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Abstract

The traditional depiction of land cover classifi cation uses discrete, hard categories that are mutually exclusive. Re-
mote sensing techniques exist to derive sub-pixel classifi cation and continuous variables, these have proven to be 
fairly robust and accurate, yet few cartographic products or techniques have been developed to depict these more 
structurally complex datasets. Two maps of Gannett Peak, in Wyoming’s Wind River Range (1:24,000 and 1:63,360) 
are used to illustrate new techniques and datasets and to propose that landscape characteristics can be used to 
guide land cover depiction and the choice of classifi ers. A hybrid approach in which land cover elements with abrupt 
discontinuities such as hydrology and agriculture are depicted using traditional hard boundaries and soft transition 
and naturally occurring gradients such as altitudinal vegetation changes are depicted using continuous variables is 
illustrated. The use of a dasymetric approach to soften a hard classifi cation obtained from image segmentation is also 
illustrated and the limits and potential of  object oriented classifi cation is discussed.

KEY WORDS: Continuous datasets, alpine cartography, dasymmetric methods, image segmentation, Wind River 
Range, Wyoming, USA



184

geo9th International Symposium on High Mountain Remote Sensing Cartography

they may appear as smooth transitions or abrupt but at 
the landscape scale, discontinuities typically predominate 
(Forman, 1995). Some of the questions this raises for the 
cartographer depicting land cover at the landscape scale is 
whether methods should be dictated by the composition 
of regions (i.e. their homogeneity or heterogeneity, their 
pattern, density, internal structure, texture) or by  the type 
of transitions between homogeneous regions? 

In order to depict the landscape in a topographic map 
landscape its elements need to be abstracted and de-
composed into objects that have traditionally been repre-
sented on maps using point, line and polygon elements. 
These elements are then used to represent groups or 
classes of terrain features. Until recently, this resulted in 
many maps depicting a landscape primarily composed of 
hard, sharp edges (Fig. 2a-d) with some maps (i.e. Fig 2a) 
communicating the range of transitions more effectively 
than others using these graphic variables. Cartographic 

1. Introduction

Landscape heterogeneity is described by Forman (1995) 
as being of two forms; as a series of gradients with gradu-
al differences in concentration or as a mosaic with patches 
and or corridors with abrupt/hard or soft discontinuities.

In mountain environments a wide variety of transitions 
between land covers occurs; from vegetation to non vege-
tation from talus to scree to moraine, and from these to 
glaciated or snow covered terrain (Fig. 1a-d). These changes 
are often driven by glaciation, soils, water availability, and 
topography which may in turn dictate climatic gradients 
in precipitation, temperature and light availability. Frag-
mentation, which results in a patchwork or mosaic land-
scape is driven by land use and anthropogenic change 
as well as naturally occurring catastrophic or periodical 
environmental change such as fi re or landslides. Depen-
ding on the scale at which these transitions are observed 

Figure 1a:  Continuous transition from grassland to wetland in the 
Cordillera Vilcanota, Peru. Water constraints to vegetation gree-
ness clearly in evidence.

Figure 1b: Transition from glacier to meadow along the Auzan-
gate Circuit, Peru. Both hard and soft discontinuities are visible 
in this image.

Figure 1c: Interface of glacier and moraine at the base of Nevado 
Auzangate, Peru.

Figure 1d: Vegetation transition in Grand Teton National Park, 
Wyoming. Fall colors help differentiate deciduous from conifer 
stands.
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composition  (Monmonier, 1996). Similarly other land co-
vers such as glaciers and moraines have been depicted as 
discrete object often with less attention paid to the tran-
sition or interaction between land cover visible in nature. 
This generalization may be both necessary and desirable 

techniques and map purpose have often dictated this 
depiction. For example green vegetation polygons may 
imply a forest density with military considerations such 
as ease of troop movement or availability of camoufl age 
or management implications such as forest stand age or 

Figure 2b: 1:50,000 Schneider Khumbu (Nepal) Map.

Figure 2a: 1:25,000 Swisstopo Orsières Sheet. Figure 2c: 1:24,000 USGS Gannett Peak Quadrangle. 

