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The traditional approach of map accuracy assessment based on an error matrix does not capture the spatial var-
iation in classification accuracy. Here, per-pixel accuracy predictionmethods are proposed based on interpolating
accuracy values from a test sample in which the reference class of each sampled pixel has been determined. Dif-
ferent accuracy prediction methods were developed based on four factors: predictive domain (spatial versus
spectral), interpolation function (constant, linear, Gaussian, and logistic), incorporation of class information (in-
terpolating each class separately versus grouping them together), and sample size. Developing accuracy maps
using the spectral domain is a new approach in contrast to previous efforts based on the spatial domain. Perfor-
mance of the predictionmethods was evaluated using 26 test blocks, with 10 km× 10 kmdimensions, dispersed
throughout the United States. Each block had complete coverage reference data manually extracted by inter-
preters and a land-cover map produced from Landsat imagery using a decision tree classification. The full
scene maps were then compared to the corresponding reference maps to produce complete coverage accuracy
information for each block. The predicted accuracy maps were produced from a sample of the reference data
(i.e., the test dataset). The performance of the sample-based accuracy predictions was evaluated using the area
under the curve (AUC) of the receiver operating characteristic. Relative to existing accuracy prediction methods,
our proposed methods resulted in improvements of AUC of 0.15 or greater. Evaluation of the four factors com-
prising the accuracy prediction methods demonstrated that: i) interpolations should be done separately for
each class instead of grouping all classes together; ii) if an all-classes approach is used, the spectral domain
will result in substantially greater AUC than the spatial domain; iii) for the smaller sample size and per-class pre-
dictions, the spectral and spatial domain yielded similar AUC; iv) for the larger sample size (i.e., very dense spatial
sample) and per-class predictions, the spatial domain yielded larger AUC; v) increasing the sample size improved
accuracy predictions with a greater benefit accruing to the spatial domain; and vi) the function used for interpo-
lation had the smallest effect on AUC. To conclude, the ability to produce per-pixel accuracy predictions yielding
simple to understand accuracy maps opens up new possibilities for error propagation of remotely sensed prod-
ucts in a variety of disciplines.

© 2017 Elsevier Inc. All rights reserved.
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1. Introduction

Land-cover maps provide critical information to environmental
studies. With the advancement of remote sensing science, production
of land-cover maps through classification of remotely sensed imagery
has become a common practice. Numerous studies have been conduct-
ed investigating a broad range of classification processes to produce
more accurate classified land-cover maps (Gómez et al., 2016;
Khatami et al., 2016). However, land-cover maps include misclassifica-
tions and these errors can propagate in models used to study
ountrakis@esf.edu
environmental processes and affect the reliability of model predictions
(Castilla and Hay, 2007; Ge et al., 2007; McMahon, 2007; Straatsma
et al., 2013). End users of land-covermaps could benefit from additional
information expressing map quality including the magnitude and the
spatial distribution of misclassifications so users can incorporate this in-
formation in their decisions, modeling, and data fusion tasks (DeFries
and Los, 1999; Gahegan and Ehlers, 2000; Miller et al., 2007).

The conventional way to report land-cover map accuracy is through
an error matrix estimated from a test dataset which is independent
from the classification training process. Summary measures such as
overall accuracy and class-specific measures such as user's and pro-
ducer's accuracies are commonly estimated from the errormatrix. How-
ever, spatial variation is likely present in accuracy of maps constructed
through image classification, as misclassifications tend to be spatially
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autocorrelated (Campbell, 1981; Chen and Wei, 2009; Congalton,
1988). Consequently, the error matrix summary measures do not offer
information on the spatial distribution of classification error and may
not represent subregion or local misclassification rates when they differ
fromglobal rates (Mcgwire and Fisher, 2001). The spatial propagation of
error is of great importance for modeling environmental processes and
ideally a land-covermap should be accompanied by amapof spatial dis-
tribution of error (Foody, 2002; Comber et al., 2012). Such amapwould
provide map users with local estimates of accuracy. Consequently, in
this article we focus on per-pixel accuracy, where per-pixel accuracy is
defined as the probability of correct classification of a pixel, assessment
of land-cover maps created by classifying remotely sensed imagery.

Different approaches have been proposed to characterize quality of
land-cover maps at the local scale. Many researchers have used classifi-
cation outputs to quantify classification certainty. One approach is to
use the probabilities of class memberships or similar measures of
strength of prediction as indicators of classification certainty (or uncer-
tainty as its complement). Examples include posterior probabilities
from maximum likelihood classifier (Brown et al., 2009; Canters,
1997; Foody et al., 1992; Ge et al., 2009; Maselli et al., 1994), activation
levels from neural networks (Brown et al., 2009; Foody, 2000; Gong
et al., 1996), soft outputs of support vector machines (Giacco et al.,
2010; Löw et al., 2013), fuzzy c-means (Ge et al., 2009; Prasad and
Arora, 2014; Wang and Shi, 2013), ARTMAP (Carpenter et al., 1999;
Liu et al., 2004), decision tree and random forest (Liu et al., 2004;
Loosvelt et al., 2012; Peters et al., 2009) and boosting methods
(McIver and Friedl, 2001). Probability of membership of themost prob-
able class has been used as an indicator of certainty (Colditz et al., 2011;
Giacco et al., 2010; Loosvelt et al., 2012; Löw et al., 2013; McIver and
Friedl, 2001). The general idea is that for a given pixel the greater the
probability of class membership for a given labeled class, the greater
the certainty associated with that class. In addition, functions of all or
a subset of the membership values of classes have been used to con-
struct certainty measures instead of using only the membership value
of the most probable class. Examples of these functions include the dif-
ference between first and second largest class membership values
(Prasad and Arora, 2014), Shannon's entropy (Dehghan and
Ghassemian, 2006; Loosvelt et al., 2012; Maselli et al., 1994; Wang
and Shi, 2013), and α-quadratic entropy (Giacco et al., 2010; Löw
et al., 2013; Pal and Bezdek, 1994). Entropy summarizes the information
from membership values of all classes.

