories. 

Nineteen plot locations across the Landsat scene had been measured by CVS and FIA 

in the same year. We used these data to test the plot-level agreement between CVS- 

and FIA-measured AGB. The comparison between inventories therefore provided 

another measure of uncertainty in AGB that was unrelated to the modeling. Overall 

agreement between data sources was assessed based on RMSE and bias. In addition, 

we calculated the slope of the linear relationship using reduced major axis regression 

(RMA) (Cohen et al. 2003). We selected RMA over ordinary least squares (OLS) 

regression to account for (measurement and sampling) errors in both data sets 

(inventory and lidar). RMA fits a regression line by minimizing residuals in the 

direction of the x- and y-variable. Thus, unlike OLS, RMA does not assume that the y-

variable was obtained without error.  

2.5.  Statistical analysis 

2.5.1.  Correlation analysis 
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Prior to model development, we explored the individual relationships between 

AGBLidar and the Landsat spectral indices and disturbance-recovery metrics. We 

evaluated the effect of each metric on current AGBLidar by means of correlation 

analysis.  AGBLidar was log-transformed to linearize the relationships. 

2.5.2.  Model development with random forest 

In this study, we built empirical models between AGBLidar (response) and the 

Landsat-derived DR and SD metrics (predictors) (Table 3-2) using a non-parametric 

regression method called random forest (RF) (Breiman 2001). RF does not make 

distributional assumptions and is able to account for complex, non-linear interactions 

among variables. RF improves on traditional tree-based methods by incorporating two 

random components: 1) each tree is constructed from a bootstrap sub-sample of the 

data, and 2) node splits are performed using a random subset of predictor variables. As 

a result RF does not require tree pruning, and unbiased estimates of model errors can 

be obtained by applying models to the left-out data (referred to as out-of-bag (OOB) 

data). OOB errors are therefore analogous to cross-validation. We performed all 

statistical analyses using the R statistical language (R Development Core Team, 2011) 

and the RandomForest package from (Liaw and Wiener 2002). 

Predictor variables for the final model (DR4) were selected using the variable 

importance measure computed by RF. Because RF relies on averaging bootstrap 

estimates (bagging) the method is robust against overfitting (Breiman 2001). 

However, to facilitate model inferences we reduced the number of predictors. RF 
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quantifies importance based on the impact of each variable on the prediction error of 

each tree. More specifically, RF computes the average increase in MSE (%IncMSE) 

by permuting the OOB data for a variable while keeping the other predictors constant. 

The increase in MSE is then averaged over all trees and normalized by the standard 

deviation.  

In addition to the DR4 model, derived from the RF importance measure, we 

explored the possibility of identifying alternative predictor sets that might have the 

potential to serve as meaningful predictors, but are also easier to compute from multi-

temporal images or image time-series. Ordered by increasing number of parameters, 

these candidate models include: 1) current-date spectral data only (SD1), 2) SD1 

predictors and the current spectral trend (CTROC) (DR1), 3) DR1 predictors and times 

since disturbance (GDTSE) (DR2), and 4) DR2 predictors and relative change 

magnitude (GDRCHTCA) (DR3). 

2.5.3.  Model evaluation 

All models were evaluated based on goodness of fit, prediction accuracy, and 

by plotting model residuals against response and predictor variables. We calculated 

the pseudo R
2
, which is the mean of the individual bootstrap R

2
. To assess a model’s 

prediction accuracy we computed the root mean squared error (RMSE), bias (mean 

predicted AGB minus mean observed AGB), variance ratio (standard deviation of 

predicted AGB divided by standard deviation of observed AGB) (Cohen et al., 2003), 

correlation coefficient (r), and slope of the regression line between predicted AGB 



103 

versus observed AGB. Model performance was evaluated using the same data set for 

training and validation. Independent predictions were obtained by applying each 

model to the RF OOB data. We computed the same statistics for evaluating the 

robustness of model predictions outside the lidar training area (spatial extrapolation) 

and for past time periods (temporal extrapolation) using forest inventory data for 

model validation. 

2.6.  Factors influencing estimates of AGB 

2.6.1. Sampling density 

We estimated uncertainties associated with the sampling of the AGBLidar 

surface by gradually increasing the spacing from 500 to 5000 m in 100-m intervals. 

For each sampling density, we recorded model R
2
 and RMSE of OOB-predicted 

versus observed AGBLidar. Further, we estimated the uncertainty in model accuracy 

associated with a given grid spacing by iteratively offsetting a grid’s starting point by 

120, 240, and 360 m in each direction. This produced 9 different AGB samples for 

each density level, from which we calculated means and standard errors (SE) of model 

R
2
 and RMSE. 

2.6.2.  LandTrendr segmentation  

We assessed the LandTrendr trajectories by means of manual interpretation of 

Landsat image chips and historic airphotos conducted with the TimeSync software 
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developed by Cohen et al. (2010). For 200 FIA plot locations, an expert interpreter 

marked and labeled each year in the time series that showed changes in the forest 

canopy associated with fire, harvest (clear-cut and partial), insects and pathogens, 

regrowth and maturation.  

We evaluated the effect of LandTrendr errors on prediction accuracy by 

comparing the LandTrendr predictions against predictions from TimeSync-derived DR 

metrics. Further, we assessed the agreement between LandTrendr and TimeSync in 

capturing abrupt, high intensity disturbances, abrupt, low intensity disturbances and 

slow disturbances. In this context, we defined an abrupt disturbance as an 

instantaneous change from one year to another. However, when clouds or missing 

image years coincide with abrupt events the detection (year) will be delayed and the 

recorded disturbance duration will increase accordingly. Because the TimeSync 

interpreter utilized multiple data sources (airphotos, multiple images) to accurately 

describe vegetation trends, this may cause a discrepancy of a year in the recorded 

disturbance time and duration between TimeSync and LandTrendr. Similarly, if a 

disturbance occurred in the same year but after an image was acquired, LandTrendr 

will record the disturbance in the following year. Because this reflects a limitation of 

yearly observations rather than algorithm errors, we allowed a one-year tolerance in 

timing and duration of disturbances between TimeSync and LandTrendr. For low 

intensity and long-term disturbances, which have a smaller signal-to-noise ratio, we 

further decreased our expectation and used a tolerance of three years. We defined high 

intensity based on a relative change magnitude (GDRCHTCA) greater than 30%. This 
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threshold corresponded to a relative change in lidar-derived canopy cover of 50% 

(analysis not shown here). 

2.6.3.  Effect of forest structure, type and topography 

We assessed how forest structure and potential vegetation type influenced 

model predictions for the DR4 and SD1 model. To describe forest structure, we 

calculated several lidar metrics: 1) mean vegetation height (mean height of all returns 

above 0.5 m), 2) canopy cover (number of pulse returns above 2 m divided by the 

number of all reflected returns), and 3) coefficient of variation of vegetation height 

returns (CVHT) as a proxy for vertical height complexity. Because lidar metrics were 

not calibrated with field data, their absolute values cannot be translated into their field-

measured counterparts. However, these metrics are highly correlated with field 

measurements (Hudak et al. 2008; Morsdorf et al. 2006) and were only interpreted 

here in terms of their relative effect on AGB models. For each lidar metric we derived 

rasters with 30 m pixel size, and extracted at each sampling location the mean value 

within a 3 by 3 sliding window. Finally, we computed the local variance of the 30-m 

AGBLidar surface using the same window size to characterize the spatial heterogeneity 

of the AGB sample. Potential vegetation type (PVT) describes the plant community 

that would develop at given site and climate in the absence of disturbances. Thus, PVT 

indicates the ecological site potential and is valuable for projecting plant succession 

pathways (Powell et al. 2007). Here, we summarized PVT in four classes reflecting 

mainly the temperature and moisture gradient at the study site: mixed conifer dry 
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(MCD), mixed conifer moist (MCM), ponderosa pine dry (PPD), and upper montane 

cold (UMC). 

2.6.4.  Time-series length 

To predict current AGB (for the year 2009), we computed DR metrics using 

the entire Landsat time series (38 years). To predict historic AGB it was of interest to 

determine the minimum time-series length (L) required to accurately quantify AGB 

with DR metrics. Thus, we explored the relationship between time-series length and 

DR4 model performance by iteratively increasing L from 2 to 38 years. For each L we 

fitted a new DR4 model and assessed its performance based on model R
2
 and RMSE. 

We then evaluated the relationship between model statistics and time-series length. 

The time length for which effects of DR on current structure are observable 

depends on the responsiveness of the ecosystem, but also on the intensity and 

frequency of past disturbances (Halpern 1988). To explore how changing L also might 

have changed the observed disturbance dynamics, we analyzed the temporal 

distribution of abrupt, intense disturbances between 1972 and 2009. 

2.7.  Region of applicability of AGB models 

To assess the region of applicability of the DR4 model outside the lidar 

training area, we derived maps of AGB for the Landsat scene area and compared the 

predictions with forest inventory data. To avoid potential differences between CVS 

and FIA, we compared only the annual FIA data (measured between 2001 and 2009) 
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with Landsat predictions that matched the respective FIA measurement year. DR 

metrics for a given year were calculated from time-series trajectories spanning 20 

years prior to the year of interest. We then compared the agreement between Landsat-

predicted AGB and AGBFIA for the training area (local) and for the Landsat scene area 

(regional). Agreement was evaluated based on RMSE, correlation, bias and variance 

ratio between AGBLandsat and AGBFIA.  

The differences in model accuracy (e.g. RMSE) between local and regional 

predictions will reflect three factors: 1) the generalizability of the relationship between 

AGB and DR metrics, 2) the representativeness of the local sample with respect to the 

larger (FIA) population, and 3) measurement errors. The first is mainly influenced by 

exogenous factors (e.g. climate, disturbance history), while the second is related to 

sampling design, which is easier to control. To explore whether differences were more 

likely related to generalizability or representativeness, we compared the regional 

prediction accuracy of local models with the regional prediction accuracy of models 

trained with FIA data. This assumed that FIA plots were representative of the larger 

population, which is unknown, but the analysis provides a relative assessment using 

the best knowledge available. The third factor relates to uncertainties between lidar 

and inventory-derived estimates, which we addressed in section 2.5. 

2.8.  Estimating historic biomass and biomass change 

To derive estimates of historic AGB and biomass change (ΔAGB), we 

developed annual biomass surfaces with the SD1 and DR4 model for the period where 
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remeasured CVS plot data was available (1993-2007). As for the spatial extrapolation, 

DR metrics for each year were calculated for temporal trajectories spanning 20 years 

prior to the year of prediction. Estimates of ΔAGB were calculated by differencing 

predictions between two points in time. We then compared Landsat-predicted ΔAGB 

(ΔAGBLandsat) with ΔAGB calculated from remeasured CVS plots (ΔAGBCVS). While 

it would have been ideal to also use FIA data for evaluating ΔAGBLandsat, FIA has only 

recently started to collect annual plot data (since 2000). Therefore, re-measured plots 

were not available for our study region. 

