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Abstract: Land cover maps are a key resource for many studies in Earth Observation, and thanks
to the high temporal, spatial, and spectral resolutions of systems like Sentinel-2, maps with a
wide variety of land cover classes can now be automatically produced over vast areas. However,
certain context-dependent classes, such as urban areas, remain challenging to classify correctly with
pixel-based methods. Including contextual information into the classification can either be done at
the feature level with texture descriptors or object-based approaches, or in the classification model
itself, as is done in Convolutional Neural Networks. This improves recognition rates of these classes,
but sometimes deteriorates the fine-resolution geometry of the output map, particularly in sharp
corners and in fine elements such as rivers and roads. However, the quality of the geometry is
difficult to assess in the absence of dense training data, which is usually the case in land cover
mapping, especially over wide areas. This work presents a framework for measuring the geometric
precision of a classification map, in order to provide deeper insight into the consequences of the use
of various contextual features, when dense validation data is not available. This quantitative metric,
named the Pixel Based Corner Match (PBCM), is based on corner detection and corner matching
between a pixel-based classification result, and a contextual classification result. The selected case
study is the classification of Sentinel-2 multi-spectral image time series, with a rich nomenclature
containing context-dependent classes. To demonstrate the added value of the proposed metric,
three spatial support shapes (window, object, superpixel) are compared according to their ability to
improve the classification performance on this challenging problem, while paying attention to the
geometric precision of the result. The results show that superpixels are the best candidate for the
local statistics features, as they modestly improve the classification accuracy, while preserving the
geometric elements in the image. Furthermore, the density of edges in a sliding window provides a
significant boost in accuracy, and maintains a high geometric precision.

Keywords: image processing; image segmentation; superpixel segmentation; contextual features;
land cover mapping; satellite image time series

1. Introduction

Satellite image time series capture the temporal evolution of the optical properties of land surfaces,
and their use allows certain land cover classes, such as crops, to be classified with a high accuracy.
Several studies [1–4], show that the time series of each pixel is a rich source of discriminatory features
for producing land cover classification maps. These are maps where each pixel bears a categorical
label describing the land cover of the corresponding area. However, certain classes remain difficult to
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identify correctly, even with multi-temporal and multi-spectral information. For example, shrublands
are often confused with forests, as the difference between the two classes is the density of tree cover.
In the same way, continuous urban fabric, roads, and industrial and commercial units all present high
confusion rates [5]. Indeed, the main difference between buildings situated in a dense city center and
buildings in a suburban residential area lies in the quantity of vegetation surrounding each building.
In other words, it is the spatial arrangement of the buildings and vegetation in the proximity, more
than the characteristics of each building itself, which is discriminatory.

Over the past decades, there has been a steady increase in the availability of high spatial resolution
satellite imagery, bringing to light new details that were previously inaccessible with lower spatial
resolution images. For example, fine elements such as roads, lone trees or houses, as well as their
textures can be captured at a 10 m spatial resolution with Sentinel-2 images. Using such images,
it seems relevant to seek to describe groups of adjacent pixels in the image rather than individual
pixels. Indeed, at such a spatial resolution, the pixels are often smaller than the objects containing them,
so the spatial arrangement of these pixels can help to describe and to distinguish the various objects
present in the image. In this paper, features that describe a group of adjacent pixels in an image are
called contextual features, and the group of pixels in question is called the spatial support of the feature.

A very common approach is to consider a sliding window around each pixel as spatial support.
The central pixel is often described with contextual information like textures, a common example
being the Haralick textures [6], which are based on the Gray Level Co-Occurence Matrix, and have
previously been used in Remote Sensing classification problems [7,8]. These contextual features are
then included into a classification scheme by using a classifier adapted for multi-modal inputs, like a
Composite Kernel SVM [9,10], or a Random Forest [11].

In other recent works, Convolutional Neural Networks have been applied to land cover mapping
problems [12–14]. In such approaches, the contextual information is directly included in the
classification model, through the convolutional layers of the network. These networks either assign
one label to the central pixel of each input patch (networks such as AlexNet [15]), or provide a dense
labeling of the entire patch (e.g., U-Net [16]).

While using a sliding window brings an interesting characterization of the neighboring pixels,
it also can lead to a smoothing of the sharp corners and fine elements in the output map. Indeed, when
using a square support, there is a risk of the relevant context being drowned out by the description
of neighboring image objects, especially if the pixel is surrounded by very different objects. This
may lead to confusion between the pixel class and its neighboring classes, as the pixel would adopt
a very similar contextual characterization as the neighbors. Generally speaking, pixels belonging to
sharp corners, or fine elements such as roads and rivers in land cover mapping are sensitive to this
phenomenon. This is demonstrated in the experiments in Section 5.

Another approach is to consider a spatial support adaptive to the nearby image content, which
leads to methods based on image segmentation, such as Object Based Image Analysis (OBIA) [17],
which is also commonly used in remote sensing [18,19]. However, this comes at the risk of not
including a sufficient diversity of pixels to characterize the context, especially in textured areas, due
to over-segmentation. For this reason, superpixels [20], which offer an intermediate representation
between sliding windows and objects, have also been used in other studies [21,22]. More details about
this trade-off and about superpixels can be found in Section 3.3.

In any case, evaluating the quality of a contextual classification must be done with care, as some
methods have the tendency to alter the geometry of the output map. The usual statistical performance
indicators (Overall Accuracy, Cohen’s κ, and F-score) are naturally biased towards the most common
samples in the validation data set, meaning that high spatial frequency elements, such as corners and
fine elements, are usually poorly represented in the validation. This implies that errors in such areas
have a low influence on the overall statistical performance indicators. In other words, the deterioration
of high spatial frequency areas can be overshadowed by other effects, such as the smoothing of noisy
pixels in homogeneous areas.
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One way to evaluate the quality of the geometry of a classification map is to split the validation set
in several subsets, where each subset contains pixels of a certain geometric category, such as corners,
edges, or central areas, as is done in [23], and later in [24]. This allows a specific measurement of
the deterioration of the various geometric entities in the image, but requires dense reference data to
categorize the validation labels as corners, edges, etc. Another commonly used metric, the Intersection
over Union (IoU) [25] also requires dense reference data to calculate the areas of intersection and
union. Moreover, it is subject to the same biases as Overall Accuracy and κ, as it measures an average
error on the target object or segment. The more sophisticated Overall Geometric Accuracy (OGA)
proposed by [26] also uses the areas of intersection and union, in combination with the position of the
center of gravity of the reference and target objects. However, using such metrics is only possible if
the validation data set is dense, in other words, if every pixel of the training area is labeled. Indeed,
without this information, there is no way to split the validation data into geometric categories, or to
extract the reference objects.

