
Classification with an edge: Improving semantic image segmentation
with boundary detection

D. Marmanis a,c,⇑, K. Schindler b, J.D. Wegner b, S. Galliani b, M. Datcu a, U. Stilla c

aDLR-IMF Department, German Aerospace Center, Oberpfaffenhofen, Germany
b Photogrammetry and Remote Sensing, ETH Zurich, Switzerland
cPhotogrammetry and Remote Sensing, TU München, Germany

a r t i c l e i n f o

Article history:
Received 30 November 2016
Received in revised form 7 November 2017
Accepted 9 November 2017

a b s t r a c t

We present an end-to-end trainable deep convolutional neural network (DCNN) for semantic segmenta-
tion with built-in awareness of semantically meaningful boundaries. Semantic segmentation is a funda-
mental remote sensing task, and most state-of-the-art methods rely on DCNNs as their workhorse. A
major reason for their success is that deep networks learn to accumulate contextual information over
very large receptive fields. However, this success comes at a cost, since the associated loss of effective
spatial resolution washes out high-frequency details and leads to blurry object boundaries. Here, we pro-
pose to counter this effect by combining semantic segmentation with semantically informed edge detec-
tion, thus making class boundaries explicit in the model. First, we construct a comparatively simple,
memory-efficient model by adding boundary detection to the SEGNET encoder-decoder architecture.
Second, we also include boundary detection in FCN-type models and set up a high-end classifier ensemble.
We show that boundary detection significantly improves semantic segmentation with CNNs in an end-to-
end training scheme. Our best model achieves >90% overall accuracy on the ISPRS Vaihingen benchmark.
� 2017 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.

1. Introduction

Semantic image segmentation (a.k.a. landcover classification) is
the process of turning an input image into a raster map, by assign-
ing every pixel to an object class from a predefined class nomencla-
ture. Automatic semantic segmentation has been a fundamental
problem of remote sensing data analysis for many years (Fu
et al., 1969; Richards, 2013). In recent years there has been a grow-
ing interest to perform semantic segmentation also in urban areas,
using conventional aerial images or even image data recorded from
low-flying drones. Images at such high resolution (GSD 5–30 cm)
have quite different properties. Intricate spatial details emerge like
for instance road markings, roof tiles or individual branches of
trees, which increase the spectral variability within an object class.
On the other hand, the spectral resolution of sensors is limited to
three or four broad bands so spectral material signatures are less
distinctive. Hence, a large portion of the semantic information is

encoded in the image texture rather than the individual pixel
intensities, and much effort has gone into extracting features from
the raw images that make the class information explicit (e.g.
Franklin and McDermid, 1993; Barnsley and Barr, 1996; Dalla
Mura et al., 2010; Tokarczyk et al., 2015).

At present the state-of-the-art tool for semantic image segmen-
tation, in remote sensing as well as other fields of image analysis,
are deep convolutional neural networks (DCNNs).1 For semantic
segmentation one uses so-called fully convolutional networks (FCNs),
which output the class likelihoods for an entire image at once. FCNs
have become a standard tool that is readily available in neural net-
work software.

Why are DCNNs so successful (if given sufficient training data
and computing resources)? Much has been said about their ability
to learn the complete mapping from raw images to class labels
(‘‘end-to-end learning”), thus making heuristic feature design
obsolete. Another strength is maybe even more important for their
excellent performance: deep networks capture a lot of context in a
tractable manner. Each convolution layer combines information
from nearby pixels, and each pooling layer enlarges the footprint
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of subsequent convolutions in the input image. Together, this
means that the output at a given pixel is influenced by a large spa-
tial neighborhood. When the task is pixel-wise semantic segmen-
tation,2 their unparalleled ability to represent context however
comes at a price. There is a trade-off between strong downsampling,
which allows the network to see a large context, but loses high-
frequency detail; and accurate localization of the object boundaries,
which requires just that local detail. We note that in generic com-
puter vision with close-range images that effect is much less critical.
In a typical photo, say a portrait or a street scene, there are few, big
individual objects and only few object boundaries, whose precise
location moreover is only defined up to a few pixels. In some cases
segmentation is even defined as finding the boundaries between
very few (say, <5) dominant regions (Russell et al., 2009) that make
up the image. On the contrary, for our remote sensing task we expect
at least tens to hundreds of small segments, such as individual cars,
trees, etc.

There has been some research that tries to mitigate the blurring
of boundaries due to down-sampling and subsequent up-sampling,
either by using the a-trous convolution (dilated convolution) (Yu
and Koltun, 2016; L. Chen et al., 2016; Sherrah, 2016) or by adding
skip connections from early to deep layers of the network, so as to
reintroduce the high-frequency detail after upsampling
(Dosovitskiy et al., 2015; Badrinarayanan et al., 2017; Marmanis
et al., 2016). Still, we find that when applied to remote sensing data
with many small objects, FCNs tend to blur object boundaries and
visually degrade the result (see Fig.1).

