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Abstract: Geographic object-based image analysis (GEOBIA) is a remote sensing image analysis
paradigm that defines and examines image-objects: groups of neighboring pixels that represent
real-world geographic objects. Recent reviews have examined methodological considerations
and highlighted how GEOBIA improves upon the 30+ year pixel-based approach, particularly for
H-resolution imagery. However, the literature also exposes an opportunity to improve guidance on the
application of GEOBIA for novice practitioners. In this paper, we describe the theoretical foundations
of GEOBIA and provide a comprehensive overview of the methodological workflow, including: (i)
software-specific approaches (open-source and commercial); (ii) best practices informed by research;
and (iii) the current status of methodological research. Building on this foundation, we then
review recent research on the convergence of GEOBIA with deep convolutional neural networks,
which we suggest is a new form of GEOBIA. Specifically, we discuss general integrative approaches
and offer recommendations for future research. Overall, this paper describes the past, present,
and anticipated future of GEOBIA in a novice-accessible format, while providing innovation and
depth to experienced practitioners.
Keywords: geographic object-based image analysis; GEOBIA; object-based image analysis; OBIA;
machine learning; deep learning; convolutional neural network; CNN; GEOCNN

1. Introduction
Geographic object-based image analysis (GEOBIA) is an image analysis paradigm [1,2] that is
typically applied to remote sensing images collected by satellites, piloted aircraft, and drones. GEOBIA
is typically used for land-cover/land-use mapping where the image is completely partitioned into
classified polygons (i.e., wall-to-wall coverage), as well as for detecting and delineating discrete
geographic objects of interest such as individual cars, buildings, and trees [3]. Land-cover/land-use and
geographic object mapping with GEOBIA has been demonstrated in agriculture, forestry, urban, and
natural hazards remote sensing contexts and more [4]. GEOBIA generally works by organizing an image
into image-objects (groups of neighboring pixels that represent real-world geographic objects) and
examining those image-objects based on their spectral, textural, geometrical, and contextual features
(i.e., attributes) [5]. These features are then used to classify the image-objects, i.e., label them according
to the geographic object(s) they represent, which can be a land-cover/land-use class (e.g., urban) or
object category (e.g., building, car). The labeled image-objects can then be converted from groups of
image pixels to polygons for analysis in a geographic information system (GIS). Thus, GEOBIA is
regarded as a bridge between raster-based remote sensing and the vector-based GIS domain [1].
GEOBIA has been an active research field since the early 2000s, with a comprehensive 2014 review
paper finding over 600 publications since 2000 [2], while more topic-specific GEOBIA reviews have
found lower numbers. These include: (i) a 2017 review paper on land-cover classification, which found
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173 publications since 2004 [4]; (ii) a 2018 review paper on land-cover classification accuracy assessment
methods, which found 209 publications since 2003 [6]; and (iii) a 2019 review paper on GEOBIA-related
image segmentation, which found 290 publications since 1999 [7].
These GEOBIA review papers have: (i) explained why GEOBIA is a recent paradigm [2]; (ii)
provided a comprehensive survey and comparison of methodological choices [4]; and (iii) focused on
specific methodological aspects [6,7]. However, the literature is missing a current overview of GEOBIA
that integrates: (i) theoretical foundations from the seminal literature; (ii) best practices and the status
of methodological research; as well as (iii) anticipated future directions within a deep learning context.
To address this literature gap, we present an overview of the history and methodology of GEOBIA,
followed by a discussion of its recent and evolving integration with convolutional neural networks
(CNNs). CNNs are deep learning models that have been applied to remote sensing since 2014 [8,9],
and their integration with GEOBIA presents opportunities to improve techniques for segmenting and
classifying image-objects using increasingly available H-resolution Earth observation imagery.
The primary objectives of this paper are to: (i) guide novice practitioners in performing GEOBIA;
(ii) describe how the field is evolving with respect to methodological considerations, including
integration with CNNs; and (iii) provide recommendations for future research directions. As outlined
in Figure 1, the remainder of this paper discusses the early history of and motivation for GEOBIA
(Section 2), the methodological workflow (Section 3), the recent convergence of GEOBIA with CNNs
(Section 4), and future directions (Section 5). Section 6 provides a summary. Table A1 provides a list of
acronyms used in this paper. We note that Sections 2 and 3 provide background and methodological
guidance regarding the conventional framework of GEOBIA, which includes standard approaches that
have been developed by 20+ years of research. Because these sections were primarily written for novice
practitioners, we intentionally kept this practical guidance separate from the newer, less-standardized
integration of GEOBIA with CNNs—Sections 4 and 5 will discuss this emerging form of GEOBIA.
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Figure 1. Flowchart overview showing the paper structure and organization.
Figure 1. Flowchart overview showing the paper structure and organization.