When we apply AGB models to different time periods, we assume the derived 

empirical relationships between AGB and Landsat data are date-invariant. Because the 

pre-processing of the Landsat data minimized atmospheric, sun-angle, and phenology 

effects, this assumption is reasonable for models using single-date Landsat data 

(Healey et al. 2006; Powell et al. 2010), where single date refers to the year of image 

acquisition being equivalent to the year of model prediction. To assess if this 

assumption also extents to DR-based models we tested for potential temporal biases 

by evaluating the effect of (CVS) measurement year on the difference between 

AGBLandsat minus AGBCVS (AGBDIF). Although all Landsat images were acquired 

within a narrow time window to minimize phenology and sun angle differences (day 

of year ranged from 184 to 240, mean=213), we also included the day of image 

acquisition in the assessment. Thus, for each year we determined the day of year 

(DOY) of image acquisition; for years where multiple images were used we calculated 

the mean DOY. 
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3.  RESULTS 

3.1.  Correlations between Landsat metrics and lidar-derived biomass 

Several Landsat predictor variables showed a significant correlation with 

AGBLidar (Table 3-2). TCD showed the highest correlation with AGBLidar based on 

spectral data at the current date (CCTCD, r=-0.77). In comparison, there was little 

correlation between AGBLidar and CCTCA (r=0.29), although the relationship 

significantly improved for AGBLidar greater than 50 Mg ha
-1

 (r=0.59). Also, 

significantly correlated with AGBLidar were TCA after the greatest disturbance 

(ADVALTCA: r=-0.73) and measures of disturbance magnitude based on the TCA 

trajectory. Among the magnitude metrics, relative magnitude showed the highest 

correlation (GDRCHTCA: r=-0.71). Recovery was best described by the TCD (post-

disturbance) trajectory, at least in terms of current biomass. For example, an increase 

in AGBLidar was associated with a decrease in TCD within five years after disturbance 

(ADMG5TCD: r=0.60). Recovery magnitude measured across the whole length of the 

post-disturbance segment (ADMAGTCD) showed a slightly lower correlation (r=0.54). 

In addition, AGBLidar also correlated with overall recovery between disturbance event 

and current date (ADRECTCD) (r=0.57). Interestingly, TCA and TCD spectral values 5 

years after disturbance (ADVA5) were correlated with biomass (r=0.61 and r=0.58, 

respectively). However, for TCA the correlation was higher immediately after 

disturbance (ADVAL), whereas for TCD the correlation was higher after 5 years. 
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Finally, there was little correlation between AGBLidar and disturbance duration, 

disturbance time, and pre-disturbance conditions. 

3.2.  Model selection and relative importance of predictor variables 

There are potentially complex interactions between DR metrics and AGBLidar 

that are not conveyed by the univariate correlations. We evaluated the relative 

importance of each variable and ranked them in order from high to low importance 

(Figure 3-4). The ranking of the RF importance measures showed several interesting 

results. First, the most important predictors were CCTCD followed by TCA 

immediately after disturbance (ADVALTCA) and five years after disturbance 

(ADVA5TCA), and TCA-based relative disturbance magnitude (GDRCHTCA). In 

general, variables that ranked high with respect to variable importance also showed 

high linear correlation, e.g. TCD variables characterizing recovery, and TCA variables 

characterizing change magnitude and conditions after the change. However, also 

included were TCA values of current condition (CCTCA), TCA before disturbance 

(BDVALTCA) and the relative disturbance magnitude for TCD (GDRCHTCD), which 

showed lower correlations with biomass in a linear and univariate context.  

Overall, the importance of DR metrics declined gradually with the number of 

variables and did not show a visible break. Therefore, determining a cut-off value to 

select a parsimonious model was relatively arbitrary. We decided to select the first ten 

variables, but also include time since disturbance (ranked 11), since this variable is 

often used as proxy for age-based biomass estimation. Then, we removed ADRE5TCD 
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(correlated with ADRECTCD), ADVA5TCA (correlated with ADVALTCA), and 

ADVA5TCD (correlated with CCTCD) to minimize collinearity (r>0.8). As a result, the 

final model included a total of 8 variables (DR4, Table 3-4). 

3.3.  Model comparison for predicting current AGB 

We built and compared five models to predict AGBLidar based on different sets 

of Landsat-based predictor variables (Table 3-4). The simplest model contained only 

single-date predictors (SD1). The SD1 model performed relatively well with an 

R
2
=0.68 and RMSE=39.6 Mg ha

-1
 (34.8%). Including DR metrics describing the 

current spectral trend improved model performance substantially (DR2: R
2
=0.74, 

RMSE=34.4). Extending the model further by including time since disturbance 

(GDTSE) yielded only slight improvements (DR2). However, when GDRCHTCA was 

added (a variable that describes the relative change magnitude) model performance 

increased significantly (R
2
=0.80, RMSE=32.3 (28.4%)). Finally, the most complex 

model also included recovery variables (DR5) slightly improved model predictions, 

but the differences to DR4 were relatively small in terms of R
2
 (0.82) and RMSE (30.3 

Mg ha
-1

).  

Overall, model performance increased substantially from SD1 predictors to 

DR4. The predicted versus observed graph shows that the DR4 model improved model 

predictions particularly in the high and low biomass range, and also increased the 

dynamic range of the predictions (Figure 3-5). Both SD and DR models slightly 

underpredicted biomass, although this bias was lower for DR models (-7.12 and -5.38, 
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respectively). Figure 3-6 shows a spatial representation of the AGB predictions for the 

training area based on the DR4 and SD1 model. In the lidar-based map, higher 

biomass forests (AGB >= 250 Mg ha
-1

) occupy a greater proportion than predicted by 

the Landsat models. However, including DR metrics significantly improved 

predictions in the higher biomass range showing patterns that are comparable to the 

lidar map. Similarly, in the low biomass range in recently disturbed areas (e.g. the two 

large fires in the north and south of the area), spatial patterns of DR-predicted AGB 

matched the lidar AGB more closely, where SD models overestimated AGB resulting 

from regrowth. 

3.4.  Factors influencing AGB predictions 

3.4.1.  Forest structure, type, and topography 

Lidar mean height ranged from 0.7 m to 22.7 m (mean=10.8m) and the 

majority of stands were between 8.1 m and 14.0 m (20
th

 and 80
th

 percentile). The 

comparison of model residuals against lidar structure variables showed that Landsat 

tended to underpredict AGB for stand heights greater than approximately 15m (Figure 

3-7). AGB of young forests (<8m) was generally well captured by the DR4 model, 

though slightly overestimated. In comparison, the SD1 model showed a greater 

tendency of overprediction in that height range.  

Canopy cover from lidar ranged from 0% to 80% with a mean of 41%. The 

majority of stands were between 28% to 55% cover (20
th

 and 80
th

 percentile). The 
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DR4 model and the SD1 model overestimated AGB under low canopy cover 

conditions, but the effect was more significant with SD1. Similarly, both models 

tended to underpredict AGB in higher canopy cover stands (>60-70%). 

Variability in vertical stand structure (as expressed by the coefficient of 

variation in lidar height) showed a wide range for young (height < 8m), low biomass 

stands (AGB < 50 Mg ha
-1

). Here CVHT ranged between 0.4 and 1.7 (95% interval). 

For taller stands, CVHT ranged between 0.3 and 0.8. For CVHT greater than 0.7, the 

DR4 predictions matched the observed AGB well, while the SD1 model produced 

more significant overpredictions. Interpreting patterns in AGB predictions for CVHT 

below 0.7 was more challenging. The local regression line indicated a tendency for 

both models to underpredict AGB with increasing homogeneity in vertical stand 

structure (CV < 0.5).  

An increase in spatial variance did not increase the spread in the residuals, 

indicating that the models adequately captured the spatial variability within the 90 by 

90 m window. There was a tendency to underpredict AGB at higher spatial variances, 

but this effect is related to an associated increase in AGB.  

We found no significant effect of terrain slope on model residuals. Elevation 

was associated with a slight trend of AGB underprediction in the lower elevations 

(1200-1400 m) and overprediction above 2000m. Also, aspect explained significant 

patterns in the residuals, indicating that AGB was underpredicted on east-facing 

slopes. This effect was more significant for SD1 than for DR4, however. Finally, 
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residuals showed a large variation but no significant effect on potential vegetation 

type. 

3.4.2. Sampling 

Model R
2
 and prediction error (RMSE) were nearly unaffected by sampling 

density for grid spacings between 500 and 1km (Figure 3-8), where the number of 

samples declined from 2285 to 615. On average, the DR4 model performed 

consistently better than the SD1 model across all sampling densities. The uncertainty 

in model accuracy associated with sampling substantially increased with wider grid 

spacing for both models. Standard errors (SE) for model R
2
 increased by 0.01 and SE 

for RMSE increased by 0.5 Mg ha
-1

 per 1 km increase in spacing for both, DR4 and 

SD1. Model fit decreased and prediction error increased faster for DR4 than for SD1. 

With the DR4 model, R
2
 decreased on average by 0.06 and RMSE increased by 2.6 

Mg ha
-1

 per km. With the SD1 model, R
2
 decreased and RMSE increased by 0.04 and 

1.2 Mg ha
-1

 per km. Sample sizes decreased from 613 with 1km spacing to 148, 35, 

and 22 samples with 2km, 4km, and 5km spacing, respectively. At a 2km spacing, 

DR4 performed still significantly better than SD1 (RMSEDR4=35.7±1.2, 

RMSESD1=42.1±1.1), whereas differences diminished at spacings of 4km and greater 

(RMSEDR4=40.9±2.3; RMSESD1=44.5±2.1). 

3.4.3.  Segmentation errors 
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There was a strong correlation between LandTrendr-predicted and TimeSync-

predicted AGB (r=0.90, Figure 3-9). LandTrendr and TimeSync agreed well in 

describing the magnitude of greatest disturbance (GDRCHTCA, r=0.85) and post-

disturbance recovery (ADRECTCD, r=0.97). LandTrendr detected correctly 81%, 68%, 

and 80% as high, low, and slow disturbances, respectively. Overall agreement across 

the three categories was 77%. Agreement in time since disturbance was high for high-

intensity disturbances (90%), and decreased for low-intensity (72%), and slow 

disturbances (56%).  

3.4.4.  Time-series length 

Model accuracy of the DR4 model decreased gradually with time-series length 

(L) reaching performance levels similar to those of single-date models (L=1) when 

only ~2-4 years were used to characterize disturbance history (Figure 3-10). The 

difference in RMSE between DR4 and SD1 for the full time series (L=38) was 9 Mg 

ha
-1

, decreasing exponentially but slowly to 3 Mg ha
-1

 until L=4 (RMSE = 40.9 ×L-0.084 , 

R
2
=0.98). Model R

2
 stayed constant for time-series lengths of L>13 (R

2
=0.80-0.82) 

after which it decreased and showed a visible change at L=14.  

To explore to what degree changes in model accuracy with varying L were 

associated with changes in the temporal patterns of disturbances we analyzed the 

temporal distribution of abrupt disturbances between 1972 and 2009 (Figure 3-11). 

While there was significant year-to-year variation in the frequency of disturbances, 

two main features were apparent: First, the large wildfire in 1996 coincided with the 
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abrupt decline in R
2
 (but not RMSE) at L=14, indicating that knowledge of the fire 

event and magnitude were important to improve model predictions for the succession 

following the fire. Second, the frequency of disturbances significantly decline after 

2001 (L=8), which also coincided with wildfire in the south of the study area. Thus, 

for short time series (L<8) changes in AGB were mainly associated with recent forest 

recovery. 

3.5.  Comparison of AGB from lidar and forest inventory 

There was overall good agreement between AGBLidar and inventory-based 

AGB (Table 3-5). However, strength and slope of the relationship differed 

significantly for FIA and CVS data. AGBLidar agreed better with AGBFIA (r=0.8, 

RMSD=37.45 (32.2%)) than with AGBCVS (r=0.71, RMSD=36.9 Mg ha
-1

). Also, mean 

AGBLidar was 7.6 and 19.7 Mg ha
-1 

higher than mean AGBFIA and mean AGBCVS, 

respectively. Thus, the bias between AGBLidar and AGBCVS was 2.6 times greater than 

the bias between AGBLidar and AGBFIA. The RMA regression line between AGBLidar 

and AGBCVS further indicated good evidence for systematic differences between the 

two data sources (slope=0.81±0.19, 90%-CI). For AGBFIA the slope was not 

statistically significantly different from unity, but the uncertainties in the RMA 

parameter estimates were relatively high.  

