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Abstract 
Forest stand boundaries are usually represented on vegetation maps as fine lines all having the same width.  Thus 
spatial accuracy and precision are considered to be uniform over an entire map.  However, real forest boundaries 
— i.e., those that can be observed on the ground— differ in degree of definition and contrast between adjacent 
stands.  This study examines the association between ecological contrast and spatial context of forest boundaries 
and the uncertainty associated with their spatial reliability — i.e., location and probability of true existence.  In 
this study, the contrast between adjacent forest stands was quantified via an ecological similarity index (ESI).  
The attributes used to estimate the value of this index for each mapped boundary were species composition, 
density class, height class and age class.  In addition, the context, or neighbourhood, of each boundary was 
quantified by using the contrast values and their locations to calculate a local autocorrelation index (local 
Moran’s I).  The relationships among the context, the contrast and the existence probability (consistency) were 
explored using discriminant analysis.  (Consistency was measured by overlaying three multi-temporal forest 
maps and analyzing the result.)  It was found that the consistency was most closely related to the contrast 
between the forest types present on either side of a forest stand boundary.  Context was found to have no 
relationship to stand boundary consistency. 

1. Introduction 
For the demarcation of objects, spatial uncertainty involves two main components: (1) the error on the attributes 
of the object, and (2) the error on the location of the boundaries of the object (Altman 1994; Lowell 1994b; 
Hunter and Goodchild 1996; Hunter et al. 1998; McGwire and Fisher 2001; Zhu 2001).  The uncertainty 
associated with forest maps involves a third constituent that concerns the very existence of the boundaries (De 
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Groeve 1999).  This uncertainty has its roots in the photo-interpretation process in which two cognitive 
approaches are employed: boundaries are placed where clearly different forest types abut, and boundaries are 
somewhat arbitrarily placed between two zones that are clearly different, but whose boundary is not well-
defined.  Existing spatial error models, such as epsilon bands, can be used to characterize the width of 
boundaries but they assume that the error bands on each boundary are symmetric and similar for the entire map, 
and are thus not adequate for forest maps where the boundaries vary according to the forest types of 
neighbouring stands (Lowell 1994a; De Groeve 1999).  To resolve this, (Edwards and Lowell 1996) proposed a 
model of local spatial uncertainty that takes into account differences of texture and the context of polygons 
neighbouring each cartographic boundary.  In their study, based on simulated images, the variability of a 
texture's pattern and the differences of light intensity of “forest types” across a boundary were the most 
important aspects in determining the width of the fuzzy zone of each boundary.  They also noted the effect of 
local geometric conditions—i.e., context—such as the geometric simplicity and the length of the boundary. 

In accord with the approach of Edwards and Lowell (1996), our hypothesis herein is that the contrast of 
the attributes of stands on either side of cartographic boundaries on forest maps, as well as their context, are 
related to the probability of their truly existing.  The contrast between spatially adjacent units/polygons is a 
characteristic that can represent the degree of intensity (or “strength”) of a boundary (Csillag et al. 2001).  In this 
study, contrast is further extended to quantify context of a boundary which is defined herein as the 
similarity/difference of the contrast of a boundary relative to the contrast values of neighbouring boundaries.  
Contrast is the most important factor during the identification of forest boundary types by subjective human 
photo-interpretation, and consequently affects the degree of uncertainty about the existence of the boundaries.  
Nonetheless, the question remains: how to quantify the contrast across boundaries defined by complex 
categorical attributes such as species composition?  Generalized coefficients developed to measure similarities 
among the ecological communities offer the possibility of quantifying such differences (Legendre and Legendre 
1998).  The objective of this study is to investigate the link among the probability of existence of a boundary, the 
ecological contrast between adjacent forest stands as determined by their cartographic attributes, and the spatial 
context of individual cartographic boundaries. 

