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ABSTRACT – The majority of burning in the boreal zone consists of stand replacement fires >10 km2 occurring in remote, unpopulated regions.  Satellite remote sensing using coarse resolution (≈1 km) sensors is thus well suited to documenting the spatial and temporal distribution of boreal fires.  The purpose of this study was to assess the potential of the recent SPOT VEGETATION (VGT) sensor for mapping burnt boreal forest and for predicting the age of regenerating forest after fire.  A normalized vegetation index that combines the NIR and SWIR channels was found to provide optimal discrimination of burnt forest.  Multi-temporal differencing of this index from anniversary date VGT composites was combined synergistically with fire hotspots from NOAA/AVHRR to map forest that burned in Canada during 1998 and 1999.  The index also was found to be correlated (r=0.678) with the age of regenerating forests in Saskatchewan and Manitoba that burned between 1945 and 1998.  An artificial neural network model created using temporal metrics computed from VGT could predict the age of these forests with a RMS error of seven years.
1. INTRODUCTION

The boreal biome covers 17% of Earth’s land area, comprising about 25% of the world’s forestland.  The major ecosystems contained within the boreal zone (forests, peatlands, and tundra) contain more than 30% of terrestrial carbon stores, and thus play a major role in the global carbon budget (Kasischke 2000).  Fire is a dominant factor controlling ecological succession in boreal forests, burning on average nearly one percent of the total forest area annually.  Much of the boreal forest zone appears as a patchwork of even-aged forests—the vestige of large stand replacement fires spanning several decades (Stocks 1991).  Fire has a major direct impact on the carbon balance of boreal forests resulting from the conversion of biomass and soil carbon into atmospheric carbon (CO2, CO, CH4).  Further indirect effects of fire on carbon cycling include altering the stand age distribution of forest and increasing soil microbial decomposition (Kasischke 2000).

Due to the large extent and remoteness of the boreal zone, it is not practical to monitor the distribution of fire activity across its entire area using conventional aerial or ground surveys.  By contrast, coarse resolution satellite sensors are well suited to boreal fire mapping due to their ability to cover large areas on a daily basis, and the fact that fires larger than 10 km2 are responsible for the vast majority (<96%) of burning.  The AVHRR sensor aboard the NOAA series of satellites has been used widely for boreal fire studies, including active fire monitoring (Li et al. 2000), mapping the extent of burned areas (Cahoon et al. 1994; Kasischke et al. 1995; Fraser et al. 2000a), estimating trace gas emissions (Cahoon et al. 1994), and modeling forest regeneration age after fire (Kasischke and French 1997).  The recent SPOT VEGETATION (VGT) sensor provides a swath size and return interval similar to AVHRR, but includes a 1.65 (m short-wave infrared (SWIR) channel that preliminary studies have found to be highly effective for identifying burnt boreal forest (Eastwood et al. 1999, Fraser et al. 2000b).   

The purpose of this study was to extend the scale and scope of these initial studies by investigating the utility of VGT for mapping burnt boreal forest over Canada and predicting the age of regenerating forest after fire.  The specific objectives were to:

1. Quantify the changes in VGT reflectance and vegetation indices after boreal forest is burned;

2. Map burnt forest across Canada using the results from (1) and a change detection algorithm developed for annual burnt area mapping; and

3. Develop predictive models of post-fire regeneration age using VGT channels, vegetation indices, and temporal metrics.   Compare the results from multiple regression and artificial neural network approaches. 

2. METHODS

A. Satellite Sensor Data

SPOT VGT 10-day syntheses (S10 products) providing Canada-wide coverage were acquired for the periods April 1–October 31, 1998-1999.  The 42 syntheses provide top-of-atmosphere reflectance in four channels (0.45 (m blue, 0.66 (m red, 0.83 (m NIR, and 1.65 (m SWIR), which are corrected for atmospheric effects using the Simplified Method of Atmospheric Correction (Rahman and Dedieu 1994).   We projected the imagery from Plate Carree to Lambert Conformal Conic at 1 km resolution using nearest neighbor resampling.  The composite imagery was further corrected for bi-directional reflectance effects and cloud contamination using the ABC3 method developed for the AVHRR sensor (Cihlar et al. 1997).  Two vegetation indices (VI) were computed from the channels: the Normalized Difference Vegetation Index [NDVI; (NIR-red)/(NIR+red)] and an analogous Short-Wave based Vegetation Index (SWVI), in which the SWIR is substituted for the red [i.e. (NIR-SWIR)/(NIR+SWIR); Fraser et al. 2000b].