Unfortunately, dense validation data is not available in most practical land cover problems.
Indeed, there are many cases where training data is manually collected in the field, or comes from a
combination of existing data bases, which are all incomplete, or for which certain classes are out of
date. A small, dense validation set could be manually constructed, but this would limit the metric to a
reduced region, and would be a very time-consuming process. Figure 1 illustrates the sparse reference
data used later in the Experimental Section, which is similar to the database used in [5] for time series
mapping over France. The validation data contains polygons that unfortunately do not contain a full
description of the geometry. First of all, the polygons have been eroded, to limit the negative impact of
spatial co-registration errors between different images at dates. Second of all, the edges and corners of
the polygons can not be used as reference geometry, because there is no guarantee that each polygon
edge truly separates elements of two different classes.

Annual Summer Crops
Annual Winter Crops
Orchards
Vineyards
Intensive Grasslands
Natural Grasslands
Water Bodies

Continuous Urban Fabric
Discontinuous Urban Fabric
Industrial or Commercial Units
Road Surfaces
Woody Moorlands
Coniferous Forests
Broad-Leaved Forests

Figure 1. Example of sparse reference data used for producing and validation land cover maps, shown
over the RGB bands from a Sentinel-2 image in January 2016, near the city of Toulouse in southern
France. Evaluating the geometry of a classification result cannot be done directly with such validation
data, as it does not contain the precise boundaries between different objects.
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The objective of this study is therefore to present a metric that can measure the geometric quality
of a classification map, even when the validation data is sparsely distributed across the image, as is the
case in many land cover mapping problems [5,13,14].

By comparing a contextual classification to a pixel-based classification, instead of a dense reference
data set, it is possible to measure how well certain geometric elements, which are usually well
recognized by pixel-based classifiers, are preserved. In other words, the pixel-based classification can
be used as an approximation of the dense reference data set, at least for some class borders. Sharp
corners are commonly subject to the smoothing effects visible in many contextual classification maps,
and are relatively simple to identify in a such a map using currently existing corner extraction methods.
For this reason, the precise localization of sharp corners is considered as an indicator of the quality of
the geometry in the output map. Further details about the supervised corner extraction method, and
about its validation, are given in Section 2.

This study proposes a new metric called the Pixel Based Corner Match (PBCM), which is evaluated
on classification results generated with contextual features from three different spatial supports:
sliding windows, objects from an object segmentation, and superpixels. A precise definition and more
information regarding each method is given in Section 3. In a previous study [27], these three spatial
supports were compared in terms of how much they influenced the classification accuracy, especially
of classes that depend heavily on context. The performance of the methods was evaluated using only
the standard classification accuracy metrics and on a unique area of 110 km × 110 km. The authors
concluded that the geometric precision of the result should be analyzed quantitatively, as some of the
contextual classification methods have a tendency to deform the geometry of the output.

The case study is the challenging problem of satellite image time series classification, based on
Sentinel-2 imagery, which presents several practical difficulties, in particular, a very high number of
features in the original feature space due to the combined use of multi-spectral and multi-temporal
information, a certain degree of label noise, and a lack of densely available reference data [5,28].
Therefore, care must be taken when selecting which contextual classification method to apply, which is
the underlying motivation behind this study.

The rest of the paper is organized as follows. The details of the new Pixel Based Corner Match
(PBCM) geometric accuracy metric, are provided in Section 2. Then, the various strategies for defining
the spatial support are detailed in Section 3. Next, Section 4 focuses on the two types of contextual
features used in the experiments. The experimental setup is given in Section 5, and the results in
Section 6. Finally, Section 7 draws conclusions and suggests perspectives for future studies.

2. Pixel Based Corner Match to Measure Geometric Precision

In this section, a new metric that aims to quantify the geometric precision of a contextual method,
with respect to a pixel-based method is presented. This metric relies on the output of a pixel-based
classifier to extract sharp corners, which are compared to the corners from a contextual classification
map. This is based on the assumption that the pixel-based classification map respects the high
spatial frequency areas, and the target geometry. Indeed, a pixel-based classification map can be
sensitive to noise and to errors in context dependent classes, but it should preserve the corners and
fine elements in the image. On the other hand, context-based classifiers can alter the geometry of
the result. An example of this phenomenon is given later, in the Experimental Section in Figure 14c,
in which many of the sharp corners originally present in the pixel-based classification are smoothed
when using a contextual method. For these reasons, the PBCM is based on corner detection alone, with
the pixel-based classification map used as a reference.

The image itself should not be used to detect the reference corners, because highly textured areas
contain many corners which should not be present in the target classification maps. In other words,
the corners that should be preserved by a contextual classifier are the ones at the intersections of the
different classes, which are not necessarily the same as the corners in the actual image.
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Using successive steps of line detection and corner detection, the objective is to calculate the
percentage of corners in the target classification that are situated near at least one corner in the
pixel-based classification. The notion of proximity is given by a radius parameter, which is taken to be
very small (1 pixel). This gives a quantitative indication of how many corners were displaced or lost,
when using a contextual method.

It is important to note that the metric is intended to be used in a relative manner, in other
words, to compare the geometry of results from various possible choices of spatial support, feature,
or parameters on a given problem. Indeed, the absolute values of the corner matching must not be
interpreted directly, as they depend strongly on the parameters of the corner detection, which should
be calibrated according to the type of imagery, and to the target classes. The absolute values also may
depend on other unknown factors, such as the level of noise in the classification map.

2.1. Corner Detection

Detecting the corners in a classification map can be done by extracting straight line segments in
the map, and by calculating the position and angle of the intersection between pairs of lines. For this,
first of all, the classification map is split into a set binary maps (one binary map for each class). Then,
an unsupervised Line Segment Detector (LSD), based on [29], is applied to the map, generating a set
of segments for each class. In order to find corners on the edges of areas of various classes, all of the
segments of the different classes are merged together. A corner is detected if the angle of the two
segments is within a certain range (30°–120°), and if their extremities are close enough. This is shown
in Figure 2.

  

1. Classified 
image

2. Binary maps per class

3. Line Segment 
Detection for each class

4. Merge segments 
from all classes

5. Corner detection

Figure 2. Corner extraction process. First, the image is split into binary maps for each class. Then, the
Line Segment Detector is applied on each binary map. In order to extract corners from various classes,
the segments are all merged together before the corner detection step.
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2.2. Corner Matching

After the corners have been extracted in both the target classification map and the reference
classification map, the ratio of corners that match up in both maps to the number of corners in the
target classification is used as a performance metric. In other words, let Cre f be the set of corners of the
reference image (the pixel-based classification), and Ctest be the set of corners of the classification map
of which geometry is being measured. The set of matching corners is defined in Equation (1), where
dist(x, y) is the standard Euclidean distance, and t is a threshold parameter. This is also illustrated
in Figure 3.