2. Methodology 

2.1  Study site 
The study site for this work is Montmorency Forest, 6625 ha, located to the north of the city of Quebec 
(Canada).  The climate is continental to subpolar wet with an annual precipitation of 1416 mm, which explains 
the relatively low frequency of fires (Beaulieu and Lowell 1994).  The territory is located on a plateau of 670 m 
(datum Mean Sea Level or M.S.L.) and contains hills up to 900 m (Bélanger and Bouliane. 1992).  Landforms 
and topography vary from gradual to steep hillsides.  Dominant deposits are of glacial origin characterized by 
morainal material having considerable textural heterogeneity.  The vegetation, which belongs to the domain of 
the Balsam Fir with White Birch type of the boreal forest, consists of coniferous forests dominated by balsam fir 
(Abies balsamea (L.) Mill) associated with white spruce (Picea glauca (Moench) Voss) and white birch (Betula 
papirifera Marsh.) (Coulombe 1996).  Most of the forest was harvested at some point between 1932 and 1945 
(Vézina and Paillé 1969).  Epidemics of the spruce budworm (Choristoneura fumiferana) and wind damage are 
historically and presently the most important natural disturbances (Beaulieu and Lowell 1994). 

2.2 Data Organisation 
Three forest maps (scale 1/10000) were used.  These are based on human interpretation of black-and-white 
infrared photos (scale 1/15000) obtained within the framework of the Montmorency Forest inventories of 1973, 
1984 and 1992.  The 1992 forest type map was used for the estimation of ecological similarity indices (whose 
calculation will be presented subsequently) for the attributes Species group (SG) (Table 1), Density class (DC) 
(Table 2), Height class (HC) (Table 3) and Age class (AC) (Table 4).  (The information in Tables 1 to 4 comes 
from the (Ministère des Ressources naturelles du Québec 1995).)  

 



 
Table 1. Categories of the attribute Species group (SG). (BA is basal area of the stand.) 

 
SG 

BA proportion of 
conifers (%) 

BA proportion of 
hardwoods (%) 

BA proportion of 
principal specie (%) 

BA proportion of 
secondary specie (%) 

Bb, Bj, FNC 0 – 25 75 – 100 37.5 – 100  
Fi (Bb + Pe) 0 – 25 75 – 100 37.5 – 100  

F 0 – 25 75 – 100   
BbS, BjS, PeS 25 – 50 50 – 75 25 – 74 13 – 50 

BjR 25 – 50 50 – 75 25 – 74  
FiS 25 – 50 50 – 75 25 – 74 13 – 50 
M 25 – 75 25 – 75   

SBb, SBj, SPe 50 – 75 25 – 75 25 – 74 13 – 50 
Sfi 50 – 75 25 – 75 25 – 74 6.5 – 24.5 

SS, EE 75 – 100 0 – 25 56.25 – 100  
SE, ES, Epb 75 – 100 0 – 25 37.5 – 75 19.5 – 36.5 

R 75 – 100 0 – 25   
 

Table 2. Categories of the attribute Density class (DC). 
Class Stand crown cover (%) 

A More than 80 
B 61 to 80 
C 41 to 60 
D 25 to 40 

 

Table 3. Categories of the attribute Height class (HC). 
Class Average height of dominant and codominant trees (m) 

1 More than 22 
2 17 to 22 
3 12 to17 
4 7 to12 
5 4 to7 
6 1.5 to 4 

 

Table 4 Categories of the attribute Age class (AC). 
Class Age interval (years) 

0 0 
15 1 – 15  
30 16 – 30 
45 31 – 45 
60 46 – 60 
75 61 – 75 
90 More than 76 

 

The similarity indices were calculated for 8018 boundaries on the 1992 forest type map for which 
spatially adjacent stands contained information for the four attributes—i.e., boundaries of lakes and forest stands 
were not considered.   

