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PROJECT PURPOSE AND MANAGEMENT IMPLICATIONS 
Riparian ecosystems are quite challenging to accurately map over broad areas, particularly in a 
way that quantifies the structural complexity within riparian stands. Landsat Thematic Mapper 
(TM) imagery, with a 30m pixel resolution, used extensively to cost-effectively inventory vast 
areas, has been problematic for mapping riparian structure. In some cases, linear, narrow riparian 
systems are too small to be detected using satellite imagery of coarser resolution. In addition to 
simply missing some areas, the coarse pixel resolution of Landsat imagery may hinder our ability 
to capture the structural variability found within these systems. The coarse resolution of some 
imagery can result in classification difficulties arising from pixels with a mix of different 
vegetated and non-vegetated attributes, reducing the accuracy of resulting map products.  

High spatial resolution satellite imagery, with resolutions <1, is becoming increasingly 
available and may have a variety of applications for forestry. Associated with this new 
technology, however, are a suite of technical challenges related to image classification. The 
purpose of this project is to develop and communicate new methods for analyzing high spatial 
resolution imagery, using object-based classification with high spatial resolution imagery. 
Specifically, we examine the utility of these tools for Terrestrial Ecosystem Mapping (TEM) 
with a special emphasis on the vegetation and landforms unique to riparian areas. 

 
Implications  

The implications of this work are several-fold. Firstly, high spatial resolution imagery can 
be updated more frequently than high resolution data sources such as aerial photos. Thus, the 
techniques we are developing in this project will help improve methods for systematic and repeat 
updating of TEM, as well as provide continuous coverage at very high resolution. Secondly, 
because this project emphasizes the mapping of riparian areas, this research will improve the 
mapping of ecosystem types which are traditionally extremely challenging to map due to their 
high variability (within riparian stands) or very small size (such as alluvial areas). While this 
research primarily utilizes high spatial resolution QuickBird imagery, we explore the utility of 
combining this imagery with DEM elevation information in order to assess the necessity of such 



  

auxillary data sources in improving our classifications, which has enormous financial 
implications for broad-scale mapping. Lastly, this research involves a series of extension 
workshops with First Nations interested in using these techniques for forestry and natural 
resource management applications. 
 
PROJECT START DATE, LENGTH OF PROJECT, AND FORMER PROJECT 
NUMBERS OR FUNDING SOURCES THAT MAY APPLY 
 
2006-04-01 to 2007-03-31  
continuing to 2008-03-31  
 
METHODOLOGY OVERVIEW 
First, we explored the utility of high spatial resolution imagery to map an extremely important 
riparian class: alluvial areas, which are associated with high value fish habitat. Then we explored 
a broader classification scheme (additional TEM classes). Our research centered on Lost Shoe 
Creek on the west coast of Vancouver Island, British Columbia, a small coastal fish-bearing 
stream with an average width of 12-15m, and a 1% stream gradient. QuickBird imagery 
consisting of four multi-spectral bands at 2.8 m spatial resolution was captured on June 21, 2005. 
The scene covers 248 km2 encompassing parts of Clayoquot and Barkley Sounds on the west 
coast of Vancouver Island, British Columbia. The image was converted to top of atmosphere 
radiance units using pre-launch calibration coefficients in ENVI (RSI 2005). 

Classification was performed using an object-based classifier. This involves the creation 
of image objects in a process called image segmentation, followed by the classification of these 
entities. We utilized eCognition (V4.0, Definiens-Imaging, Germany), software capable of 
multiresolution segmentation and object-oriented fuzzy-rule classification. The basic premise of 
the object-based approach is that groups of similar pixels are classified as opposed to individual 
pixels. The segmentation process clusters pixels into patches (or objects) enabling the 
classification of each object using spatial characteristics, such as size and shape of the object, in 
addition to spectral (reflectance) characteristics. This can help reduce the impact of lone 
misclassified pixels within a patch (such as those produced by shadows). An object-based 
approach was also used because it also allows for the inclusion of contextual information via the 
simultaneous use of information at multiple spatial scales of analysis to define and map objects. 
 
