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Abstract

Areal sample units are explored as an alternative to conventional point-based 
samples for map accuracy assessment.  Three analyses are examined: confidence 
limits on estimates of the total amount of each landcover, regression of map data 
versus reference data, and a two-part confusion matrix approach.  It is concluded 
that areal sample units provide some advantages compared to point-based samples, 
but are nonetheless subject to problems associated with providing robust accuracy 
assessment metrics for rare classes.

Keywords: landcover change, rare event sampling, regression, modified confu-
sion matrix

1. Introduction

Considerable effort on accuracy assessment of remote sensing products ad-
dresses image classification schemes for a single-date.  This effort has produced a 
well documented and widely accepted methodology; a useful reference is Congal-
ton and Green (2009).

As digital image archives have expanded over time, considerable effort is now 
being expended on multi-temporal land cover change mapping. This is also being 
driven by carbon accounting and international climate change activities.

Efforts to assess accuracy of landcover change maps has not kept pace.  Congal-
ton and Macleod (1994) were among the first to address this; they proposed an 
extension of the well-known confusion matrix approach to land cover change maps.
A modification of this concept -- the Transition Error Matrix or TEM has also been 
explored (Liu and Zhou, 2004; Van Oort, 2007; Li and Zhou, 2009).  This approach 
addresses the difficulty of obtaining reference data that match the period covered
by the land cover change map.  Correctness is inferred by examining the change 
classes or “trajectories.”  For example, in an area undergoing rapid urban expan-
sion, any points falling in an urban-to-agriculture trajectory are assumed to be in-
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correct. Lowell et al. (2005) also wrestled with the lack of temporally suitable 
reference data.  They tabulated single-date landcover information against a point’s 
“lineage” (i.e., trajectory) using a fuzzy interpretation.  

The use of points as sample units presents difficulties for accuracy assessment of 
landcover change maps because of the lack of temporally suitable reference data, 
but also because the relative rarity of land cover change which is of greatest inter-
est.  To overcome these problems Barson et al. (2004) and Lowell (2001) used 
relatively large areas as sample units.

The references cited have focussed primarily on the accuracy of global estimates 
of land cover change – specifically deforestation and reforestation.  Given the in-
creased focus on land cover change, accuracy assessment methodology that ad-
dresses more than global land cover estimates would be useful.  The purpose of this 
paper is to explore a number of alternatives that are relevant to sample units that are 
relatively large areas.

2. Study Area and Data

The study area is Tasmania – the island state located approximately 240 km 
south of the eastern portion of the Australian mainland.  Tasmania is approximately 
6.8 million hectares in size of which approximately two-thirds is forested.

Single-date and multi-temporal maps derived from two different sensors – the-
matic Mapper (TM; optical) and PALSAR (radar) – were used.  For both sensors, 
image data for Tasmania had been acquired and processed to produce binary maps 
of forest and non-forest for 2007 and 2009; these were then used to produce a 
2007-2009 landcover change map using map overlay.

A 33 km square sample grid was established over Tasmania. At each sample lo-
cation, a 10 km square (10,000 ha) was established.  The amount of forest and non-
forest was extracted for each sample from the 2007 and 2009 maps, and the amount 
of deforestation, reforestation, and no change extracted from the change maps.

Thirty of these areal sample units were semi-randomly chosen for subsequent 
analysis.  For purposes of demonstration, the maps derived from TM data are con-
sidered to be the maps whose accuracy is being assessed, and the maps derived 
from PALSAR are treated as the reference data.

3.   Methodology and Results

Three metrics are considered. 
First, conventional 95% confidence limits were calculated for each landcover 

type on each map.  This was done with progressively larger sample sizes to identify 
the number of samples required to reach a robust conclusion about map accuracy. 

Second, the amount of each landcover type from the TM-based and PALSAR-
based maps were regressed against each other.  

Third, a two-part confusion matrix approach was employed.  The first part is a 
conventional pixel-by-pixel analysis cross-tabulation of map data (TM) against 
reference data (PALSAR).  The second part is an “areal confusion matrix.”  Map 
data are tabulated against reference data with respect to the total size of the sample 
unit.  Table 1 illustrates this for a two-class map.  (A more detailed discussion for 
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more than two map classes is provided by Pontius and Cheuk (2006).)  For this 
fictitious 10,000 ha sample unit, the TM and PALSAR maps record 7,000 ha and 
5,000 ha of forest, respectively, and 3,000 ha and 5,000 ha for non-forest, respec-
tively.  The diagonal (agreement) elements are obtained using the minimums of the
forest and non-forest classes -- 5,000 ha and 3,000 ha respectively. The off-
diagonal elements are determined by ensuring that the totals are correct for each 
landcover type for each sample. The confusion matrices for individual sample 
units are then summed to provide a global “areal confusion matrix”. 

Table 1: Areal confusion matrix for a single 10,000 ha sample unit having 7,000/3,000 
ha of forest/non-forest on the optical map, and 5,000/5,000 ha of forest/non-forest on the 

radar map.
PALSAR(Radar)

Forest Non-forest TOTAL 
TM(Optical) Forest 5,000 2,000 7,000

Non-forest 0 3,000 5,000
TOTAL 5,000 5,000 10,000

4. Results

Each of the three analyses described was applied to the 2007, 2009, and 2007-
2009 landcover change maps.  In the interest of space, results are presented for 
2009 non-forest, 2007-2009 no change, and 2007-2009 deforestation.