The differences between inventory-based AGB and AGBLidar were comparable 

to the differences in AGB found between the two inventories. Based on the 19 FIA 

and CVS plots acquired at the same year and location, the RMSE between AGBCVS 
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and AGBFIA was 39.7 (34.9%), although the correlation was slightly higher (r=0.88) in 

comparisons to AGBLidar.  

3.6.  Spatial extension of AGB models outside the training area 

Landsat-predicted AGB agreed well with AGBFIA at plots within the training 

area (r=0.75, Table 3-6). When lidar-calibrated models were applied across the 

Landsat scene area, correlation coefficients decreased and RMSE increased (r=0.64, 

RMSE=55.9 Mg ha
-1

). However, five FIA plots showed biomass values between 370 

and 488 Mg ha
-1

, whereas maximum AGB in the lidar sample was 354 Mg ha
-1

. Thus, 

when these four plots where excluded, the regional RMSE decreased to 47.9 Mg ha-1 

(48%). In general, model validation with the regional FIA data revealed that the lidar-

calibrated model from systematic sampling performed better than the regional FIA 

model (r=0.61, RMSE=59.4 Mg ha
-1

). Model bias in lidar-calibrated models decreased 

from 3.55 to 1.14 Mg ha
-1

 between local and regional predictions. Also, regional bias 

for lidar-calibrated models was lower than for FIA-calibrated models. However, the 

bias in AGBLidar is likely underestimated due to the potential systematic differences 

between the two data sources (Table 3-6). 

From all models tested at the (local) training site, the regionally calibrated FIA 

model performed best (r=0.92, RMSE=23.12 Mg ha
-1

). The regional model was 

slightly more accurate than the lidar-calibrated model from the systematic sample 

(r=0.87, RMSE=27.7 Mg ha
-1

).  Surprisingly, the lidar-calibrated model based on FIA 

locations also showed comparable results (r=0.83, RMSE=30.2 Mg ha
-1

). In 
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comparison, model accuracy of the local FIA model ranked last (RMSE=35.7 Mg ha
-

1
). 

3.7.  Predicting historic AGB and AGB change 

Estimates of biomass change clearly improved with the DR4 model compared 

to SD1 within the training area and the Landsat scene area (Figure 3-12). Within the 

training area RMSE of ΔAGB was 18 Mg ha
-1 

with DR4 and 24.6 Mg ha
-1

 with the 

SD1 model. With DR4, prediction accuracy improved for low values of ΔAGBCVS 

(±25 Mg ha
-1

) but most significantly for plots that lost more than 50% of their original 

live biomass (ΔAGBCVS=50-115 Mg ha
-1

). All disturbed plots, however, had remnant 

overstory trees, and thus were not completely cleared by the year of remeasurement. 

When historic models were extrapolated across the entire Landsat scene, prediction 

errors increased to 22.7 Mg ha
-1

 and 26.4 Mg ha
-1

 for DR4 and SD1 model, 

respectively (Figure 3-14).  

At the Landsat scene level DR4 and SD1 produced a negative bias of ~ -6.5 

Mg ha
-1

. Analysis of the difference between AGBLandsat and AGBCVS (AGBDIF) 

revealed that most of the variation in AGBDIF was associated with variations in canopy 

cover, dominant age, species and topography (not shown). We found a small, but 

statistically significant temporal bias:  mean AGBDIF decreased by 0.82±0.46 Mg ha
-1

 

yr
-1

 (95%-CI) (Figure 3-13). The effect of DOY on AGBDIF was not significant 

(p=0.56), indicating the observed bias was not caused by potential trends in phenology 

or sun-angle variations. However, the linear relationship between AGBDIF and 
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assessment year varied by dominant species and stand age (p<0.001). This suggested 

that Landsat-predictions captured changes in AGB associated with disturbances, but 

failed to describe a small, but consistent net gain in AGB probably associated with tree 

growth. 

For the four dominant species (ponderosa pine, lodgepole pine, grand fir, and 

Douglas-fir), we determined if a bias in ΔAGBDIF (ΔAGBLandsat minus ΔAGBCVS) was 

associated with stand age. We found no statistically significant bias in ΔAGBDIF for 

young (<30 and 30-60 years) and old growth (>120 years) stands across all four 

species (p<0.05), except for old growth ponderosa pine stands (ΔAGBDIF=-1.92±1.03 

Mg ha
-1

 yr
-1

, 95%-CI). In the age class 60-90 years, all four species showed a 

significant bias ranging from -1.45±0.47 (ponderosa pine) to -1.84±1.16 (Douglas-fir). 

In the age class 90-120 years, ΔAGBDIF was significantly different from zero for grand 

fir (-1.05±0.68) and ponderosa pine (-0.85±0.49). 

4.  DISCUSSION 

4.1.  Relationship between AGB and Landsat-derived predictors  

The correlation analysis between DR predictors and AGBLidar revealed several 

important differences between the explanatory value of TCA and TCD trajectories. 

AGB was correlated with TCA-based metrics that characterized disturbance intensity 

and post-disturbance spectral properties, but the same metrics derived from TCD 

trajectories were only weakly correlated with AGBLidar. Conversely, AGBLidar was 

significantly correlated with metrics characterizing recovery processes after 
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disturbance when those were derived from TCD trajectories. These results are 

promising as they indicate that TCD was sensitive to changes in vegetation 

composition (or quality) associated with different successional pathways which in turn 

lead to different biomass accumulation rates. Changes in TCD after disturbance could 

also indicate changes in understory vegetation caused by low-intensity disturbances. 

Low intensity fires and thinning eliminate competition for light and nutrients and 

therefore are likely to promote understory vegetation and tree growth in these systems 

(Youngblood et al. 2006).  

Conversely, the insensitivity of TCA to the compositional and structural 

gradient in forest vegetation might explain why single-date TCA was only correlated 

with AGBLidar at higher biomass densities, and why single-date TCD showed overall 

higher correlations with AGBLidar. The correlation between GDRCHTCA and AGBLidar 

was somewhat higher than what we found in a previous study based on 51 field plots 

(r=71 and r=0.45, respectively). We attribute this difference to the broader range of 

disturbance conditions that were sampled with the lidar data.  

4.2.  Model comparison 

We tested several candidate models of various degrees of complexity. Our 

logic for selecting these variables and judging complexity was not based purely on the 

number of parameters, but based on the notion that there are different potential costs 

associated with obtaining these predictors. In doing this, we recognize that the 

processing of Landsat spectral trajectories is (currently) a time consuming task and 
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may be constrained in certain areas by data availability. For example the simplest 

model included only current-date Landsat spectral information (SD1) and therefore 

did not require complex time-series segmentation. It may also require less frequent 

satellite observations if only periodic measurements of AGB are desired. Similarly, if 

AGB could be accurately predicted by including only information on current spectral 

trend (DR1) or time since disturbance (DR2) then simpler algorithms might suffice. 

Our results show that models based on single-date Landsat data were 

considerably less accurate in predicting current AGB than models that included DR 

metrics. The difference in prediction error (RMSE) between SD1 and DR4 was 9.3 

Mg ha
-1

 (8%). Including information on the current rate of spectral change 

significantly decreased prediction error (by 5.2 Mg ha
-1

). In comparison, models that 

included time since disturbance did not improve overall prediction accuracy. Time 

since disturbance has been used as a proxy for age to predict AGB (Helmer et al. 

2010; Lefsky et al. 2005) in systems where stand-replacing disturbances dominate 

and/or environmental conditions favor rapid growth of relatively few dominant tree 

species. However, less favorable growing conditions and frequent, low intensity 

disturbances from fires, partial harvest, droughts and insects in our study area have 

created a landscape with a much more diverse age structure (Campbell et al. 2003; 

Johnson et al. 1994). This likely explains why time since disturbance was not a good 

general predictor of current biomass. 

Model fit and prediction accuracy increased most significantly when metrics of 

relative disturbance magnitude (GDRCHTCA) where included (DR3, R
2
=0.80). The 
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model constructed on the basis of variable importance (DR4) also included predictors 

describing the recovery trajectory following disturbance and spectral variables 

describing the pre- and post-disturbance conditions. Prediction accuracy increased 

only slightly (about 2 Mg ha
-1

) compared to DR3. However, examination of scatter 

plots (not shown for DR3) of predicted versus observed showed that DR4 improved 

predictions particularly at the low and high end of the biomass range. 

While our study demonstrates that recovery metrics derived from TCD 

trajectories are important descriptors of AGB, there is no doubt room for 

improvement. Forest (re-) growth follows more complex and non-linear patterns, 

which are likely not well captured by our simplified recovery metrics. Mathematical 

functions (e.g. logistic, exponential, and polynomial) are routinely applied to predict 

height and diameter growth in forest management and planning (Curtis et al. 1974), 

but adoption of these concepts to remote sensing data has been slow (Lawrence and 

Ripple 1999; Viedma et al. 1997). For example, Yang et al. (2005) used forest cover 

estimates derived from a series of airphotos and Chapman-Richards functions to 

model early forest succession in the Pacific Northwest. Lawrence and Ripple (1999) 

fitted polynomial functions to trajectories of vegetation cover derived from 8 Landsat 

TM images flowing eruption of Mt. St. Helens, Washington, in 1980, and Viedma et 

al. (1997) modeled rates of recovery by fitting exponential functions to Landsat-

derived NDVI. These mathematical approaches have the potentially to provide an 

ecologically meaningful interpretation of successional developments (e.g. mean 

growth rate and delay in tree establishment). However, these functions describe only a 
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small time window associated with (early) forest succession and therefore do not 

consider (pre-) disturbance conditions. In comparison, the LandTrendr algorithm 

characterizes both disturbance and recovery processes simultaneously.  

Rates and pathways of forest succession are governed by a variety of 

environmental factors such as climate, soil moisture and nutrient availability (Olson, 

1958), but also by type and intensity of the preceding disturbance. Field studies have 

shown that tree recruitment and subsequent stand development can vary with different 

levels of fire severity (Johnstone and Chapin 2006). For example, severe burns are 

more likely to generate dense stands with a narrow age distribution, whereas low-

severity burns are more likely to delay seedling recruitment and produce open, multi-

aged stands (Arseneault 2001; Johnson et al. 1994). Ultimately, factors that influence 

succession are highly complex and stochastic. Diaz-Delgado et al. (2003) evaluated 

the relationship between fire severity and post-fire tree establishment using NDVI 

from Landsat and found no correlation between NDVI recovery after fire with fire 

severity until they accounted for spatial variability in species composition, 

precipitation, and topography. 

Spatial knowledge of the disturbance agent may improve predictions of AGB. 

Post-disturbance conditions following wildfires are different from those following 

clear-cut harvest; the latter are influenced significantly by management decisions such 

as logging intensity and site-preparation practices (Franklin et al. 2002). We did not 

distinguish between disturbances agents. Mapping disturbance agent has been a 

difficult task and often involved hand-digitizing (Cohen et al. 2002; Healey et al. 
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2008). However, research is evolving for automatic mapping of disturbance agents 

across larger landscapes (Kennedy et al. in press; Schroeder et al. 2011).  

Because our objective was to map AGB dynamics over time, we used a forest 

mask representing the maximum forest area between 1984 and 2009. Thus we did not 

exclude shrub or herbaceous areas if they were once forested within this period. This 

is an important distinction from remote sensing studies that predict AGB (or other 

biophysical variables) at a single point in time. Such studies may use a static land 

cover map (e.g. Blackard et al. 2008; Kellndorfer et al. 2010) to constrain model 

inputs and outputs. This is a valid approach, but may lead to more optimistic error 

estimates than those reported here. In addition, the static approach inherits a more 

complex (and often difficult to assess) error structure when estimates of change are 

desired. 