2. Early History of and Motivation for GEOBIA
2. Early History of and Motivation for GEOBIA
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as individual trees and residential roofs were not resolvable, and only general land-cover classes
could be observed [5]. Thus, land-cover classification was performed on a pixel-by-pixel basis,
where individual pixels were analyzed for their spectral properties, and context was irrelevant [2,10].
Increasingly, however, research conducted after the 1970s showed that image texture [11,12]—which
observes the variance and spatial arrangement of neighboring pixels values—could be used to improve
spectral-based classification accuracy [2,13]. Earth observation satellites launched throughout the
remainder of the century provided medium-resolution (2–20 m) and low-resolution (>20 m) imagery,
and pixel-based classification was the standard approach [1]. During this time, finer resolution imagery
was generally available only from airborne platforms.
Starting in 1999 with the launch of the IKONOS satellite, high-resolution (<2 m) satellite
imagery became commercially available [14]. The availability of such high-resolution satellite imagery
(as well as faster computing and more ubiquitous internet access) led to an increase in the ability to
produce high-resolution, or H-resolution, remote sensing scene models (see Section 3.1 for details),
where individual geographic objects of interest are sampled by many pixels, revealing their geometrical
and textural properties [2,15–17]. This level of detail is especially beneficial for observing smaller
geographic objects such as trees and residential roofs [18]. At the same time, higher-resolution imagery
results in higher within-class spectral variability, which could have adverse effects on the accuracy
of pixel-based classification [2,12,13,18]. Thus, with the increasing availability of high-resolution
imagery, and the release in 2000 of an object-based image analysis (OBIA) commercial software for
remote sensing imagery called “eCognition”, OBIA emerged within the geographic information science
(GIScience) community [5,14,19].
As OBIA was applied to fields other than remote sensing, including biomedical imaging, astronomy,
microscopy, and computer vision, Hay and Castilla [1] established the name GEOBIA (geographic
object-based image analysis) to designate the application of OBIA on Earth (i.e., Geo) observation
imagery as a GIScience subdiscipline, and provided a number of key tenets that distinguished it
from OBIA. Hay and Castilla [1] also listed several reasons why GEOBIA improves upon pixel-based
classification: (i) the partitioning of images into image-objects mimics human visual interpretation; (ii)
analyzing image-objects provides additional related information (e.g., texture, geometry, and contextual
relations); (iii) image-objects can more easily be integrated into a GIS; and (iv) using image-objects as
the basic units of analysis helps mitigate the modifiable areal unit problem (MAUP) in remote sensing.
The MAUP refers to a key issue in spatial analysis: that results are dependent on the areal sampling
unit [20]. As it relates to remote sensing [21,22], the MAUP describes that different analytical results can
be obtained when: (i) observations are made at different scales (i.e., using different spatial resolutions of
imagery); and (ii) observations are made using different combinations (i.e., aggregations) of areal units.
An example of the latter was provided by Marceau et al. [13], who showed that 90% of the variance
in classification accuracy of nine land covers was due to the window size used for texture analysis,
and that the optimal window size for each class was different [22]. Hay and Marceau [23] also argued
that an object-based framework, as opposed to a pixel-based framework, helps mitigate the MAUP by
shifting from arbitrary observation units (pixels) to meaningful observation units (image-objects) that
“explicitly correspond to geographical entities” (p. 4).
Another benefit of a geographic object-based approach is that image-object internal characteristics
and spatial relationships can be exploited to model classes. Regarding image-object internal
characteristics, image segmentation can be performed at multiple levels of scale to capture variably sized
image-objects [24,25], which may help with discriminating between classes that are differentiable by
size (e.g., cars versus buildings). Regarding image-object spatial relationships, adjacent image-objects
corresponding to a low-level class (e.g.,“tree”) may be aggregated to model a high-level class
(e.g., “forest”) [21,23,26]. High-level classes can also be complex and composed of several sub-classes.
Adjacent image-objects corresponding to these sub-classes may be used to model composite high-level
classes such as mixed arable land [10]. Using these approaches, in which high-level classes are explicitly
defined by the low-level class(es) they contain, may also help in defining boundaries between high-level
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classes (e.g., forest and sparse woodland) [2,5]. In all these regards, GEOBIA is a multiscale image
analysis framework in which classes are modeled based on image-object internal characteristics and
spatial relationships.
3. Overview of GEOBIA Methodology
A wide variety of GEOBIA applications have been demonstrated in the literature. From a review
of over 200 case studies from 2004–2016 that used GEOBIA to perform land-cover classification,
Ma et al. [4] found that most study areas were classified as urban (29%), forest (24%), agricultural (22%),
vegetated (12%), and wetland (4%), with minor categories including landslide, coral reef, flood, benthic
habitat/seabed mapping, coal mining areas, and aquatic (9%). They also found that 62% of the studies
focused on applications and 38% focused on methodological issues [4]. Therefore, in addition to
real-world applications, the research literature has also contributed to advancing GEOBIA methodology.
The following sections will provide an overview of the general steps in GEOBIA methodology and
related research: (3.1) H-resolution image acquisition; (3.2) image and ancillary data pre-processing;
(3.3) classification design; (3.4) segmentation and merging; (3.5) feature extraction and feature space
reduction; (3.6) image-object classification; and (3.7) accuracy assessment (Figure 1). Section 3.8
summarizes methodological best practices. This workflow is intended to provide novice users a general
series of steps for performing land-cover/land-use mapping with GEOBIA. The workflow may change
as the complexity of the application increases. For example, GEOBIA can also be used for time series
analysis/change detection (e.g., [27]), geomorphometric/terrain analysis (e.g., [28]), and more.
3.1. H-Resolution Image Acquisition
High-resolution imagery is more commonly used for GEOBIA than lower-resolution imagery [4];
however, GEOBIA can be applied to any H-resolution situation [2]. As noted in Section 2, H-resolution
situations occur when the geographic objects of interest are significantly larger (typically 3–5 times)
than the pixels they are composed of [2,15–17]. Conversely, a low-resolution, or L-resolution, situation
occurs when the geographic objects of interest are smaller than the pixels that model them; consequently,
individual objects are unresolvable [2,16]. Thus, descriptors such as “high resolution” relate to the
spatial resolution of pixels, whereas H-resolution and L-resolution are based on the relationship between
the geographic objects of interest and the size of the pixels that model them [5,16]. An H-resolution
situation does not necessarily require high-resolution image pixels, as large geographic objects of
interest (e.g., forests) can cover an area greater than the pixels of medium- and even low-resolution
imagery [2]. To demonstrate that GEOBIA is not constrained to high-resolution imagery (but rather
to H-resolution situations [24]), Ma et al. [4] found that, from over 200 case studies that performed
land-cover classification with GEOBIA, approximately 50% used 0–2 m spatial resolution imagery,
approximately 30% used 2–20 m spatial resolution imagery, and approximately 20% used 20–30 m
spatial resolution imagery.
3.2. Image and Ancillary Data Pre-Processing
Once imagery is acquired, appropriate corrections need to be applied, including but not limited to:
(i) correcting for atmospheric effects; (ii) orthorectification to correct for image distortion due to
the sensor, platform, terrain, and above-ground objects; and (iii) georeferencing to place the image in a
desired coordinate system. After image correction, individual image bands can be used to generate
new derived images that may be used for image segmentation or classification, such as vegetation
index and principal component images [29–32]. In addition to generating new images, ancillary data
can be acquired to aid image segmentation or classification. A common type of ancillary data is raster
elevation data in the form of a digital terrain model (DTM) or digital surface model (DSM). A DTM
can be subtracted from a DSM to create a normalized DSM (nDSM) with pixel values corresponding to
above-ground object heights, which is useful for isolating objects of interest such as buildings and
trees [33]. Importantly, Chen et al. [33] noted that all images used in GEOBIA must be co-registered
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and have the same spatial resolution. For analysis, the aforementioned raster scenes are combined as
multiple bands in a single image dataset [33].
3.3. Classification Design
Classification design establishes a legend that provides a simplified model of the image scene with
adequate descriptions of each class [2]. Griffith and Hay [31] noted that an object-based classification
scheme should be mutually exclusive, exhaustive, and hierarchical. The next step, segmentation
and merging (Section 3.4), will produce image-objects that represent geographic objects of different
hierarchical levels [5]. Therefore, the legend should contain lower-level classes (e.g., grass, trees,
paths, roads, houses) nested within higher-level classes (e.g., urban park). The lower-level classes can
be identified during the GEOBIA classification and then aggregated to higher-level classes after the
classification (e.g., [29,31]). A pre-defined hierarchical legend introduces organization into the modeling
of an image scene [17] and explicitly defines the classes of interest. We note that adding complexity to
the classification design will also add complexity to the proceeding steps. For example, if a hierarchical
legend is established, the user will need to aggregate lower-level classes to higher-level classes and will
also need to decide which level of classes to base the accuracy assessment on. Furthermore, if many
similar classes are established in the classification design, then a larger variety of features (attributes)
may need to be used in classification.
3.4. Segmentation and Merging
After the image dataset is prepared and the legend is established, a select number of image
bands are used for segmentation and merging to partition the scene into multiple components.
This combined step is crucial in GEOBIA, where neighboring pixels are grouped together to form
image-objects that represent real-world geographic objects [5,17]. There is an important distinction
between image segments and image-objects, as explained by Lang [17]: “Segmentation produces
image regions, and these regions, once they are considered ‘meaningful’, become image-objects; in
other words, an image-object is a ‘peer reviewed’ image region; refereed by a human expert” (p. 13).
Several researchers have argued that the accuracy of the segmentation and merging will directly impact
the accuracy of the classification, as correctly delineated image-objects will supply spectral, textural,
geometrical, and contextual features (i.e., attributes) that are representative of the real-world objects
they model [5,30,34]. Castilla and Hay [5] explained that an image-object should be discrete, internally
coherent, and should contrast with its neighboring regions. In an ideal segmentation, a one-to-one
correspondence exists between image segments and the sought-after image-objects [5], though this
is seldom the case in a scene composed of variably sized, shaped, and spatially distributed objects
of interest.
Since perfect segmentation of a complex scene is highly unattainable, over-segmentation or
under-segmentation are likely [5]. Over-segmentation occurs when the heterogeneity between
neighboring segments is too low, thus, too many segments compose the scene, requiring neighboring
segments to be merged into single image-objects [5]. Conversely, under-segmentation occurs when the
homogeneity of individual segments is too low, thus too few segments compose the scene, and the
segments should be segmented into multiple image-objects [5]. From a GEOBIA perspective (in which
image-objects are the units of analysis), over-segmentation represents an H-resolution situation,
while under-segmentation represents an L-resolution situation. Because a perfect segmentation is
highly unlikely, Castilla and Hay [5] recommended that “a good segmentation is one that shows little
over-segmentation and no under-segmentation” (p. 96). Over-segmentation is preferred because
adjacent segments can be merged [5]. Segment merging can be based on spectral similarity and
spatial properties, such as the size of segments [15] or the length of borders between segments [35].
Under-segmentation, on the other hand, has been shown to correspond to segments containing a
mixture of objects, which can lead to lower classification accuracies [36,37].
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In GEOBIA, image segmentation is typically performed using unsupervised methods [4],
though we note that some GEOBIA software such as ENVI Feature Extraction allow user testing and
visual feedback of specific segmentation methods in near-real-time (see Section 3.4.3). Unsupervised
segmentation algorithms can be categorized as edge-based, region-based, and hybrid [7]. Edge-based
segmentation generally works by finding discontinuities in pixel values using edge detection algorithms,
and then connecting those discontinuities to form continuous segment edges (i.e., boundaries) [38].
Conversely, region-based methods create segments by growing or splitting groups of pixels using
a homogeneity criterion [38]. This criterion can be based on spectral, textural, and/or geometrical
properties [38]. It is important to note that, in general, the homogeneity criterion is expressed as a
heterogeneity threshold that controls the amount of dissimilarity that is allowed within a segment.
While edge-based methods precisely detect segment edges, they tend to experience challenges with
creating closed segments [7]. Region-based methods, on the other hand, create closed segments,
but often have trouble precisely delineating segment boundaries [7]. Hybrid segmentation methods
combine these strengths by detecting segment edges using edge-based methods and growing/merging
closed segments using region-based methods [7].
In the GEOBIA literature, the consensus is that determining an optimal segmentation parameter
value is a heuristic, subjective, challenging, and time-intensive trial-and-error process [4,6,7,29,30,33,36].
Consequently, in part, research has been conducted to increase objectivity and automation in
determining the optimal value, resulting in numerous GEOBIA software options [39]. For example,
free and open-source options include (but are not limited to) GRASS GIS [29], Orfeo Toolbox [40],