Cmatch = {x ∈ Ctest | ∃y ∈ Cre f , dist(x, y) ≤ t} (1)

  

Reference corners
(pixel based)

Target corners
(contextual)

Matching corners

Figure 3. Corner matching. The corner detection is applied on a pixel-based classification, called the
reference, and on a contextual classification, called the target. The PBCM is the ratio of matched corners
to the number of corners in the target.

From here, the geometric precision metric PBCM can be defined, as is shown in Equation (2).

PBCM =
Card(Cmatch)

Card(Ctest)
(2)

A high ratio means that many of the corners detected in the target are also present in the
pixel-based classification, and reversely, a low ratio means than many of the corners in the pixel-based
classification have been lost. When comparing two pixel-based classifications generated with a different
sampling of training data, and therefore a different Random Forest, an average matching ratio of 51.3%
is measured, see Figure 5. This seemingly low number is due to imperfections in line and corner
detection, which are sensitive to the label noise present in the pixel-based classification.

In order to increase the robustness of the metric, each target classification can be compared to
several pixel-based results, which are generated by classifiers trained on various random samplings
of the training data. This reduces the contribution of noise, in the same manner as a cross-validation
scheme. Then, the average value and standard deviation of the metric can be calculated, in order to
provide an indication of the confidence of the metric, when different sub-samplings of the training
data are used.

The PBCM metric also has its limits, as it only measures the smoothing of corners, and not of
other high spatial resolution features, such as fine elements. Furthermore, it is biased by the corners of
the majority classes, in this case, the two crop classes (summer and winter crops), which account for
the wide majority of corners detected in these maps. The geometry of other classes, such as the urban
classes, which are unfortunately the most challenging to classify, might not be measured in this case.
The metric might also overlook the geometry of minority classes, which do not generate many corners
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in the first place. However, it still can play the role of an indicative metric, as these biases are known
and can be accounted for in the interpretation. Moreover, it would be possible to add weights to the
different corners, according to the classes that form them, and in this way to reduce the biases linked
to class proportions. However, this would be application dependent and is not developed further in
this work.

2.3. Impact of Regularization

To demonstrate the pertinence of the metric, a majority vote filter, also known as regularization
filter, is applied in a sliding window to the result of a pixel-based classification. This common
post-processing step consists in replacing the label of the central pixel of the sliding window by the
most frequent label in the neighborhood. It is known to increase the statistical accuracy by removing
isolated pixels in the final result. This is illustrated in Figure 4. Figure 4a shows the result of a pixel-
based classification, which contains sharp corners, and a certain amount of isolated pixels, that can be
attributed to noise. As Figure 4b demonstrates, this noise is largely reduced by the regularization filter.
However, the corners are slightly smoothed. In Figure 4c, a larger neighborhood of 11 × 11 pixels was
chosen for the regularization filter, which has a heavy smoothing effect on the previously sharp corners.

(a) Pixel-based classification over a test area.
The sharp corners are present at this level of
detail.

(b) Regularization in a 3 × 3 sliding
window. The geometry remains relatively
well respected, although some corners are
slightly smoothed out.

(c) Regularization in a 11 × 11 sliding
window. The smoothing effect is clearly
visible.

Annual Summer Crops
Annual Winter Crops
Orchards
Vineyards
Intensive Grasslands
Natural Grasslands
Water Bodies

Continuous Urban Fabric
Discontinuous Urban Fabric
Industrial or Commercial Units
Road Surfaces
Woody Moorlands
Coniferous Forests
Broad-Leaved Forests

Figure 4. Regularization (majority vote filtering) in increasingly large sliding windows shows the
smoothing of round corners.

The impact of the regularization on the statistical accuracy is shown in Figure 5. In this figure, the
vertical axis shows the difference in Overall Accuracy with respect to the pixel-based classification,
while the horizontal axis represents the PBCM. The labels above the points indicate the size of the
sliding window, in pixels. Clearly, regularizing the classification result using a sliding window has
a positive impact on the classification accuracy metric (Overall Accuracy). This remains true, even
for very large sliding window sizes. In fact, the most accurate performances are achieved for the
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large windows (11 × 11, 13 × 13, 15 × 15), where the geometric deformation is very visible, as is
shown in Figure 4c. Figure 5 also shows that when applying a majority vote filter in a sliding window
neighborhood, like in Figure 4b, the PBCM decreases as the size of the filter increases. Indeed, the
metric reaches 30% for a window of 5 × 5, and passes under 10% for a window of 11 × 11. These
results give a first indication that the corner matching metric is indeed sensitive to a deterioration of
the geometric quality, and allows for an initial quantitative evaluation of this effect. This also shows
that measuring the Overall Accuracy or the Kappa alone is not sufficient to fully evaluate the quality
of a map, and that a specific metric for evaluating the quality of the geometry is indeed necessary.

0.0 0.1 0.2 0.3 0.4 0.5
Geometric precision

0.03
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3x3

5x5

7x7

9x9
11x1113x13

15x15
17x17

19x19

21x21

Sliding Window regularization
Pixel-based classification

Figure 5. Impact of the sliding window majority vote regularization on the Overall Accuracy and
geometric precision (PBCM). Each pixel is assigned the majority label in the sliding window. The size
of the filter, in pixels, is shown next to the points. This kind of regularization increases the statistical
classification scores, however, the image of the result shows that the corners are strongly smoothed out.
This is confirmed by the PBCM metric. The axes of the ellipses show the standard deviation of both the
Overall Accuracy and the PBCM, over the 10 runs with different subsets of training data.

2.4. Calibration of the Metric

Extracting the corners involves several parameters that need to be calibrated to the type of imagery
used. In particular, the Line Segment Detector depends on 7 parameters, which all have a significant
influence on how well the line segments are extracted. The advised parameters given in [29] have
been selected for computer vision problems, and do not always provide coherent results when applied
on binary maps at a 10 m resolution. Indeed, at such a resolution, each desired segment is made
up of a relatively small number of pixels, when compared to computer vision images. Secondly, the
contrast along the lines in binary maps is stronger than in natural images. For this reason, a calibration
step is used before applying the metric. This involves maximizing the average number of matching
corners between pairs of pixel-based classification maps, while minimizing the number of matching
corners between a pixel-based classification map and a regularized classification map. In practice, the
difference between the two is used as a cost function for a grid search optimization over the parameters,
around their default values. Pixel-based results from several samplings of the training data are used to
increase the robustness of the PBCM metric at each step of the calibration. The resulting values of the
calibration are given in Tables 1 and 2.
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Table 1. Calibration parameters of the Line Segment Detector, as presented in [29].