The probability of existence of the boundaries can be estimated by overlaying three multitemporal forest 
maps and analysing individual boundaries on the resulting map (De Groeve 1999).  This was done in this study 
by overlaying the three maps—i.e., 1973, 1984, and 1992—and noting whether there was coincidence of 



 
boundaries for one, two, or three maps.  To account for the spatial uncertainty on individual boundaries, an error 
band was established around each boundary; the size of this error bound was the root-mean-square-error 
(RMSE) associated with positional error for forest maps in Quebec (Leckie and Gillis 1995).  The width of this 
error band is 35 m, 30 m, and 25 m for the 1973, 1984, and 1992 maps, respectively.  The boundaries of the 
1992 map were categorized as of “high consistency” when the error bands of the three maps overlapped, of 
“mean consistency” when the error bands of two maps of the three maps overlapped, and of “low consistency” 
when none of the error bands overlapped.  Given that error bands did not necessarily overlap over the entire 
length of a boundary, the level of consistency assigned to a given boundary was the consistency level present for 
the greatest proportion of line length. 

2.3 Methods 

2.3.1 Contrast quantification 
The contrast between the attributes of adjacent stands of every boundary was quantified by means of the 
ecological similarity coefficient of Legendre and Chodorowsky, S (Legendre and Legendre 1998).  S varies 
between 0 (non-existent similarity) and 1 (maximal similarity) and allows more than one attribute to be 
considered.  It is calculated as: 

S (x1, x2) = ∑ w12j s12j / ∑ w12j   

where the summation is made over all of the descriptors of a single attribute, x1 and x2 are the categories of the 
attribute to be compared; w12j indicates the weight of a given descriptor for each attribute (0 indicates that the 
descriptor is absent in the categories x1 and x2, otherwise its value is 1); and s12j is the value of partial similarity 
between x1 and x2 for the descriptor j.  This partial similarity can be estimated two ways: 

1. s12j = f (y1j, y2j) as given by a partial similarity matrix elaborated ad hoc, where y is the value of 
descriptor j for each category x1 and x2 

2. s12j = f (d, k) → s12j = 2 (k + 1 – d) / (2k + 2 + dk) , when d ≤ k,  otherwise → s12j = 0 

where d is the distance between x1 and x2 categories for descriptor j and k is an a priori definite parameter for 
every descriptor j, which indicates the maximal value of d for which the partial similarity s12 is different from 
zero (Legendre and Legendre 1998).  In our study k is equal to the maximal value of d. 

The coefficient S for the attribute SG (i.e., Species Group), SSG, was estimated by means of a matrix of 
partial similarity (Case 1 of s12j).  The categorical attribute SG was transformed into a quantitative value by 
means of the expression of every species category as a combination of species (every species is a descriptor j) 
with the stand cover interval—i.e., the proportion basal area—as the value of abundance (yj).  Given the 
considerable overlap that exists between the stand cover interval for different specie designations (x), a matrix of 
partial similarity among stand cover intervals was developed for each pair of specie designations.  This partial 
similarity considers two components, each contributing 50 % to the partial similarity value: (1) the “distance” 
between the averages of the stand cover intervals for the species designation being considered, and (2) the degree 
of overlap between intervals.   

An example (Table 5) illustrates the calculation of the index SSG between the categories SE (fir-spruce) 
and BbS (white birch-fir).  Initially, the values of partial similarity s12j are established for every species 
(descriptor), and then the value of SSG is estimated from the values of s12j and w12j.  In this example, the 
descriptor C is of consideration in both categories—i.e., SE and BbS—of the attribute SG.  C represents the 
range of the percentage of coniferous species present in SE and BbS and provides for a global distinction of 
coniferous, mixed and hardwood stands.  Other descriptors (S, E, Bb) that are species-specific—i.e., percentage 
of fir, spruce, and birch, respectively—are also of consideration for measuring the ecological “distance” between 
the species types SE and BbS.  Note that in considering other types, it may be the percentage of hardwood 
(rather than coniferous) species that is important and/or poplar rather than spruce, for example. 