4.3.  Vegetation indices for describing long-term DR trends  

We characterized disturbance and recovery over the past 38 years using the 

vegetation indices TCA and TCD. TCA has been found to effectively detect forest 

disturbances also in other studies that utilized MSS (G me  et al. 2011  Powell et al. 

2008). Here we found that TCA and TCD in combination described the effects of 

disturbance and recovery processes on AGB more accurately than a single index. 

However, spectral indices that capitalize on the mid-infrared capabilities of more 

recent satellite sensors have shown many advantages for quantifying vegetation 

changes (Cohen 2004). TCW is relatively insensitive to topographic effects and has 
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been used for mapping clear-cuts (Cohen and Spies 1992; Jin and Sader 2005). The 

Normalized Burn Ratio (NBR) (Key and Benson 2006) and its derivatives are the most 

widely used indices for mapping impacts of fire severity on vegetation and soils (Hall 

et al. 2008; Kasischke et al. 2008), though effects on live vegetation and soil are not 

always separable (Hudak et al. 2007). Often no single index works best across all 

environmental conditions. Kennedy et al. (2010) mapped disturbances in the Pacific 

Northwest with LandTrendr using and found lowest detection accuracies with NDVI; 

NBR was most sensitive for capturing disturbance events but also more susceptible to 

inter-annual noise. Because MSS does not include bands in the mid-infrared 

wavelength, there is a trade-off between long-term historic observations and improved 

multispectral capabilities.  This trade-off needs to be examined. 

4.4.  Factors influencing AGB predictions 

4.4.1.  Forest structure and topography 

Forest structure derived from lidar data helped to explain errors in AGB 

predictions. The limitations of multi-spectral sensors to predict forest biophysical 

structure in open and dense forests are well known and have been documented in the 

literature (Huete et al. 1997; Turner et al. 1999). Under open canopy conditions, the 

sensitivity of the sensor signal to forest structure can be diminished by variations in 

soil brightness and understory vegetation, whereas in dense forests, canopy structure 

differentiations occur vertically rather than on the horizontal axis as observed by 
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passive sensors. While, these problems still remain in our study, we found that models 

based on disturbance and recovery reduced prediction biases, particularly in younger 

and older stands. 

Errors in model predictions were also associated with aspect. Topographically-

induced canopy self-shadowing can vary significantly with terrain (slope and aspect) 

causing differences in directional reflectance over the same vegetation type. Methods 

to correct for topographic effects have been studied for quite some time (Gu and 

Gillespie 1998; Justice et al. 1981), but they are difficult to implement and there seems 

no clear consensus which method works best under which condition (Richter 1998). In 

multi-temporal image analyses further complications arise from seasonal variations in 

atmospheric conditions, sun angle, and vegetation phenology. However, choosing 

image dates within a relatively narrow window can minimize temporal noise (Song 

and Woodcock 2003). Then, topographic effects associated with spatial variations in 

terrain can be post-corrected by including topographic information into the modeling 

(classification) process (Kennedy et al. 2007a). In our study, disturbance-recovery 

models were least affected by topography, which indicates that the DR metrics were 

relatively robust against topographic effects. However, we note that impacts of 

topography vary with the spectral index. Based on simulated reflectance, Song and 

Woodcock (2003) found NDVI and TCW were resistant to topographic effects, 

whereas topographic effects on TCB and TCG depended on illumination angle (Cohen 

and Spies 1992). Because TCA is empirically related to NDVI, these findings may 

also extend to TCA.   
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4.4.2.  LandTrendr segmentation 

Errors in the temporal segmentation of Landsat time series are also a source of 

error. Comparing AGB predictions from LandTrendr-derived DR metrics with those 

obtained by manual intepretation of time series (TimeSync) showed strong agreement 

between the two methods. LandTrendr predicted the timing of abrupt and intense 

disturbances more accurately than subtle, long-term canopy degradation processes. 

Larger uncertainties associated with long-term disturbances may have favored DR 

metrics that characterized disturbance intensity (magnitude), rather than the temporal 

progression (e.g. duration). For example, disturbance duration was not correlated and 

showed low importance for modeling AGB in this study, but showed a weak but 

significant correlation in a previous study using TimeSync (r=0.4, Pflugmacher et al., 

in press).  

Overall, the results are encouraging, especially considering that conifer forests 

in our study are structurally complex, and disturbances vary significantly with respect 

to disturbance agent, intensity, and duration (even over a period of 38 years observed 

here). The dynamic nature of forest disturbances in the region, required some 

simplifications with respect to how disturbance history was characterized. While our 

approach describes many aspects of temporal trajectories, it still favours the greatest 

disturbance (defined by the magnitute of canpoy change). That assumes that the 

greatest disturbance is the dominant driver for current structure, and that knowledge of 

the processes or trends immediately before, during, and after are sufficient. This 
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simplification may or may not accurately characterize stands that are exposed to a 

multitude of non-stand-replacing change agents over many decades.  

4.4.3.  Effect of time-series length on DR model predictions 

We explored how time-series length affected the strength of the relationship 

between AGB and DR metrics. The length of time for which effects of DR on current 

forest structure are meaningful depends on the disturbance frequency and intensity, the 

rate at which the ecosystem returns to its pre-disturbance state (resilience) and 

exogenous agents (e.g. climate) that may decouple structural developments from the 

stand initiating disturbance (or greatest disturbance). Here, we found no clear 

boundary that would indicate a saturation of the disturbance (or ecosystem response) 

signal. Prediction accuracy gradually increased with increasing length across the entire 

time series length. This suggests that effects of disturbances were still meaningful after 

38 years. In fact, vegetation changes and recovery processes occur slowly over long 

time-scales in our study area. Drought stress in young trees can slow tree-

establishment, and young pine stands can take 10-20 years to reestablish (Law et al. 

2001). In forests that grow significantly faster, this could be different. For short time 

lengths (< 8 years), the model accuracy declined significantly, which was also 

associated with a significantly decline in management activities and fire. We conclude 

that, for our study region, observations of at least 10-20 years are necessary to derive 

meaningful relationships between Landsat-derived DR and AGB. 
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4.4.4.  Lidar sampling 

The accuracy of DR-based models was more sensitive to sampling density than 

SD-based models. However, DR-based models still performed better than SD-based 

models using systematic grids of 2-km spacing (n=148). Low sampling densities 

(n=30) did not capture the variation in disturbance and recovery patterns well enough 

to significantly improve model predictions compared to SD models. While it is 

difficult to generalize these results to other areas, this underlines the importance of 

sampling design for regional applications. We did not account for spatial 

autocorrelation when calculating standard errors for R
2
 and RMSE associated with 

sampling densities. Thus, model uncertainties may have been underestimated. 

However, the effect would have been consistent across all grid spacings and between 

the DR and SD model.  

4.5.  Region of applicability of lidar-calibrated AGB models   

Models based on DR metrics were robust when extrapolated from the lidar 

training area to the Landsat scene. This suggests that disturbance and recovery 

processes affected biomass loss and accumulation in somewhat generalizable patterns 

across the larger landscape. Nevertheless, mean prediction error increased 

significantly for regional biomass estimates. However, the decrease in accuracy was 

not only observed for lidar-calibrated models. When regional distributed FIA plots 

were used for model calibration, prediction errors where higher compared to those 

produced by lidar-calibrated models. The superior performance of lidar-derived AGB 
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models at the regional scale may indicate two things: 1) although a rare population 

(n=4) of high biomass forests (> 350 Mg ha
-1

) where missed, the lidar sample captured 

the overall distribution of AGB and DR in the FIA sample, and 2) higher geolocation 

accuracy and spatially consistent sampling of the ground area lead to an improved 

calibration of Landsat data. FIA inventories were not designed for combining plot-

level data with remote sensing imagery, but they are the largest, most consistent 

survey of forest land in the US, and as a result have provided field data for many 

large-scale remote sensing studies (Baccini et al. 2004; Blackard et al. 2008; Duane et 

al. 2010; Powell et al. 2010; Swenson et al. 2005). Our results underscore the value of 

lidar to improve the scaling between field and satellite imagery at spatial resolutions 

similar to Landsat or higher.  

The discrepancy between generalizability and precision of locally derived 

relationships between biophysical variables and remote sensing data has been 

discussed (Foody et al. 2003; Woodcock et al. 2001) but often ignored in large-scale 

ecological applications (Duane et al. 2010). There are multiple factors that influence 

the precision in regional estimates, for example uncertainties in the remote sensing 

data and ground data. Here, the field data were acquired using a standardized FIA 

protocol, tree biomass was estimated using standardized equations, and variations in 

illumination and view-angle within the Landsat scene were relatively constant. The 

only uncertainty that remained was due to difference between the lidar- and FIA-

measured AGB, but we showed that these difference did not explain the decrease in 

precision. A more likely explanation is a physiological one: variability in climate and 
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nutrient availability can influence the relationship between tree biomass and 

biophysical canopy structure (e.g. LAI) and biochemical structure (e.g. leaf nitrogen 

content). To account for regional variations of these canopy properties, studies have 

included data on climate and topography in the statistical model (Baccini et al. 2004).  

4.6.  Estimating biomass change 

We demonstrated that the empirical relationships between DR metrics and 

AGB were generalizable across different time periods. The temporal invariance of 

AGB models based on normalized Landsat time series has previously been 

demonstrated by Powell et al. (2010) for SD metrics. The finding that this also applies 

to DR metrics is encouraging. Including DR metrics in empirical models particularly 

improved predictions of AGB change associated with disturbances, but it also 

decreased the overall prediction error. 

Using data from CVS allowed us to compare estimates of biomass change, but 

the comparison between CVS and lidar and between CVS and FIA data showed that, 

at the plot-level, uncertainties were large (at least as high) relative to the pixel-level 

(90 x 90 m) accuracies obtained with our models. A true error assessment was 

therefore difficult and absolute estimates of error and bias need to be interpreted with 

caution. However, our analysis of ΔAGB showed that Landsat underpredicted a net 

increase in AGBCVS between 0.77 and 1.68 Mg ha
-1

 yr
-1 

(95% CI). While this number 

is well within the margin of error obtained for current-date AGB predictions (DR: 

RMSE=30 Mg ha
-1

, SD: RMSE=40 Mg ha
-1

), the finding has implications for long-
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term biomass monitoring with Landsat or other multi-spectral platforms in these 

systems.  

The observed bias may indicate a diminished sensitivity of the data and/or the 

models to capture (slow) incremental changes in tree growth in comparison to more 

abrupt or high magnitude changes associated with disturbances. Because the 

environmental conditions in our study region are less favorable, tree growth is 

relatively slow but persistent over long time periods. Law et al. (2003) found NPP in 

ponderosa pine in central Oregon still increased significantly at age 100 and reached 

its maximum of 176 Mg C ha
-1

 (~ 352 Mg AGB ha
-1

) not before age 200. This 

corroborates our observation that an increase in AGBCVS was underpredicted in mature 

stands between 60 and 120 years. 

Many studies have evaluated factors influencing the accuracy of bi-temporal 

change detection (Lunetta et al. 2004; Townshend et al. 1992), but little is known how 

uncertainties in data, models and environmental factors influence our ability to 

describe long-term vegetation trends with remote sensing. Biases in single-date 

estimates will also lead to biases in change estimates, e.g. overprediction of low 

biomass and underprediction of high biomass can both result in underprediction of 

ΔAGB. Model biases reflect a limitation of the data (e.g. signal saturation in high 

biomass forests), but also of the statistical model. RF has become increasingly popular 

in remote sensing studies for classification of categorical data (Falkowski et al. 2009) 

and prediction of continuous variables (Baccini et al. 2004; Hansen et al. 2002; Powell 

et al. 2010). However, like other regression-based methods, RF tends to over- and 
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underpredict at the low and high of the distribution, respectively (Avitabile et al. 2011; 

Baccini et al. 2004). Alternative, statistical modeling strategies have been evaluated to 

minimize biases in remotely-sensed biophysical variables (Cohen et al. 2003), but they 

come to the expense of increased variance in the predictions (Powell et al. 2010).  