S Σ q τ log(ε) D N Bins

0.8 0.6 2 45° 0 0.7 1024

Table 2. Calibration parameters of the corner extraction and corner matching. The angle interval and
extremity distance threshold define how a corner is extracted from two segments. The angle formed by
the segments must be within the interval and the extremities must be at a distance smaller than the
threshold. The matching threshold determines how much tolerance is taken when matching corners
from two different classification maps.

Angle Interval Extremity Distance Threshold Matching Threshold

60°–120° 10 m (1 px) 10 m (1 px)

3. Spatial Supports

This section provides the precise definition of the three spatial supports studied in [27] and in
this paper, as well as various other works that have used them, and a brief discussion on a few of the
advantages and disadvantages of each one. Figure 6 shows an illustration of the three different spatial
support shapes, over an agricultural area and over a textured urban area.

  

Pixel

Sliding window

Object

Superpixel

Figure 6. Illustration of the three neighborhood shapes: Sliding windows, Objects, and Superpixels
over two areas with different contextual characterizations.
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3.1. Sliding Windows

Many popular contextual features are based on the use of one or more sliding windows as spatial
supports. These features can be basic local image statistics such as mean and variance that are evaluated
in this study, and defined in Section 4. More complex descriptors such as the aforementioned Haralick
texture features [6], wavelet based textures [24], or Gaussian Pyramid features [30] are also commonly
used [7,8]. However, the descriptors cited above generate a very large number of features, making them
difficult to use on multi-spectral time series. Indeed, classification in very high dimensional spaces
is known to present certain difficulties. This phenomenon, the so called “curse of dimensionality”,
can be linked to the sparsity of training data points in very high dimensional spaces [31]. The training
points are insufficient to properly model the high dimensional probability density distribution of the
classes, which leads to a poor classification. In addition, a very large number of features implies heavy
memory and computational requirements, which are already high due to the size of multi-spectral
time series.

Contextual information can also be included in a sliding window spatial support via Markov
Random Fields [32–35] or Conditional Random Fields [36]. Here, the objective is to extract a model of
the probabilities of the various pixel combinations, which allows for local dependencies, particularly
textures, to be taken into account. However, these methods make strong assumptions on the probability
density functions, which are difficult to extend to very high dimensional spaces. Random Fields are
also difficult to scale, as a global energy function must be recalculated on the entire image at each
iteration, at least with the most common solvers.

Finally, the most popular approach nowadays is the use of Convolutional Neural Networks.
Originally designed for classifying small patches of images, these have been extended for the dense
classification problems such as land cover. In [12,14,16], the authors note a deterioration in high spatial
frequency areas, such as rounding, or the smoothing of small image elements, which might be linked
to the absence of dense training data.

The general downside of using a sliding window as spatial support is that it has a tendency to
smooth out sharp corners and to erase fine elements in the image, as its shape is not adaptive to the
content of the image. Pixels belonging to sharp corners or fine elements are mainly surrounded by
pixels from very different classes. For example, a pixel belonging to sharp corner, like the pixel in
the corner of the field in Figure 6, is partially surrounded by elements belonging to a different class.
As these pixels are all included in the spatial support, their contribution to the contextual information
may overshadow the contribution from the target class, which might lead to a misclassification. Sharp
corners and fine elements do not contain many pixels, but they are in fact very important, as they
define the fine details of the geometry of the classification map, which provides a visually accurate
result for the end user. Another way of understanding this smoothing phenomenon is to consider the
spatial frequencies present in the image. Sharp corners and fine elements are linked to the high spatial
frequencies of the image, and may therefore be sensitive to low-pass filtering, for instance, by using a
sliding window with an averaging feature.

3.2. Object Based Methods

Due to the smoothing of high spatial frequency areas, other methods attempt to define a spatial
support that is adaptive to the strong gradients in the image. The underlying objective is to preserve
the geometry of the objects in the image, by considering that a spatial support should be formed by
pixels that are not only nearby in the image, but also similar in terms of features.

This is the base of a popular paradigm for including contextual information: Object Based
Image Analysis (OBIA) [17], which has several practical applications in remote sensing classification
problems. This method makes use of image segmentation, which is the process of splitting an image
in non-overlapping regions, called segments, that attempt to optimize feature homogeneity and
sometimes a shape criterion. In the remainder of this paper, segments from a segmentation method
like the ones commonly used in OBIA, such as Mean Shift [37] and Region Merging [38], are referred to
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as object segments, object neighborhoods, or objects, in reference to Object Based Image Analysis, and
in contrast with superpixel segments that are defined in Section 3.3. In most OBIA approaches, object
segments serve as spatial supports for calculating contextual features. If a hierarchy of segmentations
is used, such methods can also include information from several scales, as is done in [23]. Furthermore,
most OBIA methods make use of the spatial characteristics of the segments, i.e., their shape, size,
perimeter, and other such descriptors. These features add a level of spatial information that can help
in describing the context. This is shown to have a positive impact on the classification accuracy on
various remote sensing problems [18,19].

However, such methods may have difficulty in characterizing highly textured areas, due to
over-segmentation. Indeed, the most common image segmentation algorithms generate segments that
adhere to the strong gradients in the image, but do not necessarily include diverse pixels, as the primary
objective of these methods is feature homogeneity in the segments. An illustration of a Mean Shift
segmentation on a Sentinel-2 image, given in Figure 7b, and the illustration of various spatial support
shapes, Figure 6 show that in urban areas, object segmentation methods often isolate individual houses,
streets and gardens, rather than groups of buildings, due to the strong local gradients in these areas.
However, the relevant contextual information is not contained in these segments because it is the
spatial arrangement of the streets, houses and gardens that truly characterizes the urban density.
Generally speaking, it is the diversity of pixels and their spatial arrangement that provide a meaningful
characterization of the context.

It is worth noting that all of the spectral bands and dates are used to obtain this segmentation.
Segmentation on such large images can be difficult, but it is made possible with a tile-based scaling
method [39].

In fact, there is usually a trade-off to be made between the adaptability of a spatial support and
its ability to include diverse pixels. Sliding windows can be placed at one end of the spectrum, as they
allow the inclusion of diverse pixels but are not at all adaptive to strong gradients in the image. On the
other end are segments from an object segmentation method, which are very adaptive, but do not
allow the inclusion of diverse pixels.