Certainty measures, such as those mentioned above, provide infor-
mation on the spatial distribution of classification quality. However, cer-
tainty and accuracy of a classification represent different concepts, even
though the two terms are often used interchangeably (Mountrakis and
Xi, 2013). Certainty can be viewed as thedegree of confidence or convic-
tion that the classifier has assigned the correct class label, whereas accu-
racy is defined based on agreement between the assigned label and the
true ground condition. Certainty measures provide valuable informa-
tion about the classifier's certainty in class assignment and can be
used by an analyst to improve the training process. However, the end
users of land-cover maps would be more interested in accuracy. Even
though in many cases there is a correlation between accuracy and cer-
tainty, accuracy assessment using an independent test dataset cannot
be replaced by certainty determined from the training dataset: “The re-
lationship between uncertainty and accuracy may not be simple, with
some cases possibly allocated correctly but uncertainly while others
were allocated with little uncertainty but erroneously” (Foody, 2005).

Researchers have also utilized empirical models to link classification
accuracy, as a dependent variable, to different independent (predictor)
variables, such as landscape contextual measures, topographic vari-
ables, object membership, and land-cover class (Burnicki, 2011;
Carmel, 2004; Smith et al., 2002; Smith et al., 2003; Van Oort et al.,
2004; Yu et al., 2008). Logistic regression is most commonly used for
these models because the dependent variable is dichotomous (i.e., a
pixel is classified correctly or not).
Another approach for characterizing map quality at the local scale
involves spatial interpolation of classification accuracy of the test
dataset (Comber, 2013; Comber et al., 2012; Foody, 2005; Kyriakidis
and Dungan, 2001; Steele et al., 1998; Tsutsumida and Comber, 2015).
Foody (2005) created a grid of spatially constrained confusion matrices
using the nearby test pixels of each grid point. Then overall accuracy and
user's and producer's accuracies of each class from the local confusion
matrices are interpolated using an inverse squared distance function.
Similarly, Comber (2013), Comber et al. (2012), and Tsutsumida and
Comber (2015) used geographically weighted logistic regression to in-
terpolate overall accuracy and user's and producer's accuracies for
each class. Steele et al. (1998) first estimatedmisclassification probabil-
ities for training data using a bootstrap approach and then these proba-
bilities were spatially interpolated for the entire map using kriging.
Generally, the assumption of spatial interpolation is that pixels that
are close spatially would have similar accuracy. However, one issue
that may affect spatial interpolation of classification accuracy is that ac-
curacy extracted from test data may not be representative of nearby
unsampled pixels if these pixels belong to a different class. For example,
consider a lake with a vegetated island in the middle. Classification ac-
curacy of water pixels, even though spatially close to the vegetation
pixels, may not be associated with the accuracy of the vegetation class.
In other words, proximity in space can translate to an accuracy relation-
ship only if pixels are from the same class.

The objective of this research is to evaluate several new per-pixel ac-
curacy prediction methods and to contrast the performance of these
newmethodswith previously suggestedmethods. Of particular interest
is use of the spectral domain as the domain for accuracy prediction,
which to the best of our knowledge has not been investigated before.
We also evaluate major factors that affect local classification accuracy
prediction, including the interpolation function (e.g. linear versus non-
linear), the predictive domain (spatial versus spectral), incorporation
of class-specific information, and the effect of the test dataset sample
size. The proposed accuracy maps have several intended applications.
An obvious application is simply the use of the accuracymap to provide
local accuracy information for a specific subregion of interest to a map
user. An accuracy map can help to decide if the accuracy of a subregion
of interest meets the required accuracy for the intended application
(Comber, 2013). The accuracy maps can also be used to improve an
existing classification, for example by prioritizing where additional
training data or auxiliary data may be needed to improve classifier per-
formance in regions of the map that have smaller accuracy (Foody,
2005). Accuracy maps can also be used to enhance modeling processes
by providing local description of accuracy (Leyk et al., 2005; Seibert and
McDonnell, 2010; Verburg et al., 2011; Verburg et al., 2009; Zhang et al.,
2010). If land-covermaps are used as input data tomodels, the per-pixel
accuracy values can be used in data assimilation and fusion and numer-
ical modeling to quantify the accuracy of these input maps in a spatially
explicitmanner to facilitate quantification of uncertainties in final prod-
ucts and model predictions (Ampe et al., 2012; Dieye et al., 2012;
Loosvelt et al., 2014; Quaife et al., 2008; Wegehenkel et al., 2006).

2. Datasets

Data from the United States Geological Survey (USGS) Land-Cover
Trends project (Loveland et al., 2002) were used as reference data in
this research. The entire Trends dataset contains land-cover data for
2688 sample blocks randomly selected within the 84 U.S. Environmen-
tal Protection Agency (EPA) Level III ecological regions. In our research
26 blocks selected from the year 2011 Trends dataset were used
(Fig. 1). These 26 blocks had 30 m spatial resolution and covered a
10 km × 10 km (333 pixels × 333 pixels) area. These blocks were pur-
posely selected to span a broad geographic range of the US and a
range of land-cover area distributions.

The reference land-cover for each Trends block was obtained using
manual interpretation of multiple sources of imagery and based on a



Fig. 1. Spatial distribution of the 26 Trends blocks. Actual block size was 10 km × 10 km, but blocks pictured are enlarged to enhance visualization.
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modified Anderson (Anderson et al., 1976) Level I classification scheme
that included the following 11 land-cover classes: water, developed/
urban, mechanically disturbed, barren, mining, forests/woodlands,
grassland/shrubland, agriculture, wetland, non-mechanically disturbed,
and ice/snow (see http://landcovertrends.usgs.gov/main/classification.
html for the actual definition of Trends classes, last accessed 2016).
Landsat imagery was the primary source interpreted to determine the
reference land-cover classification (Loveland et al., 2002; Sleeter et al.,
2013) of each Trends block. For most blocks, interpreters also used aeri-
al photographs, topographicmaps, andGoogle Earth imagery to assist in
the interpretation. All Trends blocks underwent a critique by the team
of interpreters conducting the reference classification, and regionswith-
in the block could be re-classified following this team critique (Sleeter
et al., 2013). While no reference dataset is without limitations, the use
of many available sources of information to obtain the block land-
cover classification and the extensive quality control process applied
to each block means that the Trends data satisfy the criteria for refer-
ence data (GFOI, 2016, Section 5.1.5).