Figure 2d: 1:100,000 DAV Cordillera Blanca (Peru) North Sheet.
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ous distinctions between the sub pixel classifi cation ap-
proaches and the biophysical approaches but for the pur-
pose of this discussion, within the context of cartographic 
applications I treat them jointly.  

Woodcock and Strahler (1987) in a seminal paper on the 
factor of scale in remote sensing provided a rationale and 
a demonstration of the relationship between the size of 
features being mapped and sensor resolution. They out-
line appropriate approaches for the type of image classi-
fi cation that could be used based not only on scale but 
on landscape types and local variance. This discussion ap-
proaches the topic where they leave off, from the perspec-
tive of the end user of these classifi cations for cartographic 
output and as an analyst creating classifi cations intended 
for specifi c cartographic purposes rather than resource 
inventories that are rarely expressed in map form. I propo-

in some cases.
With the advent of satellite remote sensing in the ear-

ly 1970’s, land cover has been mapped using pixels or 
groups of pixels as the minimum mapping unit and can 
be depicted as images. These images can be manipulated 
through the use of fi lters, and can have texture applied 
to them. Additionally they can be combined with more 
traditional cartographic objects such as points, lines and 
polygons. This is the approach I use in my maps.

In traditional land cover mapping the minimum map-
ping unit (MMU) dictates which form the fi nal classifi ca-
tion will take. The MMU is in turn determined based on 
classifi cation objectives, source data resolution and com-
pilation scale. Land cover is typically derived on a per pixel 
basis from remote sensing imagery where each pixel is 
assigned to a class using a Euclidian or statistical distan-
ce to determine its membership. Once classifi ed, a vector 
polygon for each distinct class object can be created from 
the class image. Alternatively classifi cation can be direct-
ly compiled in an object form from imagery by an expert 
interpreter or increasingly from satellite imagery using 
image segmentation and object oriented classifi ers. 

Regardless of the classifi cation method used, image 
pixels are classifi ed and generalized into single, discrete, 
exclusive categories of land cover such as glacier, snow, 
wetland, forest, meadow etc, where one pixel belongs to 
one class exclusively. This can be described as a binary 
approach where a pixel is either in or out of a class and 
the classifi cation dataset is the union of a series of bina-
ry classes (Milne and Cohen, 1999). Once classifi ed, these 
pixel assemblages become entities with hard boundaries 
(Foody 1996, Wang 1990). I will refer to this model as the 
Hard, Discrete Class model (Fig. 3a). 

In an attempt to address the limitations inherent in the 
above model, analytical techniques have appeared that 
seek to extract fuzzy classifi cations. This approach recog-
nizes the inherent heterogeneity present in nature and 
within pixels and attempts to recover fractions of land co-
ver components that may be present within individual pi-
xels. Independent from these fuzzy and sub–pixel mixture 
analysis approaches there has been a signifi cant amount 
of work done to quantify biophysical landscape parame-
ters from satellite imagery in particular related to vege-
tation. Such metrics as Leaf Area Index (LAI), and Fraction 
Photosynthetic Absorbed Radiation (FPAR) provide means 
of measuring biomass which in turn can be expressed as 
a continuous, spatially variable quantity such as canopy 
cover or used as inputs to algorithms that in turn derive 
fractions of specifi c cover types. These two distinct para-
digms within remote sensing have yielded products that 
quantify and can be used to depict land cover as continuo-
us, complex and fuzzy. I will refer to this approach as the 
soft, continuous or fuzzy model (Fig. 3b). There are obvi-

Figure 3a: Hard classifi cation of the Gannett Peak Region (maxi-
mum likelihood classifi cation).

Figure 3b: Hybrid classifi cation of the Gannett Peak Region using 
canopy cover and NDVI masks for vegetation.
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The fuzziness I have sought to create by using these fi l-
ters is often best introduced into the dataset at the clas-
sifi cation step. An arsenal of remote sensing approaches 
has been used to derive sub pixel composition from sa-
tellite imagery. As stated previously my goal is not to re-
view in details these techniques which would be beyond 
the scope of this paper. Rather it is to explore the notion 
that cartographic land cover depiction does not need to be 
limited to the hard classifi cation paradigm and that in fact 
in some cases it may be desirable to let compilation scale 
and landscape properties determine the best classifi er. 