3.3. Superpixel Support

There is another type of segmentation, known as superpixel segmentation, which aims to extract
spectrally homogeneous regions, but that includes another constraint: the segments should all have
similar sizes, and should be equally distributed throughout the image [20]. These objectives are
attained through the addition of strong size and compactness constraints to the segments during the
optimization process. This implies that the average size of the superpixels can be simply controlled,
as it is an entry parameter to the algorithm. Superpixels can be seen as an intermediate representation
between sliding windows and object segments, because they are adaptive to strong gradients, but
include a variety of different pixels in highly textured areas, due to the size constraints. Another
interesting property is that when using superpixels, all of the segments have a similar size, which
means that the contextual features at each scale are comparable to each other, in terms of the extent of
the scale that they have considered. Feature comparability is a desirable property for classification.

The algorithm used in this study is an extension to the Simple Linear Iterative Clustering
(SLIC) [20]. It uses a tile-based memory management scheme in order to apply the algorithm to
images of any size, while guaranteeing an identical segmentation quality [40]. SLIC was chosen
among other superpixel algorithms, because of the execution speed of the algorithm, even in very
large dimensional spaces, which is necessary in order to deal with the volume of multi-spectral time
series data. Figure 7a shows an extract of a SLIC segmentation applied to a 11,000 × 11,000 Sentinel-2
image time series, containing 33 images with 10 spectral bands each, covering the entire year of 2016.
Cloud detection and gap-filling are applied to the image stack, as is done in [5]. The segmentation
was applied on all 33 dates, but the background image shown in Figure 7 shows the RGB bands of
the first date. The natural boundaries between objects are relatively well respected, and the segments
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are indeed all compact and similar in size. Figure 7b also shows a mean shift segmentation of the
same area, with a spatial radius of 6, and a spectral radius of 500. While the fields are no longer
over-segmented, the segments in the urban area are very small and do not include spectrally diverse
pixels. This shows that object-based methods have difficulty segmenting out semantically relevant
objects in textured areas.

(a) SLIC superpixels. In the textured area, superpixels
group together diverse pixels, and are therefore able to
describe the density of the urban cover.

(b) Mean-Shift segmentation. The urban fabric in the
center is prone to over-segmentation, due to the high
spectral variability in the area. These small segments
are unable to correctly describe the context.

Figure 7. Different segmentations of a Sentinel-2 image time series, on a discontinuous urban fabric.
Background: RGB bands of the first date.

4. Choice of Features

In this study, three types of contextual features are used, in order to show the impact of the shape
of the spatial support in various situations. Figure 8 shows the RGB bands of two of the 33 dates of
the Sentinel-2 time series over a selected area, for comparison with the contextual features given in
Figures 9 and 10.

(a) Winter date. (b) Summer date.
Figure 8. RGB bands of two of the 33 dates of the Sentinel-2 time series, zoomed on a 1000 × 900 area.
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(a) Mean in a sliding window of 11 × 11. (b) Variance in a sliding window of 11× 11.

(c) Mean feature in a Mean Shift object. (d) Variance feature in a Mean Shift object.

(e) Mean feature in superpixel, average size of 100 pixels. (f) Variance feature in a superpixel, average size of
100 pixels.

Figure 9. Example images of the mean and variance features on the RGB bands of the first date,
calculated in the three spatial support types.
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(a) Magnitude of the gradient in a 3 × 3 window. (b) Edge density in a sliding window of 11 × 11.

(c) Edge density in a Mean Shift object. (d) Edge density in a superpixel, average size of
100 pixels.

Figure 10. Illustration of the edge density feature in the three spatial support types.

4.1. Local Statistics

The first features that are considered are the sample mean and variance, calculated in the spatial
support. Consider that each spatial support, which can be a sliding window, superpixel, or object,
contains Nk pixels, where k serves as an index for the spatial support. Nk is constant for sliding
windows, but can vary for superpixels or objects. Each pixel also contains D features, which in our
case represent the spectral reflectances at different dates. Defining each pixel as pd

n, with n ∈ [1...Nk]

and d ∈ [1...D], the mean Md
k and variance Vd

k of a spatial support k can be written as in Equations (3)
and (4). These features were chosen because of their simplicity, but also because they can represent
some aspects of a context, such as typical behavior in the spatial support, as well as the overall pixel
heterogeneity. Illustrations of these two features on the RGB bands of the first date of the time series
are given in Figure 9.

Md
k =

Nk
∑

n=1
pd

n

Nk
(3)

Vd
k =

Nk
∑

n=1
(Md

k − pd
n)

2

Nk − 1
(4)
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4.2. Edge Density

The second feature that was considered in this study is the edge density, as developed in [41]. It is
calculated as the average magnitude of the 3 × 3 gradient in a given neighborhood. For multi-variate
data, the edge density is calculated separately for each band, providing a number of edge density
features equal to the original number of features in the image. It provides a structured measurement
of the local variations, giving an indication on the roughness of the surface texture, averaged over
all directions. The 3 × 3 gradient is shown in Figure 10a, and then Figures 10b–d respectively give
an illustration of the edge density, i.e., the average of the magnitude, calculated in a sliding window,
a superpixel, and a Mean Shift object, on the RGB bands of the first date of the time series. The
superpixel and object supports seem to provide a feature with relevant values, even near object edges.
In the experiments, the edge densities are calculated on each band and at every date of the time series,
and are all used as features.

4.3. Shape Features

One of the advantages of OBIA is being able to exploit the shape of the segments given by the
segmentation [17]. One very common way of doing so is to include features such as the compactness,
area, or the squareness. An more exhaustive list of possible shape features is given in [42]. In this study,
two simple shape features were selected. The perimeter-based compactness, defined in Equation (5),
describes how close the perimeter to area ratio is to that of a circle. In the formula, a and p respectively
designate the area and the perimeter. The area and the perimeter themselves are also used as features.
These three features provide information on whether or not the segment has a compact shape, and
its overall size. This feature seems more pertinent for object supports than for superpixel supports,
because the latter are similarly sized, and have a relatively compact shape. Nevertheless, these features
are used even when the support is a superpixel, in order to use a maximum of information for the
classification, and to provide a fair comparison between object and superpixel methods.