Alluvial Delineation  
For alluvial mapping, we classified the high spatial resolution imagery and compared the 
accuracy of contrasting classification approaches using contrasting DEMs (digital elevation 
models) of varying resolution. To do this, we classified Quickbird high spatial resolution 
imagery alternately paired with a DEM generated from readily-available coarser-scale digital 
data, as well as with a DEM derived from much higher resolution LiDAR (Light Detection and 
Range) terrain data. Our goal was to determine whether it was possible to map alluvial habitats 
using high spatial resolution imagery, and determine whether information from high resolution 
DEMs are useful. We also compared our results using three different classification alogorithms. 

We utilized the terrain mapping criteria of British Columbia’s Terrestrial Ecosystem 
Mapping (TEM) system. In order for an area to be considered alluvial, the dominant 
geomorphology must be classified as Fluvial (F) by TEM; with Active (A) fluvial areas assumed 
to provide better fish habitat than Inactive (I) areas. Additional modifying features must also be 



  

supportive of alluvial habitat including riffle pools and back channels. Our study area included 
plain (p) and irregularly sinuous channels (i), both of which are relevant for fish habitat in 
alluvial areas. The two TEM polygons in the study area that fit the above criteria were 
approximately 3.2 km and 1 km long and 0.12 km and 0.09 km wide, respectively. Both were 
used to locate training areas of alluvial habitat for supervised classifications, and construct rules 
for the multiscale methods.  

Two DEMs were created: the first, a moderate resolution DEM derived from 20 m map 
contours found in readily available elevation data, and the second, a high spatial resolution DEM 
generated using LiDAR data.  The coarser-scale, 20 m resolution DEM was generated using data 
from the Province of British Columbia’s 1:20,000 TRIM digital map series.  A second, high 
resolution DEM (~1:5,000) was created using airborne LiDAR data. Small footprint laser data 
were collected during July of 2005 by Terra Remote Sensing (Sidney, British Columbia). The 
Quickbird image was orthorectified to the LiDAR-derived DEM which helped remove distortion 
caused by terrain and the optical sensor. Lastly, segmentation was performed using the four 
bands of the multi-spectral orthorectified high spatial resolution image and a fifth DEM band 
where appropriate.   

Three different classification methods were utilized for each composite image and 
included: supervised nearest neighbor, a uniscale, and a multiscale method. Three main types of 
features were used for classification: Band values (spectral features) refer to value of spectral 
bands; Class-related features (contextual features) involve relationships between neighboring 
classes; and Shape features (spatial features), useful only when adjacent objects of the same class 
were merged, refer to characteristics of individual objects (such as edge, width, etc.). Shape 
features were expected to be particulary useful given the narrow, elongated shape of alluvial 
areas.  

 
Additional TEM Classes 
To classify the entire image, a wider range of TEM classes were also examined. Classification 
was performed using a multiscale object-based classification approach whereby broader level 
forest structural types were classified (level 2), followed by classification of finer-scale classes 
within old-growth stands (level 1) (Figure 1). A GIS-based Terrestrial Ecosystem Map (TEM) 
developed in 2003 and 2004 from field surveys and high spatial resolution aerial photographs 
(BC Ministry of Forests and Range) was used as reference data for guiding and assessing the 
automated classification of the QuickBird image. Representative samples of each class were 
selected on the image to “train” the classification. An independent GIS-based Terrestrial 
Ecosystem Map (TEM) was used to help select training samples of each class, and also served as 
a “truth” layer to assess the accuracy of the classification. Following classification, random 
points were generated from within the testing region and compared to the GIS-based TEM.  
 The classification scheme was largely based on British Columbia’s Biogeoclimatic 
Ecosystem Classification (BEC) system, the basis of Terrestrial Ecosystem Mapping (TEM) in 
British Columbia. A preliminary classification identified general structural (seral) classes as 
defined by TEM (Table 1). Also included in this level of classification were riparian zones, 
which although not explicitly grouped as a separate structural class by TEM, were included here 
nonetheless due to their ecological significance. The primary objective of this project was to 
map fine-scale ecosystem classes (site series) within old-growth stands. Table 2 shows the site 
series that were included in the classification. A number of site series in the study area were 
present in several very small patches, with each series’ combined area representing less than 0.2 



  

% (roughly 33 ha) of the total study site area. These site series were not included in the 
classification scheme due to inadequate sample size. Figure 1 shows the hierarchical 
classification employed in this project.  
 