InterIMAGE [41], and RSGISLib [42]. Commercial software options include (but are not limited to)
Trimble eCognition [43], L3Harris Geospatial ENVI Feature Extraction [44], Esri ArcGIS Pro [45],
and PCI Geomatics Geomatica [46]. The reader is referred to Table (4) in [7] for a description of GEOBIA
segmentation approaches available in various free and commercial software, including references to
background information.
In their review of over 200 case studies that used GEOBIA for land-cover classification, Ma et al. [4]
found that 81% of the studies used Trimble eCognition software (eCognition) [43], while 4% used
L3Harris Geospatial ENVI Feature Extraction (ENVI FX) [44]. In the following sections, we will discuss
three GEOBIA software options and their associated segmentation and merging approaches: (3.4.1)
GRASS GIS; (3.4.2) eCognition; and (3.4.3) ENVI FX. GRASS GIS provides the user with a free and
open-source option for performing GEOBIA, while eCognition and ENVI FX are the two most popular
commercial options.
3.4.1. Free and Open-Source Software: GRASS GIS
A free and open-source GEOBIA processing chain for GRASS GIS was created by Grippa et al. [29].
The processing chain is semi-automated, Python-coded, and links GRASS GIS modules (tools) with
Python and R libraries. The motivation was to provide a free and open-source GEOBIA alternative to
black-box commercial software [29]. The image segmentation algorithm in this processing chain uses an
unsupervised, bottom-up, iterative region-growing method and is implemented using the GRASS GIS
module i.segment [47]. The algorithm requires a user-set threshold parameter (TP). The TP represents
a spectral difference threshold, below which adjacent pixels/segments are merged [47]. Specifically, if
the similarity distance between adjacent pixels/segments is lower than the TP, then pixels/segments
are merged. The TP and spectral similarity distance values are scaled (i.e., they range from 0–1); a TP
of 0 will result in identical adjacent pixels/segments being merged, whereas a value of 1 will result in
all pixels/segments being merged [47]. The method is iterative—first, adjacent pixels are merged if
their similarity distance is: (i) less than the similarity distance between them and their other neighbors,
and (ii) less than the TP [47]. Then, adjacent segments are merged if their similarity distance fits the
above criteria. This region-growing process continues until no additional merges can be made [47].
The most recent version of the GEOBIA processing chain by Grippa et al. [29] uses a method
called spatially partitioned unsupervised segmentation parameter optimization (SPUSPO) to calculate
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the TP for different spatial subsets of the input data [30]. SPUSPO is a local TP optimization approach
based on the concept of spatial non-stationarity, i.e., that the optimal TP varies spatially, especially
in heterogeneous scenes like urban areas [30]. Therefore, instead of calculating a single, global TP
based on the spatial extent of the input data, a local TP is calculated for each spatial subset of the data
using the following procedure, as described by Georganos et al. [30]. SPUSPO first generates spatial
subsets by using a computer vision technique called cutline partitioning, which avoids creating subset
boundaries through objects like roofs, and instead detects edges and creates boundaries along linear
features like streets and roof edges. Cutline partitioning is implemented using the GRASS GIS module
i.cutlines [48], though we note that users also have the freedom to adjust the processing chain to use
methods other than cutline partitioning to create spatial subset boundaries [30].
Once subsets are created, the optimal TP is calculated for each subset through the following steps,
which are implemented using the GRASS GIS module i.segment.uspo [49]. First, a range of TP values
is established: the user heuristically determines the minimum and maximum values that result in overand under-segmentation, respectively. The user also specifies a step value which will determine how
many TP values within the range are evaluated. The quality of each segmentation is evaluated by
calculating Moran’s I (MI) and weighted variance (WV) values. Moran’s I quantifies the degree of
spatial autocorrelation, i.e., how spectrally similar neighboring segments are. The lower the MI value,
the higher the inter-segment heterogeneity, which is desired. Weighted variance quantifies the spectral
variance within each segment, weights it by the segment’s area, and averages all the values to produce
a mean within-segment spectral variance. The lower the WV value, the higher the intra-segment
homogeneity, which is desired. The MI and WV for each segmentation are used to calculate an F-score,
which quantifies the degree of harmony between inter-segment heterogeneity (MI) and intra-segment
homogeneity (WV). The F-score ranges from 0–1; the TP value of the segmentation with the highest
F-score is chosen as the optimal TP. In summary, the optimal TP is calculated for each spatial subset, and
then image segmentation is performed on each subset. Georganos et al. [30] compared the thematic and
segmentation accuracies acquired using SPUSPO and a global unsupervised segmentation parameter
optimization. SPUSPO (the local approach) resulted in significantly higher thematic accuracies and
less over-segmentation than the global approach [30].
3.4.2. Commercial Software: Trimble eCognition
The most commonly used segmentation algorithm in the research literature is Trimble eCognition’s
multiresolution segmentation (MRS) [7,50], which, like the segmentation algorithm used by GRASS
GIS SPUSPO, is an unsupervised, bottom-up, iterative region-growing method that requires a
user-set scale parameter (similar to the TP in GRASS GIS SPUSPO). MRS performs region-growing
segmentation using the following general procedure, as outlined by Trimble [51]. Starting at the
pixel level, adjacent pixels are merged if they are homogeneous. The process loops by merging
consecutively larger groups of pixels until no further merges can be made. The unitless user-set scale
parameter represents the heterogeneity threshold, below which merging occurs, and above which
merging stops. The higher the scale parameter, the higher the allowed within-segment heterogeneity,
and thus the larger the resulting image segments. For a given scale parameter, heterogeneous regions
will have smaller segments than homogeneous regions. The scale parameter is defined as the maximum
standard deviation of the homogeneity criteria, which are a weighted combination of color and
shape values. The user can adjust the relative weights (importance) assigned to each. Of the user-set
parameters in MRS, the scale parameter is regarded as the most important [4,29,30,36]. The scale
parameter is also the most challenging to set, as it is unitless and not visually related to the physical
structure in the scene [21].
Similar to GRASS GIS SPUSPO, eCognition allows for a statistical optimization of the scale
parameter through the popular plug-in software tool Estimation of Scale Parameter 2 (ESP2) [25].
ESP2 uses local variance (LV) to determine an optimal segmentation scale parameter, similar to
how Woodcock and Strahler [18] used LV to determine an optimal scale of observation (i.e., spatial
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resolution) for a given remote sensing scene. Specifically, Woodcock and Strahler [18] applied a 3 × 3
pixel moving window to an image to calculate the standard deviation of the pixel values, and then
averaged the standard deviations to obtain an LV for the entire image. They repeated this process
with several down-sampled (i.e., coarsened) versions of the image, and graphed LV as a function
of spatial resolution. From the graph, they found that the spatial resolution that corresponded to
the peak LV, which they deemed the optimal image resolution, tended to approximate the sizes of
objects in the scene [18]. They conducted this process for different scene types: forest, urban/suburban,
and agricultural. With each scene composed of different-sized objects, Woodcock and Strahler [18]
showed that the optimal scale of observation (spatial resolution) was a function of the size of the objects
in the scene, and that a graph of LV could be used to describe this relationship. Hay et al. [24] built on
this this idea and incorporated it, not globally for an entire scene, but instead for the individual tree
objects composing a scene, from which optimal spatial, spectral, and variance measures were defined
for each object.
Using the LV concept, the ESP2 tool in eCognition finds the optimal scale parameter using the
following general procedure [25,52]. First, the image is segmented using a low segmentation scale
(i.e., low scale parameter) in the MRS algorithm. Then, ESP2 calculates the LV of the segmented image,
which is the mean within-segment standard deviation. It does this for progressively higher levels of
segmentation (i.e., higher values of the scale parameter). Then, it graphs the LV and the rate of change
in LV as functions of the scale parameter and uses these graphs to find the optimal scale parameter.
The general concept is that, starting from a small scale parameter, as the scale parameter increases,
so does the within-segment heterogeneity (LV). Once the segment boundaries surpass individual
image-objects and begin to capture the background signal, the LV levels off, similar to the sill in
semivariogram analysis [12]. Thus, the optimal scale parameter is associated with the peak in LV before
the stagnation [52]. The ESP2 tool can be used on multiple image layers simultaneously and provides
an optimal scale parameter for three levels of hierarchy to capture image-objects of different sizes [25].
The GRASS GIS and eCognition segmentation techniques are both multiscale and optimizable
but use a different approach. The GRASS GIS technique (SPUSPO) first partitions the image and
then determines an optimal local parameter value for each spatial subset, while the eCognition
optimization technique (ESP2) determines an optimal global parameter value for three levels of scale.
Another difference between the methods is that SPUSPO equally considers measures of intra-segment
homogeneity and inter-segment heterogeneity to evaluate segmentation quality, whereas ESP2 only uses
intra-segment homogeneity (i.e., LV, with lower values indicating higher homogeneity). Hossain and
Chen [7] advised that a segmentation method should equally consider intra-segment homogeneity and
inter-segment heterogeneity. Nevertheless, there is a research gap regarding how these segmentation
optimization methods compare. We encourage future research to compare these two approaches.
Furthermore, it is challenging for a single local or global parameter value to represent the varying
heterogeneity of many different image-objects composing a complex scene. Thus, future approaches
that optimize segmentation based on individual image-objects (as described by Hay et al. [24]) rather
than on broader scales may improve upon the GRASS GIS and eCognition techniques. This is especially
relevant, as these two parameter selection methods are based on somewhat arbitrary scene subsets and
levels of scale and are thus likely to be overly biased by the MAUP. We note that a recent approach by
Zhang et al. [53] also focused on determining the optimal parameter value for each image-object in
the scene. We suggest that in future studies, such object-scale approaches should be compared to the
GRASS GIS and eCognition local- and global-scale approaches.
3.4.3. Commercial Software: L3Harris Geospatial ENVI FX
ENVI FX is the second most popular commercial software for performing land-cover classification
with GEOBIA [4]. ENVI FX uses a hybrid segmentation method consisting of a watershed
transformation followed by segment merging that combines aspects of edge-based and region-growing
methods [32,35,38,54]. Segmentation is performed using the following general procedure, as
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described by L3Harris Geospatial [32,35,54]. The watershed transformation uses the concept of
a hydrologic watershed, where water fills each catchment basin starting at the lowest elevations and
stops at the highest elevations where adjacent basins meet. With this technique, images are analogous
to watersheds, where the lowest pixel values correspond to the bottoms of basins, and the highest pixel
values correspond to basin boundaries. The watershed transformation “floods each basin” starting
with the lowest pixel values, which grows regions until adjacent regions meet at the pixels with the
highest values. The image used for this process can be a gradient image, which is computed using
Sobel edge detection, or an intensity image, which is computed by averaging the bands of select
input images. The user-set parameter controlling the watershed transformation is the scale level,
which is defined as the percentage of the normalized cumulative distribution of the pixel values in
the gradient or intensity image. For example, a scale level of 20 indicates that the “flooding” of the
“basins” would start from the lowest 20 percent of the pixel values, which controls the minimum size
of initial regions. After the watershed transformation, adjacent segments are merged based on their
spectral similarity and the length of their common boundary.
From the authors’ experience, ENVI FX offers an intuitive visual interface where the user can
easily adjust segmentation parameters using slider bars and view the resulting image segmentation
in near-real-time. This visual framework significantly eases the challenging process of manual
segmentation parameter tuning and provides a vision-based optimization alternative to the statistical
techniques in GRASS GIS SPUSPO and eCognition ESP2. Figures 2–4 show segmentation performed
on the same image using three software tools: GRASS GIS SPUSPO, eCognition ESP2, and ENVI FX.
Figure 2 shows the true-color remote sensing subset image used for the demonstration. The image has
a 0.3 m spatial resolution and was acquired in 2014 over Los Angeles County, California, USA, with a
Leica ADS81 airborne imaging sensor (red, green, blue, and near-infrared bands) [55].
Segmentation can be performed using a dialog box in eCognition ESP2 and ENVI FX (the reader
is referred to Figure A1 for an image of each dialog box). At the time of writing, GRASS GIS SPUSPO
did not have a dialog box because the GRASS GIS GEOBIA processing chain consists of Python-based
scripts that link multiple GRASS GIS modules with Python and R libraries. We note that for users
without programming experience, this processing chain may be more difficult to implement. Figure 3
shows the segmentation preview that is available in ENVI FX. When the user adjusts the slider bars in
the ENVI FX dialog box, the segmentation preview updates in near-real-time (Figure 3).
Figure 4 shows the segmentation result for GRASS GIS SPUSPO, eCognition ESP2, and ENVI FX.
In each of these images, the primary objective was to accurately segment the rooftops, roads, trees,
then grass yards, in this order. Due to the varying size, shape, and spatial distribution of these
different image-object classes, some of the classes were segmented more accurately than others,
which exemplifies the need for a multiscale approach over an approach that segments variably sized
objects within the scene using the same parameters. Based on our experience implementing the different
requirements for each software assessed, the fastest and most user-friendly method to implement was
ENVI FX, followed by eCognition ESP2, and finally GRASS GIS SPUSPO.