Cp = 4π
a
p2 (5)

5. Experimental Setup

For the evaluation, the benchmark problem is the 17-class land cover mapping of Sentinel-2 time
series, as described in [5]. The data set is comprised of 33 dates of 10 band optical images at a 10 m
spatial resolution. A total of 7 different tiles of 110 × 110 km covering a variety of landscapes across
France were chosen for the evaluation. The different tiles and their geographic layout is shown in
Figure 11, and the number of training samples taken for each tile is shown in Table 3. Each tile contains
quite different class proportions. Most illustrations and detailed analysis are based on the tile T31TCJ,
which contains the city of Toulouse. Figures 12 and 13 respectively show the RGB bands of the first
date of the time series, over this area, as well as the reference data used for the training and validation
of these experiments. Results for all 8 tiles in Section 6. The classifier used for the evaluation is a
Random Forest [11] with 100 trees, and a maximal depth of 25.
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Figure 11. Extent and naming convention of the 8 Sentinel-2 tiles used in this study. These tiles cover
a variety of landscapes, with very different climatic conditions, and thematic content. The tile in red
(T31TCJ) is the one used in the detailed experiments of Section 6.1.

Table 3. Number of samples taken for training on the various tiles. The number of samples is the same
for the validation of the results of each tile.

Tile Name T30TYN T30UXV T31TDJ T31TDN T31TGK T31UDS T32ULU
Tile Index 1 2 3 4 5 6 7

Summer crop 15,000 15,000 15,000 15,000 2576 15,000 15,000
Winter crop 9271 15,000 15,000 15,000 14,149 15,000 15,000
Broad-leaved 15,000 15,000 15,000 15,000 15,000 15,000 15,000
Coniferous 15,000 14,575 15,000 15,000 15,000 1541 15,000
Nat. Grasslands 15,000 0 15,000 732 15,000 1377 15,000
Woody Moorlands 15,000 7975 15,000 15,000 15,000 8468 8641
Cont. Urban 3271 14,154 1841 2247 373 15,000 15,000
Disc. Urban 15,000 15,000 15,000 15,000 13,739 15,000 15,000
I.C.U. 14,706 15,000 15,000 15,000 5679 15,000 15,000
Roads 1674 2307 1029 2803 1214 12,900 9203
Beaches, dunes 15,000 406 0 0 15,000 0 0
Bare Rock 0 3811 0 1687 14,315 3778 0
Water 12,511 15,000 15,000 15,000 15,000 15,000 15,000
Glaciers, snow 1978 0 0 0 15,000 0 0
Intensive Grassland 15,000 15,000 15,000 15,000 15,000 15,000 15,000
Orchards 37 2205 2171 809 6122 578 695
Vineyards 89 0 15,000 2784 78 0 3433
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Figure 12. The area chosen for the detailed experiments is 110 × 110 km tile containing the city of
Toulouse in the lower right side of the image (T31TCJ in Figure 11). The image shows RGB bands of
the first date of the Sentinel-2 time series. The red dotted line represents the extent of the region shown
in Figures 9, 10 and 14.



Remote Sens. 2019, 11, 1929 18 of 27

Annual Summer Crops
Annual Winter Crops
Orchards
Vineyards
Intensive Grasslands
Natural Grasslands
Water Bodies

Continuous Urban Fabric
Discontinuous Urban Fabric
Industrial or Commercial Units
Road Surfaces
Woody Moorlands
Coniferous Forests
Broad-Leaved Forests

Figure 13. Reference polygons, later split into training and the validation sets.

This region was chosen among the others as it covers a wide area, including large urban
agglomerations as well as a variety of forests and agricultural lands. Figure 14a shows a small
area of this data set. Three spectral indices, namely the Normalized Differential Vegetation Index
(NDVI), the Normalized Differential Water Index (NDWI) and Brightness, are also calculated from
these images, which gives the full time series a total dimension of 489 features. A detailed description
of the training data is also given in [5]. In the selected region, the nomenclature contains 14 classes,
which range from agricultural classes such as summer or winter crops, to natural covers like forests and
water, as well as artificial surfaces, roads and urban areas, as shown in Figure 14b. For the evaluation,
the reference data is split into training and testing sets, at the polygon level, to avoid correlation
between the two data sets, and to provide measurement of the generalization error, as is recommended
by [43]. Each data set is comprised of 15,000 samples per class, except for the Natural Grasslands class,
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where around 10,000 samples are selected, as there are fewer samples available for this class. The same
number of samples was chosen for the testing sets. The benchmark classification is the pixel-based
Random Forest classification [11], an example the of benchmark result is given in Figure 14b.

(a) RGB bands of the summer date of the Sentinel-2
data set, zoomed on a 1000 × 900 region.

(b) Baseline: Pixel-based classification by Random
Forest. The main sources of errors are noise, and the
lack of context.

(c) Pixel, mean and variance features, in a sliding
window of size 11 × 11, the high spatial frequency
elements are blurred.

(d) Pixel and edge density features, in a sliding window
of size 11 × 11. Some corners are preserved, but some
are rounded.

(e) Pixel, mean and variance features, in a superpixel
of average size 100. Label noise is reduced without
altering the high spatial frequency areas.

(f) Pixel and edge density features, in a superpixel of
average size 100. The Overall Accuracy shows that the
urban area has a finer characterization.

(g) Pixel, mean and variance features, in a Mean
Shift object. Similar to the pixel-based result, due to
over-segmentation.

(h) Pixel and edge density features, in a Mean Shift
object. The urban classes are more precise than with
local statistics.

Figure 14. Results of different combinations of spatial support shapes and feature choice.



Remote Sens. 2019, 11, 1929 20 of 27

The performance of the different methods is evaluated by the following criteria.

1. The standard classification quality metrics: Overall Accuracy, Kappa, and F-scores of classes.
2. PBCM: The quality of the geometric precision of the classification result, based on corner

extraction in the binary classification maps, compared to a pixel-based classification, as explained
in Section 2.

The experiments are run on two sets of features, the mean/variance features, and the edge density
features. In each case, the object shape information is included if it is pertinent to the spatial support,
so for objects and superpixels.

The performance of the baseline classification method, the pixel-based Random Forest classifier is
given in the first column of Table 4, in Section 6.

Table 4. Overall and per-class accuracy (F-score), for the best feature/support combinations on the
tile T31TCJ. In the feature descriptions, P indicates the presence of pixel information, while LS stands
for local statistics, and ED for edge density. The bold numbers indicate the two highest values for
each metric. The PBCM of these cases is also shown. The combination of sliding window, pixel and
edge density provides the best results over most of the urban classes. Superpixels with pixel and edge
density features provide similar values in overall accuracy, but their geometric precision seems to
be inferior.