 
Table 5. Example calculation of SE-BbS. Descriptors and values of s12j and w12j for categories SE and SBb of 

attribute SG. The value of s12j is extracted from a matrix of partial similarity elaborated ad hoc for 
every descriptor (case 1). C: coniferous. S: Abies balsamea. E: Picea glauca. Bb: Betula papirifera. 

Stand cover interval of j in SG categories (%) 
Descriptor j SE BbS sSE-BbS wSE-BbS 

C 75-100 25-50 0.28 1 
S 37.5 - 75 13 – 50 0.14 1 
E 19.5 – 36.5 0 0 1 

Bb 0 25 – 74 0 1 
SSE-BbS = [(0.28*1) + (0.14*1) + (0*1) + (0*1)] / 4 = 0.105 

 

The calculation of S for each of the other (semiquantitative) attributes considers a single descriptor (w12j 
= 1), thus it is directly calculated as the partial similarity s12j according to d and k (Case 2).  To accomplish this 
herein, the attributes Height Class (HC) and Density Class (DC) were transformed to a quantitative/continuous 
scale. The value used to represent a class was determined by dividing the mean value of the class interval for a 
given class by the width of the class. The attribute Age Class (AC) was handled as being quantitative/continuous 
by considering directly each class value.  An example calculation illustrates the procedure for SDC (Table 6). 

Table 6. Calculation of SDC for the classes A and C. k is the value of d between the classes A and D—i.e., the 
maximum d possible between two classes. 

Value of the attribute DC for the class 
A (81-100% stand cover) C (41-60% stand cover) d k 

90.5/20 = 4.52  50.5/20 = 2.52 4.52 - 2.52 = 2 2.36 
SDC:A-C = sA-C = [2 (2.36 + 1 – 2)] / (2*2.36 + 2 + 2.36*2) = 0.237 

 

As a synthesis of the contrast of all attributes combined, the Global Similarity (GS) was defined: 

SGS = SSG + SHC + SDC + SCA 

Using the methodology presented in this section, the values of S for each attribute were estimated for 
each of the 8018 boundaries, by comparing the stand attribute classes of the forest stand polygons on either side 
of a boundary on the 1992 forest map.  The values of similarity, SSG, SDC, SHC, SCA and SGS were assigned to 
every boundary, and later transformed into categories of contrast as will be explained subsequently. 

2.3.2 Context quantification 
The context for each boundary was established for each attribute.  Context for a boundary is defined as the 
similarity of its contrast value (quantified by S) relative to the contrast values of the neighbouring boundaries.  
To characterize the context quantitatively, a measure of local spatial autocorrelation (Moran’s I) of the variable S 
is calculated for every boundary of the 1992 forest map.  The values of local Moran’s I allow one to identify the 
location and scale of zones that present anomalous values of S, or high contrast (hot spots), or low contrast (cold 
spots) (Boots 2002).  In this study, for purposes of quantifying context, each boundary line was represented by 
its centre point.  The local spatial autocorrelation statistics for different attributes were then developed using 
these point locations and the values of various S.  Local spatial autocorrelation was measured by means of local 
Moran’s I, where distance weights are calculated using a distance-decay function adjusted for small distances 
(Anselin 1995; Levine et al. 2002).  Positive local spatial autocorrelation values indicate a similarity in the 
values of contrast (S) among neighbouring boundaries whereas negative values indicate that the contrasts (S) of 
neighbouring boundaries are different (Boots 2002).  Following (Levine et al. 2002), herein we considered as 
significant local spatial autocorrelation values belonging to the interval between one and three standard 
deviations from the mean; values beyond three standard deviations were considered to be outliers. 



 
2.3.3 Evaluation of the link among contrasts and context versus the probability of existence of a 

boundary 
The evaluation of the relationship between the contrast/context and the probability of existence of a boundary 
was made by means of a comparison between the values of contrast and the context for all three levels of 
boundary reliability as determined by overlaying the three maps and analysing their associated error bands. 