Remote Sens. 2020, 12, 2012
Remote Sens. 2020, 12, x FOR PEER REVIEW

11 of 33
11 of 36

Figure 2. Remote sensing subset image used for the proceeding segmentation examples. Image

Figure 2. Remote sensing subset image used for the proceeding segmentation examples. Image source:
source: USGS [55].
USGSRemote
[55]. Sens. 2020, 12, x FOR PEER REVIEW
12 of 36

Figure 3. Near-real-time
ENVI Feature
Extraction
segmentation
preview(green
(green polygons)
polygons) that
Figure 3. Near-real-time
ENVI Feature
Extraction
segmentation
preview
that overlays
overlays the subset image. This segmentation preview can simply be dragged to a new location within
the subset image. This segmentation preview can simply be dragged to a new location within the
the larger scene, which automatically applies the defined parameters (Figure A1) and segments the
larger scene,
which automatically
applies
the defined
image-objects
in the new location.
Image source:
USGS [55].parameters (Figure A1) and segments the
image-objects in the new location. Image source: USGS [55].

Remote Sens. 2020, 12, 2012
Remote Sens. 2020, 12, x FOR PEER REVIEW

12 of 33
13 of 36

Figure
4. Segmentation
for GRASS
GIS SPUSPO,
eCognition
ESP2,
ENVI
Feature
Figure 4.
Segmentation
resultsresults
for GRASS
GIS SPUSPO,
eCognition
ESP2,
and and
ENVI
Feature
Extraction.
Extraction. Image source: USGS [55].
Image source: USGS [55].

3.5. Feature Extraction and Feature Space Reduction
Once image segmentation and merging are complete, features are extracted from each image-object.
We note that these “features” are referred to as “attributes” in the GIS domain. Features can be spectral,
textural, geometrical (spatial), or contextual, and can be calculated from a variety of images (e.g., spectral,
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texture, elevation, principal component, vegetation index) [33]. Table 1 provides examples of features
for each category.
Table 1. Examples of features (attributes) that can be extracted from image-objects [29,51,56].

1

Spectral

Textural 1

Geometrical

Contextual 2

Mean
Minimum
Maximum

Homogeneity
Contrast
Entropy

Area
Perimeter
Elongation

Length of shared border
Center-to-center distance
Number of sub-objects

Textural features refer to grey-level co-occurrence matrix (GLCM) textures [57–59].
available in eCognition [51].

2

Contextual features are

These features are used to train a classification model, where each feature serves as an
explanatory variable. All the features can be used to build the model, or a subset of the most
influential features can be identified and used (this is called feature space reduction) [33]. Feature space
reduction typically uses training data and algorithms to identify the most relevant features for
classifying the image-objects in the scene [33]. As many features tend to be correlated, reducing the
number of features will reduce model complexity/redundancy and computational demand [4,33,37].
Furthermore, some studies have found that there is no significant difference in classification accuracy
when using all the features versus using feature space reduction [31,37]. For example, Griffith and
Hay [31] showed no significant difference in overall accuracy when using a comprehensive set of
86 spectral, texture, and spatial features versus a reduced set of 9 spectral features. Another advantage
of feature space reduction is that the user gains a better understanding of which features are most
influential in discriminating between classes [36].
Machine-learning feature space reduction methods are advantageous because they do not assume
a specific data distribution [33]. Ma et al. [60] systematically evaluated the effect of different feature
space reduction methods on classification accuracy. They performed GEOBIA on drone imagery from
an agricultural study area and compared the overall accuracy achieved with a random forest (RF)
classifier and support vector machine (SVM) classifier, with and without feature space reduction [60].
They evaluated feature importance evaluation methods, which provide a ranking of influential features,
as well as feature subset evaluation methods, which provide a subset of the most influential features.
They found that feature importance evaluation methods achieved significantly higher overall accuracies
compared to no feature space reduction, whereas feature subset evaluation methods did not significantly
improve overall accuracy [60]. They also found that SVM benefits more than RF from feature space
reduction, especially with small training sample sizes, and that RF is more robust regarding the number
of features used for classification [60]. They generally recommended the use of 15–25 input features for
the RF classifier, and 10–20 input features for the SVM classifier [60]. Chen et al. [33] noted that there
is no consensus in the GEOBIA community as to which feature space reduction method is superior;
however, the ideal method will perform accurately and efficiently, and will be easy to use and available
in commercial or free and open-source software.
In eCognition, the feature space optimization (FSO) tool can be used for feature space reduction
via a feature subset evaluation method [51]. This tool uses nearest neighbor (NN) classification to
determine which combination of features results in the highest mean minimum separation distance
between samples of different classes [51]. From a review of over 200 case studies that used GEOBIA for
land-cover classification, Ma et al. [4] found that only 22% of studies performed feature space reduction,
and that the FSO tool in eCognition was among the most popular methods used. In ENVI FX,
feature space reduction can be performed using a feature importance evaluation method called
interval-based attribute ranking [61,62]. Generally, this method considers the range of values that
correspond to each feature-class combination. For a given feature, the less these ranges overlap among
all the classes (which indicates higher class separability), then the higher the discriminating capability
index (i.e., importance score) that is assigned to the feature. The features are then ranked based on
their importance scores [62]. In the GRASS GIS GEOBIA processing chain [30], feature space reduction
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can be performed using a hybrid method called variable selection with random forests (VSURF) that is
implemented using the R package VSURF [63,64]. This method uses RF classification to first calculate
the importance score for each feature based on out-of-bag error. The n features with the highest
importance scores are retained. The retained features are then used to construct different subsets,
of which one is chosen based on out-of-bag error [63].
We note that feature space reduction capabilities may be imbedded within a classifier. For example,
several algorithmic implementations of the RF classifier can calculate importance scores [63],
and eCognition’s FSO tool uses NN classification. These tools can be used for feature space reduction
purposes only, where the most important features are identified, or they can also be used for classification
using the identified features. We refer the reader to Section 3.6.3 (model training and classification) for
classifier recommendations.
3.6. Image-Object Classification
Following feature extraction and optional feature space reduction, a classification model is
typically trained to classify the image-objects. This supervised classification consists of multiple steps,
which will be discussed in the following sections: (3.6.1) sampling design (i.e., generating training
and testing sample locations); (3.6.2) response design (i.e., labeling the training and testing samples);
and (3.6.3) classification (i.e., training a model and classifying image-objects). The sampling design
and response design also impact the accuracy assessment, which will be discussed in Section 3.7.
3.6.1. Sampling Design
Sampling design is used to determine: (i) the minimum per-class sample size; (ii) the sampling
units for the test samples (i.e., pixels or polygons); and (iii) how training and test sample locations
are selected [6]. In terms of training samples (i.e., the image-objects that will be used to train
the classification model), generally, as the number of high-quality training samples increases,
overall accuracy increases [65,66]. Perlich and Simonoff [67] demonstrated how to use learning
curves to assess the effect of training set size on overall accuracy. Learning curves show generalization
performance (represented by overall accuracy or similar metrics) as a function of training set size.
For example, if the learning curve shows a continual increase in accuracy, this suggests that collecting
more training samples would improve accuracy. If the curve begins leveling off, then the point at
which this occurs is an indicator of sufficient sample size [65,67]. The ideal dataset will have class
balance—that is, an equal number of samples per class [68]. Class imbalance can cause the less common
classes to be underpredicted and the more common classes to be overpredicted by the model [65,69].
We also note that the quality of the training data will impact classification accuracy [65]. The training
samples should be accurately labeled and should fully represent the classes being mapped [69].
For test samples (i.e., the samples that will be used to quantify the accuracy of the classification),
Ye et al. [6] suggested a minimum of 50 samples per class, though it is unclear whether this number
refers to pixel or polygon units. From a review of 181 articles that performed sampling strategies
in GEOBIA, they found that 66 articles (36%) collected more than 50 samples per class, 43 articles
(24%) collected less than 50 samples per class, and 72 articles (40%) did not report per-class sample
size [6]. In terms of test sampling units, from a review of 209 GEOBIA articles, Ye et al. [6] found that
93 articles (45%) used polygon sampling units, while 107 articles (51%) used pixel sampling units, and
9 articles (4%) used both. They also found that articles from 2014–2017 most commonly used polygon
sampling units, suggesting that this is becoming the standard approach [6]. We note that the ideal test
set will contain as many high-quality samples as possible (and necessary), with an equal number of
samples per class [68].
Sample locations are generated with probabilistic methods such as simple random,
stratified random, and systematic sampling [6]. For simple random and stratified random sampling,
researchers warn against generating random points on the image to randomly select image-objects,
as this approach would favor larger image-objects, violating the assumption that each image-object