Linear and Non Linear Spectral mixture analysis (SMA) 
has been used extensively to generate sub-pixel compo-
sition estimates. Small (2004) provides a good descripti-
on of the Landsat ETM+ spectral space in the context of 
SMA. In mountain environments it has been used by Klein 
and Isacks (1999, personal communication) to map tropi-
cal glaciers in South America and Africa, and by Nolin et 
al. (1993), Rosenthal and Dozier (1996), Solberg (2000) to 
map alpine snow cover. Neural networks (ARTMAP in par-
ticular), have also been used to calculate subpixel compo-

se that hybrid classifi cation or multi-step approaches as 
suggested by Franklin and Wilson (1992) or the multi scale, 
multi granular paradigm proposed by Ju et al. (2005) may 
be the most desirable in mountainous settings and that 
at the least, as hinted to by Woodcock and Strahler, lands-
cape characteristics be taken into consideration.

2. Methods

One of the methods I have commonly used to soften 
hard classifi cations has relied on fi ltering the output from 
hard classifi ers using image editing software such as 
Photoshop. Patterson (2002) described numerous image 
manipulation techniques in the context of cartographic 
realism in his work for the NPS.  In particular fi lters such 
as the median and Gaussian blur fi lters are quite effective 
at blurring the hard boundaries between classes. This ap-
proach, while it can produce aesthetically effective results, 
introduces errors and degrades the information content 
of the dataset which is at times already limited. It does not 
add any information nor does it indicate the variance that 
exists within the class itself.  

Figure 4: Tom Patterson’s Natural Earth dataset derived from MODIS Vegetation Continuous Fields, the Wind River Range is the NW-SE 
trending range at A.
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for non glaciated/non-vegetated areas and a manual 
digitization for lakes and glaciers for the 1:24,000 map. 
I am also experimenting with image segmentation as a 
tool for refi ning the pixel based classifi cation. In this case 
three classifi cation methods were tested; isodata, maxi-
mum likelihood, and a neural network (fuzzy ARTMAP). 
Preliminary accuracy assessment suggests the maximum 
likelihood classifi cation of the pan-sharpened Landsat TM 
bands with ancillary data (elevation, slope, texture, vege-
tation indices) performs best (>80% overall accuracy). Ve-
getation class defi nition is based on apparent vegetation 
density as determined from the 14.25m Landsat panchro-
matic band, 1m DOQ image and NDVI values (no fi eld work 
has been done to quantify vegetation density). Thus, rat-
her than extract vegetation classes based on vegetation 
types such as deciduous vs. evergreen, vs. mixed vs. shrub, 
I am attempting to class vegetation based on dense, mo-
derately dense, light and to incorporate parameters such 
as elevation as a variable. I am also experimenting with an 
NDVI based continuous mask for sparse vegetation (Fig. 
3a and 3b). 

The logic for this approach is that I suspect that most 
of our users are not concerned with these distinctions. In 
terms of cross-country travel an indication of density  for  
determining ease of travel or the location of tree line for 
determining where to setup a camp out of the wind is like-
ly more important. I am hoping this will provide our land 
cover a more organic textured look that will impart to the 
user a more intuitive understanding of the landscape.

As there are two maps involved within this project, dif-
ferent approaches and data sources need to be considered. 
The 1:24,000 map contains a smaller diversity of biomes 
thus has fewer transitions and less complexity but needs 
to show land cover at a greater resolution. As such I am 
likely to rely more on textures and land cover polygons ex-
tracted from the higher resolution CIR DOQs. Conversely 
the smaller scale map has a greater variety of terrain and 
more transitional areas. It needs to refl ect the character 
of the greater region being portrayed and provide useful 
information for trip planning as well as navigation. It will 
benefi t from some of the continuous datasets I plan on 
using.

4. Discussion & Conclusion

As a cartographic output, few uses of continuous land 
cover datasets have been made. The MODIS vegetation 
continuous fi elds (VCF) product has been used at conti-
nental to global scales by Patterson and Kelso (2004a, b) 
to great advantage and is the most notable (Fig. 4). Adams 
et al. (1995) used  triangular two-dimensional color legend 
to map class composition. However, as class membership 
begins to be composed of more than 3 end members, de-

sition, (Atkinson et al., 1997, Carpenter et al., 1999, Foody, 
1998, Moody et al., 1996) with some specifi c cases in the 
Sierra Nevada of California. Ju et al. (2003) compared mix-
ture discriminant analysis to linear mixture analysis (LMA) 
and neural networks and found it to rank between neu-
ral networks and LMA in terms of accuracy but to be con-
ceptually more easily understood when compared to the 
‘black box’ approach of neural networks. Fuzzy Set Classi-
fi cation and fuzzy Maximum likelihood classifi cation have 
also been used (Foody 1996 and Foody et al., 1992). 

