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The 6th biennial conference on object-based image analysis—GEOBIA 2016—took place in
September 2016 at the University of Twente in Enschede, The Netherlands (see
www.geobia2016.com). In terms of the scope and direction, the meeting departed from earlier
editions in the conference series that had established a customary dual focus on studies dealing with
technical aspects of image segmentation and object-based classification, shored up with application
papers. It had become increasingly clear that in particular technical developments in object-based
image analysis proceeded largely independently from similar work in other domains. While GEOBIA
research has a distinct spatial focus, the technical and methodological questions share significant
commonalities not only with work in computer vision, signal processing, and semantic image
analysis, but also the medical imaging field. For that reason, one theme of the conference was
synergies, reflecting the aim to attract researchers from beyond the traditional core community. The
invitation was particularly directed towards colleagues working in computer vision and machine
learning, and the event was also linked to the then ongoing ISPRS 2D semantic labeling benchmark
[1]. The main reason for this association was the growing need to depart from highly tailored
GEOBIA solutions with limited transferability, towards more generic and robust approaches that also
facilitate easier operationalization. This aim illustrates the second theme, solutions. GEOBIA 2016
coincided with a number of exciting relevant developments in the wider geoinformatics arena, with
new fields emerging or maturing, such as deep learning, semantic image analysis, cloud-based
processing of big data, and development of open-source solutions. All of these themes were mirrored
in the very diverse set of 115 papers presented at the conference.
Following the meeting, this Special Issue was launched, and 12 articles were selected for
publication. These papers provide a cross-section of the state-of-the art of GEOBIA research and
reflect the diversity of work the conference aimed to present. Concerning the solutions theme, 5
papers showed significant developments towards better operationalization. A more standardized
sampling and response design and more objective validation of OBIA-based maps were proposed by
[2]. The problem of sample selection was also addressed in [3], via template libraries derived from
different image types and dates, as well as settings, again aiming at a more robust and transferable
analysis. This allows for easier automated topographic map updating, also addressed in [4]. The
development of OBIA-based solutions that are available to a wide range of stakeholders is best
supported by free and open-source (FOSS) tools. One such solution is the use of Docker images as
developed in [5]. For the common problem of urban area classification, [6] showcased a Python-based
semi-automatic procedure, implemented as GRASS add-on. The focus on urban area complexities
was supported by the ISPRS benchmark datasets that were used in the studies of [4] and [7]. The data
were also used in [8], employing deep learning with a convolutional neural network (CNN) and
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semantic analysis to guide an adaptive image segmentation, finally also demonstrating transfer
learning between different benchmark locations. Semantic classification was also performed in [9],
here applied to three-dimensional (3D) point cloud data that are increasingly subjected to OBIA
processing (e.g., [10–13]). Transferability of OBIA methods is also furthered though semantic
classification with ontologies, as shown in [14], where basic machine learning was also used. Machine
learning algorithms were also used in [15] to encode topological relationships between objects,
especially helpful when processing images obtained with different sensors. Machine learning can
improve the classification efficiency and facilitate the transfer of solutions. An additional obstacle to
operationalization that has hampered many OBIA studies is the inefficiency of the multi-resolution
segmentation (MRS) conventionally applied. Here, approaches from the signal processing and
pattern recognition community offer solutions. Csillik [16] worked with Simple Linear Iterative
Clustering (SLIC) superpixels that reduced the time required for segmentation with MRS by 96%,
while coupled with random forest analysis achieving comparable accuracy. Superpixels support
effective hierarchical multiscale segmentation and have been found to be useful when used in
probabilistic modeling and adaptive segmentation [17], especially where object scales are highly
variable, such as in complex urbans scenes [18] or damage mapping [19].
GEOBIA 2016 issued a call for interdisciplinary collaboration, and the submitted papers mirror
a conference of corresponding diversity. This leads to the question of whether the event had a more
lasting effect on the core GEOBIA community and the conference series. The 2018 meeting took place
in Montpellier, France, under the theme GEOBIA in a Changing World. At this meeting, some trends
from 2016 were continued, with several papers focusing on deep learning, semantics, and ontologies,
as well as operational handling of big data, embedded in more traditional application work.
GEOBIA is a niche community with limited output and reach. A simple literature analysis shows
that under the core (GE)OBIA label, only 100–150 papers have been published annually since the 2016
conference, in contrast with approximately 4000 segmentation-based works on computer vision or
machine learning, many of which also have a spatial focus. It is thus important that the GEOBIA
community is clear about its identity and future direction. The 2016 conference showed that there is
significant interest in the various spatial data segmentation-focused communities coming together.
For the 2020 GEOBIA conference and beyond, it will be critical to make optimal use of the rapid
technical developments, especially in computer vision and machine learning, to stay relevant.
Continued cross-fertilization, and, in particular, incorporating the rapid advances of CNN for visual
perception, will be necessary.
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