Spatial Supp. Window Window Superpixel Superpixel Object Object
Feature Pixel P+LS P+ED P+LS P+ED P+LS P+ED
Scale 5 15 5 5

Overall Acc. 73.7% ± 0.21 76.9% ± 0.23 77.4% ± 0.23 75.0% ± 0.25 76.8% ± 0.22 71.3% ± 0.20 74.9% ± 0.13

Kappa 71.7% ± 0.27 75.1% ± 0.24 75.6% ± 0.25 73.1% ± 0.27 75.0% ± 0.24 69.1% ± 0.21 73.0% ± 0.12

Summer crop 0.914 0.902 0.900 0.890 0.891 0.891 0.884
Winter crop 0.909 0.899 0.900 0.897 0.900 0.891 0.888
Broad-leaved 0.831 0.831 0.843 0.812 0.841 0.804 0.837
Coniferous 0.806 0.819 0.841 0.798 0.832 0.792 0.822
Nat. Grass. 0.322 0.350 0.343 0.323 0.340 0.172 0.218
Woody Moor. 0.473 0.481 0.469 0.459 0.474 0.341 0.418
Cont. Urban 0.604 0.687 0.678 0.622 0.663 0.629 0.636
Disc. Urban 0.576 0.658 0.690 0.631 0.671 0.503 0.641
I.C.U. 0.592 0.671 0.690 0.642 0.671 0.599 0.652
Roads 0.838 0.882 0.899 0.856 0.880 0.806 0.857
Water 0.989 0.990 0.989 0.988 0.988 0.989 0.988
Int. Grass. 0.677 0.693 0.696 0.678 0.698 0.676 0.662
Orchards 0.824 0.859 0.857 0.863 0.864 0.841 0.863
Vineyards 0.833 0.868 0.855 0.863 0.864 0.795 0.846

PBCM 51.3% ± 0.96 25.6% ± 1.14 38.26% ± 0.55 34.43% ± 0.4 33.06% ± 0.38 29.6% ± 0.31 35.6% ± 0.46

6. Results

The experimental results are obtained by including contextual features calculated in a spatial
support around the pixel that is being classified. This can be either a sliding window, a superpixel,
or an object. First, a detailed analysis of the results on the tile T31TCJ is provided. This includes the
class scores of the four main candidate methods, as well as graphs showing their Overall Accuracy and
Pixel Based Corner Match. Next, the results on the other tiles are shown, which gives an indication of
the performance of the various methods in different situations, each with unique class proportions and
class behaviour.

6.1. Detailed Results on T31TCJ

Figure 14 shows an extract of the classification maps, generated with different combinations of
spatial support shape and feature choice, on an urban area with a small dense center and its surroundings.
In Figure 15, the different shapes and feature choices are compared according to two criteria:

1. How much overall accuracy they bring to the classification.
2. The geometric precision of the result, compared to a pixel-based classification, using the PBCM

methodology described in Section 2.
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(a) Local statistics features. Without the pixel
information, both the increment in classification
accuracy and geometric precision of the result
are poor.
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(b) Edge density features. The edge density
alone is not sufficient to generate a result with
a high improvement in classification accuracy
and geometric precision, no matter which spatial
support is chosen.
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(c) Pixel and local statistics features. The 5 × 5
superpixel offers the most interesting trade-off
between both of the criteria. The sliding window
seems sensitive to geometric deterioration with this
feature choice.
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(d) Pixel and edge density features. Here, the
15 × 15 sliding window provides the strongest
results, both in terms of geometric precision and of
overall accuracy.

Figure 15. Differences in overall classification accuracy compared to the pixel-based classifiers, plotted
against the PBCM, for the different combinations of features and spatial supports. Whenever relevant,
the shape features were included.

The horizontal axis shows the difference between the Overall Accuracy of the contextual method
and of the pixel-based method, which is also given in the second column of Table 4. The vertical axis
represents the ratio of matching corners between the pixel-based classification and the contextual
classification. To obtain a reference value for the pixel-based classification, the PBCM metric was
calculated on pixel-based results that were generated using different sub-samples of the training set.
The labels above the points represent the scale factor, which is the diameter of the window for a sliding
window, expressed in pixels, or the square root of the average size for a superpixel.

Finally Table 4 shows the detailed per-class results for different combinations of features and
spatial supports. This table shows that strong improvements are made for textured classes: the four
urban classes, as well as orchards and vineyards. Only the crop classes seem to suffer from the
inclusion of context, as these features are mainly irrelevant for them. However, their recognition rate
remains very high.
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6.1.1. Sliding Window

Figure 14c,d show the result of the classification when including respectively local statistics, and
edge density features, in a sliding window neighborhood of size 11 × 11. Visually, it appears that the
amount of noise is reduced, compared to the pixel-based classification result. However, in the case of
the local statistics features, some of the corners seem quite rounded, and fine elements like the river
are deformed, and at some places even lost. Using a structured texture feature like edge density, this
effect is largely reduced. On the other hand, round-shaped artifacts appear in the urban area, due
to the isotropic nature of the square neighborhood. Figure 15 confirms several of these conclusions.
In particular, Figure 15c shows that the sliding window neighborhoods can provide an increase in
classification accuracy, but at the cost of a deterioration of the geometric precision. Surprisingly, when
the window size is very large (30 × 30), the geometric precision increases. To understand this it is
necessary to analyze the Random Forest variable importance, as defined in [11]. It appears that when
the window size is too large, the contextual information is mostly discarded by the classifier. This
explains why when increasing the window size, the geometric precision increases, but the statistical
accuracy decreases, because the classification gets closer to the pixel-based prediction. Furthermore,
Figure 15a,b show that both the classification accuracy and geometric precision of the sliding window
neighborhood result are quite low when the pixel information is not included. Finally, Figure 15d
shows that using edge density features in combination with pixel features provides the best results,
both in terms of classification accuracy and geometry.

6.1.2. Mean Shift Object

The result using features calculated in a object from a Mean Shift segmentation is shown in
Figure 14g. The high-frequency elements are conserved, but the noise smoothing effect in the urban
area is clearly less present than when using superpixels. This is due to the fact that segmentation
methods like Mean Shift create very small segments in urban areas, because of the high spectral
variability. Calculating contextual features in objects does therefore not bring much information
when compared to pixel-based classification. This is confirmed by Figure 15a,d, as the increment in
classification accuracy is quite limited, regardless of the feature choice.

6.1.3. Superpixel

When using superpixel features with an initial segment size of 11 × 11, Figure 14e,f the noise
seems filtered out and the high spatial frequency elements remain in the final result. The class edges in
the urban areas have the tendency to follow the superpixel edges, which adhere to strong gradients
in the image. Figure 15 shows that when using a superpixel as a spatial support, the pixel-based
information once again has a positive effect, increasing both the classification accuracy and geometric
precision. Furthermore, with the local statistics features, Figure 15a,c, superpixels offer the best
trade-off between the two evaluation criteria, although the optimal superpixel size is 5 × 5, which
shows that this choice of feature and support is only relevant at smaller scales, for capturing a local
context. When using the edge density and pixel information, the increase in overall accuracy is positive,
and the PBCM is decent, but they remain slightly lower than when using sliding windows.