Remote Sens. 2020, 12, 2012

15 of 33

has an equal probability of being selected [3,6,70]. Instead, the recommended alternative is called the
list-frame approach: this includes generating a list of the image-objects, randomly shuffling the list,
and selecting the first n image-objects as the samples [3,6,70]. For simple random sampling, this is
done once for all the image-objects. Griffith and Hay [31] used this type of sampling approach to avoid
introducing sampling bias due to image-object size. For stratified random sampling, a separate list of
image-objects is generated for each stratum (class), and each list is shuffled and then selected from.
The stratified random sampling approach can ensure an equal number of samples per class; however,
it requires a fully labeled reference map to allow for the stratification. To achieve class balance without
generating a fully labeled reference map, we recommend using the list-frame approach in conjunction
with a random sampling strategy using the following steps: (i) generate a randomly shuffled list
of all the image-objects; (ii) starting from the first image-object on the list, label each image-object
according to the response design (as explained in the next section), while keeping track of the number
of samples per class; (iii) once a class has the desired number of samples, skip labeling all subsequent
image-objects pertaining to that class; (iv) continue labeling image-objects on the list until all classes
have the desired number of samples. We note that class imbalance may be unavoidable when a class
occupies a small proportion of the image and is not represented by enough image-objects. In this case,
it is especially important to observe per-class accuracies, as overall accuracy will be less affected
by misclassifications in rare classes than by misclassifications in more common classes [69,70]. We
refer the reader to Section 3.7 for more information on per-class accuracies. We also note that this
suggested sampling approach is not explicitly programmed into the three software options that were
previously discussed, so the user will need to implement the approach either within or outside of the
GEOBIA software.
3.6.2. Response Design
The training and testing image-objects that are randomly selected using the list-frame approach
need to be labeled according to the classification design (i.e., legend) and response design. Reference
data can be collected in the field from pre-existing thematic maps or GIS data, or from the interpretation
of H-resolution remotely sensed images [6]. Chen et al. [33] and Stehman and Foody [70] noted
that drone imagery is a good candidate for augmenting or replacing field-based reference data
from the standpoint of time and cost efficiency, though we note that this will depend on the size
of the study area. From a review of 209 publications that performed GEOBIA, Ye et al. [6] found
that most studies interpreted satellite imagery to obtain reference data, though Whiteside et al. [71]
stressed the importance of reducing the temporal lag between the classification and reference data.
Similarly, Stehman and Foody [70] noted that the imagery used for classification may also be used
as reference data, as long as there is a rigorous protocol for visually interpreting the imagery and
determining ground-truth labels.
The image-objects selected as training and test samples can be labeled by superimposing them
on (geometrically corrected) reference field data, maps, or remotely sensed imagery. As explained
in Section 3.4, image-objects composed of mixed objects have been shown to correspond to lower
classification accuracies [36,37]; additionally, the goal is to have no under-segmentation and little
over-segmentation [5]. However, when image-objects composed of mixed objects occur, the class label
can be assigned based on the class encompassing the most area [4,31].
3.6.3. Model Training and Classification
Various methods exist for performing classification in GEOBIA, including rule-based approaches,
where classifications are made based on predefined rulesets [72]. These rulesets may be constructed
by domain experts (i.e., expert-based or expert system classification [73,74]). Another approach is
supervised classification, where a classification algorithm is trained using examples [72]. According to
Ma et al. [4], supervised classification has become the dominant approach since 2010 for land-cover
classification using GEOBIA.

Remote Sens. 2020, 12, 2012

16 of 33

In supervised classification, the labeled training image-objects and their corresponding features
(i.e., attributes) are used to train a classification model. Increasingly, popular classifiers are machine
learning algorithms. From a review of over 200 case studies that used GEOBIA for land-cover
classification, Ma et al. [4] found that 29% of the studies used NN, 25% used SVM, 20% used RF,
15% used decision tree (DT), 6% used maximum likelihood classification (MLC), and 5% used
other classifiers. Studies that used the RF classifier reported the highest mean overall accuracy,
followed in descending order by SVM, DT, NN, and MLC [4].
Similarly, Li et al. [37] performed GEOBIA with drone imagery at an agricultural study area and
compared the overall accuracies obtained with k-nearest neighbors (KNN), RF, DT, AdaBoost, and SVM.
They found that (i) RF provided the highest accuracies, (ii) KNN provided the lowest accuracies, (iii) RF
and DT provided the most stable accuracies with and without feature space reduction, and (iv) RF
and SVM were most robust regarding over-segmentation. Overall, Li et al. [37] recommended RF for
performing GEOBIA in agricultural study areas.
Whereas RF is generally robust regarding user-set parameter settings and feature space
dimensionality [65,69], we reiterate that SVM has shown to be highly accurate when training sample
sizes are small [75]. For explanation and guidance regarding RF and SVM, the reader is referred
to [66,68,69,75–79]. RF- and SVM-based classification are available in the GRASS GIS GEOBIA
processing chain [29] and eCognition [51], while SVM is available in ENVI FX [61].
3.7. Accuracy Assessment
A GEOBIA accuracy assessment, in which thematic (and sometimes geometric) accuracy is
assessed, is composed of the sampling design, the response design, and a comparison of the classified
image-objects to the labeled test samples [6]. The sampling design and response design, which play a
role in the generation of test samples, have already been discussed in Section 3.6. To determine thematic
accuracies, the reference class and GEOBIA class of test samples are compared. Ye et al. [6] found that,
out of 209 studies, 72% used a confusion matrix, from which standard thematic accuracy statistics
were derived, including per-class user’s and producer’s accuracies, overall accuracy, and the Kappa
coefficient. We note that the Kappa coefficient, which is an accuracy measure that is corrected for chance
agreement, is often reported, but there is a growing argument against its use in the remote sensing
domain [70]. Pontius Jr. and Millones [80] explained that the Kappa coefficient can be misleading and
flawed for practical applications in remote sensing. Furthermore, overall accuracy and the Kappa
coefficient have been shown to be highly correlated [81]; researchers argue that reporting the Kappa
coefficient is redundant and rarely contributes new insight [70,80]. Therefore, we recommend using the
confusion matrix to calculate and report overall accuracy and per-class user’s and producer’s accuracies.
As previously noted, observing per-class accuracies is especially important when class balance cannot be
achieved [69,70]. Examining class accuracies using a confusion matrix can also be very useful for further
refining training and test samples, which can ultimately improve classification accuracy. For example,
using a confusion matrix, Griffith and Hay [31] found that there was confusion between different
vegetation classes, between concrete and other bright impervious surfaces, and between non-rooftop
impervious surfaces and vegetation. The GRASS GIS GEOBIA processing chain, eCognition, and ENVI
are capable of producing confusion matrices [29,82,83].
Another approach for GEOBIA accuracy assessment is to produce an independent digitized
reference layer and to label all the image-objects. Ye et al. [6] recommended this approach, as the
previously described approach assumes that GEOBIA-generated image-objects correctly represent
the landscape. Furthermore, an approach that uses reference geometry could be used to assess
GEOBIA segmentation accuracy. We suggest caution with the use of manually digitized reference
polygons, as they are subject to human error. To assess thematic and segmentation accuracy using
a digitized reference layer, studies overlay the reference layer and GEOBIA-classified layer, and use
a pre-defined overlap requirement (e.g., > 50%) to match reference polygons to their corresponding
GEOBIA polygons [6]. While useful, Ye et al. [6] reported they were unable to determine a
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standard approach for matching reference polygons with GEOBIA polygons. Nevertheless, once
polygons are matched, their classes can be compared to derive thematic accuracies using a confusion
matrix. Their geometries can also be compared to assess segmentation accuracy. Segmentation
accuracy evaluation methods used in the literature include area-based measures to calculate underand over-segmentation, position-based measures to calculate location accuracy, and shape-based
measures [3,6,71,84]. Out of 209 reviewed studies, Ye et al. [6] found that only 34 studies (16%)
performed segmentation accuracy assessment. However, 30 of the 34 studies were published since
2010, suggesting that evaluating segmentation accuracy is becoming more popular in GEOBIA [6].
Nevertheless, among the 34 studies, there were 11 different methods to assess segmentation accuracy,
indicating this aspect of GEOBIA accuracy assessment needs more standardization [6].
3.8. Summary of Best Practices
Sections 3.1–3.7 provided details on the general steps involved in GEOBIA methodology,
including: (3.1) H-resolution image acquisition; (3.2) image and ancillary data pre-processing;
(3.3) classification design; (3.4) segmentation and merging; (3.5) feature extraction and feature space
reduction; (3.6) image-object classification; and (3.7) accuracy assessment. To assist users, Table 2
summarizes key requirements and recommendations related to each of these steps.
Table 2. Requirements and best practice recommendations for each methodological component 1 .
Methodological Section
3.1. H-Resolution Image Acquisition
3.2. Image and Ancillary Data Pre-Processing
3.3. Classification Design