The land-cover maps to which the per-pixel accuracy prediction
methods were applied were produced by a decision-tree classification
of Landsat images (see Section 3.3). Landsat TM images from the 26
Trends blocks within the same year of the Trends data were used. The
images were resampled to match with the Trends blocks. To remove
any edge effect on resampled pixel values, one line of pixels was re-
moved from all sides of the Landsat images and the Trends land-cover
maps. During the classification process only the six reflective bands of
Landsat images were used.

Throughout the subsequent text we will refer to the Trends data as
“reference data” representing the best assessment of the ground condi-
tion of the pixel. Thus the Trends data represent complete coverage ref-
erence data for each block. Portion of these reference data are then used
as: i)training data to develop the decision-tree classification of Landsat
images that produces the land-cover map of each block and ii) as test
data for accuracy assessment of these classifications (the training sam-
ple used to produce the land-covermap is always different from the ac-
curacy assessment test sample). To distinguish the two uses of the
Trends reference data, the phrase “training data” refers to data used to
produce the classification that constitutes the land-cover map being
assessed, and “test data” refers to data obtained to assess the accuracy
of the map and to produce the per-pixel accuracy predictions. As
noted, the training data and test data are obtained from different sam-
ples selected from each Trends block. The two steps of creating a land-
covermap based on a sample of training data and assessing the accuracy
of that map based on a sample of test data are standard elements of
practice. Our evaluation of the performance of the accuracy prediction
methods requires an additional step that is not present and in fact not
possible in the conventional practice of accuracy assessment. This last
step is to compare the predicted accuracy map to the actual accuracy
map, where the actual (“true”) accuracy map is defined by the agree-
ment between the land-cover map produced by the decision-tree clas-
sifier and the census of reference data of each Trends block.

Ourmethods and analyses mimic the typical approach used in prac-
tice in that a land-cover classification is developed based on training
data (thatmay contain classification errors) followed by an accuracy as-
sessment that is conducted using independent test data (that also may
contain classification errors). The predicted accuracy maps we produce
from such an analysis are representations of accuracy based on agree-
ment defined by comparison of the map to the reference classification.
We should note that this, like any, accuracy assessment is dependent
on the quality of the reference data. While we are confident that the
Trends dataset is a reasonable depiction of the ground following the
“good practices” identified in Olofsson et al. (2014) and GFOI (2016),
readers should understand that no perfect reference dataset exists and
that our work does not necessarily represent accuracy based on agree-
ment with a gold-standard of “ground truth”.

3. Methods

3.1. Factors of proposed accuracy interpolation methods

We examined the effect of four major factors in the performance of
accuracy interpolation. These factors included Predictive Domain, Inter-
polation Function, Class Incorporation, and Sample Size. Detailed descrip-
tions of these factors follow.

3.1.1. Predictive Domain
Two general predictive domains were tested, the spatial and spectral

domains. The rationale for using the spatial domain was that pixels in
close spatial proximity will exhibit similar accuracy. The use of the spec-
tral domain for accuracy interpolation has not been tested before. The
rationale for using the spectral domain was that classifiers operate in
the spectral and not the spatial domain. Misclassifications typically
occur at the class borders in the spectral domain. Furthermore, two
pixels may be close spatially but have very different spectral signatures.
While our testing used exclusively Landsat bands and we refer to this
domain as spectral, in essence it is the input data predictive domain.
For example, if texture or ancillary data are inputs to the classifier
they would be part of this predictive domain.

3.1.2. Interpolation Function
Each pixel in the test dataset was assigned a binary value, 0 if

misclassified and 1 if correctly classified. An interpolation process was
necessary to propagate these test values to the entire image or the
unsampled pixels, where an “unsampled pixel” is defined as any pixel

http://landcovertrends.usgs.gov/main/classification.html
http://landcovertrends.usgs.gov/main/classification.html


Table 1
Per-pixel classification accuracy prediction methods evaluated.

No Method
abbreviation

Predictive
domain

Interpolation
function

Class
incorporation

1 SpecConPer Spectral Constant kernel Per-class
2 SpecLinPer Spectral Linear kernel Per-class
3 SpecGauPer Spectral Gaussian kernel Per-class
4 SpecLogPer Spectral Logistic regression Per-class
5 SpatConPer Spatial Constant kernel Per-class
6 SpatLinPer Spatial Linear kernel Per-class
7 SpatGauPer Spatial Gaussian kernel Per-class
8 SpatLogPer Spatial Logistic regression Per-class
9 SpecConAll Spectral Constant kernel All-classes
10 SpecLinAll Spectral Linear kernel All-classes
11 SpecGauAll Spectral Gaussian kernel All-classes
12 SpecLogAll Spectral Logistic regression All-classes
13 SpatConAll Spatial Constant kernel All-classes
14 SpatLinAll Spatial Linear kernel All-classes
15 SpatGauAll Spatial Gaussian kernel All-classes
16 SpatLogAll Spatial Logistic regression All-classes
17 OA – Overall accuracy All-classes
18 UA – User's accuracy Per-class
19 SCCM Spatial SCCM and IDW All-classes
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that is not included in the test dataset. Two general approaches to per-
form interpolation and/or quantify and model spatial autocorrelation
are stochasticmethods, for example kriging, anddeterministicmethods,
such as kernel functions (Myers, 1994). Kernel functions have been
shown to yield predictions comparable in quality to the stochastic
methods (Scheuerer et al., 2013) and due to their simplicity they were
selected in our work.