B. Changes in VGT channels and indices after fire

To determine the most effective VGT channels and VI for annual burnt area mapping across Canada, post fire season composites were created for 1998 and 1999.  Cloud-free 30 day composites were created for September of each year by selecting pixels with smallest near-infrared reflectance from three September 10-day syntheses.  This minimum near-infrared compositing criterion is designed to minimise cloud contamination, while preferentially selecting pixels that may have burned towards the end of the compositing period (Barbosa et al. 1999).

A sample of forested pixels burned in 1999 was identified to examine spectral changes occurring in the year of burning.  145 polygons (2,643 pixels) were digitized across Canada with reference to a screen backdrop consisting of the September 1999 composite image (RGB=SWIR,NIR,red) in which burns appear dark red, overlaid by a mask of 1999 AVHRR hotspot locations (Li et al. 2000).  A second sample containing 340 pixels was digitized from nine fires that occurred in May 1999, during the early portion of the fire season.  This sample was used to investigate if early fires have a different burn signature at the end of the fire season.  To examine VGT spectral changes the year after forest is burned (i.e. from September 1998-1999), a third sample consisting of 162 polygons (2,504 pixels) were similarly identified for forest burned in 1998.  Simple reflectance and VI statistics were computed for the three sets of sample pixels using the two anniversary date composites from September 1998 and 1999.

C. Annual Mapping of Burnt Forest across Canada (1998-1999)

Fraser et al. (2000a) developed a technique for annual burnt area mapping of boreal forest.  The method, dubbed HANDS (Hotspot and NDVI Differencing Synergy), combines multi-temporal change detection with active fire monitoring.  In conventional spectral change detection approaches (e.g. image differencing) a significant challenge is to establish a threshold suitable for identifying those pixels that have undergone change.  Change detection techniques also are susceptible to producing spurious changes due to factors other than real land cover change, such as cloud contamination and phenological variation.  HANDS overcomes these problems by using an annual mask of satellite-detected fire locations to derive spatially variable differencing thresholds for separating burnt pixels.  Since the resulting burn clusters are required to be spatially coincident with the fire mask, change pixels not associated with burning are largely eliminated.

The HANDS method for burnt area mapping requires three types of input data: 1) pre- and post-fire composite images used for multi-temporal differencing; 2) an annual hotspot mask; and 3) a vegetation mask or land cover classification.  A previous application of HANDS for mapping forest fire burns across Canada in 1995 and 1996 relied on NOAA/AVHRR for all three inputs (Fraser et al. 2000a).  Hotspots were composited from single date masks produced using a boreal fire detection algorithm (Li et al. 2000).  Anniversary date 10-day NDVI composites from the end of successive fire seasons were used for differencing, while an AVHRR land cover classification was used to mask non-forest cover.  

In this study, we applied the technique in the same manner across Canada for 1998 and 1999, but substituted VGT in place of AVHRR composite imagery for differencing.  Based on the analysis of individual channels and VIs (section B above), the VGT channel or index demonstrating the largest change after burning was selected from the composite imagery for differencing.  For 1998 burnt area mapping, a pre-fire composite was created by combining 10-day composites for the period April 20-May 20, 1998 (the VEGETATION instrument was launched in March 1998, precluding the use of an anniversary date composite from September 1997).  A maximum NDVI criterion was used to combine the three spring 10-day composites such that any pixels burned during the compositing period would be selected in their unburned state.  The 1998 post-fire composite consisted of the combined three 10-day VGT syntheses from September of that year (Section B).  Burnt area mapping for 1999 was accomplished by differencing September composites from 1998 and 1999. 

D. Predictive Modeling of Post-Fire Regeneration Age.

The potential of VGT imagery for predicting post-fire regeneration age was assessed using historical forest fire records compiled for Saskatchewan and Manitoba in digital format.  Vector GIS records cover the period 1945-1996 for Saskatchewan (Naelapea and Nickeson 1998) and 1980-1991 for Manitoba (Stocks et al. 1998).  The polygon vectors for each year were merged into one polygon data set, then re-projected to a 1 km resolution grid in Lambert Conformal Conic projection.  These historical data were supplemented using 1994-1998 fire locations determined from annual masks of NOAA/AVHRR fire hotspots (Li et al. 2000).  The study region, bounded by the dashed line in figure 1, is contained mainly within the Boreal Taiga and Boreal Shield ecozones.  Spruce and jack pine conifer forests, lakes, and wetlands are the most common land cover types.  Open lichen woodlands dominate in the northerly portion of the study area, while mixed coniferous-deciduous forests are common in the south.     