The frequency distributions of the contrast for each level of consistency were produced (n=8018 
boundaries) with the objective being to determine the most frequent levels of contrast relative to the level of 
boundary consistency. The significance of the differences between the frequency distributions for different 
consistency levels was estimated using Kolmogorov-Smirnov two-sample test.  

The relation between contrast, context and consistency was estimated by means of discriminant function 
analysis (Klecka 1980).  The objective of this analysis was to identify which of the contrast and context variables 
are the most important for discriminating between the levels of consistency.  Independent variables in the 
discriminant function analysis were SSG, SDC, SHC and SAC which represent the contrast of cartographic attributes, 
and IMLSSG, IMLSDC, IMLSHC and IMLSAC which correspond to the context of lines via the local spatial 
autocorrelation of SSG, SDC, SHC and SAC, respectively.  Interactions between the contrast and context variables for 
each of the attributes were also considered in the analysis.  The variable Consistency, with three levels (low, 
mean and high) was the response variable.  Given that 51% of the boundaries were contained in the mean level 
of Consistency, the analysis was undertaken on a sample of 4545 boundaries, within which every level of 
consistency was represented with the same number of boundaries.  (Boundaries from the mean Consistency class 
were chosen randomly.)  The analysis was performed using the stepwise method which allowed a model 
containing only statistically significant (a=0.05) variables to be produced. 

3. Results and discussion 

3.1 The ecological similarity index and the contrast of boundaries 
The minimum observed value of SSG in this study for the forest map of 1992 was 0.02, which corresponds to the 
similarity between the coniferous and hardwood categories, whereas the maximum was 0.55 (Table 1).  The 
values obtained from SDC extend from 0.16 to 0.79.  SHC presents a minimum observed value of 0.08 and 
maximum of 0.96.  SAC presents a minimum observed value of 0.0002 and maximum of 0.0990.  This does not 
consider boundaries having the same attribute value on either side; in such cases, the value of S is 1 for that 
attribute.  In this study, these were labelled as being “no contrast” and were treated separately. 

To simplify the interpretation of the results, the observed values of S were transformed into levels of 
contrast according to scales for each of the attributes that were developed based on the observed values (Table 
7). 

Table 7. Levels of contrast and interval scales of S for the attributes. 
Contrast SSG SDC SHC SAC SGS 

Very high 0.00 – 0.15 0.00 – 0.19 0.00 – 0.19 0.00 – 0.0049 0.00 – 0.80 
High 0.16 – 0.30 0.20 – 0.39 0.20 – 0.39 0.005 – 0.05 0.81 – 1.60 
Mean 0.31 – 0.45 0.40 – 0.59 0.40 – 0.59 0.051 – 0.1 1.61 – 2.40 
Low 0.46 – 0.60 0.60 – 0.79 0.60 – 0.79  2.41 – 3.20 

Very low  0.80 – 0.99 0.80 – 0.99  3.20 – 3.99 
No contrast 1.00 1.00 1.00 1.00 4.00 

 

The distribution of frequency of observed S values from the forest map of 1992 relative to the levels of 
contrast varies according to the attribute considered (Figure 1). The proportion of boundaries showing no 
contrast is fairly similar, around 40 %, for each of the attributes—GS, DC, HC, and AC—considered 
individually.  As for the Global contrast, 12 % of boundaries are in the No Contrast class.  This change in the 
percentage of boundaries in the No Contrast class is understandable given that to fall in this class, there must be 
no difference in all four of the individual attributes. 
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Figure 1. Distribution of frequencies of boundaries according to the level of contrast: a) SG; b) DC; c) HC; d) 

AC; e) Global contrast. (n = 8018 boundaries). 
 

Relative to the boundaries that present some level of contrast, there is a tendency for boundaries to have 
a high level of contrast for SG (Figure 1a), as well as AC (Figure 1d).  Conversely, DC and HC tend towards an 



 
average level of contrast (Figure 1b and c).  As for Global contrast, 30 % of boundaries have an average level of 
contrast, and a similar proportion, 25 %, have a strong level of contrast (high and very high); a similar proportion 
show a weak level of contrast (low and very low) (Figure 1e). 