Despite the observed limitations, the method presented here and also in Powell 

et al. (2010) provides spatially consistent estimates of biomass change over large areas 

that are unprecedented. Change estimates derived here generally reflected the spatial 

and temporal patterns associated with disturbances and regrowth (Figure 3-14). 

Ultimately, however, changes in AGB are triggered by a variety of different processes 

such as changes in land-use, disturbances, regrowth, and changes in metabolic 

processes driven by environmental conditions. To what level of accuracy these 

processes can and need to be observed with remote sensing is currently unknown 

(Houghton et al. 2009) and likely depends on how these data sets are going to be used 

in carbon cycle models.  

5.  CONCLUSIONS 

o Forest biomass mapping with single-date spectral Landsat data has known 

limitations related to the sensor’s diminished sensitivity in closed canopy 

conditions and the reflectance of bright soils and understory in open forests. 

Here, we presented a method that directly maps forest AGB and AGB change 

based on empirical relationships between lidar-derived AGB and forest 

disturbance-recovery trajectories derived from annual Landsat time series 

between 1972 and 2010. Previously, we showed in a proof-of-concept study 



134 

that DR metrics (derived from TCA trajectories) predicted AGB and other 

forest structure attributes better than models using single-date Landsat data 

only. Here, we demonstrated that this approach can be automated across a 

larger landscape and that it also extents back in time, which is required for 

estimating biomass change. 

o Disturbance and recovery metrics were important to quantify AGB. AGB was 

correlated with disturbance magnitude metrics derived from TCA and with 

post-disturbance recovery derived from TCD. Previous research has focused 

on describing disturbance and recovery using a single spectral index (Kennedy 

et al., in press, Pflugmacher et al., in press). Our results highlight that 

characterization of these processes can be improved when multiple indices are 

used that describe different spectral gradients associated with vegetation type 

and structure. TCA and TCD are two complementary indices derived from the 

same transformation. Used in unison the two indices can improve studies of 

vegetation change that require long historic observations such as those 

provided by the Landsat series.   

o The presented method builds on the LandTrendr trajectory-fitting algorithm 

and long, dense (yearly) time series of Landsat satellites. The transferability of 

our method to many areas of the globe is currently constrained by data 

availability and cloud cover. However, global Landsat-like observations will 

become more standard and frequent in the near future. For example, NASA’s 

Landsat Data Continuity Mission and ESA’s Sentinel-2 Mission are planned 
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for launch in 2012. These two missions will have a stronger focus on global 

land observations, and will significantly increase the availability of fine-

resolution multispectral data. 

o Models calibrated with locally available lidar data were at least as accurate if 

not better when applied to the regional (Landsat scene) scale than models 

calibrated with regionally distributed forest inventory. Lidar provides higher 

geolocation accuracy and allows sampling of a wider range of disturbance and 

forest (structure) types. Our study highlights the value of lidar for scaling-up 

field measurements to fine resolution multi-spectral data such as those from 

Landsat. 

 

 

REFERENCES 

Aber, J., Neilson, R.P., McNulty, S., Lenihan, J.M., Bachelet, D., & Drapek, R.J. 

(2001). Forest processes and global environmental change: Predicting the effects of 

individual and multiple stressors. Bioscience, 51, 735-751 

Andersen, H.E. (2009). Using Airborne Light Detection and Ranging (LIDAR) to 

Characterize Forest Stand Condition on the Kenai Peninsula of Alaska. Western 

Journal of Applied Forestry, 24, 95-102 

Andersen, H.E., Strunk, J., & Hailemariam, T. (2011). Using Airborne Light Detection 

and Ranging as a Sampling Tool for Estimating Forest Biomass Resources in the 

Upper Tanana Valley of Interior Alaska. Western Journal of Applied Forestry, 26, 

157-164 

Arseneault, D. (2001). Impact of fire behavior on postfire forest development in a 

homogeneous boreal landscape. Canadian Journal of Forest Research-Revue 

Canadienne De Recherche Forestiere, 31, 1367-1374 



136 

Avitabile, V., Herold, M., Henry, M., & Schmullius, C. (2011). Mapping biomass with 

remote sensing: a comparison of methods for the case study of Uganda. Carbon 

Balance and Management, 6, 7 

Baccini, A., Friedl, M.A., Woodcock, C.E., & Warbington, R. (2004). Forest biomass 

estimation over regional scales using multisource data. Geophysical Research Letters, 

31, - 

Baldocchi, D.D. (2003). Assessing the eddy covariance technique for evaluating 

carbon dioxide exchange rates of ecosystems: past, present and future. Global Change 

Biology, 9, 479-492 

Blackard, J.A., Finco, M.V., Helmer, E.H., Holden, G.R., Hoppus, M.L., Jacobs, 

D.M., Lister, A.J., Moisen, G.G., Nelson, M.D., Riemann, R., Ruefenacht, B., 

Salajanu, D., Weyermann, D.L., Winterberger, K.C., Brandeis, T.J., Czaplewski, R.L., 

McRoberts, R.E., Patterson, P.L., & Tymcio, R.P. (2008). Mapping US forest biomass 

using nationwide forest inventory data and moderate resolution information. Remote 

Sensing of Environment, 112, 1658-1677 

Bonan, G.B. (2008). Forests and climate change: Forcings, feedbacks, and the climate 

benefits of forests. Science, 320, 1444-1449 

Breiman, L. (2001). Random forests. Machine Learning, 45, 5-32 

Campbell, S., Azuma, D., & Weyermann, D. (2003). Forests of Eastern Oregon: An 

Overview. In  (p. 31): U.S. Department of Agriculture, Forest Service, Pacific 

Northwest Research Station 

Campbell, S., & Liegel, L. (1996). Disturbance and forest health in Oregon and 

Washington. In  (p. 105). Portland, OR: U.S. Department of Agriculture Forest 

Service Pacific Northwest Research Station, Pacific Northwest Region 

Canty, M.J., Nielsen, A.A., & Schmidt, M. (2004). Automatic radiometric 

normalization of multitemporal satellite imagery. Remote Sensing of Environment, 91, 

441-451 

Cohen, W.B. (2004). Integrating remote sensing and ecology. Bioscience, 54, 483-483 

Cohen, W.B., Harmon, M.E., Wallin, D.O., & Fiorella, M. (1996). Two Decades of 

Carbon Flux from Forests of the Pacific Northwest - Estimates from a new modeling 

strategy. Bioscience, 46, 836-844 

Cohen, W.B., Maiersperger, T.K., Gower, S.T., & Turner, D.P. (2003). An improved 

strategy for regression of biophysical variables and Landsat ETM+ data. Remote 

Sensing of Environment, 84, 561-571 

Cohen, W.B., & Spies, T.A. (1992). Estimating Structural Attributes of Douglas-

Fir/Western Hemlock Forest Stands from Landsat and Spot Imagery. Remote Sensing 

of Environment, 41, 1-17 



137 

Cohen, W.B., Spies, T.A., Alig, R.J., Oetter, D.R., Maiersperger, T.K., & Fiorella, M. 

(2002). Characterizing 23 Years (1972-95) of Stand Replacement Disturbance in 

Western Oregon Forests with Landsat Imagery. Ecosystems, 5, 122-137 

Cohen, W.B., Yang, Z.G., & Kennedy, R. (2010). Detecting trends in forest 

disturbance and recovery using yearly Landsat time series: 2. TimeSync - Tools for 

calibration and validation. Remote Sensing of Environment, 114, 2911-2924 

Coops, N.C., & Waring, R.H. (2001). The use of multiscale remote sensing imagery to 

derive regional estimates of forest growth capacity using 3-PGS. Remote Sensing of 

Environment, 75, 324-334 

Crist, E.P. (1985). A TM Tasseled Cap equivalent transformation for reflectance factor 

data. Remote Sensing of Environment, 17, 301-306 

Curtis, R.O., Herman, F.R., & Demars, D.J. (1974). Height Growth and Site Index for 

Douglas-Fir in High-Elevation Forests of Oregon Washington Cascades. Forest 

Science, 20, 307-316 

Denman, K.L., Brasseur, G., Chidthaisong, A., Ciais, P., Cox, P.M., Dickinson, R.E., 

Hauglustaine, D., Heinze, C., Holland, E., Jacob, D., Lohmann, U., Ramachandran, S., 

da Silva Dias, P.L., Wofsy, S.C., & Zhang, X. (2007). Couplings Between Changes in 

the Climate System and Biogeochemistry. In S. Solomon, D. Qin, M. Manning, Z. 

Chen, M. Marquis, K.B. Averyt, M. Tignor, & H.L. Miller (Eds.), Climate Change 

2007: The Physical Science Basis. Contribution of Working Group I to the Fourth 

Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge, 

United Kingdom and New York, NY, USA: Cambridge University Press 

Diaz-Delgado, R., Llorett, F., & Pons, X. (2003). Influence of fire severity on plant 

regeneration by means of remote sensing imagery. International Journal of Remote 

Sensing, 24, 1751-1763 

Duane, M.V., Cohen, W.B., Campbell, J.L., Hudiburg, T., Turner, D.P., & 

Weyermann, D.L. (2010). Implications of Alternative Field-Sampling Designs on 

Landsat-Based Mapping of Stand Age and Carbon Stocks in Oregon Forests. Forest 

Science, 56, 405-416 

Dubayah, R.O., Sheldon, S.L., Clark, D.B., Hofton, M.A., Blair, J.B., Hurtt, G.C., & 

Chazdon, R.L. (2010). Estimation of tropical forest height and biomass dynamics 

using lidar remote sensing at La Selva, Costa Rica. Journal of Geophysical Research-

Biogeosciences, 115 

Falkowski, M.J., Evans, J.S., Martinuzzi, S., Gessler, P.E., & Hudak, A.T. (2009). 

Characterizing forest succession with lidar data: An evaluation for the Inland 

Northwest, USA. Remote Sensing of Environment, 113, 946-956 

Foody, G.M., Boyd, D.S., & Cutler, M.E.J. (2003). Predictive relations of tropical 

forest biomass from Landsat TM data and their transferability between regions. 

Remote Sensing of Environment, 85, 463-474 



138 

Franklin, J.F., Spies, T.A., Van Pelt, R., Carey, A.B., Thornburgh, D.A., Berg, D.R., 

Lindenmayer, D.B., Harmon, M.E., Keeton, W.S., Shaw, D.C., Bible, K., & Chen, 

J.Q. (2002). Disturbances and structural development of natural forest ecosystems 

with silvicultural implications, using Douglas-fir forests as an example. Forest 

Ecology and Management, 155, 399-423 

Goetz, S.J., Baccini, A., Laporte, N.T., Johns, T., Walker, W., Kellndorfer, J., 

Houghton, R.A., & Sun, M. (2009). Mapping and monitoring carbon stocks with 

satellite observations: a comparison of methods. Carbon Balance and Management, 4, 

2 

G me , C., White, J.C.,   Wulder, M.A. (2011). Characteri ing the state and 

processes of change in a dynamic forest environment using hierarchical spatio-

temporal segmentation. Remote Sensing of Environment, 115, 1665-1679 

Goodale, C.L., Apps, M.J., Birdsey, R.A., Field, C.B., Heath, L.S., Houghton, R.A., 

Jenkins, J.C., Kohlmaier, G.H., Kurz, W., Liu, S.R., Nabuurs, G.J., Nilsson, S., & 

Shvidenko, A.Z. (2002). Forest carbon sinks in the Northern Hemisphere. Ecological 

Applications, 12, 891-899 

Gough, C.M., Vogel, C.S., Harrold, K.H., George, K., & Curtis, P.S. (2007). The 

legacy of harvest and fire on ecosystem carbon storage in a north temperate forest. 

