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Abstract

It is well known that change detection and categorization are of limited accuracy due 
to various man-machine factors. However, it is a complicated matter to estimate 
accuracy levels in land cover change information derived from remote sensing data 
due to spatio-temporal interdependence (and inhomogeneity) in error occurrences, 
non-trivial extension of accuracy measures from single-date classifications to change 
detection, the often inadequacy of ground data, and other limitations. This paper seeks 
to provide a synthesis of some of the potentially useful methods for estimating accuracy
in land cover change information. Geostatistical approaches will be valuable tools, 
though with computational and modeling costs, for providing accuracy-related 
information as they can incorporate spatio-temporal interdependence in estimating 
pixel-specific probability of correct classification.
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1.   Introduction

Remotely sensed land cover change detection is becoming increasingly important for
environmental monitoring and modeling. It is crucial to perform accuracy assessment in
land cover change information so that derivatives and analysis results based on such
information can be accountable scientifically and practically (Wickham  et  al.,  2013).
Statistical measures of uncertainty in land cover and other categorical information are
mostly probabilistic (i.e., percent correctly classified (PCC) pixels, and per-class user’s
accuracy).  Pixel-level accuracy estimates can also be derived from combined use of
validation samples, classifications, and the source image data employed (Steele et al.,
1998).

Although these measures can be used for land cover change information (which can
be treated as a broad kind of categorical information), obtaining reliable estimates about
accuracies in change information is hardly a simple matter. This is because product of
accuracy  measures  for  single-date  classifications  can  not  be  used  as  an  accurate
measure for accuracy in change detection, unless temporal independence among events
of  single-date  misclassification  errors  is  assumed,  supposing  post-classification
comparison is employed for change detection. Moreover, it tends to be more difficult to
estimate pixel-wise (rather than global and class-level) accuracies in change detection,
as  local  accuracy  estimates  for  single-date  classifications  are  usually  less  easier  to
obtain than global or class-level ones due to limited validation samples, as is usually the
case in practice. 



We provide a synthesis of some of the methods that may be used to derive location-
specific  estimates  of  classification  accuracy  (or  the  opposite,  misclassification
probabilities) in land cover change information derived from remotely sensed data. As
will  be  reviewed  below,  there  are  approached  based  on  probabilistic  reasoning,
maximum posteriori  probabilities,  regression  analysis,  resampling and  interpolation,
kriging, and geostatistical simulation, although they are not claimed to be an exhaustive
list.

2.   Methods

2.1.   Probabilistic intervals

This method provides interval-valued estimates for classification accuracies based on
single-date  probabilistic  accuracy  measures  when  applying  post-classification
comparison  for  change detection  (Khorram et  al.,  1999).  The  probability  of  correct
classification  of  multi-temporal  images  lies  between  a  minimum,  the  product  of
individual  single-date  classifications  when  assuming  independence  of  correct
classifications of single-date images, and a maximum, which is the minimum of single-
date  probabilities  of  correct  classification.  The  logic  is  applicable  for  PCC,  user’s
accuracy, and pixel-wise probability of correct classification. The formulation is:
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where ( )LCCp x is the probability of correctly categorized land cover change at pixel x,

and ( ) ( )ip x the probability of correct classification at pixel x at time i.These single-date

probabilities of correct classification need to be made available to feed in Equation (1) .
For  this,  there  are  various  options  to  obtain  pixel-specific  estimates  of  accuracy
measures, as shown below.

2.2.   Maximum posteriori probabilities as indices of accuracies 

It  is  constructive to explore alternatives for quantifying misclassification. A good
example  is  to  use  maximum posterior  class  probability  as  indices  or  surrogates  of
classification accuracy indicators, as described by Steele (2005). We can extend this
method to change detection, as below.

In  the  context  of  change  categorization,  a  compound  classification  according  to
Bayes theorem takes place when each pair of pixels is analyzed with the aim of finding
the best pair of class labels. This Bayesian method is useful as it allows for tabulation
of to-from transitions and accommodates temporal dependence. Let 1( )xZ  and 2 ( )xZ  be
random vectors representing the observations at times  t1 and  t2, respectively. Suppose
{νi, i = 1, …, K1} and {ωj, j = 1, …, K2} are the sets of possible classes at times t1 and
t2, respectively. The compound classification is written as:
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where 1
ˆ ( )C x and 2

ˆ ( )C x are the predicted class labels for location x at times t1 and t2, re-

spectively; 1( | ( ))ip xν z and 
2( | ( ))jp xω z are single-date  a posteriori probabilities,  and

( )ip ν , ( )jp ω ,  and  ( , )i jp ν ω are  a  priori  probabilities  and  joint  probability, respec-
tively; approximation occurs due to assumption of conditional independence (Zhang et
al. 2014). 1 2( , | ( ), ( ))k lp x xν ω z z  in Equation (2) can be used as an index of change de-
tection (and categorization) accuracy, and need to be calibrated by validation samples,
as in single-date classifications (Steele, 2005).

2.3.   Regression analysis

The calibration in the previous sub-section was actually done by linear regression
(Steele, 2005). Regression analysis has been proposed for accuracy modeling in which
pixel values, their textural/contextual derivatives (such as local spatial pattern indices or
landscape shape indices (Smith et al., 2002)), and other covariates may be incorporated
as explanatory variables to predict local classification (in)accuracy. Logistic regression
for indicator-coded (in)correctness in map classes based on landscape pattern indices
and other covariates has been proposed for estimating misclassification probabilities
(Smith et al., 2003; Van Oort et al., 2004). This may be implemented for global (taking
a categorical map as a whole for global estimates of PCC or the like), class-specific, or
location-specific  accuracy  measures,  providing  a  comprehensive  framework  for
estimating classification accuracy.