To make allowance for positional uncertainties in the historical fire databases (Naelapea and Nickeson 1998, Stocks et al. 1998) and the large inter-annual differences in burned area, small polygons were manually digitized within the interior of the historical fire polygons and satellite hotspot clusters.  A total of 485 polygons were digitized across both provinces, providing 17,349 sample pixels after masking out land cover types from an AVHRR classification not associated with conifer forest (Cihlar et al. 1998).  These pixels were then randomly separated into training (50%), cross-validation (10%), and testing (40%) subsets.

The spectral signatures of the historical burns were characterized using SPOT VGT 10-day syntheses from the snow-free period June 1–September 30, 1998.  Four temporal metrics (mean, maximum, minimum, and range) were computed for this period from the red, NIR, SWIR, NDVI, and SWVI channels (DeFries et al. 1997).  Spatially smoothed channels were also created by applying a median 3-by-3 filter to the five mean channels.  Two non-remote sensing, environmental variables influencing regeneration rates were also investigated.  Aspect, a local control of solar insolation, was computed from a 1 km resolution digital elevation model.  The number of growing degree days above 5 degrees Celsius for the period 1961-1990 averaged by Canadian ecodistrict was also used.

Relationships between the remote sensing variables and burn age were first assessed independently using simple Pearson correlations calculated from the full digitized sample.  Multivariate predictive models of burn age were then constructed using both multiple regression and artificial neural network approaches.  Forward stepwise and backward elimination multiple regression models were developed using the combined training and cross-validation data sets (60%).  A probability of 0.05 was used for entering or removing variables.  Polynomial terms for each variable were also tested in the multiple regressions to account to for any simple non-linear relationships between burn age and the independent variables.  

Artificial neural networks (ANN) provide an alternate tool for constructing non-linear predictive models (Principe et al. 2000).  In this study, the commonly used multi-layer perceptron ANN was employed with gradient descent training, one hidden layer, and the hyperbolic tangent (tanh) activation function.  All 25 VGT metrics described above were used in the input layer, while the output layer consisted of a single node represented by the year in which burning occurred.  Networks containing a varying number of processing elements, or neurons, in the hidden layer (5, 10, 15, 20, 25, and 35) were compared.  Network training was performed using the training set, and was stopped when the RMS error on the independent cross-validation set increased.  This prevented over-training of the network, and ensured that its ability to generalize would be retained.  The network and multiple regression models were then assessed by computing the RMS error and correlation coefficient between the predicted and actual burn age from the 6,933 test pixels. 

3. RESULTS AND DISCUSSION

A. Changes in VGT channels and indices after fire

Figure 2 shows mean reflectance (red,NIR,SWIR) and VI values (NDVI,SWVI) computed from the September 1998 and 1999 composites for the three sets of sample burnt pixels. A quantitative index of the separability between burnt and non-burnt forest afforded by each channel and VI was also computed for the 1999 fires as:

S =   |xb– xnb| / sb + snb


[1]

Where: 

S = Separability index,

xb = mean reflectance or VI from burnt forest,

xnb = mean reflectance or VI from non-burnt forest,

sb = standard deviation of reflectance or VI from burnt forest, and

snb = standard deviation of reflectance or VI from non-burnt forest.

The index, represented by “S” in figure 2, provides a measure of the channel signal-to-noise ratio.  A value greater than 1 indicates that the standard deviations do not overlap, allowing good separation of burnt from non-burnt forest (Kaufman and Remer 1994). 

The uppermost pairs of bars in the figure indicate the signature from all 1999 fires in their pre-burn (Sept. 1998) and post-burn (Sept. 1999) condition.  The red reflectance of burnt forest at the end of the fire season is observed to decrease, presumably due to strong absorption from the char combustion products.  As is observed in most ecosystems, NIR reflectance decreases significantly (S=0.83) after fire due to the destruction of leafy vegetation.  The SWIR reflectance of vegetation is strongly controlled by water absorption, and would be expected to increase with the removal of healthy vegetation, which has high water content.  However, the observed SWIR reflectance increase of boreal forest burned in 1998 is very small in relation to its variance (S=0.05).  The NDVI exhibits a modest decrease (S=0.34) after burning by comparison to NIR reflectance, due to the concomitant decrease in red reflectance.  In fact, in some areas subject to late-season fires NDVI changes very little owing to a large drop in red reflectance.  By combining the NIR and SWIR channels, the SWVI provides the best overall discriminator of burned forest at the end of the fire season (S=1.05) owing to the large drop in NIR and small increase in SWIR reflectance.