The identification of boundaries by photo-interpretation is done in consideration of one or more 
attributes that vary with each boundary.  For certain boundaries this identification might involve the contrast 
between SG and HC, whereas for others the contrast of AC might be the most important.  Hence it is noted that 
51 % of the forest map boundaries present a strong contrast (high and very high) for one or more of the attributes 
and that spatially they are distributed fairly uniformly (Figure 2).  
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Figure 2. Strong boundaries, of high and very high contrast (in red). a) Global contrast; b) one or more of the 
attributes (SG or DC or HC or AC). In grey: the boundaries of mean, low, and very low contrast and 
no contrast as determined by the intervals of S presented in Table 7. 

 

The strong—i.e., high contrast—boundaries correspond generally to zones of severe disturbances (e.g., 
forest harvest, complete blowdown, severe insect epidemics) or correspond to boundaries between a forest stand 
in the first stages of ecological succession after a disturbance and a stand in a more advanced stage of 
succession.  For the strong boundaries (i.e., high and very high contrast) for SG or DC or HC or AC, 42 % 
separate stands of age class 0 (which were subjected to a recent strong disturbance) from stands of the other age 
groups, and 3 % separate stands of age class 15 from stands of age class 60, 75 or 90.  The boundaries of high 
contrast for DC are much less numerous, and the presence of a large number of stands present from the initial 
stages of succession and the limited number of high density stands on Montmorency Forest would explain the 
predominance of boundaries of mean or low contrast.  It is emphasised that 53 % of the stands of Montmorency 
Forest underwent intense disturbances which implies the initiation of ecological succession—i.e., the presence of 
low intensity disturbances—which partially affects the vegetation present. 

3.2 Context quantification 



 
The context values—i.e., local spatial autocorrelation—show different spatial distributions depending on the 
attribute (Figure 3).  Two sectors show concentrations of significant values for SG (Figure 3a).  In the northern 
sector, the boundaries of low contrast tend towards negative values of spatial autocorrelation and are surrounded 
by boundaries of high contrast that manifest positive values of spatial autocorrelation.  This situation is 
interpreted as indicating that there are homogeneous zones of strong boundaries, with interspersed, isolated weak 
boundaries.  In the south-western sector, boundaries of low contrast are prevalent with positive values of spatial 
autocorrelation and boundaries of high contrast are rare and relatively isolated spatially.  This is interpreted as 
indicating homogeneous zones of weak boundaries in which isolated strong boundaries exist. 

DC (Figure 3b) shows several sectors with a concentration of significant values of spatial 
autocorrelation. The northern, north-eastern and south-central sectors contain boundaries of low contrast with 
negative values of spatial autocorrelation and boundaries of high contrast with positive values of autocorrelation.  
This situation is interpreted as indicating homogeneous zones of strong boundaries.   The south-eastern and 
southern sectors present homogeneous zones of boundaries of weak contrast with isolated hot spots (high 
contrast).  

HC shows three very distinct zones (Figure 3c). The central band is homogeneous relative to local 
spatial autocorrelation and predominantly has boundaries of low contrast, with isolated hot spots.  The other two 
sectors are homogeneous with boundaries of high contrast, although the boundaries of low contrast are 
associated with negative values of autocorrelation. 

AC has three distinct sectors showing significant values of local spatial autocorrelation (Figure 3d). The 
northern and eastern sectors contain boundaries of low contrast for which negative values of spatial 
autocorrelation are present.  The western sector is interpreted as being a homogeneous zone of low contrast in 
the center of which isolated hot spots are located. 