Regression trees have been used primarily with coarser 
scale data by McIver and Friedl (2002) and Defries et al. 
(1997). The MODIS Vegetation Continuous Fields product 
used by Patterson and Kelso (2004a, b) for Natural Earth 
(Fig. 4) is calculated using a supervised regression tree al-
gorithm described by Hansen et al (2003). Logical Regres-
sion analysis in the form of a regression tree is also used 
by the US multi-Resolution Land Characteristics Consorti-
um to generate tree canopy density and imperviousness 
datasets for the continental US. This is the primary soft 
dataset used in our three continental United States case 
studies. Huang et al. (2001) describe a test study done to 
determine the feasibility of estimating tree canopy densi-
ty in Landsat imagery from a canopy density model deri-
ved from 1m Digital Orthophoto Quadrangles (DOQs). Ho-
mer et al. (2004) reported mean absolute errors ranging 
between 8.4% and 14.1%. The dataset which has yet to be 
completed for the entire continental United States has 
not been adequately validated.

In three of the cases discussed I also make use of what 
Strahler et al. (1986) term “direct inference” through the 
use of the Tasseled Cap image transformation greenness 
component (Jackson, 1983, and Crist and Cicone, 1984) 
and the Normalized Difference Vegetation Index (NDVI). 
The assumption in these cases is that for some vegetati-
on land cover NDVI or greenness can be used as a simple 
proxy for biomass and through basic image manipulation 
yield a continuous vegetation surface. NDVI is an indica-
tor of photosynthesis, however, the relationship with bio-
mass is not always linear (Peterson et al. 1987), as such this 
technique is used to other forest datasets depict shrubs, 
and grasses.  

3. Gannett Peak Map

The Gannett Peak project consists of two maps current-
ly being compiled at 1:24,000 and 1:63,360 largely from 
USGS data (NED 10m DEM), and from 2002 Color Infrared 
(CIR) DOQs and Landsat ETM + data. This map is the fi rst 
to use what I will describe as a landscape dictated hybrid 
land cover approach. I make use of a combination of the 
canopy density dataset from the NLCD 2000 at 30m re-
solution. This is combined with an inverted NDVI mask 
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tographic setting rather than only at the accuracy level 
where most evaluation of object oriented outputs are now 
taking place.

Dasymetric approaches using higher resolution data-
sets show some promise for deriving sub-object level in-
formation on composition and distribution assuming they 
are available. In this case I demonstrate the use of a sim-
ple greenness surface calculated from a Landsat image to 
derive a vegetation layer. It is my hope that more sophi-
sticated approaches such as decision trees will be used 
to derive sub-pixel mixtures that can better approximate 
landscape composition. It’s also possible that alternate ve-
getation indices that address the litter and soil component 
may be better suited for the approach presented here.

The maps I describe  here are a starting points for a dis-
cussion on how and when to generalize land cover depic-
tion in topographic maps at the landscape scale in which 
I am interested, and in particular in mountain environ-
ments. Most of the research on sub pixel analysis results 
in pixel mixture composition as numerical values used 
for class labeling (Woodcock et al. 1996). Unfortunately 
analysis conducted to quantify sub-pixel mixtures is rare-
ly depicted on maps as such; in fact Ju et al. (2003) imply 
that one of the strengths of continuous classifi cation lies 
in the possibility that discrete classifi cation can always 
be produced from the dominant cover as per Adams et al. 
(1995). The implication is that the dominant cover is the 
only interesting and desired component. This may in fact 
be true in most managerial and custodial mapping appli-
cations, aesthetically, however, the case for the richness in 
the mixtures has strongly been made in the author’s mind 
by the Natural Earth dataset and the superior results in 
the Gannett case discussed in this paper.  
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