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Abstract: Identifying and extracting building boundaries from remote sensing data has been one
of the hot topics in photogrammetry for decades. The active contour model (ACM) is a robust
segmentation method that has been widely used in building boundary extraction, but which often
results in biased building boundary extraction due to tree and background mixtures. Although
the classification methods can improve this efficiently by separating buildings from other objects,
there are often ineluctable salt and pepper artifacts. In this paper, we combine the robust classification
convolutional neural networks (CNN) and ACM to overcome the current limitations in algorithms for
building boundary extraction. We conduct two types of experiments: the first integrates ACM into
the CNN construction progress, whereas the second starts building footprint detection with a CNN
and then uses ACM for post processing. Three level assessments conducted demonstrate that the
proposed methods could efficiently extract building boundaries in five test scenes from two datasets.
The achieved mean accuracies in terms of the F1 score for the first type (and the second type) of
the experiment are 96.43 + 3.34% (95.68 £ 3.22%), 88.60 & 3.99% (89.06 & 3.96%), and 91.62 £1.61%
(91.47 £ 2.58%) at the scene, object, and pixel levels, respectively. The combined CNN and ACM
solutions were shown to be effective at extracting building boundaries from high-resolution optical
images and LiDAR data.

Keywords: building boundary extraction; convolutional neural network; active contour model; high
resolution optical images; LIDAR

1. Introduction

Information regarding the spatiotemporal variation of buildings is important for various
applications, such as geodatabase updating, environment management, and urban planning and
development. Accompanying the revolutionary development of aerial and space remote sensing
technology, identifying and extracting building boundaries from remote sensing data, such as high
resolution optical images and recently airborne light detection and ranging (LiDAR) data, is a research
frontier in the field of photogrammetry and remote sensing [1-4].

Among the tremendous efforts that have been made to extract building boundaries from remote
sensing data [5], the active contour model (ACM) is a widely used method [6,7]. ACM, also referred
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to as the snake model, is a closed curve extracting method based on the idea of minimizing energy
guided by external constraint forces such as lines or edges. ACM could generate smooth and closed
object contours with various shapes [8]. Most existing ACMs could be categorized into edge-based
and region-based ACMs. In the edge-based models, the contour is guided by the edge information [6].
The edge-based models are sensitive to the initial contour, as they focus on the image pixels, and the
ACM contour often docks at the pseudo edges generated by textures [9]. Kabolizade, Ebadi and
Ahmadi [10] used an improved snake model for building extraction. Compared with traditional ones,
the snake model in their work performed efficiently, as they added a new height similarity energy
and regional similarity energy, as well as gradient vector flow. However, their work depends on
the initial contour selected. To solve this, Liasis and Stavrou [11] used Hue, Saturation and Value
color space as well as the Red, Green, and Blue representation to extract the building boundaries
from satellite images by using an ACM. A new energy term is encoded in this work for curve
initialization, which leads to higher extraction accuracy. Another solution for curve initialization
is to use region-based models which attract the contour by a region descriptor from the global or
region context. Chan and Vese [12] presented a region-based active contour model that used a
piecewise smooth function. The region-based models are not sensitive to the initial contour, although
they are inefficient for the images in which the objects have inhomogeneity textures (i.e., intensity
inhomogeneity). Li et al. [13] developed robust a region-scalable fitting (RSF) model that is capable of
dealing with intensity inhomogeneity. However, one major limitation of the above-mentioned ACM
methods is that confusion caused by trees and ground surfaces could result in errors on identified
buildings. To avoid the influence of irrelevant confusing objects, Yan et al. [14] introduced a building
model construction framework based on the snake model. They first derived non-terrain objects
from LiDAR data and separated buildings from trees, and then extracted and refined the buildings
by the snake model. In their work, they made use of a novel graph reduction method to extend
the dynamic programming to 2-D planar topology snake model. Bypina and Rajan [15] used the
object-based method to extract buildings from very high resolution satellite images, where scene
objects are segmented by the Chan-Vese model, and tree objects are removed based on normalized
difference vegetation index (NDVI). In practice, separating the buildings from other ground objects
such as trees is often difficult by using only a vegetation index.

An effective building footprints detection method could provide helpful information to avoid the
effects of other terrain objects, and improve the extraction of building boundaries accordingly. Methods
such as the classic hierarchical stripping classification and machine-learning-based classification
have been developed to detect building footprints [16-18]. In the classic hierarchical stripping
approach, building footprints are separated from vegetation footprints, other off-terrain footprints,
and terrain footprints progressively [19]. Awrangjeb and Fraser [20] proposed a method for automatic
segmentation of LIDAR data. The ground and the non-ground footprints are separated based on a
“building mask”. The building roof footprints are then segmented from the non-ground cluster
of points and refined by rules. In the method of Wang et al. [21], the building boundaries are
detected by a four-step method. The thresholding method is applied to separate footprints with
high heights from others. Oriented boundaries are detected by an edge-detection algorithm. Building
and non-building objects are classified by two shape measures finally. When extracting building
footprints, the hierarchical stripping classification is operationally complicated due to multiple-step
operation and manual interaction.