Global Change Biology, 13, 1935-1949 

Gu, D., & Gillespie, A. (1998). Topographic normalization of landsat TM images of 

forest based on subpixel Sun-canopy-sensor geometry. Remote Sensing of 

Environment, 64, 166-175 

Hall, R.J., Freeburn, J.T., de Groot, W.J., Pritchard, J.M., Lynham, T.J., & Landry, R. 

(2008). Remote sensing of burn severity: experience from western Canada boreal fires. 

International Journal of Wildland Fire, 17, 476-489 

Hall, R.J., Skakun, R.S., Arsenault, E.J., & Case, B.S. (2006). Modeling forest stand 

structure attributes using Landsat ETM+ data: Application to mapping of aboveground 

biomass and stand volume. Forest Ecology and Management, 225, 378-390 

Halpern, C.B. (1988). Early Successional Pathways and the Resistance and Resilience 

of Forest Communities. Ecology, 69, 1703-1715 

Hansen, M.C., DeFries, R.S., Townshend, J.R.G., Sohlberg, R., Dimiceli, C., & 

Carroll, M.L. (2002). Towards an operational MODIS continuous field of percent tree 

cover algorithm: examples using AVHRR and MODIS data. Remote Sensing of 

Environment, 83, 303-319 

Harmon, M.E., Ferrell, W.K., & Franklin, J.F. (1990). Effects on Carbon Storage of 

Conversion of Old-Growth Forests to Young Forests. Science, 247, 699-702 

Healey, S.P., Cohen, W.B., Spies, T.A., Moeur, M., Pflugmacher, D., Whitley, M.G., 

& Lefsky, M. (2008). The Relative Impact of Harvest and Fire upon Landscape-Level 

Dynamics of Older Forests: Lessons from the Northwest Forest Plan. Ecosystems, 11, 

1106-1119 



139 

Healey, S.P., Cohen, W.B., Yang, Z.Q., & Krankina, O.N. (2005). Comparison of 

Tasseled Cap-based Landsat data structures for use in forest disturbance detection. 

Remote Sensing of Environment, 97, 301-310 

Healey, S.P., Yang, Z.Q., Cohen, W.B., & Pierce, D.J. (2006). Application of two 

regression-based methods to estimate the effects of partial harvest on forest structure 

using Landsat data. Remote Sensing of Environment, 101, 115-126 

Helmer, E.H., Ruzycki, T.S., Wunderle, J.M., Vogesser, S., Ruefenacht, B., Kwit, C., 

Brandeis, T.J., & Ewert, D.N. (2010). Mapping tropical dry forest height, foliage 

height profiles and disturbance type and age with a time series of cloud-cleared 

Landsat and ALI image mosaics to characterize avian habitat. Remote Sensing of 

Environment, 114, 2457-2473 

Houghton, R.A. (2005). Aboveground forest biomass and the global carbon balance. 

Global Change Biology, 11, 945-958 

Houghton, R.A., Hall, F., & Goetz, S.J. (2009). Importance of biomass in the global 

carbon cycle. Journal of Geophysical Research-Biogeosciences, 114 

Huang, C.Q., Coward, S.N., Masek, J.G., Thomas, N., Zhu, Z.L., & Vogelmann, J.E. 

(2010). An automated approach for reconstructing recent forest disturbance history 

using dense Landsat time series stacks. Remote Sensing of Environment, 114, 183-198 

Hudak, A.T., Crookston, N.L., Evans, J.S., Hall, D.E., & Falkowski, M.J. (2008). 

Nearest neighbor imputation of species-level, plot-scale forest structure attributes from 

LiDAR data. Remote Sensing of Environment, 112, 2232-2245 

Hudak, A.T., Lefsky, M.A., Cohen, W.B., & Berterretche, M. (2002). Integration of 

lidar and Landsat ETM plus data for estimating and mapping forest canopy height. 

Remote Sensing of Environment, 82, 397-416 

Hudak, A.T., Morgan, P., Bobbitt, M.J., Smith, A.M.S., Lewis, S.A., Lentile, L.B., 

Robichaud, P.R., Clark, J.T., & McKinley, R.A. (2007). The Relationship of 

Multispectral Satellite Imagery to Immediate Fire Effects. Fire Ecology, 3, 64-90 

Huete, A.R., HuiQing, L., & van Leeuwen, W.J.D. (1997). The use of vegetation 

indices in forested regions: issues of linearity and saturation. In  (pp. 1966-1968 

vol.1964) 

Jenkins, J.C., Chojnacky, D.C., Heath, L.S., & Birdsey, R.A. (2003). National-scale 

biomass estimators for United States tree species. Forest Science, 49, 12-35 

Jin, S., & Sader, S.A. (2005). Comparison of time series tasseled cap wetness and the 

normalized difference moisture index in detecting forest disturbances. Remote Sensing 

of Environment, 94, 364-372 

Johnson, E.A., Miyanishi, K., & Kleb, H. (1994). The Hazards of Interpretation of 

Static Age Structures as Shown by Stand Reconstructions in a Pinus-Contorta Picea-

Engelmaanii Forest. Journal of Ecology, 82, 923-931 



140 

Johnstone, J.F., & Chapin, F.S. (2006). Effects of Soil Burn Severity on Post-Fire Tree 

Recruitment in Boreal Forest. Ecosystems, 9, 14-31 

Justice, C.O., Wharton, S.W., & Holben, B.N. (1981). Application of digital terrain 

data to quantify and reduce the topographic effect on Landsat Data. International 

Journal of Remote Sensing, 2, 213-230 

Kasischke, E.S., Hyer, E.J., Novelli, P.C., Bruhwiler, L.P., French, N.H.F., Sukhinin, 

A.I., Hewson, J.H., & Stocks, B.J. (2005). Influences of boreal fire emissions on 

Northern Hemisphere atmospheric carbon and carbon monoxide. Global 

Biogeochemical Cycles, 19 

Kasischke, E.S., Turetsky, M.R., Ottmar, R.D., French, N.H.F., Hoy, E.E., & Kane, 

E.S. (2008). Evaluation of the composite burn index for assessing fire severity in 

Alaskan black spruce forests. International Journal of Wildland Fire, 17, 515-526 

Kauth, R.J., Lambeck, P.F., Richardson, W., Thomas, G.S., & Pentland, A.P. (1979). 

Feature Extraction Applied to Agricultural Crops as Seen by Landsat. In, Technical 

Session LACIE Symposium (pp. 705-721). Houston: National Aeronautics and Space 

Administration 

Kellndorfer, J.M., Walker, W.S., LaPoint, E., Kirsch, K., Bishop, J., & Fiske, G. 

(2010). Statistical fusion of lidar, InSAR, and optical remote sensing data for forest 

stand height characterization: A regional-scale method based on LVIS, SRTM, 

Landsat ETM plus , and ancillary data sets. Journal of Geophysical Research-

Biogeosciences, 115 

Kennedy, R.E., & Cohen, W.B. (2003). Automated designation of tie-points for 

image-to-image coregistration. International Journal of Remote Sensing, 24, 3467-

3490 

Kennedy, R.E., Cohen, W.B., Kirschbaum, A.A., & Haunreiter, E. (2007a). Protocol 

for Landsat-Based Monitoring of Landscape Dynamics at North Coast and Cascades 

Network Parks. In  (p. 134): US. Department of the Interior 

Kennedy, R.E., Cohen, W.B., & Schroeder, T.A. (2007b). Trajectory-based change 

detection for automated characterization of forest disturbance dynamics. Remote 

Sensing of Environment, 110, 370-386 

Kennedy, R.E., Yang, Z., & Cohen, W.B. (2010). Detecting trends in forest 

disturbance and recovery using yearly Landsat time series: 1. LandTrendr - Temporal 

segmentation algorithms. Remote Sensing of Environment, 114, 2897-2910 

Kennedy, R.E., Zhiqiang, Y., Cohen, W.B., Pfaff, E., Braaten, J., & Nelson, P. (in 

press). Spatial and temporal patterns of forest disturbance and growth within the area 

of the Northwest Forest Plan. Remote Sensing of Environment 

Key, C.H., & Benson, N.C. (2006). Landscape Assessment (LA). FIREMON: Fire 

effects monitoring and inventory systems. In D.C. Lutes, R.E. Keane, J.F. Carati, C.H. 

Key, & N.C. Benson (Eds.), General technical report RMRS-GTR-164-CD Fort 

Collins, CO: USDA Forest Service, Rocky Mountains Research Station 



141 

Law, B.E., Kelliher, F.M., Baldocchi, D.D., Anthoni, P.M., Irvine, J., Moore, D., & 

Van Tuyl, S. (2001). Spatial and temporal variation in respiration in a young 

ponderosa pine forests during a summer drought. Agricultural and Forest 

Meteorology, 110, 27-43 

Law, B.E., Sun, O.J., Campbell, J., Van Tuyl, S., & Thornton, P.E. (2003). Changes in 

carbon storage and fluxes in a chronosequence of ponderosa pine. Global Change 

Biology, 9, 510-524 

Lawrence, R.L., & Ripple, W.J. (1999). Calculating change curves for multitemporal 

satellite imagery: Mount St. Helens 1980-1995. Remote Sensing of Environment, 67, 

309-319 

Lefsky, M.A., Cohen, W.B., & Spies, T.A. (2001). An evaluation of alternate remote 

sensing products for forest inventory, monitoring, and mapping of Douglas-fir forests 

in western Oregon. Canadian Journal of Forest Research-Revue Canadienne De 

Recherche Forestiere, 31, 78-87 

Lefsky, M.A., Cohen, W.B., Harding, D.J., Parker, G.G., Acker, S.A., & Gower, S.T. 

(2002). Lidar remote sensing of above-ground biomass in three biomes. Global 

Ecology and Biogeography, 11, 393-399 

Lefsky, M.A., Turner, D.P., Guzy, M., & Cohen, W.B. (2005). Combining lidar 

estimates of aboveground biomass and Landsat estimates of stand age for spatially 

extensive validation of modeled forest productivity. Remote Sensing of Environment, 

95, 549-558 

Liaw, A., & Wiener, M. (2002). Classification and Regression by randomForest. R 

News, 2, 18-22 

Lu, D., Mausel, P., Brondizio, E., & Moran, E. (2004). Change detection techniques. 

International Journal of Remote Sensing, 25, 2365-2407 

Lu, D.S. (2006). The potential and challenge of remote sensing-based biomass 

estimation. International Journal of Remote Sensing, 27, 1297-1328 

Lunetta, R.S., Johnson, D.M., Lyon, J.G., & Crotwell, J. (2004). Impacts of imagery 

temporal frequency on land-cover change detection monitoring. Remote Sensing of 

Environment, 89, 444-454 

Masek, J.G., & Collatz, G.J. (2006). Estimating forest carbon fluxes in a disturbed 

southeastern landscape: Integration of remote sensing, forest inventory, and 

biogeochemical modeling. Journal of Geophysical Research-Biogeosciences, 111, - 

Masek, J.G., Huang, C.Q., Wolfe, R., Cohen, W., Hall, F., Kutler, J., & Nelson, P. 

(2008). North American forest disturbance mapped from a decadal Landsat record. 