Name Description 
Herb and 
Shrub / herb 

Early successional stage: herbaceous or shrub communities; tree cover < 10% and shrub cover 
< 20% 

Second Growth Middle successional stages; trees greater than 10m tall, in varying stages of maturity with 
variable stocking densities.  

Old forest Old, structurally complex stands composed mainly of shade-tolerant and regenerating tree 
species; older seral and long-lived trees from a disturbance may still dominate the upper 
canopy. Snags and coarse woody debris in all stages of decomposition typical, with patchy 
understory 

Table 1. Stand structural stages.  
 

Segmentation and Classification  
Several layers were derived from the image to aid information extraction. The first such 

layer was a Normalized Difference Vegetation Index (NDVI) which highlights the presence of 
healthy green vegetation. Multiple texture layers were also created. These were second order 
texture measures calculated using a Grey-Level Co-occurrence Matrix. For each of the four 
multi-spectral bands, homogeneity, contrast and dissimilarity were calculated for each of two 
window sizes (3x3 and 11x11 pixels).  Segmentation and classification was based on the four 
multi-spectral bands, the NDVI layer, and a subset of the texture layers, with each layer first 
converted to 8-bit unsigned integer format. Due to computing limitations, not all layers could be 
included at once. During the segmentation process, each input layer was weighted equally. The 
scale parameter was set to 50 for the stand level classification (resulting in approximately 147 
objects / km2) and 40 for the site series classification (resulting in approximately 222.31 objects / 
km2). The influence of spectral values was weighted more heavily than the influence of shape 
during the segmentation process (0.8 and 0.2 respectively). Components of the shape parameter 
(compactness and smoothness) were weighted equally.  

To determine which texture layers provided the most useful information, a number of 
preliminary segmentations and classifications were performed using different subsets of the 
texture layers. Through this process, it was determined that the separation of classes was best 
using only two texture measures calculated with an 11x11 window, and this subset was included 
in the final segmentation and classification. Classification involved the selection of 
representative samples of each class to “train” the classifier. Given that the TEM was used to 
both identify training samples and assess the accuracy of the classification, the image was 
stratified into training (sampling) and testing regions (while maintaining representation of all 
classes in both regions) to ensure that the truth data was independent from that used in the 
classification. The features used to classify the image are shown in Table 3. 
 
Accuracy Assessment. 

An accuracy assessment was computed for the Level 1 classification whereby the 
classified image was compared to the GIS-based TEM with respect to site series on a per-pixel 
basis. A minimum of 1% of the total number of pixels in from each class were randomly selected 
from within the testing portions of the image and compared to the value at the equivalent 
location on the TEM. A 15m buffer around polygons on the truth layer restricted point 
generation to polygon interiors to eliminate error due to geometric offset between the images. 



  

 
Figure 1. Multiscale, hierachical classification approach used with high spatial resolution imagery and an object-based 
classifier shown for a subset of the image.  
Panel A. Unclassified QuickBird image in Lost Shoe Creek area in Clayoquot Sound.  
Panel B. Level 2 classification distinguished among basic stand structural stages and riparian areas only. 
Panel C. Level 1 classification distinguished site series within late seral (old-growth) forests only. 

 



  

Feature 
number 

Feature name 

1 Mean spectral response (blue band) 
2 Mean spectral response (green band) 
3 Mean spectral response (red band) 
4 Mean response (blue contrast) 
5 Mean response (green contrast) 
6 Mean response (red contrast) 
7 Mean response (nir contrast) 
8 Standard deviation (blue contrast) 
9 Standard deviation (blue dissimilarity) 
10 Standard deviation (green contrast) 
11 Standard deviation (green dissimilarity) 
12 Standard deviation (red contrast) 
13 Standard deviation (red dissimilarity) 
14 Standard deviation (nir contrast) 
Table 3. Features used to classify site series.  
 