A case study by Fraser et al. (2000b) examined single VGT images (P products) covering a 154,094 ha Alberta fire that occurred in May 1998.  The reflectance in the red, NIR, and SWIR channels was observed to initially decrease relative to surrounding unburned forest.  However, by late August, both red and SWIR reflectance had increased significantly, contrary to the above results for 1999 burned forest.  Nine early season fires from May 1999 were thus examined separately in an attempt to resolve this discrepancy (see second pair of bars in figure 2).  In the case of these early fires, red reflectance has increased by the end of the fire season, NIR reflectance has decreased, and SWIR has increased significantly.  The most logical explanation for these observed differences between early and late season fires is the contrasting reflectance of combustion products and subsequent herbaceous regeneration.  By the end of the fire season, the influence of charred vegetation from early fires (which strongly absorbs radiation) has largely been replaced by that of early successional vegetation.  Moreover, early season fires may cause less damage to a frozen or moist ground layer, leading to more rapid regeneration (Kasischke and French 1997).  By contrast, in many August fires, the signal from the combustion products continues to dominate several weeks later at the end of the fire season.  

The third pair of bars in figure 1 show changes in the signature of 1998 burned forest occurring between the same year of burning (September 1998 imagery) and one year after burning (September 1999 imagery).  The trend of increased reflectance in the red and SWIR resulting from regeneration is the same as that observed in the early 1999 fires.  Contrast with surrounding unburned vegetation generally becomes much stronger in these two channels one year after burning.  During the first year of regeneration, NIR reflectance recovers significantly towards pre-burn levels.           

B. Annual Mapping of Burnt Forest across Canada (1998-1999)

In the above analysis, the short-wave based VI (SWVI) consistently provided the best discrimination of burnt boreal forest during the year in which a fire occurs.  This index was therefore used for the multi-temporal differencing component of the HANDS burnt area algorithm for the 1998 and 1999 fire seasons.

The results of the algorithm applied to VGT composites and AVHRR hotspots for the years 1998 and 1999 are shown in Figure 1.  The burn mask appears to have low errors of both omission and commission in relation to hotspot locations and burn scars visible in the post-fire composites.  Canada-wide forest burned area is calculated to be 4,074,700 ha in 1998 and 1,901,300 ha in 1999, within 15% of estimates compiled by the Canadian Interagency Forest Fire Centre from provincial fire agencies.  

A comprehensive validation of the burnt area product is being conducted as part of the Fire M3 project (http://fms.nofc.cfs.nrcan.gc.ca/FireM3/) using burns mapped from 55 Landsat TM and ETM+ scenes.  A comparison of the VGT and TM burn perimeters from two sample fires is presented in Figure 3.  There is good agreement between the outer burn boundaries mapped using the two sensors.  However, burnt area estimates from VGT are generally larger due to the fact that most unburned islands are mapped as burnt in the VGT product.  As part of this validation, a statistical calibration function relating Landsat TM and SPOT VGT burn area will be derived by double sampling 187 fires.  The effect of burn size, fragmentation, Ecozone, and fuel type on the TM-VGT relationship will be investigated.   

C. Predictive Modeling of Post-Fire Regeneration Age

Table 1 shows simple Pearson correlations (r) between the age of regenerating burnt forest (i.e. the year that burning occurred) and various temporal metrics computed from the SPOT VGT channels and two vegetation indices.  Figure 4 shows the relationship between the year of burning and the mean value for the best metric computed from the NIR and SWIR channels and two vegetation indices.  The channel most strongly correlated with the year of burning is the SWIR, followed by the NIR, and red.  The SWIR reflectance decreases with regeneration age due to greater water absorption from increased vegetation biomass (with the exception of 0-2 year burns where absorption from combustion products also influences the signal).  Of all channels and VIs, the SWVI is most closely related to burn regeneration age, explaining almost 50% of its variation.  A contrast-stretched SWVI image of the study region reveals a complex mosaic of regeneration patterns, where burn boundaries more than 15 years old are often clearly visible.