Remote Sensing of Environment, 112, 2914-2926 

Meigs, G.W., Donato, D.C., Campbell, J.L., Martin, J.G., & Law, B.E. (2009). Forest 

Fire Impacts on Carbon Uptake, Storage, and Emission: The Role of Burn Severity in 

the Eastern Cascades, Oregon. Ecosystems, 12, 1246-1267 



142 

Meigs, G.W., Kennedy, R.E., & Cohen, W.B. (2011). A Landsat time series approach 

to characterize bark beetle and defoliator impacts on tree mortality and surface fuels in 

conifer forests. Remote Sensing of Environment, 115, 3707-3718 

Morsdorf, F., Kotz, B., Meier, E., Itten, K.I., & Allgower, B. (2006). Estimation of 

LAI and fractional cover from small footprint airborne laser scanning data based on 

gap fraction. Remote Sensing of Environment, 104, 50-61 

Næsset, E. (2004). Practical large-scale forest stand inventory using a small-footprint 

airborne scanning laser. Scandinavian Journal of Forest Research, 19, 164-179 

Pflugmacher, D., Cohen, W.B., & Kennedy, R.E. (in press). Using Landsat-derived 

disturbance history (1972-2010) to predict current forest structure. Remote Sensing of 

Environment 

Powell, D.C., Johnson, C.G., Crowe, E.A., Wells, A., & Swanson, D.K. (2007). 

Potential vegetation hierarchy for the Blue Mountains section of northeastern Oregon, 

southeastern Washington, and west- central Idaho. Gen. Tech. Rep. PNW-GTR-709. 

Portland, OR: U.S. Department of Agriculture, Forest Service, Pacific Northwest 

Research Station. 87 p. 

Powell, S.L., Cohen, W.B., Healey, S.P., Kennedy, R.E., Moisen, G.G., Pierce, K.B., 

& Ohmann, J.L. (2010). Quantification of live aboveground forest biomass dynamics 

with Landsat time-series and field inventory data: A comparison of empirical 

modeling approaches. Remote Sensing of Environment, 114, 1053-1068 

Powell, S.L., Cohen, W.B., Yang, Z., Pierce, J.D., & Alberti, M. (2008). 

Quantification of impervious surface in the Snohomish Water Resources Inventory 

Area of Western Washington from 1972-2006. Remote Sensing of Environment, 112, 

1895-1908 

R Development Core Team (2011). R: A language and environment for statistical 

computing. R Foundation for Statistical Computing. R Foundation for Statistical 

Computing, Vienna, Austria. ISBN 3-900051-07-0, URL http://www.R-project.org/ 

Richter, R. (1998). Correction of satellite imagery over mountainous terrain. Applied 

Optics, 37, 4004-4015 

Running, S.W., Nemani, R.R., Ann Heinsch, F., Zhao, M., Reeves, M., & Hashimoto, 

H. (2004). A Continuous Satellite-Derived Measure of Global Terrestrial Primary 

Production. Bioscience, 54, 547-560 

Schroeder, T.A., Cohen, W.B., Song, C., Canty, M.J., & Yang, Z. (2006). Radiometric 

correction of multi-temporal Landsat data for characterization of early successional 

forest patterns in western Oregon. Remote Sensing of Environment, 103, 16-26 

Schroeder, T.A., Wulder, M.A., Healey, S.P., & Moisen, G.G. (2011). Mapping 

wildfire and clearcut harvest disturbances in boreal forests with Landsat time series 

data. Remote Sensing of Environment, 115, 1421-1433 

http://www.r-project.org/


143 

Smith, B., Knorr, W., Widlowski, J.L., Pinty, B., & Gobron, N. (2008). Combining 

remote sensing data with process modelling to monitor boreal conifer forest carbon 

balances. Forest Ecology and Management, 255, 3985-3994 

Song, C., Woodcock, C.E., Seto, K.C., Lenney, M.P., & Macomber, S.A. (2001). 

Classification and change detection using Landsat TM data: When and how to correct 

atmospheric effects? Remote Sensing of Environment, 75, 230-244 

Song, C.H., & Woodcock, C.E. (2003). Monitoring forest succession with 

multitemporal Landsat images: Factors of uncertainty. Ieee Transactions on 

Geoscience and Remote Sensing, 41, 2557-2567 

Spies, T.A. (1998). Forest structure: A key to the ecosystem. Northwest Science, 72, 

34-39 

Swenson, J.J., Waring, R.H., Fan, W.H., & Coops, N. (2005). Predicting site index 

with a physiologically based growth model across Oregon, USA. Canadian Journal of 

Forest Research-Revue Canadienne De Recherche Forestiere, 35, 1697-1707 

Townshend, J.R.G., Justice, C.O., Gurney, C., & McManus, J. (1992). The Impact of 

Misregistration on Change Detection. Ieee Transactions on Geoscience and Remote 

Sensing, 30, 1054-1059 

Turner, D.P., Cohen, W.B., Kennedy, R.E., Fassnacht, K.S., & Briggs, J.M. (1999). 

Relationships between leaf area index and Landsat TM spectral vegetation indices 

across three temperate zone sites. Remote Sensing of Environment, 70, 52-68 

Urbanski, S., Barford, C., Wofsy, S., Kucharik, C., Pyle, E., Budney, J., McKain, K., 

Fitzjarrald, D., Czikowsky, M., & Munger, J.W. (2007). Factors controlling CO2 

exchange on timescales from hourly to decadal at Harvard Forest. Journal of 

Geophysical Research-Biogeosciences, 112, - 

Viedma, O., Melia, J., Segarra, D., & GarciaHaro, J. (1997). Modeling rates of 

ecosystem recovery after fires by using Landsat TM data. Remote Sensing of 

Environment, 61, 383-398 

Woodcock, C.E., Macomber, S.A., Pax-Lenney, M., & Cohen, W.B. (2001). 

Monitoring large areas for forest change using Landsat: Generalization across space, 

time and Landsat sensors. Remote Sensing of Environment, 78, 194-203 

Woodget, A.S., Donoghue, D.N.M., & Carbonneau, P. (2007). An assessment of 

airborne LiDAR for forest growth studies. Ekscentar, 10, 47-52 

Wulder, M.A., & Seemann, D. (2003). Forest inventory height update through the 

integration of lidar data with segmented Landsat imagery. Canadian Journal of 

Remote Sensing, 29, 536-543 

Yang, Z.Q., Cohen, W.B., & Harmon, M.E. (2005). Modeling early forest succession 

following clear-cutting in western Oregon. Canadian Journal of Forest Research-

Revue Canadienne De Recherche Forestiere, 35, 1889-1900 



144 

Youngblood, A., Metlen, K.L., & Coe, K. (2006). Changes in stand structure and 

composition after restoration treatments in low elevation dry forests of northeastern 

Oregon. Forest Ecology and Management, 234, 143-163 

 

 

 



145 
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Figure 3-1. Map of study area 
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Figure 3-2. Example of a Landsat time-series for a single pixel, showing yearly 

tasseled cap angle values (grey dots), the fitted time series (black lines), and the fitted 

segment start and end vertices (black dots). Downward trending segments represent 

disturbance (or maturation) and upward trending segments represent recovery. Flat 

segments (not shown) represent stable segments. A variety of disturbance and 

succession process (and related) parameters are derived from the fitted segment 

vertices. For example, the magnitude of change for fire disturbance segment b is 

calculated from the difference between the TCA values of B and C (GDMAG). 

Because segment b describes the greatest disturbance within the time series, segment a 

defines the pre-disturbance trend and segment c defines the post-disturbance trend. 

The pre-disturbance spectral value (BDVAL) is calculated from vertex B, and the 

post-disturbance spectral value (ADVAL) is calculated from vertex C. Time since the 

end of the greatest disturbance is calculated by subtracting the year of vertex C from 

that of vertex E for recovery segments c and d. 
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Figure 3-3. Example FIA and CVS inventory plot measured at the same location. 
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Figure 3-4. Relative importance (from random forest) of Landsat DR metrics (Table 3-

2) for predicting biomass. 
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Figure 3-5. Predicted (Landsat) versus observed (lidar) aboveground tree biomass 

(AGB) based on single-date Landsat data (SD, left) and disturbance-recovery metrics 

(DR, right).  
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Figure 3-6. Visual comparison of lidar-predicted and Landsat-predicted aboveground 

biomass. Landsat predictions are derived from disturbance-recovery metrics (DR4), 

and single-date Landsat data (SD1). 
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Figure 3-8. Effect of grid spacing on model performance (R
2
, left) and prediction error 

(RMSE, right) for the DR4 (top) and SD1 model (bottom).   
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Figure 3-9. Predicted AGB from Landsat historic models based on automatic 

segmentation (LandTrendr) versus manual segmentation (TimeSync). 
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Figure 3-10. R
2
 (left axis) and RMSE (right axis) for modeling AGB as a function of 

time-series length (L) based on disturbance-recovery predictors (DR4) and single-date 

predictors (SD1). The grey vertical lines mark two significant disturbance events: 1) a 

large wildfire in 1996 (L=14), and 2) a smaller wildfire in 2001 followed by a 

significant decline in disturbance frequency (L=9). 
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Figure 3-11. Number of lidar samples that underwent fast (duration < 3 years) and 

intense (relative magnitude > 30%) disturbances between 1973 and 2009. The two 

years with the highest disturbance activity correspond to two wildfires in 1996 

(detected in 1997) and 2002, respectively. Also visible are years of increased harvest 

activity (e.g. 1990 and 1995), and a drastic decrease of disturbances after 2002. 
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Figure 3-12. Change in Landsat-predicted AGB based on the DR4 disturbance-

recovery model (left) and the SD1 singled-date model (right) versus AGB from CVS 

inventories within and outside the training area. 
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Figure 3-13. Difference between inventory-based AGBCVS minus Landsat-predicted 

AGB versus year of inventory (DR4 model). The loess regression line is shown based 

on alpha=0.75. 
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Figure 3-14. Map of AGB for year 2009 derived from Landsat disturbance-recovery 

metrics (DR4) (left) and zoom on training site area (right). Image zoom shows Landsat 

tasseled cap (brightness, greenness, wetness) and Landsat-predicted AGB for 1992 

and 2009, and lidar-derived AGB for 2009. Blue areas in the tasseled cap image 

represent intact forests, brown and red areas represent stand-replacing disturbances 

(clear-cut, fire), and brownish colors are associated with partial harvests.  
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Table 3-1. List of Landsat images used in this study (acquisition date, sensor, 

path/row). The 1997 image was used as geometric and radiometric reference. Path/row 

refers to WRS-1 between 1972-1981 and to WRS-2 between 1983-2010. 