PROJECT SCOPE AND REGIONAL APPLICABILITY 
This project is most directly and immediately applicable to coastal forests in British Columbia, 
and our extension component with Haida Mapping is focused specifically on adapting this 
technology to areas in Haida Gwaii / Queen Charlotte Islands. However, the general 
improvement in methods developed here are adaptable to a wide range of forest types throughout 
BC, and other regions, where high resolution forest structure and riparian mapping is needed. 
 
INTERIM CONCLUSIONS, INFERENCE OR INFORMATION  
 
Results & Recommendations for Alluvial Mapping 
A further detailed, quantitative description of these results is currently under review in Remote 
Sensing of Environment:  

Morgan J.L, S.E. Gergel, C.W. Bater, N.C. Coops, and Y. Stange. In review. A 
multi-scale approach for the identification of alluvial habitats using high 
spatial resolution imagery: the role of spectral, spatial and topographic 
information.  

 
Comparison of High Spatial Resolution Imagery and DEM Composites 
Without a DEM, the use of spectral bands alone did not show much promise for a highly 
accurate classification using any of the three classification methods. The standard nearest 
neighbor method over-estimated the extent of alluvial areas as compared to the other methods. 
However, a large amount of incorrectly classified alluvial areas remained along coastal areas. 
Results improved with the introduction of terrain data; however a coarse DEM was not well 
suited for differentiating the subtle topographic variation associated with alluvial locations. The 
standard nearest neighbor classification overestimated the extent of alluvial terrain by incorrectly 
identifying extensive regions at low elevations (relative to sea level) as alluvial. The uniscale 
method slightly improved accuracies by matching the general location of actual alluvial activity, 
yet it under-estimated the area of occupied fine-scale alluvial areas. While the most accurate, the 
multi-scale method still under-classified alluvial areas along streams, and over-classified areas 
along the coast. Others have also found that moderate resolution terrain data may not be of 
adequate resolution for detailed classifications of channel characteristics.  



  

With the introduction of a high spatial resolution (1:5,000 scale) DEM, the accuracy and 
detail of alluvial classifications were improved in all cases. While the standard nearest neighbor 
method narrowed regions of alluvial activity (compared to trials using no DEM or the coarser-
resolution DEM) it still over-estimated the alluvial class. The uniscale classification method 
(with the fine-scale DEM) was able to clearly identify additional alluvial channels near the top of 
the study area. Further improvements were seen with the multiscale classification method: both 
alluvial channels in the TEM data were well identified and over-estimation was minimal 
compared to the other methods.  
 
We conclude with three basic recommendations for future research on this topic: 
 

1. Analyses should incorporate information at multiple spatial scales.   
Recent improvements to traditional pixel-based classifiers have been recognized with the 
development of segmentation routines and object-based classifiers. The advantages of these 
approaches become especially apparent as the spatial resolution of the satellite imagery 
increases. Rather than merely classifying individual pixels based on spectral reflectance, 
these new classification techniques examine clusters of pixels as well as the contextual 
information surrounding the object of interest. The inclusion of contextual information at 
multiple spatial scales was vital for increasing the accuracy of our results.  
 
2. High resolution terrain information is essential, despite its higher cost. 
The moderate spatial resolution (20 m) DEM was derived from a freely-available digital map 
series (Terrain Resource Information Mapping of B.C.); while the high spatial resolution 
LIDAR-derived DEM was obtained at an approximate cost of $3 – $4/ha (CAD) not 
including the cost of data processing. However, a fine spatial resolution DEM was paramount 
to the accurate delineation of both the general position and boundaries of alluvial landforms.  
 