There  are  also  challenges  as  to  how  localized  estimates  of  misclassification
probabilities in a change detection context may be derived from regression analysis by
exploring  relationships  between  occurrences  of  erroneous  change  detection  and
categorization and landscape shape indices (Van Oort et al., 2004). Regression analysis
mentioned above may be applied to incorporate maximum posteriori probabilities.

2.4.   Resampling and interpolation

To lessen the requirements for validation samples and to incorporate certainty-related
information  about  image  classification,  we  can  employ  resampling  to  estimate
classification accuracy. Steele et al. (1998) presented a method using nearest neighbor
classifier  with  bootstrap  technology  to  estimate  the  misclassification  probability of
training  samples  prior  to  using  kriging  to  generate  surfaces  of  pixel-level
misclassification probability. While it  is a simple matter to change the indicators of
misclassification  to  those  denoting  correct  classification  to  facilitate  estimation  of
probability of correct classification, extension of resampling-based methods to change
detection scenarios relies, again,  on the assumption of collocated validation samples
over individual single-date classifications.

The bootstrap procedure  mentioned above  simulates the process  of sampling and
classification  many times  by  a  Monte  Carlo  method,  and  estimates  the  (in)correct
classification probability at training points by the proportion of times that the training
observation is (in)correctly classified across the simulations. This leads to a population
concept of classification (in)accuracy. Because of sampling variation and measurement
error (say in remote sensing images denoted as ovariate vectors Z), multiple repetitions
of this procedure will yield different training samples, different classification rules, and
different predictions of the class based on Z. The probabilistic (in)accuracy measure is
the probability that the sampling and classification rule construction process will yield
an (in)correct prediction of class at a location (or polygon) x when the rule is applied to
Z at x (Zhang et al., 2006). 

Note  that  (in)accuracy measures  derived  at  training sample  locations  need  to  be
densified to generate surfaces of (in)correct classification probabilities by kriging. This



implies  that  training  samples  should  be  well  distributed,  as  is  usually  required  in
accuracy assessment (Stehman, 2012).

2.5.   Kriging

As shown previously, we can explore interpolation-based approaches to mapping
probabilities  of  (in)correct  classification  over  space,  given  sample  data  at  a  set  of
validation  sites.  Clearly,  indicator  krigimg can  be  used  to  estimate  probabilities  of
(in)correct  classification,  based  on  indicator-transformed  validation  samples.  While
indicator kriging can be applied given adequately sampled validation data, extending
methods for estimating single-date classification accuracy to those working for change
detection  accuracy  is  not  so  easy,  as  we  would  need  to  have  validation  samples
collocated over the individual classification maps. 

The aforementioned kriging-based approach to mapping classification  accuacry is
actually  a  kind  of  integration  of  probabilistic  measures  of  accuracy derived  from
resampling  (of  training data) and locations of validated sample pixels. The resulting
maps of classification accuracy indicate spatially varied confidence levels in pixel class
labeling. 

Indeed,  we  can  combine  the  strengths  of  regression  and  kriging  for localized
estimates of  classification  accuracy.  This may be done by predicting local means of
probabilistic  accuracy  measures  based  on  logistic  regression  mentioned  previously.
With adequately sampled validation data, we can apply kriging to generate estimates of
local  classification  accuracy.  Note  that  the  kriged  accuracy  measures  are  somehow
calibrated by the validation samples. 

2.6.   Geostatistical simulation

However, the maps of (in)correct classification probabilities or the like, which may
be  generated  by  kriging  or  other  approaches, do  not  lend  to  straightforward
quantification  of  spatial  uncertainty unless  spatial  independence among neighboring
pixels  in  a  region  is  assumed.  Stochastic  simulation  was  proposed  for  generating
multiple  alternative  realizations  (maps)  of  the  spatial  distribution  of  class  labels
(validated  with  existing  ground  data  but  corroborated  with  image-based  soft
information about class  occurrences)  over  the  study area.  The simulated alternative
class  label  representations  can  be  used  for  assessing  joint  spatial  accuracy,  i.e.,
classification  accuracy  regarding  certain  spatial  features  (Kyriakidis  and  Dungan,
2001). 

Geostatistical  simulation is  very useful  for  accuracy estimation in  the context of
change  detection,  as  it  is  possible  to  generate  and  summarize  a  large  number  of
simulated land cover change maps conditional to available data (both validation data
and  image  data)  and  conformal  to  spatio-temporal  interdependence  ascribed  to  the
problem domain (Burnicki et al., 2007). The modeling and computing demands may be
relieved  by  decomposing  the  bi-temporal  change  detection  into  two  single-date
classifications and then combining them through Equation (2).

For consistency in the simulation-based error modeling, phase space (or discriminant
space)-based strategies were proposed, whereby discriminant covariates are simulated,
with categorical maps simulated as equal-probable outputs of a classifier fed with the
simulated equal-probable covariates (Goodchild et al., 2009). It is important to pursue
extended use of discriminant models for error modeling from single-date categorical
maps to those representing temporal changes (Zhang and Tang, 2012).



3.   Conclusion

The methods reviewed in this paper, which can be seen as different generalizations
of methods designed originally for single-date classifications, are shown to have their
relative  strengths  and  weakness.  The  complexity  of  change  detection  poses  major
challenges to their applications, and their performances remain to be evaluated with
either simulated or real datasets.

These methods usually requires, implicitly, spatially well distributed sampled data,
which are often not something that can be taken for granted due to cost of manpower
and time. Furthermore, it should be noted that validation samples are always necessary
for anchoring accuracy measures derived from the reviewed methods regardless of their
sophistication. 
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