 

Year Date Satellite Path/Row 

1972 08/12 Landsat 1 MSS 46/29 
1972 08/12 Landsat 1 MSS 46/30 

1972 07/26 Landsat 1 MSS 47/29 

1972 07/26 Landsat 1 MSS 47/30 

1973 08/07 Landsat 1 MSS 46/29 

1973 08/08 Landsat 1 MSS 47/29 

1975 08/15 Landsat 1 MSS 46/29 

1975 08/07 Landsat 1 MSS 47/29 

1976 08/27 Landsat 1 MSS 46/29 

1976 08/28 Landsat 1 MSS 47/29 

1977 08/13 Landsat 2 MSS 46/29 

1978 07/30 Landsat 3 MSS 46/29 

1978 08/09 Landsat 3 MSS 47/29 

1978 08/18 Landsat 3 MSS 47/29 

1979 08/03 Landsat 2 MSS 46/29 

1980 08/16 Landsat 2 MSS 46/29 

1981 08/10 Landsat 2 MSS 46/29 

1981 07/24 Landsat 2 MSS 47/29 

1981 08/11 Landsat 2 MSS 47/29 

1983 07/04 Landsat 4 MSS 43/29 

1984 07/14 Landsat 5 MSS 43/29 

1984 07/14 Landsat 5 TM 43/29 

1985 07/17 Landsat 5 MSS 43/29 

1985 07/17 Landsat 5 TM 43/29 

1986 07/20 Landsat 5 MSS 43/29 

1986 07/20 Landsat 5 TM 43/29 

1987 08/08 Landsat 5 MSS 43/29 

1987 08/08 Landsat 5 TM 43/29 

1988 07/25 Landsat 5 TM 43/29 

1988 08/10 Landsat 5 MSS 43/29 

1989 07/28 Landsat 5 TM 43/29 

1989 08/05 Landsat 4 MSS 43/29 

1990 07/31 Landsat 5 MSS 43/29 

1990 08/16 Landsat 5 TM 43/29 

1991 07/18 Landsat 5 TM 43/29 

1992 08/05 Landsat 5 MSS 43/29 

1992 08/05 Landsat 5 TM 43/29 

1993 08/08 Landsat 5 TM 43/29 

1994 07/26 Landsat 5 TM 43/29 

1995 08/14 Landsat 5 TM 43/29 

1996 07/31 Landsat 5 TM 43/29 

1997 08/03 Landsat 5 TM 43/29 

1998 07/21 Landsat 5 TM 43/29 

1999 07/08 Landsat 5 TM 43/29 

2000 08/11 Landsat 5 TM 43/29 

2001 08/06 Landsat 7 ETM+ 43/29 

2002 08/09 Landsat 7 ETM+ 43/29 

2003 08/20 Landsat 5 TM 43/29 

2004 07/21 Landsat 5 TM 43/29 

2005 07/24 Landsat 5 TM 43/29 

2006 07/27 Landsat 5 TM 43/29 

2007 07/30 Landsat 5 TM 43/29 

2008 08/01 Landsat 5 TM 43/29 

2009 07/19 Landsat 5 TM 43/29 

2010 08/07 Landsat 5 TM 43/29 
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Table 3-2. List of predictor variables divided into disturbance-recovery (DR) metrics 

and single-date (SD) Landsat variables and their correlation with (log-transformed) 

lidar-derived aboveground biomass (AGBLidar) (grey shades range from white - no 

correlation to dark grey - strong correlation). 

Predictor variable Description Abbr. 
Correlation with 

log(AGBLidar)  

DR metric   TCA-fitted TCD-fitted 

Greatest disturbance (GD)  Duration (GDTSE-GDTSS) GDDUR 0.14 

 Magnitude (BDVAL-ADVAL) GDMAG -0.63 0.35 

 Relative magnitude (GDMAG/BDVAL)  GDRCH -0.71 0.37 

 Rate of change (GDMAG/GDDUR)  GDROC -0.66 0.33 

 Time since disturbance start  GDTSS 0.41 

 Time since disturbance end  GDTSE 0.25 

Pre-disturbance (BD) Spectral value BDVAL 0.23 0.00 

 

Magnitude  BDMAG -0.21 -0.02 

 Duration BDDUR -0.23 

 Rate of change (BDMAG/BDDUR) BDROC -0.03 0.13 

Post-disturbance (AD)  Spectral value ADVAL 0.73 -0.27 

 

Magnitude  ADMAG 0.31 0.54 

 Duration ADDUR 0.05 

 Rate of change (ADMAG/ADDUR) ADROC 0.18 0.42 

 Spectral value 5 years after disturbance ADVA5 0.61 -0.58 

  5-year magnitude (ADVAL-ADVA5)  ADMG5 0.37 0.60 

 

Total recovery ((ADVAL -CCVAL)/ADVAL) ADREC 0.09 0.57 

 Total recovery after 5 years ((ADVA5-
CCVAL)/ADVA5) 

ADRE5 
0.07 0.38 

Last monotonic trend (LM)  Duration LMDUR 0.35 

 

Magnitude  LMMAG -0.37 -0.49 

 Rate of change (LMMAG/LDDUR)  LMROC -0.39 -0.40 

Current condition (CC)  Spectral value CCVAL 0.29 -0.77 

Current trend (CT) Rate of change  CTROC 0.35 0.24 

        

 SD metric  

  

 

 Current condition (CC)  TC Brightness  CCTCB -0.76 

 TC Greenness  CCTCG -0.33 

 TC Angle  CCTCA 0.29 

  TC Distance  CCTCD -0.77 
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Table 3-3. Summary of forest inventory data: assessment period, source, number of 

plots, AGB (mean, standard deviation (SD), and range), and dominant age (mean and 

range). Only single condition forest plots were selected and plots influenced by edge 

effects (e.g. a plot bordering a meadow or road) were removed (<5%). Within the lidar 

training area 87 CVS plots, across the Landsat scene 758 CVS plots had been re-

measured between the two assessment periods. 

 

Region 
Assessment 

Period 

Data 

Source 

# 

Plots 

AGB Mean 

(Mg/ha) 

AGB SD 

(Mg/ha) 

AGB Range  

(Mg/ha) 

Dom. Age 

Mean 

Dom. Age 

Range 

Lidar 1993-1996 CVS 88 99.0 55.3 9.0-360.3 95 39-225 

training 1997-2007 CVS 87 100.5 51.2 3.3-294.3 91 26-233 

area 2001-2009 FIA 29 108.2 50.3 4.5-202.2 87 18-144 

Landsat 1993-1996 CVS 811 94.4 57.9 0.1-364.8 98 20-312 

scene 1997-2007 CVS 817 100.0 59.4 0.1-509.5 92 18-289 

  2001-2009 FIA 294 105.8 73.2 0.3-487.9 87 11-245 
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Table 3-4. Model summaries for predicting AGBLidar based on single-date indices 

(SD1) and disturbance-recovery metrics (DR1-DR4) (see Table 3-2 for description of 

metrics). 

 

Model Predictors R
2
 RMSE RMSE% Variance 

Ratio 

Bias r 

SD1 CCTCA, CCTCD, 

CCTCB, CCTCG 

0.68 39.64 34.81 0.82 -7.12 0.76 

DR1 CCTCA, CCTCD, 

CCTCB, CCTCG, 

CTROCTCA, CTROCTCD 

0.74 34.44 30.25 0.85 -6.17 0.83 

DR2 CCTCB, CCTCG, 

CCTCA, CCTCD, 

CTROCTCA, CTROCTCD, 

GDTSE 

0.76 33.99 29.85 0.84 -6.29 0.83 

DR3 CCTCB, CCTCG, 

CCTCA, CCTCD, 

CTROCTCA, CTROCTCD, 

GDTSE, GDRCHTCA 

0.80 32.29 28.36 0.84 -5.57 0.84 

DR4 CCTCD, ADVALTCA, 

GDRCHTCA, CCTCA, 

ADRECTCD, GDRCHTCD, 

BDVALTCA, GDTSE 

0.82 30.34 26.65 0.86 -5.38 0.87 
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Table 3-5. Correlation, root mean square difference (RMSD), Bias, and RMA 

regression coefficients between lidar-derived biomass (AGBLidar) and biomass from 

forest inventories: FIA (2006-2009) and CVS (2007) (90% confidence limits in 

parenthesis). 

 

 

X Y 

Cor-

relation 

RMSD 

(%) Bias Intercept Slope 

# 

Plots 

AGBLidar AGBCVS 0.71 

36.93 

(31.6) -19.68 

2.30 

(±26.99)  

0.81 

(±0.19) 23 

AGBLidar AGBFIA 0.80 

37.45 

(32.2) -7.61 

2.52 

(±34.25)  

0.91 

(±0.22) 16 

AGBFIA AGBCVS 0.88 

39.72 

(34.9) 7.71 

15.70 

(±24.00) 

0.92 

(±0.17) 19 
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Chapter 4 - Conclusion 

A critical uncertainty in the global carbon cycle is the exact nature of large-

scale land-atmosphere flux. Direct observations of C-flux via measurements with eddy 

covariance techniques (Baldocchi 2003) and field inventories (Goodale et al. 2002) are 

too sparse, given the heterogeneity of terrestrial ecosystems, to provide large-scale 

inferences with sufficient accuracy (Denman et al. 2007). The potential value of 

space-based observations is high (Houghton et al. 2009), but mapping forest biomass 

with single-date observations from space, particularly in high biomass forests, has 

been challenging (Lu 2006). The purpose of this research was to develop and assess a 

new method that integrates field data, lidar, and Landsat-derived disturbance history 

for mapping forest biomass and biomass change. Achieving that goal required a series 

of steps that were each addressed in the individual chapters. As such, each chapter 

built on the concepts and methods developed in the previous chapter, resulting in 

significant advancement in our understanding how Landsat-derived disturbance and 

recovery trends are related to current forest biomass, which ultimately lead to the 

successful demonstration of our approach. 

Forest disturbance and recovery are complex and long-term processes that 

likely require multi-decadal observations to fully describe their impact on the current 

landscape. The Landsat data record (1972-present) provided a unique opportunity to 

observe these processes with remote sensing over nearly four decades. However, to 
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fully utilize the Landsat data record required a seamless integration of Landsat MSS 

with TM/ETM+ time series. In Chapter 2 we described an approach that successfully 

achieved that goal. The integration enabled us to develop a proof-of-concept: we 

demonstrated for 51 field plots and photo-interpreted spectral trajectories that Landsat-

derived DR metrics significantly improved predictions of live AGB, basal area and 

stand height compared to SD models. Lidar metrics were the best predictors of live 

tree biomass, but DR predictions compared favorably. In addition, DR metrics 

captured the variation in dead woody biomass significantly better than lidar data, 

whereas SD data did not show a significant correlation. The capability to estimate 

dead standing and down woody biomass with Landsat DR metrics has important 

practical significance for spatially explicit ecosystem and habitat modeling. 

In Chapter 3 we built on the method developed in Chapter 2 to characterize 

disturbance and recovery trends over the entire historic Landsat record. The 

integration of MSS and TM/ETM+ time series enabled us to characterize 20 years of 

DR history for each year between 1992-present. Comparison with historic forest 

inventory data showed that DR models significantly increased the accuracy of historic 

biomass and biomass change predictions compared to models that used only single-

date Landsat data. We analyzed the effect of time-series length on the prediction 

accuracy and found that 10-20 years of historic observations were a significant 

improvement compared to single-date observations. But prediction accuracy 

continuously increased across the entire Landsat record. This underscores the value of 
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long-term remote sensing observations (and in this case Landsat MSS) to characterize 

forest disturbance and recovery trends. 

 The prediction models developed in Chapter 3 were calibrated using a high-

resolution biomass map derived from lidar data (Chapter 2). The lidar-derived map 

enabled us to conduct a sensitivity analysis to test the robustness of the DR models 

across a range of forest structure and terrain conditions. We found that, while DR 

models still underestimated biomass in tall and high-biomass stands, the DR model 

were less affected by topography and forest structure than single-date model. In 

general, DR models captured the low and high end of the biomass distribution better 

than SD models. 

We also tested the regional applicability of DR models by extrapolating the 

lidar-calibrated models across a larger Landsat scene. The comparison of regional 

predictions with inventory data lead to two important findings: 1) the locally derived 

relationships between DR and AGB were generalizable across a larger landscape 

(albeit at a cost of decreasing precision unrelated to the DR approach); 2) models 

calibrated with locally available lidar data were at least as accurate (if not better) than 

models calibrated with regionally distributed forest inventory data. These results 

demonstrate the advantage of scaling between field data (collected with high 

geolocation accuracy), lidar and Landsat for regional mapping of forest biomass. 

Our study showed that including disturbance and recovery information in 

prediction models significantly improved the accuracy of biomass estimates from 

multi-spectral sensors. Since the release of the Landsat archive free-of-charge 
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(Woodcock et al. 2008) dense image time series have become easily accessible for 

many parts of the Northern Hemisphere. For regions where Landsat-like data is 

currently sparse, data availability will significantly improve in the near future with 

upcoming national and international earth observation programs. Thus, algorithms that 

leverage not only the spectral but also the temporal dimension of fine-resolution 

satellite observations will become feasible for larger areas. 
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