Requirements and Recommendations







3.4. Segmentation and Merging




3.5. Feature Extraction and Feature Space Reduction










3.6. Image-Object Classification






3.7. Accuracy Assessment


H-resolution imagery is a requirement [24]; the geographic objects of interest must be
significantly larger (typically 3–5 times) than the image pixels [2,15–17].
All images must be co-registered and have the same spatial resolution [33].
The classification scheme should be mutually exclusive, exhaustive, and hierarchical
[31].
Performing segmentation at multiple hierarchical levels may be useful for capturing
image-objects of varying size and class.
We recommend performing segmentation parameter optimization using a statistical
approach (which is integrated in the GRASS GIS GEOBIA processing chain and
eCognition), or a visual approach using ENVI FX.
We recommend performing feature space reduction to reduce the number of features
used for classification, which is integrated in the three discussed software options.
The recommended number of features for random forest and support vector machine
classification is 15–25 and 10–20, respectively [60]. This number may vary for
other classifiers.
In GEOBIA, “samples” refer to image-objects, not pixels.
Larger training sample sizes generally result in higher overall accuracy (assuming
the samples are of high quality) [65,66]. When possible, each training class should
have an equal number of samples [68].
Learning curves can be constructed to assess the effect of training set size on overall
accuracy [65,67].
The ideal test set will contain as many high-quality samples as possible (and
necessary), with an equal number of samples per class [68].
We recommend the list-frame approach in conjunction with random sampling for
choosing training and test samples, which avoids sampling bias due to image-object
size [3,6,70]. However, this approach is not explicitly programmed into the three
discussed software options and needs to be implemented by the user.
We recommend using machine learning classifiers, particularly random forest and
support vector machine due to their high reported accuracies [4,37,65,69,75]. These
classifiers are integrated in the three discussed software options.
We recommend using a confusion matrix to evaluate per-class user’s and producer’s
accuracies and overall accuracy [6]. The three discussed software options can
generate a confusion matrix and related measures.
We recommend evaluating segmentation accuracy; however, there is a lack of
methodological consensus regarding this component [6].

1 This table of best practices refers to the conventional framework of GEOBIA that was described in Sections 2 and 3.
The integration of GEOBIA with deep convolutional neural networks, which is an emerging yet unstandardized
form of GEOBIA, will be discussed in Sections 4 and 5.

4. The Convergence of GEOBIA with Convolutional Neural Networks
The conventional GEOBIA framework, which was described in Sections 2 and 3, has been an
active research area in GIScience for the past two decades. As was discussed in Section 3, there is
ongoing research regarding many methodological components of conventional GEOBIA, such as
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image segmentation, feature space reduction, classification, and accuracy assessment. In this section,
we introduce the use of convolutional neural networks (CNNs) with remote sensing imagery and
describe how their integration with GEOBIA is emerging as a new form of GEOBIA: geographic
object-based convolutional neural networks.
CNNs are one of many forms of deep learning that are applied to remote sensing. Deep learning is a
subset of machine learning algorithms that uses artificial neural networks composed of many layers [85].
Artificial neural networks are loosely conceptually modeled after biological neural networks [85],
and CNNs (one type of artificial neural network) were particularly inspired by the animal visual
cortex [85–87]. CNNs perform image segmentation, feature extraction, and classification, though in
a different manner than GEOBIA. Other deep learning models applied to remote sensing include
autoencoders, recurrent neural networks, deep belief networks, and generative adversarial networks.
For more information on these topics, we refer the reader to review papers [8,9,88–91]. In this discussion,
we focus on CNNs, as they are the most commonly used deep learning model for remote sensing image
analysis [9,90,91]. To better understand this motivation and its evolution, we provide a brief overview
of CNNs (Section 4.1), followed by a discussion of their use in remote sensing (Sections 4.2 and 4.3).
Then, we describe general geographic object-based CNN (GEOCNN) approaches that integrate the
segmentation, feature extraction, and classification capabilities of GEOBIA and CNNs (Section 4.4).
Finally, we present the accuracies of GEOCNN methods versus conventional GEOBIA (Section 4.5).
Throughout Section 4, we use the term “GEOBIA” to refer to the conventional framework that was
described in the previous sections.
4.1. CNN Fundamentals
Whereas substantial gains in GEOBIA research have been made in the last two decades in the form
of hundreds of publications, a related remote sensing subfield has emerged in the last six years: the
application of CNNs [8,9]. Essentially, a CNN is a deep learning technique that was designed to work
with arrays of data such as one-dimensional signals or sequences and two-dimensional visible-light
images or audio spectrograms [86]. Since images are composed of one or more two-dimensional arrays
of data (i.e., raster bands), CNNs are conducive to image analysis tasks and are the most common
type of deep neural network applied to images [85,86] due to their high generalization capabilities,
which stem from the features they extract and their ability to train on extremely large datasets (i.e.,
thousands or millions of samples) [86,92]—see Section 5.3 for details.
A CNN takes imagery as input, extracts features from it, and uses these features for classification
in various manners, depending on the type of CNN. While an in-depth conceptual overview of
CNNs is beyond the scope of this paper, we refer the reader to the novice-accessible primers by
Yamashita et al. [87] and Chartrand et al. [85], part of which we summarize as follows. Generally,
CNNs (like all artificial neural networks) are composed of a series of layers, with each layer containing
neurons (i.e., nodes) that perform mathematical operations [85,87]. Neurons within the same layer are
not connected; rather, neurons of different layers are connected. The first layers of a CNN correspond
to feature extraction: these are called convolutional and pooling layers. Each convolutional layer
performs convolution operations using different kernels (i.e., small two-dimensional arrays of numbers)
to produce feature maps, which show the locations within the image of each feature. Pooling layers
down-sample (i.e., smooth or generalize) the feature maps before passing them to the next convolutional
layer. After the convolutional and pooling layers extract features, there are other layers that use these
features to perform classification: these are called fully connected layers. The last fully connected
layer provides a prediction pertaining to the class of a sample. CNN architectures typically start with
multiple “stacks”, each containing several convolutional layers and a pooling layer, followed by fully
connected layers [87]. Generally, an artificial neural network is considered “deep” if it contains more
than one intermediate fully connected layer (i.e., hidden layer) [9,85,93,94].
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4.2. CNNs and Remote Sensing
CNNs have been increasingly applied in the remote sensing literature since 2014 [8,9].
Though promising, the application of CNNs to remote sensing image classification is relatively new,
and there are requirements that challenge their ease of use: (i) they have numerous hyperparameters
that must be specified by the user; (ii) they require large training samples sizes (i.e., thousands) to
combat overfitting; (iii) their training times are long compared to “shallow” machine learning classifiers
(such as RF and SVM); and (iv) they have greater complexity than shallow classifiers, thus they are
more prone to being used as “black boxes”.
GEOBIA and CNNs are similar in that they both extract features (i.e., attributes) from imagery and
then use those features to train a classifier. They differ in terms of how they extract features, and how
the features are used for classification. Whereas GEOBIA extracts human-engineered features from
image-objects (i.e., texture, spectral, geometrical, and contextual attributes), CNNs extract hierarchical,
data-defined features from input imagery, typically using square kernels. The CNN feature hierarchy
is not pre-defined or guided by humans but instead is data-driven [86]. As a simplified example in an
urban remote sensing context, the first convolutional layer may extract low-level, generic features such
as straight lines, curved lines, corners, and “blobs” (binary large objects, i.e., neighboring pixels with
similar digital numbers [95]). The line and corner features may correspond to roof or roof-object edges,
while blobs may correspond to homogeneous portions of roofs. The next convolutional layer may
combine certain low-level features to extract mid-level features such as roof objects (e.g., chimneys,
solar panels) or vegetation over roofs. The last convolutional layer may combine mid-level features to
extract high-level features, e.g., entire rooftops. With an adequate number of feature-extraction layers,
CNN-derived hierarchical features can be robust with respect to changes in translation, scaling,
and rotation [92], and have been reported to have better generalizability on unseen test data than
human-engineered features [96,97]. For GEOBIA, a shallow machine learning classifier like SVM
or RF uses an entire set of human-engineered features, or a subset of the most important features.
CNNs, on the other hand, automatically extract features based on the data and learn which features
are most important through iterative optimization [87]. Thus, a perceived strength of CNNs is
their ability to generalize well via hierarchical, data-defined features [86]. For further explanation
regarding the differences between human-engineered and CNN-derived features, the reader is referred
to Chartrand et al. [85].
Compared to GEOBIA, which uses image-objects as units of analysis, CNNs typically use square
kernels for feature extraction and image patches (i.e., rectangular image subsets) as training units.
Kernel sizes are user-set and may differ for each convolutional layer; however, they remain constant
for a single convolutional layer. Training patch sizes are typically constant and set by the user;
Lang et al. [10] likened this to the arbitrary nature of the pixel in pixel-based classification. The use
of fixed-size kernels in a single convolutional layer and fixed-size training patches is problematic for
modeling geographic objects of varying size and shape [10,33,92,98]. Furthermore, defined kernel sizes
and training patch sizes will influence feature extraction and are subject to the MAUP.
4.3. Per-Pixel Classification with CNNs
In the context of remote sensing image classification, CNNs have traditionally been applied for
per-pixel classification. One popular CNN architecture in remote sensing is referred to as “patch-based”,
meaning a CNN is trained using labeled image patches, and classification (inference) is performed on
a patch basis, where one label is assigned to the central pixel of the patch [99]. Part of the convolution
and pooling process involves a progressive coarsening of the input resolution to enable the extraction
of high-level features [99]. Therefore, land-cover classification with patch-based CNNs often results in
smoothed edges and rounded corners, where details pertaining to object boundaries are lost [99–102].
Several studies have also noted that per-pixel classification with patch-based CNNs may result in a
“salt-and-pepper effect” [92,100,103,104]. Furthermore, per-pixel classification with patch-based CNNs
is performed using a computationally redundant and intensive sliding window approach, where a
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window of analysis (representing the inference patch) is moved and centered over each pixel in the
image [101–103,105].
As an alternative to patch-based CNNs, studies have demonstrated the application of fully
convolutional networks (FCNs) for per-pixel classification of remote sensing imagery. FCNs are a
type of CNN that are mainly composed of down-sampling (i.e., coarsening) convolutional layers and
up-sampling (i.e., spatial detail recovering) deconvolutional layers [99,106,107]. Like patch-based
CNNs, FCNs are also trained using image patches, except each image patch is accompanied by a
patch in which each pixel is labeled according to its class [102]. Whereas patch-based CNNs perform
inference using a patch size that is equal to the training patch size, FCN inference can be done on a
variety of input image sizes, and each pixel in the input image is classified [102,108]. However, similar
to patch-based CNNs, FCN-based per-pixel classifications have been found to incorrectly segment
objects [102,103,105].
4.4. Geographic Object-Based CNNs (GEOCNNs)
To reduce known limitations of per-pixel classification with CNNs (i.e., incorrect object boundary
delineation, salt-and-pepper effect, and high computational demand [92,99–105]), studies have
investigated hybrid approaches that integrate GEOBIA and CNNs (i.e., geographic object-based
CNNs [GEOCNNs]). Overall, these approaches aim to take advantage of the complementary properties
of GEOBIA and CNNs, where the former retains image-object boundaries and the latter extracts
hierarchical, semantic features from image-objects. Generally, at least four GEOCNN approaches have
been demonstrated in the literature (Figure 5):