The Global contrast presents two sectors having values of significant autocorrelation (Figure 3e).  The 
north-eastern sector possesses similar proportions of negative and positive values of local spatial autocorrelation.  
This is interpreted as being a homogeneous zone of boundaries of high contrast, with isolated boundaries of low 
contrast.  The western sector is homogeneous with boundaries of low contrast and isolated hot spots. 

Sectors with significant local spatial autocorrelation values overlap partially for several attributes.  The 
northern sector presents homogeneous zones of strong boundaries for SG and DC, but with isolated weak 
boundaries for AC.  The western sector, with homogeneous zones of weak boundaries for SG and AC, partially 
overlaps with a central band having the same characteristics for HC.  In this sector, the strong boundaries of high 
and very high contrast which differ from their neighbourhoods that are composed of weak contrast boundaries, 
should be more easily identifiable during the photo-interpretation process.  The southern sector, on the other 
hand, presents homogeneous zones of strong boundaries for HC and weak boundaries for DC.  In this sector, as 
for the northern sector, weak (i.e., low contrast) boundaries would be difficult to identify given that their context 
is dominated by strong boundaries. 

In general, these results show that the spatial distributions of significant local spatial autocorrelation 
values for boundary contrast would seem to be associated with the spatial configuration of the stands which 
underwent various types of severe or light disturbances and the stands which did not undergo these disturbances. 
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Figure 3. Values of local spatial autocorrelation of contrast for: a) SG, b) DC, c) HC, d) AC and e) Global 
contrast. Yellow: not significant (mean ± 1 standard deviation). Significant values (between 1 and 3 
standard deviations): red: negative values; green: positive values.  



 
3.3 Evaluation of the link between contrast, context and the probability of existence of a 
boundary 
According to our hypothesis, boundaries with a strong contrast (high and very high) should be those that present 
a high level of consistency.  Conversely, boundaries of low contrast or no contrast those should be those that 
present a low level of consistency. This implies that the frequency distributions of the values of S for different 
levels of contrast should be different according to the level of consistency—i.e., high, medium and low.  In fact, 
the Kolmogorov-Smirnov two-sample text shows that the frequency distributions of the values of S for high 
consistency, medium consistency, and low consistency boundaries are all significantly different (p < 0.05). 

With regard to the frequency distribution for different contrast levels, the proportion of boundaries of no 
contrast decreases as the level of consistency increases, for all attributes (Figure 4).  The proportion of strong 
boundaries (very high and high contrast) increases with the level of consistency for SG and AC, and also slightly 
for DC.  Although these tendencies are not apparent for the attribute HC, and the differences in the proportions 
for SG and AC are not very marked, these results tend to support our hypothesis that boundaries with a strong 
contrast tend to have a higher level of consistency. 
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Figure 4. Distributions of frequency of boundaries contrast levels according to the level of consistency. A) SG; 

b) DC; c) HC; d) AC. (n=8018 boundaries). 
 



 
After having examined the differences among frequency distributions relative to the level of consistency for each 
of the variables representing the contrast of attributes, we determined the capacity of the contrast and context 
variables to discriminate between three levels of consistency by means of stepwise discriminant function 
analysis.  The power of discrimination among variables is quite low (Wilks Lambda=0.971, F =16.765, p=0.000) 
and the final model retained four variables (Table 8).  The coefficients of variables in the classification functions 
produced by the discriminant function analysis are also presented in the Table 8. 

Table 8. Coefficients of the explanatory variables in the function of classification 
 Consistency level Significance level 
 Low Mean High Significance 

Constant -11.257 -10.759 -10.590 0.001 
Wilks’ 

Lambda χ2 dl Sign. 
SCA -4.807 -5.079 -5.484 0.001 0.971 133.179 8 0.000 
SDC 11.235 10.963 10.681 0.001 
SSG 1.962 1.816 1.434 0.001 

Error rate of the 
classification 

Error rate of the 
cross-validation 

SHC 16.406 16.292 16.806 0.001 61.3 % 61.6 % 
 

With a similar proportion of boundaries for all levels of consistency (0.33), the use of the classification 
functions produces an error rate of 61.3 % and a cross-validation error of 61.6 % (Table 8).  These results 
indicate that the model is not very adequate for predicting the level of consistency of a boundary. 