The metrics computed from the various channels and VIs were combined using multiple regression and ANN models.  Forward stepwise and backward elimination multiple regression produce identical models with 15 independent variables, explaining 58% of the variability in burn regeneration age in the test set and providing an RMS error of 8.06 years.  The addition of polynomial terms to the multiple regressions increases the R2 to 0.64 and decreases the RMS error to 7.58 in the training set, yet provides poorer prediction in the test set.  The six ANN models, which contain between 5-35 neurons, are consistently better predictors of burn regeneration age, with the r2 between predicted and actual burn age ranging from 0.65-0.69 and RMS ranging between 6.97-7.33 years.  A network containing 10 neurons provides the strongest correlation (r2=0.69) and smallest RMS (6.97) for the test pixels.  The addition of the two environmental variables (aspect and growing degree days) into the multiple regression and ANN models improves results marginally, with maximum changes in R2 of 0.02 and in RMS of 0.22 years.

The best ANN model provides a RMS error that is about one year less than those from the linear multiple regression models.  This is consistent with studies by Kimes et al. (1996) and Jensen et al. (1999), in which ANN were superior to statistical approaches for predicting conifer forest age using higher resolution Landsat TM data.  The major reasons for the better performance of the ANN is that it is able to effectively map non-linear relationships among variables and it makes no assumptions about normality or lack of collinearity.

The smallest RMS error obtained in this study is 6.97 years, which suggests that VGT spectral reflectance alone is not sufficient to predict forest regeneration age with a high degree of accuracy.  Several factors combine to produce large spectral variance among regenerating stands of a given age at a scale of 1 km2.  Rates of regeneration and biomass accumulation after fire will depend on burn severity, site conditions, and climate.  Reflectance integrated over 1 km2 also will be influenced by the degree of burn fragmentation, non-coniferous sub-pixel cover such as wetlands and small lakes, and the trajectory and species composition of regeneration (e.g. jack pine vs. black spruce, deciduous pioneer species).  The two environmental variables (aspect and growing degree days) examined produced only marginal improvements to the models, but perhaps may have been too coarse to be effective in this study.  A promising extension to the present work would be to examine the relationship between VGT SWIR reflectance and forest biomass.  Biomass should be more directly related to reflectance compared to age and is a more useful parameter for modeling carbon fluxes such as emissions from forest fire.    

4. SUMMARY

The major findings of this study are as follows.

1. A short-wave based vegetation index (SWVI) that combines VGT’s NIR and SWIR channels provides excellent discrimination of burnt from non-burnt boreal forest.

2. The SWVI index can be combined synergistically with fire hotspots from AVHRR to effectively map forest burnt areas across Canada on an annual basis.
3. The age of regenerating forest after fire can be estimated to a RMS error of 7 years using VGT reflectance and an artificial neural network.
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Figure 1. Forest burned in 1998-1999 mapped using SPOT VGT.  The dashed line indicates the region in Saskatchewan and Manitoba investigated for predictive modeling of post-fire regeneration age.  
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Figure 2.  Mean reflectance and VI values computed from 1998 and 1999 September VGT composites for three sets of sample burnt pixels (the SWVI has been shifted up by 0.5 to make values positive).

Figure 3.  Burnt area perimeters derived using 1 km resolution SPOT VGT imagery (thicker lines) and 30 m Landsat TM imagery (shaded; courtesy of Robert Landry at CCRS).  (a) Shows a 1999 fire from Yukon Territory, while (b) shows a 1998 NWT fire. 
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Figure 4.  The relationship between the year of burning (1945-1998) and the mean value for the best metric computed from NIR and SWIR channels and two vegetation indices.  Error bars represent one standard deviation.
Table 1.  Pearson correlations (r) between the year of burning and temporal metrics (mean, spatially smoothed mean, maximum, minimum, and range from growing season) computed from SPOT VGT channels and two vegetation indices.  The metric providing the strongest correlation for each channel or index is highlighted in bold.


SPOT VGT channel or vegetation index


Red
Near infrared
Short wave infrared
NDVI
SWVI

Temporal Metric






Mean
0.012
-0.331
0.445
-0.362
-0.659

Smoothed Mean
0.031
-0.349
0.486
-0.335
-0.678

Maximum
-0.128
-0.293
0.423
-0.343
-0.535

Minimum 
0.191
-0.344
0.339
-0.117
-0.656

Range
-0.181
-0.053
0.114
-0.131
0.062

Table 2.  Results from multiple regression and neural network models.  Forward stepwise and backward elimination regression models produced identical results.  Results are shown for the neural network model with the smallest RMS error for testing pixels. 


Training pixels
Testing pixels


R2
RMS Error

(years)
R2
RMS Error

(years)

Multiple regression
0.61
7.83
0.58
8.06

Multiple regression with polynomial terms
0.64
7.58
0.57
8.21

Artificial Neural Network (10 neurons) 
0.70
6.90
0.69
6.97
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