Four per-pixel Interpolation Functions were implemented including
three kernel-based predictors and one surface fitting function. For the
kernel-based predictors, the contribution of each neighbor test pixel in
the accuracy prediction of a given unsampled pixel was determined
based on its distance as determined by a weighting function. Then, the
classification accuracy of the unsampled pixels was predicted by the
weighted average of the binary classification values of neighboring
test data. For all Interpolation Functions distances were calculated as
Euclidean distance. The number N of the nearest test pixels used in
the interpolation process expresses the degree of localization. A very
small N translates to high degree of localization and a very large N can
result in obtaining general map scale accuracy predictions similar to
the globalmeasures derived from the errormatrix. An optimizationpro-
cess was used to determine the optimal N (see Section 3.3, Step 2). The
four Interpolation Functionswere the following:

(1) Constant kernel: The constant kernel assigns the same weight to
all N of the nearest neighboring test pixels of the unsampled
pixel.

(2) Linear kernel: This kernel uses a linear function of distance to as-
sign weights to the nearby test pixels. The kernel is adaptive and
formed for each unsampled pixel independently. Theweights are
computed based on the distances h from the unsampled pixel
using Eq. (1) where h_max is the maximum distance between
the unsampled pixel and its N nearest test pixels. In practice,
the maximum distance is multiplied by 1.001 to avoid obtaining
zero weights when all the nearest test pixels have the same dis-
tance to the unsampled pixel.

WLinear hð Þ ¼ 1−
h

h max
ð1Þ

Gaussian kernel:Gaussianweights are calculated using Eq. (2)where
h is the distance, constant c is equal to 0.1 and h_max is the maximum
distance between the unsampled pixel and its N nearest test pixels.

WGaussian hð Þ ¼ e−
h2

c�h max ð2Þ

The 1.001 and 0.1 constants for linear and Gaussian kernels control
the falling off speed of kernels and are kept fixed for all predictions.
However, the shape of these kernels is dependent on the h_max value,
therefore it is dynamically calculated for each unsampled pixel.

(3) Logistic regression: For each unsampled pixel, this method uses a
separate predicted accuracy surface estimated via logistic regres-
sion applied to the N nearest test pixels around the unsampled
pixel. Independent variables of the logisticmodel are coordinates
in the predictive domain used for interpolation (either spatial or
spectral) and the dependent variable is the binary accuracy value
of each test pixel. The value of the fitted surface at the location of
the unsampled pixel is the predicted classification accuracy.

3.1.3. Class Incorporation
The third component of the accuracy prediction process identified

whether a single (per-class) or all classes (all-classes) should be used
in the interpolation process. In per-class predictions, only the test data
with the same classification label as the unsampled pixel were used to
predict its accuracy. In all-classes interpolations, the test data from all
classes contributed to the prediction.

3.1.4. Sample Size
Two test dataset sample sizes based on 0.5% and 2.5% of pixels per

class were implemented to examine if Sample Size affects the perfor-
mance of the interpolations. Each Trends block contains 109,561 pixels,
so the 0.5% and 2.5% Sample Sizes translate to approximately 548 and
2740 test pixels respectively, with minor variations due to rounding.

Table 1 lists all accuracy prediction methods tested in this article.
Sixteen methods (methods 1–16 in Table 1) were implemented based
on all combinations of the Predictive Domain, (two options), Interpola-
tion Function (four options), and Class Incorporation (two options). In
addition, the proposed accuracy predictors were compared to three
benchmark predictors with all predictions constructed from the same
test sample data. The first benchmark, the Overall Accuracy (OA), was
used as the predicted accuracy of all pixels (method 17). The second
benchmark, the User's Accuracy (UA) of the assigned class (classified
label), was used as the predicted accuracy of anunsampled pixel (meth-
od 18). Note that in practical applications, the reference label of an
unsampled pixel is unknown and consequently it is not possible to
model producer's accuracy. A third and final benchmark (method 19)
was implemented using the concept of Spatially Constrained Confusion
Matrices (SCCM) based on the work by (Foody, 2005). For the SCCM
method, a 7 × 7 equidistant grid was created for each of the 26 blocks.
Then for each grid point, the local overall accuracy was predicted
using the spatially nearest 150 test sample pixels. Finally, Inverse Dis-
tance Weighting (IDW) spatial interpolation was used to interpolate
the overall accuracies of the grid points to predict the accuracy of all
map pixels.

3.2. Evaluating accuracy predictions using area under the receiver operator
characteristic curve

The area under the receiver operating characteristic curve (AUC)
(Bradley, 1997; Mas et al., 2013) was used to evaluate the accuracy pre-
dictions. AUC is a commonly used measure for assessing the perfor-
mance of models constructed to predict binary outcomes. AUC can be
interpreted as the probability that a greater predicted score is assigned
to a randomly chosen positive case (e.g., correctly classified pixel) than
to a randomly chosen negative case. To calculate AUC, model predic-
tions for the test data are first discretized to 0 and 1 values based on
multiple thresholds ranging from 0 to 1. For each threshold value, an
error matrix is constructed by comparing the discretized model



Fig. 2. Theflowchart of image classification and accuracymap creation. Box A, B, and C show the accuracymap production process formethods 1 to 8 (per-class interpolations), 9 to 16 (all
classes interpolations), and benchmark methods (17 to 19).
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predictions with the reference binary values. The true and false positive
rates are calculated from each error matrix. Then, a graph of the true
positive rate versus the false positive rate for all threshold values
forms a curve, and the area under this curve is AUC. AUC values can the-
oretically range from 0 to 1 with larger values indicating better predic-
tion of accuracy. If the model has good predictive performance
(i.e., larger predicted values are assigned to the correctly classified
pixels and smaller predicted values are assigned to the misclassified
pixels), the curve would rise sharply and AUC would be close to 1. For
a randommodel or a constantmodel, the true and false positive rates in-
crease at almost the same rate and AUCwould be close to 0.5 (for a con-
stant model it would be exactly 0.5). AUC values b0.5 indicate that
predictions are worse than random guessing. Thus, the practical range
of AUC values is usually between 0.5 and 1.