3. Classification approaches developed here must be tested in new regions.   
While the multiscale classifications adequately identified alluvial landforms (provided 
suitable terrain data were included), regions with greater variability would likely require the 
modification of these approaches to address a wider range of landforms and fluvial 
geomorphic features. Regions encompassing greater topographic relief and stream orders 
should be examined. 

 
Preliminary Results & Recommendations for TEM 
The two levels of classes are shown together in the final classified map (Figure 3).  Although a 
formal accuracy assessment has yet to be carried out for the stand structural stages (Level 2), 
visual comparison to the ground-truth image suggests classes at this level were quite well 
classified. An exception is the riparian class, which was generally overestimated as a result of 
some roadside and shoreline vegetation being confused as riparian. At the site series level (Level 
1), classification accuracies were much poorer. The overall average accuracy was only 29%, with 
no class having an overall accuracy greater than 40% (Table 3). Five site series were classified 
with individual overall accuracies of less than 5%. These five classes covered a small proportion 
of the study area (less than 100 ha each) relative to the best classified site series (CwYc - 
Goldthread (YG) which had an overall accuracy of 37%). This confirms the difficulty of 
mapping rare ecosystem classes, and of achieving high accuracies with a large number of classes. 



  

For example, in our previous work using a much simpler riparian classification scheme (of 4 or 5 
classes), accuracy levels regularly exceeded 70%-90%. 
 

Class Name  Commission 
(%) 

Omission 
(%) 

Producer’s 
Accuracy (%) 

User’s 
Accuracy (%) 

Overall 
Accuracy (%) 

AB HwBa - Blueberry 100 100 0 0 1.47 
HS CwHw - Salal 73.27 87.51 12.49 26.73 11.52 

LR 
PlYc - 
Rhacomitrium 97.5 93.98 6.02 2.5 

4.85 

LS PlYc - Sphagnum 50.55 60.77 39.23 49.45 12.77 
RC  98.73 97.59 2.41 1.27 1.91 
RS CwYc - Salal 97.73 77.05 22.95 2.27 7.48 
SD CwSs- Devil's Club 78.67 87.96 12.04 21.33 6.27 
SK Ss-Kindbergia 99.21 99.28 0.72 0.79 0.76 
SW Ss-Sword Fern 98.72 96.3 3.7 1.28 0.47 
YG CwYc - Goldthread 49.8 57.57 42.43 50.2 36.61 

Table 3. Error matrix for TEM site series within late-seral forests in the study area. 
Ba = Amabalis Fir; Cw = western redcedar; Hw = western hemlock; Pl = lodgepole pine; Ss = sitka spruce; 
Yc = yellow cedar 
 
Future work will include exploration of other texture measures including other grey-level co-
occurrence statistics for various window sizes to help improve our classification accuracies at the 
site series level. In addition, it is hypothesized that a high spatial resolution Digital Elevation 
Model (DEM) derived from LiDAR will enhance the classification of site series given that some 
are constrained by or associated with particular topographic settings, such as riparian areas.  
 
CONCLUSIONS 
High spatial resolution imagery, such as that obtained from the QuickBird satellite, has the 
potential to improve our forest inventory mapping over broad areas. Furthermore, these new 
approaches can greatly improve mapping of fine resolution features containing high variability 
that were traditionally quite challenging to map (such as riparian areas and alluvial areas). New 
techniques, such as object-based classification, are necessary to abstract information from high 
resolution imagery, and provide better results than traditional per-pixel classifiers, and also 
enable multi-scale classification, which produce higher accuracies than traditional methods such 
as nearest neighbor classifications. Furthermore, combining high spatial resolution imagery with 
other data layers (such as layers derived from DEM information) seems particularly promising 
for mapping finer-scale riparian features such as alluvial areas and fish habitat, as well as for 
improving TEM in general. The level of detail provided by LiDAR-derived DEMs, although 
costly, greatly improves results over that obtained from coarser-scale DEMs from widely-
available data sources such as TRIM.



  

 
 

Figure 3. Classified map of TEM structural stages, riparian areas and old-growth 
site series in the Clayoquot Sound study area.  
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