In this paper, we propose to explicitly represent class-
boundaries in the form of pixel-wise contour likelihoods, and to
include them in the segmentation process. By class-boundaries
we mean the boundaries between regions that have different
semantic class, i.e., we aim for a ‘‘semantic edge-detection”. Our
hypothesis is that if those boundaries, which by definition corre-
spond to the location of the label transitions, are made available
to the network, then it should learn to align the segmentation to
them.

Importantly, recent work, in particular the holistically nested
edge detection (HED Xie and Tu, 2015; Kokkinos, 2016) has shown
that edge detection can also be formulated as a FCN, reaching excel-
lent results. We can therefore merge the two tasks into a single
network, train them together and exploit synergies between them.
The result is an end-to-end trainable model for semantic segmen-
tation with a built-in awareness of semantically meaningful
boundaries. We show experimentally that explicitly taking into
account class boundaries significantly improves labeling accuracy,
for our datasets up to 6%.

Overall, our boundary-aware ensemble segmentation network
reaches state-of-the-art accuracy on the ISPRS semantic labeling
benchmark. In particular, we find that adding boundary detection
consistently improves the segmentation of man-made object
classes with well-defined boundaries. On the contrary, we do not
observe an improvement for vegetation classes, which have intrin-
sically fuzzy boundaries at our target resolution. Moreover, our
experiments suggest that integrated boundary detection is benefi-
cial both for light encoder/decoder architectures with compara-
tively few parameters like SEGNET, and for high-performance
networks with fully connected layers, such as the VGG family, which
are much heavier to train in terms of memory usage and computa-
tion time.

Our tests also confirm, perhaps unsurprisingly, that DCNNs per-
form optimally when merged into ensemble models. Combining
multiple semantic segmentation networks seems beneficial to
reduce the bias of individual models, both when using the same

architecture with different initializations, and when using different
model architectures with identical initializations.

In terms of practical relevance, a main message of this paper is
that, with DCNNs, semantic segmentation is practically usable also
for very high resolution urban remote sensing. It is typically
thought that object extraction algorithms are good enough for
(possibly semi-automatic) applications when their predictions
are at least 80% correct (Mayer et al., 2006). In our experiments,
the F1-score (harmonic mean between precision and recall) sur-
passes this threshold for all object classes, including small ones like
cars. Frequent, well-defined man-made classes reach well above
90%.

2. Related work

Semantic segmentation has been a core topic of computer
vision as well as remote sensing for many years. A full review is
beyond the scope of this paper, we refer the reader to textbooks
such as (Szeliski, 2010; Richards, 2013). Here, we concentrate on
methods that employ neural networks.

Even in the early phase of the CNN revival, semantic segmenta-
tion was tackled by Grangier et al. (2009). The study investigates
progressively deeper CNNs for predicting pixel labels from a local
neighborhood, and already shows very promising results, albeit
at coarse spatial resolution. Socher et al. (2012) start their semantic
segmentation pipeline with a single convolution and pooling layer.
On top of that ‘‘feature extractor” they stack recursive neural net-
works (RNN), which are employed on local blocks of the previous
layer in a rather convolutional manner. The RNNs have random
weights, there is no end-to-end training. Notably, that work uses
RGB-D images as input and processes depth in a separate stream,
as we do in the present work. Related to this is the approach of
Pinheiro and Collobert (2014), who use ‘‘recurrent CNNs”, meaning
that they stack multiple shallow networks with tied convolution
weights on top of each other, at each level using the predicted label
maps from the previous level and an appropriately down-scaled
version of the raw image as input. Farabet et al. (2013) train CNNs
with 3 convolutional layers and a fully connected layer for seman-
tic segmentation, then post-process the results with a CRF or by
averaging over super-pixels to obtain a smooth segmentation. Like
in our work, that paper generates an image pyramid and processes
each scale separately with the CNN, but in contrast to our work the
filter weights are tied across scales. An important milestone was
the fully convolutional network (FCN) of Long et al. (2015). In that
work it was shown that the final, fully connected layers of the net-
work can be seen as a large stack of convolutions, which makes it
possible to compute spatially explicit label maps efficiently. An fur-
ther important work in this context is the Holistically- Nested Edge
Detection (HED) of Xie and Tu (2015), who showed that an FCN

trained to output edge maps instead of class labels is also an excel-
lent edge detector. Their network was initialized with the VGG

object detection network, so arguably the edge detection is sup-
ported by the semantic information captured in that network. Vari-
ants of HED have been explored by other authors, Kokkinos (2016)
confirming that CNNs are at present also the state of the art for
edge detection.

To undo the loss of spatial resolution due to the pooling layers
of FCN, Noh et al. (2015) propose to add an unpooling and upsam-
pling (‘‘deconvolution”) network (Zeiler and Fergus, 2014) on top
of it. The result is a sort of encoder-decoder structure that upsam-
ples the segmentation map back to the resolution of the input
image. Yang et al. (2016) employ a similar strategy for the opposite
purpose: their primary goal is not semantic labeling but rather a
‘‘semantically informed” edge detection which accentuates edges
that lie on object contours. Also related is the work of Bertasius2 As opposed to, e.g., object recognition or speech recognition.
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