3.3. Experimental design

Our experiment consisted of three general steps (Fig. 2). The first
two steps represent the process that would be implemented in a practi-
cal application, which is creation of the land-covermap followed by im-
plementation of an accuracy assessment and per-pixel prediction of
accuracy from the test sample data. The land-cover map for each block
was produced by classifying the corresponding Landsat image using a
decision tree classifier applied to a training sample. Second, an indepen-
dent test sample (i.e., independent from the training sample) was se-
lected and the data from the test sample were used for all 19 accuracy
prediction methods (Table 1) and an accuracy map was created for
each method (Fig. 2). The third step in the experiment was to evaluate
the performance of the accuracy predictions of the different methods.
Each predicted accuracymapwas compared to the “reference” accuracy
map (i.e., the census of reference data available for each Trends block).
The entire process was implemented independently for each of the 26
blocks. The three general steps are elaborated upon in the following.

Step 1 (Classification to Produce the Land-Cover Map):

▪ The training data input to the classifier was selected by stratified
random sampling. Two percent of the pixels from each class were
Fig. 3. Box-plots of AUC values of per-pixel accuracy prediction methods (larger AUC indicat
randomly selected from each Trends block as training data for that
block.

▪ For each block the corresponding Landsat image was classified by a
decision tree classifier to produce a land-covermap. Other classifica-
tion processes could have been used; however, the focus of this re-
search was on accuracy assessment rather than optimization or
evaluation of the classifier. All per-pixel accuracy prediction
methods for that block used this single classified product.

Step 2 (Accuracy Map Creation):

▪ The test sample dataset for each block was selected using stratified
random sampling with the classification labels as strata. The same
test dataset was used by all 19 accuracy predictionmethods so com-
parisons among different methods were not confounded by differ-
ences in test datasets. Although these test data could be used to
estimate an error matrix using the appropriate stratified estimators
(e.g., Olofsson et al., 2014), our focus is on use of these data to create
the complete coverage maps of predicted accuracy.

Boxes A, B, and C in Fig. 2 show the accuracymap production process
formethods 1 to 8 (per-class interpolations), 9 to 16 (all-classes interpo-
lations), and the three benchmark methods (17 to 19). The steps in the
per-class interpolation process for methods 1 to 8 (box A in Fig. 2) were
as follows:

▪ Only the test pixels from each map class were used to predict the
classification accuracy of the unsampled pixels with the same classi-
fied label on the map.

▪ The optimal number N of nearest test pixels that were used to pro-
duce the accuracy predictions was determined by an optimization
process. The optimal N was determined separately for each class
and method using only the test pixels from the same class. To do
so, ten-fold cross-validation was used to evaluate predictive perfor-
mance for different choices of N. The test pixels from a given class
were randomly partitioned to non-overlapping subsets (the same
10 subsets were used by methods 1 to 8).
es more accurate prediction). Method abbreviations in this figure correspond to Table 1.
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▪ For each of the cross-validation subsets, the data from the other 9
subsets were used to predict the accuracy of pixels in the target sub-
set using a given prediction method and number of nearest neigh-
bors.

▪ After predicting the accuracy of all test sample pixels of the given
class, these predictionswere compared to their corresponding refer-
ence accuracy values. AUCwas used to evaluate the accuracy predic-
tions of the cross-validation holdout sample.

▪ The search for the optimumnumber of neighborsNwas initialized at
6 to have enough cases tofit the logisticmodels and terminated at 30
to constrain computing time. AUCwas then calculated for each set of
predictions for nearest neighbors from 6 to 30. If the number of test
pixels in the 9 cross-validation subsets was smaller than 30 for a
class, the optimization proceeded up to the smallest number of
pixels among all 9 subsets. Also, if for a class the number of available
test pixels was fewer than 6, then the average accuracy of the avail-
able test pixelswas used as the accuracy prediction for allmap pixels
from that class.

▪ The number of neighbors that resulted in the largest AUCwas select-
ed as the optimum number of nearest test pixels (optimal N) for the
given class and method.

▪ The sample test pixels from the target class, the given method, and
the optimal Nwere used to predict the accuracy of all pixelsmapped
as the target class.
Fig. 4. Reference and predicted accuracy maps from the SpecLogAll (one of the least accurate
delineated by the red circle shows an example where the proposed new method (SpecLo
interpretation of the references to color in this figure legend, the reader is referred to the web
▪ The process of optimal N selection and accuracy prediction was re-
peated independently for each class using the given method.

▪ Finally, an accuracymap for the givenmethodwas created bymerg-
ing predictions for all classes.

The process of accuracymap creationwas repeated for all methods 1
to 8 using the same test dataset.

Box B in Fig. 2 shows the accuracy map production process for the
all-classes interpolation methods 9 to 16. The same sample test dataset
was used for these methods as in methods 1 through 8. However, for
these all-classes methods the process was not partitioned by land-
cover class. Consequently, all the test pixels regardless of their classified
label contributed to accuracy prediction of unsampledpixels. For each of
methods 9 to 16 all test pixels were used in the optimization process
and to determine a single number as the optimal N for that method
(in contrast to determining an optimum N for each class in the per-
class method). Then, the classification accuracy map was constructed
by the given method using the entire test dataset and the optimal N.

Box C in Fig. 2 describes the process for the three benchmark
methods 17, 18 and 19. The same sample test dataset as methods 1–
16 was used to create these three classification accuracy maps. First,
an error matrix was constructed using the test dataset. For method 17,
the estimated overall accuracy from the error matrix was used as
new methods) and benchmark methods for three blocks (0.5% Sample Size). The region
gAll) yields more accurate prediction of accuracy than the benchmark methods. (For
version of this article.)



Table 3
Mean AUC values for combinations of factors affecting accuracy predictions.