The results of the DFA demonstrate a relationship between the contrast of four attributes and 
consistency.  The contrast of Height class (HC) is the most important variable in the model, followed by the 
contrast of Density Class (DC).  None of the variables that represent boundary context, nor the interactions 
between the contrast and the context, were retained in the final model.  This indicates that the context as 
measured herein is unimportant for the discrimination of the levels of consistency. 

With regard to the suitability of the model to predict the level of consistency of a boundary, two aspects 
must be considered.  First, one must recognise that a forest map is produced as the result of a complex cognitive 
process.  Forest stands are delineated during photo-interpretation by a combination of rules and procedures 
within which boundaries and attributes, isolated or in different combinations, are alternately important (Lowell et 
al. 1996; Lowell et al. 2000; Thierry and Lowell 2001).  An object, here a forest stand, is identified and 
delineated by locally minimising the variation of the visual indices inside the object, while locally maximizing 
the variation among objects.  This means that even if an object’s boundaries are fuzzy, the object can nonetheless 
be identified (Lowell and Liu 1999; Lowell 1999).  

A second aspect involves the development of an appropriate manner to quantify the probability of 
existence of boundaries.  The consistency measured from three multi-temporal maps as was done in this study is 
a measure limited by the time period studied and the periodicity of map production.  The fact that forest maps 
are produced in Quebec with a periodicity of about ten years adds to the uncertainty of a product with an already 
high spatial uncertainty (De Groeve and Lowell 2001).  It would be preferable that the consistency be measured 
from multiple (n=100 or more) interpretations of the same air photos (Aubert 1995) so that consistency 
approaches the expression of a continuous probability rather than three discrete classes as were available herein. 

4. Conclusions 
The results of analyses show a significant relation between the contrast of the attributes of adjacent forest stands 
and boundary consistency. The spatial context, on the other hand, is not related to boundary consistency. 
However, the proposed analytical approach allows categorizing by consistency boundaries that present the same 
ecological characteristics on the forest map. 

The use of an ecological similarity index provides for the quantification of the similarities between 
complex categories, and for the estimation of contrast in a more sophisticated way, beyond the simple matching 
of coincidence between categories.  The method used to quantify contrast provides indices to identify boundaries 
having a greater likelihood of existence in the forest.  In our study, 51 % of boundaries presented a strong 
contrast for one or more of the attributes considered and about 25 % a strong contrast for all of the attributes. 



 
Species group and Age class are the attributes that show the biggest proportion of strong boundaries (50 % and 
40 % of boundaries respectively) and Height class the biggest proportion of weak boundaries (19 %).  
Nevertheless the importance of the attributes is relative, given that the importance of each depends on local 
conditions.  In the photo-interpretation process, every boundary is identified from a specific combination of 
visual indices, related to the boundary itself or of the neighbouring stands.  Thus, even attributes such as Density 
class or Height class, the dominant values of contrast of which are average or low, are necessary for the 
identification of some boundaries.  

The quantification of context is complementary to that of the contrast.  The integrated analysis of both 
aspects allows identifying forest sectors within which boundary identification would be easier for a photo-
interpreter as these can be characterized as having strong boundaries surrounded by weak boundaries or with 
homogeneous zones of strong boundaries.  The identification of homogeneous zones of weak boundaries could 
also guide the grouping of stands during the economic planning of the forest interventions.  

The investigation of the relationship among the contrast, context and spatial uncertainty of forest 
boundaries requires additional research, especially with regard to the means to improve the measure of 
consistency of boundaries.  The results of this study indicate that there is a link between attribute contrast and 
boundary consistency—strong boundaries show a tendency to have a high consistency.  The exact nature of this 
relationship could be further refined if a better measure of boundary consistency were available. 
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