6.2. Results on Other Tiles

Figure 16 shows the Overall Accuracy and geometric precision scores for the 7 tiles present in
the evaluation data set. Each point represents the performance on one tile. The scores show some
variability, due to the unique class proportions of each tile. Tiles 1 and 5 (T30TYN and T30TGK) show
a far lower absolute PBCM than the other tiles, no matter which method is considered. This is linked
to the low number of crop classes in these tiles, which cover mountainous areas, respectively, the Alps
and the Pyrenees. However, the absolute value of the geometric precision metric is not very important,
as it is meant to be used as a relative metric to compare different methods. The ellipses in Figure 16
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show the mean and standard deviation of the scores, over all 7 tiles. The center of the ellipse is placed
on the mean value, while the length of the semi-minor and semi-major axes are equal to the standard
deviation of the two scores.
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Figure 16. Overall Accuracy plotted against geometric precision for the tiles numbered 1–7 in the
experimental data set (see Table 3 for the equivalent tile names). P indicates the presence of pixel
information, LS stands for local statistics, and ED for edge density. The centers of the ellipses,
symbolized by crosses, are placed on the coordinates of the average score over the 7 tiles. The size of
the ellipses represents the standard deviation.

The graph shows that the edge density feature systematically gives a higher geometric precision,
for both superpixels and sliding windows, relative to the local statistic features. While this result may
seem intuitive, the PBCM metric provides quantitative evidence to this conclusion. This might be due
to the fact that the edge density is a structured feature, which takes into account local variations, and
not only the overall behavior in the spatial support.

It is interesting to note that the relative values of the scores for a given method are relatively
similar from one tile to another. This shows that the relative geometric precision metric is quite robust
to diversity in tile content, in other words, it provides a reliable indication of the geometric degradation
of a contextual classification method.

In terms of Overall Accuracy, the sliding window seems to provide the highest performance,
especially in combination with the edge density feature. However, the difference with the superpixel
spatial support is not that large, and the superpixel support seems to provide a slightly higher
geometric precision.

The results show that the choice of spatial support and the choice of features cannot be made
independently. Indeed, in the case of the local statistics features (mean and variance), the sliding
windows have a strong tendency to deteriorate the geometry of the output map, particularly by
smoothing out sharp corners and erasing fine elements. This phenomenon could be linked to the
fact that the local statistics features are “unstructured”, meaning that they do not depend on the
arrangement of pixels in the spatial support, and are therefore akin to a low-pass filter. It is interesting
to note that these features are best combined with a superpixel support, which provides a modest
improvement in classification accuracy, while maintaining a higher level of geometric precision.
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It is possible that the averaging nature of unstructured features implies that they run the risk of
smoothing the output geometry, and therefore should be applied in combination with an image
segmentation technique.

However, when using the edge density feature, the conclusion is quite different. Sliding windows
provide the highest classification improvement, while generating a geometrically precise map, at least
in the corners of the majority crop classes. Meanwhile, with these same features, superpixels seem to
capture less valuable contextual information than sliding windows, although they also preserve the
geometry, and do improve the context-dependent classes. This could be explained by the “structured”
aspect of the edge density feature, which is based on the average of a local gradient, and therefore
depends on the spatial arrangement of the pixels in the context, making corners and fine elements
easier to characterize. This feature being more similar to a high-pass filter, is therefore adapted for use
with a sliding window.

Finally, these experiments show that the presence of pixel information is key for providing maps
with both a higher classification accuracy and a sharp geometry, especially when an unstructured
feature like the edge density is used. Purely object-based methods like OBIA, whether they be used
with superpixels or object segments from Mean Shift, provide inferior results on this problem.

7. Conclusions

In this paper, the Pixel Based Corner Match (PBCM), a new metric for measuring the geometric
precision of a context-based classification map, in the absence of dense validation data, is presented.
This metric uses the output of a pixel-based classification map to simulate dense validation data, under
the assumption that the corners formed by the edges between different classes are relatively well
respected by the pixel-based classifier. By matching these corners with the corners in the contextual
classification map, the degradation of these high spatial frequency elements can be quantified.
Experiments using regularization (majority vote in a sliding window) show that this metric provides a
quantitative indication of the amount of smoothing and loss of corners that occurs when using such
a post-processing step. Indeed, when increasing the size of the regularization window, the metric
decreases significantly. However, it is important to keep in mind that this metric is far from perfect, as
it only measures the degradation of corners, and not of fine elements. Secondly, it is strongly biased by
the classes that contain the most corners, in this study, the summer and winter crops.

The PBCM metric is used to demonstrate the ability of three different spatial supports (superpixel,
sliding window, and object) to improve class recognition at a 10m spatial resolution, while maintaining
a precise geometry. This experimental study serves as a demonstration of how the metric can guide
the choice of spatial support and features to use. Two types of contextual features, the second order
local statistics (mean and variance), and the density of edges are also compared, to understand how
the choice of spatial support and contextual feature can be linked.

For this land cover mapping problem, the most viable solution (in terms of both statistical and
geometrical accuracy) among those evaluated here seems to be the combination of pixel features with
the edge density, calculated in a sliding window. On the other hand, superpixels provide results with
a high geometric accuracy, but seem to provide a less pertinent characterization of the context than
sliding windows, in this case.

In conclusion, this paper shows that the geometric precision of a classification map can be
evaluated efficiently over wide areas without dense reference data. This metric is meant to be used in
a multi-criteria evaluation of various contextual classification methods.

Further studies could investigate the use of a dense reference data on a small area to locally
validate the metric, by comparing it to other well known dense geometrical degradation indicators,
such as Hoover metrics, and category specific metrics like the ones used in [23,24]. Further
improvements could also include the detection of fine elements, in order to measure the degradation
in such areas. It would be equally interesting to intersect the validation data with a buffer around
each corner detected on a pixel-based classification result, to provide a class-specific metric of the
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deterioration in the corner areas. Moreover, it could be interesting to incorporate weights to the
different corners, according to the classes that form them. For instance, the weights might be inversely
proportional to the class frequencies, to balance the contribution of the different classes to the metric,
in case of very unbalanced class proportions.

The source code of the PBCM metric uses Orfeo ToolBox, and is freely accessible [44].
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