Class Incorporation

(a) Per-class All-classes

Predictive Domain Spectral 0.83a 0.79
Spatial 0.86 0.70

Sample Size (%)

(b) 0.5 2.5

Predictive Domain Spectral 0.79 0.83
Spatial 0.74 0.82

Interpolation Function

(c) Constant Linear Gaussian Logistic

Predictive Domain Spectral 0.82 0.83 0.81 0.78
Spatial 0.77 0.79 0.79 0.77

Interpolation Function

(d) Constant Linear Gaussian Logistic

Class Incorporation Per-Class 0.85 0.86 0.85 0.82
All-Classes 0.74 0.76 0.75 0.73

Sample Size (%)

(e) 0.5 2.5

Class Incorporation Per-class 0.82 0.87
All-classes 0.71 0.77

Interpolation Function

(f) Constant Linear Gaussian Logistic

Sample Size (%) 0.50 0.77 0.78 0.77 0.74
2.50 0.83 0.84 0.83 0.81

a The standard errors of the differences between all pairs of means were small ranging
from 0.003 to 0.004.

Table 2
ANOVA evaluating effect of four factors of per-pixel accuracy prediction methods on AUC.

Source of variation Numerator degree of freedom Denominator degree of freedom DF Sum of squares p-Value

Block 25 25 1.696
Sample Size 1 25 0.738 b0.001
Whole-plot error 25 0.011
Interpolation Function 3 750 0.136 b0.001
Predictive Domain 1 750 0.217 b0.001
Class Incorporation 1 750 2.093 b0.001
Interpolation Function * Predictive Domain 3 750 0.032 b0.001
Interpolation Function * Class Incorporation 3 750 0.009 0.03
Interpolation Function * Sample Size 3 750 0.002 0.62
Predictive Domain * Class Incorporation 1 750 0.860 b0.001
Predictive Domain * Sample Size 1 750 0.083 b0.001
Class Incorporation * Sample Size 1 750 0.000 0.71
Interpolation Function * Predictive Domain * Class Incorporation 3 750 0.000 0.95
Interpolation Function * Predictive Domain * Sample Size 3 750 0.001 0.71
Interpolation Function * Class Incorporation * Sample Size 3 750 0.001 0.79
Predictive Domain * Class Incorporation * Sample Size 1 750 0.001 0.32
Interpolation Function * Predictive Domain * Class Incorporation * Sample Size 3 750 0.000 0.96
Sub-plot error 750 0.746

“*” denotes interaction between factors.
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predicted accuracy of all pixels. The overall accuracy was estimated
using stratified estimators because the test data were sampled using
stratified random sampling (Olofsson et al., 2014). For method 18, the
predicted accuracy was assigned the user's accuracy of the class to
which the pixel was labeled. For method 19, a spatial interpolation pro-
cess based on the concept of Spatially Constrained Confusion Matrices
(SCCM) described in Section 3.1 was used to propagate the binary clas-
sification results from the test dataset to the entire map.

Step 3 (Evaluation of Predicted Accuracy):

▪ The reference accuracymapwith binary values of 0 formisclassifica-
tion and 1 for correct classification was created by comparing the
land-cover product from step 1 to the reference map of each block.

▪ AUC was used to quantify the performance of the 19 accuracy pre-
diction methods. Note that here an AUC value was calculated for
the entire accuracy map (block) and this value was different from
the AUC calculation used in Step 2 to determine the optimal number
of nearest neighbors for interpolations based on the test dataset.

The classification and per-pixel accuracy predictionswere applied to
all 26 Trends blocks independently. Two test dataset Sample Sizes based
on 0.5% and 2.5% of pixels per class were implemented. To account for
variability in performance of prediction methods due to sampling vari-
ability, 10 independent test datasets were selected from each Trends
block. Therefore, each map of a block (from step 1) was assessed for
each of the 10 test sample datasets producing 10 accuracy maps for
each accuracy prediction method. That is, after the land-cover map
was produced for each block, steps 2 and 3 were repeated for two Sam-
ple Sizes and 10 times for each Sample Size. Box-plots of AUC valueswere
used to summarize the performance of the different per-pixel accuracy
predictionmethods for the 26 Trends blocks. The AUC values used in the
plots are the mean AUC from the 10 predicted accuracy maps based on
the 10 independent test samples selected for each block (see appendix
tables S1 and S2 for detailed AUC values).

Analysis of variance (ANOVA)was used to evaluate how the four dif-
ferent factors of the accuracy prediction methods affected AUC. The
mean AUC value over the 10 test samples was used as the response var-
iable. The ANOVA applied to the AUC data for methods 1 to 16 was a
four-way factorial with Predictive Domain, Interpolation Function, Class
Incorporation, and Sample Size as treatment factors with two levels of
each factor except Interpolation Function that had four levels. The
ANOVA was implemented for a split-plot experiment design with the
Sample Size factor as thewhole-plot treatment factor. Predictive Domain,
Interpolation Function, and Class Incorporation were sub-plot treatment
factors because these three factors were varied within each replication
of a level of Sample Size. Each Trends block was regarded as a blocking
factor at the whole-plot level of analysis. The AUC value for each block
and each realization of the test sample selection was based on the cen-
sus of reference data available for the block. ANOVA tables including the
main effect and interaction tests are reported. Main effect tests indicate
if there is statistically significant difference among levels of a given fac-
tor averaged over all levels of the other factors. Interaction tests indicate
if the effect of a subset of factors depends on the levels of the other
factors.
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4. Results

4.1. Comparison of new prediction methods with benchmark methods

The proposed new accuracy prediction methods generally
outperformed the three benchmarkmethods as AUCvalueswere gener-
ally greater for the new methods (Fig. 3). The UA benchmark had the
largest AUC among the three benchmarks followed by SCCM. Overall ac-
curacy (OA) had the smallest AUC among the benchmarks. As men-
tioned before, the AUC value for a constant model such as OA is 0.5.
Accordingly, the AUC value for OA (method 17) was 0.5 as it assigned
the same OA value as the accuracy value for every pixel. For the 2.5%
Sample Size, all 16 proposednewaccuracy predictionmethods produced
more accurate predictions than the benchmarks (Fig. 3). For the smaller
Sample Size of 0.5%, the UA benchmarkmethod producedmore accurate
predictions (greater AUC values) than the four spatial all-classes
methods which had the smallest AUC values of the new prediction
methods.