Figure 1 shows 95% confidence limits for the total area of each class.  In all 
cases, it can be concluded that there is no difference between the TM and PALSAR 
maps.  This conclusion is reached after approximately 15 samples are examined as 
this is the point at which confidence intervals stabilise.  This represents a sampling 
intensity across Tasmania of about 2%.  However, the abrupt changes that occur for 
the change map confidence intervals (e.g., at n=26 in Figs. 1b and 1c) indicate
difficulties associated with rare classes.  Had the change maps been less similar, or 
change been more spatially concentrated, assessment of map differences may only 
have been conclusive with a much greater sampling intensity.

Table 2 shows the regression statistics that describe the relationship between the 
TM and PALSAR data. These describe the differences between the maps well.  
Though the relationship for the 2009 non-forest class is weak (r2 = 0.36) yet statis-
tically significant, the root mean square error (RMSE) is large considering that the 
sample unit is 10,000 ha.  The intercept being above 0.0 (albeit not significantly) 
and the slope being significantly below 1.0 indicate that at lower amounts of non-
forest (as estimated on the PALSAR map), TM estimates for non-forest will be 
larger than PALSAR estimates, but at higher amounts of non-forest, PALSAR 
estimates of non-forest will be larger.  The information for the change maps indi-
cate no agreement between maps: r2 values are not statistically significant, and 
slopes and intercepts are generally significantly different from the ideal values.  
Figure 2 suggests that this is due to the rareness of the change classes.  Most of the 
sample units have little deforestation or regeneration meaning there is a cluster of 
points around the point x,y (PALSAR,TM) of (10000, 10000).  Any points with a 
large amount of deforestation and/or regeneration therefore have high leverage 
rendering regression results of limited value.
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Figure 1: Confidence limits (95%) on Tasmania-wide amount of different land cover 
types with increasing sample size.  1a(top): 2009 Non-forest.  1b(middle): 2007-9 No 

change.  1c(bottom): 2007-9 Deforestation.

Table 3 shows the results of confusion matrix analysis.  Recall that the areal con-
fusion matrix relaxes the requirement for exact pixel matching.  Consequently, it is 
not surprising that the summary statistics for the area-based confusion matrices are 
better than those for the pixel-based confusion matrices.  For the 2009 map, the 
differences for all summary statistics are relatively small.  However, for the 2007-9
change map, the difference depends on the statistic. The overall accuracy and user 
and producer accuracy for no change is (rounds to) 100% for both matrices.  How-
ever, kappa is low for both.  Taken together, it is clear that the summary statistics 
for the change map are dominated by the dominant no change class.  Comparing 
summary statistics for pixel-based versus area-based confusion matrices provides 
insight into regional versus local map accuracy.  Increasingly large sample units 
could also be considered to assess global accuracy.  However, as with all confusion 
matrices but especially for areal confusion matrices, local accuracy cannot be in-
ferred from global accuracy.
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Table 2: Regression statistics for the amount of a given land cover on each areal sample 
for optical and radar maps. (See also Figure 2.)

Map Adj. r p2 RMSE (ha)1 Intercept Slope2 3

2009 Non-forest 0.36 0.00 1888. 922. 0.62*
2007-9 No Change 0.15 0.02 21. 8965.** 0.10**
2007-9 Deforestation 0.10 0.05 17. 7. 0.19**

1 The p value is the overall significance of the relationship – i.e., a p value of 0.05 indi-
cates a statistically significant relationship with 95% confidence.

2 *(**) signifies that the intercept is significantly different from 0.0 with p = 0.05 (0.01). 
3 *(**) signifies that the slope is significantly different from 1.0 with p = 0.05 (0.01).

Figure 2: Amount of 2007-9 No Change for TM vs. Radar data.  The dashed 
line is the ideal 1:1 line.  The solid line is the actual regression line.

Table 3: Summary statistics for pixel- and area-based confusion matrices. 

Map Ma-
trix

Overall 
Accuracy 

(%)1
Kappa

User Accuracy (%) Producer Accu. (%)
Non-
forest

For
est

Non-
forest

For
est

2009 Pixel 79 0.52 72 82 63 87
Area 85 0.66 82 86 68 85

NC Def1 Ref1 NC1 Def1 Ref1 1

2007-
9 

Pixel 100 0.02 100 4 0 100 2 0
Area 100 0.29 100 39 53 100 25 16

1NC – No Change, Def – Deforestation; Ref – Reforestaiton.

5.   Conclusion 

Land cover change maps present many challenges for accuracy assessment.  An 
area-based sample was employed here to overcome difficulties in obtaining con-
ventional point-based data whose temporality matches that of the change map, and 
addressing issues related to the rareness of land cover change.  As the archive for 
high resolution imagery expands, data availability may become less of an issue.
Relative rareness of land cover change will remain problematic, however.
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The associated difficulties will be affected by a number of factors.  If land cover 
change is spatially concentrated, research will have to be undertaken to develop 
statistically adequate yet areally representative samples and associated analytical 
procedures that properly weight each observation; this is not a trivial task.  Change 
maps that cover longer time periods may decrease the problems associated with 
rare classes because on such maps land cover change may not be rare.  However, 
maps that cover longer periods may also have difficulty with land that changed 
from one land cover to another and then back to the original landcover. 
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