Approach 1 includes: (i) image segmentation; (ii) CNN training patch extraction; (iii) CNN
model training; (iv) CNN model inference to output a classification map; (v) superimposition
of the segment boundaries on the classification map; and (vi) segment classification based on
the majority class (Figure 5) [100,102,109–114]. Some studies used random sampling to generate
training patch locations (e.g., [102,112]), whereas other studies used image segments as guides,
with each training patch enclosing or containing part of an image segment (e.g., [109,110,114]).
Approach 1 has been used with patch-based CNNs as well as FCNs.
Approach 2 is another popular methodology that includes: (i) image segmentation; (ii) extraction
of CNN training patches that enclose or are within training segments; (iii) CNN model training;
(iv) CNN model inference on patches that enclose or are within segments; and (v) segment
classification based on the class of the corresponding patch (Figure 5) [92,101,103,104,115].
This approach has been demonstrated with patch-based CNNs, and one major motivation is to
reduce computational demand by replacing the sliding window approach of patch-based CNNs
with fewer classifications (as few as one) per segment [103]. However, there are challenges with
Approach 2. First, by relying on fewer classified pixels to determine the class of each image
segment, Approach 2 is less robust and has a lower fault tolerance than the per-pixel inference and
use of the majority class in Approach 1 [112]. Second, training and inference patches are extracted
based on segment geometrical properties such as their center [92,103,104]. For irregularly shaped
segments, such as those with curved boundaries, the central pixel of the training and inference
patch may be located outside of the segment’s boundary and within a different class, which
would negatively impact training and inference [92].
Approach 3 is a less-common approach, which includes: (i) image segmentation; (ii) CNN
model training which incorporates object-based information; and (iii) CNN model inference to
output a classification map (Figure 5) [98,105,116]. Jozdani et al. [98] incorporated object-based
information by enclosing image segments with training patches. Papadomanolaki et al. [105]
incorporated an object-based loss term in the training of their GEOCNN. During training, the
typical classification loss was calculated in the forward pass (based on whether the predicted
class of each pixel matched the corresponding reference class). An additional object-based loss
was also calculated, which was based on whether the predicted class of each pixel matched
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thematic accuracies than per-pixel classification with FCNs [113]; and similar thematic accuracies to
per-pixel classification with FCNs [102]. GEOCNN methods using Approach 2 have been shown to
result in higher thematic accuracies than GEOBIA (by 2–11%) [92,101,103,115] and higher thematic
accuracies than per-pixel classification with patch-based CNNs [101,103,104]. Jozdani et al. [98] found
that their GEOCNN method following Approach 3 did not lead to a higher thematic accuracy than
GEOBIA, while Papadomanolaki et al. [105] found that their GEOCNN method following Approach 3
resulted in higher thematic accuracy than per-pixel classification with patch-based CNNs and FCNs.
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Timilsina et al. [117] found that their GEOCNN method following Approach 4 resulted in higher
thematic accuracy than GEOBIA (by 3%) and per-pixel classification using a patch-based CNN.
Regarding segmentation accuracy, Feng et al. [111] found that their GEOCNN method following
Approach 1 resulted in higher segmentation accuracy than per-pixel classification with FCNs.
Zhang et al. [101] found that their GEOCNN method following Approach 2 resulted in higher
segmentation accuracy than GEOBIA and per-pixel classification with a patch-based CNN. Similarly,
Papadomanolaki et al. [105] found that their GEOCNN method following Approach 3 resulted
in higher segmentation accuracy than per-pixel classification with patch-based CNNs and FCNs.
Segmentation accuracy was not reported in the other comparative studies. Future studies demonstrating
GEOCNN approaches (and comparing them to conventional GEOBIA and other methods) should
report segmentation accuracy because one of the main motivations for using GEOCNN approaches is
to improve the boundary delineation of image-objects.
5. GEOBIA and CNNs: Future Research Recommendations
5.1. GEOCNNs and Scale
As noted, GEOCNN methods generally result in higher thematic accuracies than conventional
GEOBIA and per-pixel classification with patch-based CNNs and FCNs. A major challenge with
GEOCNNs (and CNNs in general) is related to scale (i.e., “the window of perception” [22]). Specifically,
image-objects are variably shaped and sized (especially if generated using popular segmentation
algorithms like multiresolution segmentation), while CNNs tend to use fixed-size image patches
for model training [103]. For their GEOCNN method following Approach 1, Fu et al. [92] found
that the center point of fixed-size patches sometimes fell outside of concave segments. Regarding
image-object size, a fixed-size patch that is set to generally contain an image-object will extract
disproportionate amounts of background features and object features from small or elongated versus
large and compact objects [98,101,103]. For small or elongated objects, the CNN may not extract
enough representative object information, and may misclassify the object as the background class [110].
Different strategies for coping with the scale issue have been presented in the literature. For their
GEOCNN methodology, Zhang et al. [101] employed two separate approaches for modeling compact
objects and elongated objects. For compact objects, they centered a larger image patch on the image
segment. For elongated objects such as roads, they placed multiple smaller image patches along the
segment [101]. They trained separate models for both approaches, and combined their predictions [101].
In a different approach to the scale issue, Chen et al. [103] demonstrated a GEOCNN method with
two main strategies: (i) superpixel segmentation and (ii) semivariogram-guided, multiscale patches.
Whereas popular segmentation algorithms including multiresolution segmentation produce irregularly
shaped and sized segments, superpixel segmentation algorithms can produce more uniform and
compact segments [103]. However, as noted with Papadomanolaki et al. [105], it is unclear whether
this example can be considered object-based due to its use of superpixel segmentation. Furthermore,
Chen et al. [103] used a semivariogram-guided approach for determining a suitable patch size for
their remote sensing scene. They attributed this patch size as the medium scale, and heuristically
chose small- and large-scale patch sizes surrounding the medium-scale size. Three separate GEOCNN
models were used to extract multiscale features from each superpixel, and then the features extracted
by each model were fused into a single fully connected neural network to perform training and
classification [103]. Chen et al. [103] compared the thematic accuracy of their multiscale approach to
a single-scale approach using the semivariogram-derived patch size and found that the multiscale
approach increased overall accuracy by 2%. Future studies demonstrating GEOCNNs should explore
multiscale approaches.
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5.2. GEOBIA and other CNN Approaches
Several studies have demonstrated GEOCNN approaches that integrate GEOBIA and patch-based
CNNs or FCNs. Another potentially useful approach is a Mask Region-based CNN (Mask R-CNN) [118],
which is an instance segmentation method. Whereas semantic segmentation via FCNs classifies each
pixel in an image, instance segmentation searches for individual objects of interest and classifies pixels
pertaining to those objects. This output would be more appropriate for the task of identifying
and segmenting individual image-objects pertaining to classes of interest, such as generating
building footprints. The Mask R-CNN approach has been applied to remote sensing imagery
to detect and segment instances of Arctic ice wedges [119], buildings [120–123], ships [124–126],
and tree canopies [127]. Future studies should compare the thematic and segmentation accuracies of
conventional GEOBIA, GEOCNNs utilizing patch-based CNNs and FCNs, and instance segmentation
using Mask R-CNN.
5.3. GEOBIA and CNN Model Transferability
The transferability issue with respect to remote sensing image classification describes the challenge
of applying a model that was trained in one geographical context using specific imagery and
training samples to another context. Scene-to-scene differences can occur due to many factors,
including sensor characteristics, imaging geometry, illumination conditions, atmospheric conditions,
and intra-/inter-class variability [8]. CNNs present an opportunity to make progress with respect to the
transferability of remote sensing image classification models. This is because CNNs can extract deep,
hierarchical features that are robust to variations in translation, scaling, and rotation [92]. Furthermore,
deep neural networks like CNNs are designed to have a high learning capacity using thousands or
millions of training samples. For example, the award-winning CNN architecture AlexNet was trained
using 1.2 million labeled images belonging to 1000 different classes [128]. However, such large training
datasets can also pose challenges in their creation, use, and timeliness.
CNNs require large training datasets to mitigate overfitting. A common strategy to combat
overfitting is data augmentation, where the number of training samples is artificially increased
(via translation, rotation, flipping, cropping, brightness alteration, etc.) [8,9,92,129]. Data augmentation
increases the robustness of the CNN model to geometrical distortions and changes in scale and
illumination [129]. Another strategy is transfer learning. For small datasets, training a new model
from scratch is not recommended, as the model will likely overfit the training data and not generalize
well [8]. Transfer learning is the process by which a pre-trained model is adapted to new training
data [8]. The model has usually been pre-trained on an extremely large dataset, such as ImageNet
which contains over one million labeled images [87,103]. The model is then adapted to new training
data for the new classification task using different techniques [87,103]. One transfer learning technique
consists of “freezing” or retaining the convolutional base of the model to extract features from the
new dataset, and then training a new fully connected neural network with the features [87,103].
The other technique is to fine-tune the parameters of the fully connected layers and one or more
of the higher-level, deeper convolutional layers, while “freezing” or retaining the remaining lower
layers [87,103]. With fine-tuning, the features used for classification are more representative of the
new dataset [8]. Recent initiatives to enable CNN model training and transfer learning in the urban
remote sensing domain include Microsoft’s release of millions of building footprints from the United
States, Canada, Uganda, and Tanzania as open data [130–132]. Future Earth-observation-based training
data releases pertaining to other geographic areas and mapping applications may further enable the
application of CNNs to remote sensing.
In certain remote sensing domains, such as damage classification following natural disasters,
training a model from scratch with thousands of samples is not practical, and time spent on transfer
learning will delay the derivation of important information, and thus decrease the value of the
information. Consequently, using a pre-trained model “as is” to perform image classification is relevant.
However, using a pre-trained model “as is” without transfer learning requires the model to have good
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generalization ability. Researchers are beginning to evaluate deep-learning model “as is” transferability
in the disaster mapping domain. For example, Vetrivel et al. [97] used a GEOCNN approach to detect
damage in drone and piloted airborne imagery from earthquake events and demolition sites in Haiti,
Italy, Peru, Nepal, Taiwan, and Germany. They tested the geographic transferability of 20 models
trained and tested using different combinations of piloted airborne imagery, and 20 models trained
and tested using different combinations of drone imagery. Each model was trained using imagery
from three geographic locations and tested using imagery from three different geographic locations.
The mean overall transferability accuracy was 85%, with a minimum and maximum of 65% and 95%,
respectively. They observed that transferability accuracy was severely reduced in contexts where the
test imagery varied substantially from the training imagery, which implies that training imagery must
be as diverse as possible.
Duarte et al. [133] used patch-based CNNs to detect damage in drone, piloted airborne, and satellite
imagery ranging in spatial resolution from sub-decimeter to 0.3 m. The images were from earthquake
events and demolition sites in Italy, Ecuador, Haiti, New Zealand, France, Nepal, Germany, and
China. Training patches were extracted from each image set, and data augmentation was used to
artificially increase the sample size. They evaluated “mono-resolution” models trained using satellite,
piloted airborne, or drone imagery only, and a “multi-resolution” model trained using features from all
three types of imagery. They assessed the transferability of the models to image sets from geographical
contexts that were not used for training. Their results showed that the multi-resolution model resulted
in similar or slightly higher classification accuracy than the mono-resolution models, by as much
as 2%. Overall, the multi-resolution model achieved a slightly higher classification accuracy, but more
importantly, it was applied to classifying imagery varying in spatial resolution from sub-decimeter to
0.3 m. This is another important aspect of “as-is” model transferability: in addition to variations in
geography, the source of the new imagery may vary for each new application of a pre-trained CNN
model, so pre-training with a range of image sources may further improve generalization ability.
The aforementioned characteristics of and training techniques for CNN models suggest that CNNs
are more transferable than conventional GEOBIA. Guirado et al. [129] compared the transferability of
CNN and GEOBIA models for scattered shrub detection using 0.5 m satellite imagery. Each model was
trained using a satellite image from Spain. Several techniques were used to increase the transferability
of the CNN models, including data augmentation and transfer learning. Testing of all the models
was performed using a satellite image from a region 1.5 km from the training zone and a satellite
image from Cyprus. For the test zone that was 1.5 km from the training zone, Guirado et al. [129]
calculated a thematic accuracy of 96.50% for CNN and 92.90% for GEOBIA. For the test zone in Cyprus,
the calculated thematic accuracy was 93.38% for CNN and 77.33% for GEOBIA. For this study, the CNN
model was more transferable to unseen, geographically distinct data than the GEOBIA model [129].
Future studies should compare the transferability of CNN and conventional GEOBIA models with
regard to geography, image source, mapping objective, and more.
6. Summary
Geographic object-based image analysis (GEOBIA) is a twenty-year-old geographic information
science (GIScience) research paradigm that improves upon the pixel-based approach for remote sensing
image analysis. This paper presented an overview of the history and methodology of GEOBIA,
followed by a discussion of anticipated future research opportunities with respect to integration with
convolutional neural networks (CNNs) from the emerging field of deep learning. The main take-home
points include:


GEOBIA has been an active research field since the early 2000s, with over 600 publications
since 2000 [2]. GEOBIA defines and examines image-objects: groups of neighboring pixels that
represent real-world geographic objects. GEOBIA is a multiscale image analysis framework in
which geographic objects of multiple scales are spatially modeled (as image-objects) based on
their internal characteristics and their relationships with other objects.
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The advantages of GEOBIA over pixel-based classification include: (i) the partitioning of images
into image-objects mimics human visual interpretation; (ii) analyzing image-objects provides
additional information (e.g., texture, geometry, and contextual relations); (iii) image-objects can
more easily be integrated into a geographic information system (GIS); and (iv) using image-objects
as the basic units of analysis helps mitigate the modifiable areal unit problem in remote sensing [1].
Many free and open-source and commercial GEOBIA software options exist. Three options that
were discussed in this paper include: (1) a Python-programmed GEOBIA processing chain based
on free and open-source GRASS GIS software [29]; (2) eCognition, a commercial software by
Trimble [43]; and (3) ENVI FX, a commercial software by L3Harris Geospatial [44].
Steps in the GEOBIA methodology generally include: (1) H-resolution image acquisition; (2)
image and ancillary data pre-processing; (3) classification design; (4) segmentation and merging;
(5) feature extraction and feature space reduction; (6) image-object classification; and (7) accuracy
assessment. Active research areas in GEOBIA methodology include improving and standardizing
steps 4–7. Table 2 summarizes the requirements and best practice recommendations regarding
each step.
There is a research gap regarding how the software-integrated segmentation optimization methods
compare to each other and to newly emerging object-scale approaches (e.g., [53]).
Image-object classification contains numerous methodological aspects, some of which are not
yet standardized. For example, there is no consensus as to which sampling units (i.e., pixels or
polygons) should be used to represent test samples, though recent research suggests that polygons
are becoming the standard unit [6]. Furthermore, although 50 is the minimum recommended
per-class test sample size, it is unclear whether this number pertains to pixels or polygons [6].
We recommend the list-frame approach in conjunction with random sampling for choosing
training and test samples, which avoids sampling bias due to image-object size [3,6,70]. However,
this approach is not explicitly programmed into the three discussed software options and needs
to be implemented by the user.
The standard approach for accuracy assessment is to evaluate thematic accuracy, though the
research literature has increasingly evaluated segmentation accuracy [6]. However, currently
there is no standard approach for matching reference polygons with GEOBIA polygons, and there
is no consensus as to which segmentation accuracy metrics should be used [6].
Based on recent literature, we anticipate that a major future GEOBIA research direction will explore
the integration of GEOBIA and deep learning, i.e., geographic object-based convolutional neural
networks (GEOCNNs). We described four general GEOCNN approaches and representative
literature [90,98,100–105,109–117].
We encourage future research to focus on demonstrating and evaluating different (multiscale)
GEOCNN approaches and their comparison to (i) conventional GEOBIA, (ii) per-pixel classification
using patch-based CNNs and (iii) fully convolutional networks (FCNs), and (iv) instance
segmentation methods (i.e., Mask R-CNN). These comparisons will ideally consider thematic
accuracy as well as segmentation accuracy.
Compared to conventional GEOBIA, CNNs require substantially larger training datasets
(i.e., thousands of samples). One common strategy to meet this requirement is transfer
learning, where a pre-trained model is adapted to new training data for a new classification task.
Furthermore, massive Earth-observation-based training data releases (such as Microsoft’s recent
releases of millions of building footprints [130–132]) may help progress the application of CNNs
in the remote sensing domain. Training data must be as diverse as possible.
Finally, the “as is” transferability (with respect to geography, image source, mapping objective,
etc.) of pre-trained conventional GEOBIA, CNN, and GEOCNN models should be compared and
further researched.
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Geographic object-based approaches integrating conventional GEOBIA and CNNs (i.e., GEOCNNs)
are emerging as a new form of GEOBIA.
Continued research in these topics may further guide GEOBIA innovations and widespread utility.
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Appendix A
Table A1. List of acronyms.
Acronym

Meaning

CNN
DSM
DT
DTM
ESP2
FCN
FSO
GEOBIA
GEOCNN
GIS
GIScience
KNN
LV
Mask R-CNN
MAUP
MI
MLC
MRS
nDSM
NN
OBIA
RF

convolutional neural network
digital surface model
decision tree
digital terrain model
Estimation of Scale Parameter 2
fully convolutional network
feature space optimization
geographic object-based image analysis
geographic object-based convolutional neural network
geographic information system
geographic information science
k-nearest neighbors
local variance
Mask Region-based CNN
modifiable areal unit problem
Moran’s I
maximum likelihood classification
multiresolution segmentation
normalized digital surface model
nearest neighbor
object-based image analysis
random forest
spatially partitioned unsupervised segmentation parameter
optimization
support vector machine
threshold parameter
variable selection with random forests
weighted variance

SPUSPO
SVM
TP
VSURF
WV
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