To visually illustrate the distinction between the accuracymaps pro-
duced by the new methods and maps generated from the three bench-
mark methods, we display the accuracy prediction maps generated by
one of the least accurate new methods, SpecLogAll
(spectral_logistic_all-classes). The spatial patterns of predicted accuracy
produced by the SpecLogAllmaps are muchmore similar to the patterns
of the reference accuracymaps than are the predicted accuracy maps of
the three benchmark methods (Fig. 4). OAmaps are constant providing
Fig. 5.Reference and predicted accuracymaps for three sampleblocks using a linear interpolatio
the spectralmethods produced more accurate predictions than the spatial methods. (For inter
version of this article.)
no information on spatial variation of accuracy. UAmaps have constant
values for each class and while the UAmaps provide muchmore spatial
detail than the OA and SCCM maps, the lack of information on within-
class variation of accuracy fails to capture much of the true variation
in accuracy. Lastly, the SCCM maps also show limited information on
spatial variation of accuracy because they aggregate values from differ-
ent classes. For example, in the lower left corner of Block 1 (region
highlighted in red in Fig. 4), the reference accuracy map shows a region
with very low accuracy (dark area) surrounded by an area of high accu-
racy. This pattern is clearly shown in the SpecLogAll accuracy map but it
is not identified as clearly in the benchmark maps, with the UA predict-
ed map being the best of the benchmarks at detecting this pattern.
Moreover, the paired t-tests comparingmeanAUCof thenewprediction
methods to each of the three benchmarkmethodswere statistically sig-
nificant (p-value b 0.001 for both Sample Sizes) confirming the advan-
tage of SpecLogAll method and consequently all methods 1 through 12
over the benchmark methods.

4.2. Comparison of proposed new methods for predicting accuracy

In the comparison amongmethods, several general tendencies were
evident from Fig. 3: 1) larger Sample Size improved the AUC values of
most methods; 2) per-class accuracy prediction methods had greater
AUC than all-classes methods; 3) the spectral domain outperformed
the spatial domain for the all-classes methods; 4) the spatial domain
had slightly greater AUC than the spectral domain for per-classmethods
n and a Sample Size of 0.5%. The region delineated by the red circle shows an examplewhere
pretation of the references to color in this figure legend, the reader is referred to the web
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for the larger Sample Size, but there was little difference between spec-
tral and spatial methods at the smaller Sample Size; and 5) the differ-
ences among the four Interpolation Functions were minor compared to
other factors with the logistic function showing the worst predictive
performance.

The impact of the different features of the accuracy prediction
methods on AUCwas further evaluated through the analysis of variance
of the factorial design. The largest impacts were observed for Sample
Size, Class Incorporation, and the interaction between Predictive Domain
and Class Incorporation (Table 2). The four-way interaction (p-value =
0.96) and all three-way interactions (p-value N 0.30) were not statisti-
cally significant so none of the two-way interactions depended on the
levels of the other factors (Table 2) and we can proceed to interpret
two-way interactions. Four of the six two-way interactions were statis-
tically significant (p-value b0.05) with the two exceptions being the in-
teraction between Sample Size and Interpolation Function (p-value =
0.62) and the interaction between Class Incorporation and Sample Size
(p-value = 0.71).

We further compared mean AUC for the different factors based on
these interaction patterns. That is, because the three- and four-factor in-
teractions were not significant, each two-factor table provided in
Table 3 displays means averaged over the two factors not present
(e.g., mean AUC values in Table 3a are reported as a two-way table by
Predictive Domain and Class Incorporation averaged over Sample Size
and Interpolation Function). Two-factor interactionswere significant ne-
cessitating reporting the simple effect means presented in Table 3. The
following statements summarize the effect of each of the four factors
on AUC:

1) Class Incorporation: Per-class interpolations outperformed all-clas-
ses interpolations. Per-class interpolation increased AUC approximately
0.10 with respect to all-classes interpolation for all Interpolation Func-
tions and Sample Sizes (Table 3d and e). The effect of Class Incorporation
was substantially less for the spectral versus the spatial approach. Rela-
tive to all-classes interpolation per-class interpolation increased AUC by
0.04 for spectral interpolation versus an increase of 0.16 for spatial inter-
polation (Table 3a). This observation can be attributed to the ability of
spectral domain to separate pixels from different classes. As a result,
even when interpolation was performed for all classes together, mostly
pixels from the same class contributed to the accuracy prediction of an
unsampled pixel if the spectraldomainwas used. However, in the spatial
domain the all-classes interpolation often resulted in confusion of accu-
racy of pixels from different classes while predicting the accuracy of a
given pixel and therewas consequently a large benefit from per-class in-
terpolation compared to all-classes interpolation in this domain. Gener-
ally, Class Incorporation had the largest effect among all four factors
(Table 3).

2) Predictive Domain: Spectral interpolation outperformed spatial in-
terpolation by a mean of 0.09 for AUC when interpolating all classes to-
gether but spatial interpolation produced more accurate predictions
than spectral interpolation by amean of 0.03when interpolating classes
separately (Table 3a). Also, spectral interpolation outperformed spatial
interpolation for both Sample Sizesbut this advantage of spectral domain
was not present for the larger Sample Size (Table 3b). Finally, spectral in-
terpolation yielded greater AUC than spatial interpolation for different
Interpolation Functionswith the largest increase inmeanAUC for spectral
occurring for constant and linear kernels (Table 3c).

3) Sample Size: Larger Sample Size improved AUC for both spectral and
spatial interpolations, but it had a larger effect on spatial interpolation
(Table 3b). In other words, spectral interpolation would be less affected
than spatial interpolation if Sample Size decreases from 2.5% to 0.5% (de-
crease in mean AUC of 0.04 for spectral interpolation versus a 0.08 de-
crease for spatial interpolation). Finally, increasing Sample Size from 0.5%
to 2.5% increased AUC by about 0.06 for both per-class and all-classes in-
terpolation and for all Interpolation Methods (Table 3e and f).

4) Interpolation Function: This factor had the smallest effect among
the four factors as the differences between the mean AUC of different
interpolationmethodswere commonly smaller than the differences be-
tween levels of other factors. Also, the Interpolation Function had the
smallest sum of squares (0.136) among the four factors in Table 3. Gen-
erally, the linear kernel had the largest AUC and logistic regression had
the smallest AUC. However, the differences among Interpolation Func-
tions were practically small.

Accuracy maps for three example Trends blocks illustrate visually
the similarity of the predicted accuracy maps from different methods
relative to the reference accuracy map (Fig. 5). For the spatial per-class
interpolation, the accuracy map exhibits continuity within classes and
abrupt changes between classes. In the case of spatial all-classes interpo-
lation, the accuracy continuity appears bothwithin and between classes
and the resulting map has the least similarity to the reference accuracy
maps. Generally, spectral interpolations yield spatial patterns of predict-
ed accuracy that are similar to the patterns of the reference accuracy
maps whereas the spatial interpolations sometimes yield spatial pat-
terns that do not correspond to those of the reference accuracy maps.
For example, at the center of the Block 2 (highlighted with a red circle),
there is a large correctly classified area. This area is assigned a high ac-
curacy prediction value in spectrally interpolated accuracy maps. In
contrast, this area is assigned some degree of misclassification when in-
terpolation is done spatially even using a per-class interpolation. This
can be attributed to the divergence of pixel reflectance from the same
class. This is captured in the spectral interpolation; however, the spatial
interpolation does not detect this variability due to close spatial
proximity.

5. Discussion and conclusions

In this research per-pixel accuracy prediction methods were devel-
oped and evaluated. Spatially explicit representations of accuracy have
been constructed in the past using separate interpolated maps for over-
all accuracy and user's and producer's accuracies of each class (Comber,
2013; Comber et al., 2012; Foody, 2005; Tsutsumida andComber, 2015).
A map with for example five classes would result in 11 such interpolat-
ed accuracy maps. Although each of these 11 maps will contain useful
information, an advantage of our approach is that it encapsulates a
large amount of accuracy information in a single predicted accuracy
map. This simplifies subsequent usage of the predicted accuracy map.
Moreover, while the previous researches used spatial domain for accu-
racy interpolation, spectral domain is used for the first time here.

The proposed new methods clearly outperformed the three bench-
mark methods included in this study. Three definitive conclusions re-
garding the proposed methods are: 1) Interpolations should be done
separately for each class, with the advantages of per-classpredictions at-
tributable to their capacity to prevent confusion of accuracy from differ-
ent classes, unlike all-classes predictions that are negatively affected by
diverse accuracy rates among classes; 2) themethod used for interpola-
tion (constant, linear, Gaussian, or logistic) does not substantially impact
the performance of the accuracy predictions; and 3) as expected, a larg-
er sample size improves predictive accuracy. Each of these conclusions
is discussed in additional detail in the following paragraphs.

From a practical perspective, the 2.5% test Sample Size represents a
proportionally large sample size as in most applications the test sample
sizewill be b0.5%. The Trends blocks offered an ideal set of test cases be-
cause of the intensivemanual interpretation of the reference land-cover
classes for the complete block allowed for comparison of the predicted
accuracy to the known accuracy over the entire block. Given the limited
area (100 km2) of the Trends blocks, the sample densitywas necessarily
high leading to test sample locations being closer in space thanmight be
the case in some practical applications. Additional case study results for
test sites covering larger spatial extents would be informative, but the
challenge is to identify test datasets that could be used for this purpose.

The results comparing the spectral and spatial domainswere less de-
finitive as good predictive accuracy could be achieved using both do-
mains. The sample density issue is clearly relevant in this regard, so
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future work investigating less dense sampling intensities is needed to
compare predictive performance when the sample pixels of the test
dataset are not as close spatially as they were in the Trends blocks.
The spatialmethods offer a practical advantage in that they are indepen-
dent of the classification's inputs. That is, the information required to
implement a spatialmethod is the accuracy, the class label, and the spa-
tial location of each test sample pixel, so the spatialmethods completely
separate the accuracy assessment from the classification process. In
contrast, the spectral methods are dependent on the spectral inputs
used in the classification. An advantage of the spectral method is that
distances in spectral space are an intuitive measure expressing how
likely it is for a pixel to be correctly classified.

To summarize, six major conclusions can be drawn from this study.
First, the interpolation method used to predict accuracy at unsampled
locations should be done separately for each class instead of grouping
all classes together. Second, if an all-classes approachwas used, interpo-
lation using the spectral domain resulted in substantially greater AUC
than interpolation in the spatial domain. Third, for the smaller sample
size (0.5% sampling intensity) and per-class predictions, the spectral
and spatial domain achieved similar AUC. Fourth, for the larger sample
size yielding a very dense spatial sample, the spatial domain yielded
greater AUC for per-class predictions relative to the AUC achieved for
the spectral domain. Fifth, increasing the sample size improved accura-
cy predictions with a greater benefit accruing to the spatial domain.
Lastly, the function used for interpolation had the smallest effect on
AUC so choice of interpolation function is not critical to the process.
The per-pixel accuracy prediction methods allow for producing wall-
to-wall accuracy maps. These accuracy maps may serve to enhance ap-
plications of land-cover products by alerting map users to spatial varia-
tion of classification accuracy over the entire region mapped. In
addition, our methods are agnostic to the classification algorithm
used. This, together with the fact that the method is simple to develop
and incorporate in existing software packages, indicates that the meth-
odology is ready for operational use by the remote sensing community.
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