In the past few decades, researches have used the machine learning approaches, such as Artificial
Neural Networks (ANN) [22,23], Support Vector Machine (SVM) [24,25], AdaBoost [26] and Random
Forests (RF) [27], to extract building footprints. The machine learning approaches could establish
a model that detects building footprints by learning the classification rules automatically using
training data [28]. Lodha et al. [29,30] employed SVM and AdaBoost classifiers for LIDAR data
classification. Du et al. [31] presents a semantic building classification method by using RF classifier
from a large number of imbalanced samples. The RF classifiers are improved in two aspects: one is
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the voting distribution ranked rule for imbalanced samples, and the other is the feature importance
measurement. Structured prediction methods, such as Conditional Random Field (CRE), are also used.
Niemeyer et al. [32] integrated a RF classifier into a CRF framework, in which the CRF probabilities for
the classes are computed using a unary potential and a pairwise potential. The RF approach is more
reliable when compared to the linear models for the CRF computation. Overall, the performances of
the traditional methods are often dependent on the derived handcraft features. Recently, deep learning
has shown a great ability in high level feature extraction or object detection. Vakalopoulou et al. [33]
proposed a convolutional neural network (CNN) for deep feature learning. The deep features and
additional spectral information were then fed to a SVM classifier for automated building detection,
and the result was refined by Markov Random Field. However, they only used CNN for deep features
extraction; accordingly, the procedure of feature extraction cannot optimize the classification adaptively.
Erhan et al. [34] developed a saliency-inspired neural network for object detection. The network
contains several convolutional layers, pooling layers, and full connected layers. Although the abstract
features derived from the convolutional layers are helpful to classify the categories of objects in an
image, the pooling layers in the architecture reduces the image resolution. Accordingly, the details of
the object are lost, and the specific outline of the object cannot be detected well. In essence, classic CNN
is more suitable for patch-based image category classification rather than pixel-wise classification.
Fully convolutional networks (FCNs) add upsampling layers and convert the full connected layer into
the convolutional layers, which could up-sample the feature maps to the original size. Li et al. [35]
compared the performance between the fully convolutional network [36] model and shallow models in
building detection. A qualitative and quantitative analysis showed that FCN gives better results than
shallow models. Although FCN improves the pixel-wise classification, the results are not sensitive
enough to the details, and the shapes of the building boundaries are still blurred. Compared with FCN,
the symmetrical encoder-decoder network SegNet [37] improves the boundary delineation, and is easy
to incorporate into any end-to-end architecture, such as FCN. Although CNN shows robust ability in
object classification, it suffers from the “salt and pepper” artifacts inevitably, which in turn affects the
detected object boundary.

Recent work has also explored CNN for contour extraction. Maninis et al. [38] proposed
an architecture called convolutional oriented boundaries for multiscale oriented contours producing.
However, the model is designed for natural images. Remote sensing images are often complex scenes,
which are not guaranteed to work. Rupprecht et al. [39] developed a deep active contour model.
In their work, they predicted the vector point of the contour by a CNN. Nevertheless, they also need
an initial curve for image patch deriving, which is costly and time-consuming.

To reduce the influence of other ground objects and “salt and pepper” artifacts, we developed an
automatic building boundary extraction method from high-resolution optical images and LiDAR data
by integrating CNN and ACM together. We conducted two types of experiments: the first was to extract
the building boundaries directly by integrating ACM into CNN construction progress; the second was
to use CNN for initial building footprint detection, and apply ACM for the post process.

2. Materials and Methods

2.1. Study Materials

Two different datasets are used in our experiment. The first (hereinafter referred to as the Potsdam
dataset) is the ISPRS benchmark data of Potsdam that covers a historical city with large buildings.
The dataset contains 38 patches, and each provides high-resolution orthorectified aerial photograph
and digital surface models (DSM) with pixel size 6000 x 6000 at the spatial resolution of 5 cm. The aerial
photograph has 4 channels: red, green, blue, and near-infrared bands. NDSM is derived based on
automatic filtering. The dataset was classified into six land cover classes, of which five classes were
merged into non-buildings. Among the 38 patches, 24 patches were labeled by the benchmark test
organizers and were used for the training of the CNN, whereas 3 patches (Potsdam 2_13, Potsdam



Remote Sens. 2018, 10, 1459 40f17

6_15 and Potsdam 7_13) were used for validation (Figure 1). The ground truths of the three patches
are obtained by manual labelling.
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Figure 1. The true color composite image is shown for the Potsdam dataset, where the scenes marked
in red are used for the training of the convolutional neural network, and the ones marked in blue are
used for validation.

The second dataset (hereinafter referred to as the Marion dataset) that covered Marion in Indiana,
USA was downloaded from the Indiana Spatial Data Portal (ISDP). The dataset (Figure 2) includes
orthophotography (RGBI) and LiDAR/elevation data. The ground sampling distance of the optical
image is about 0.15 m, and the LiDAR data is about 1 point/m?. We choose seven blocks for CNN
training from the Marion County with the size of 10,000 x 10,000 each. We label the images as buildings
and non-buildings using the vector data of Open Street Map, as well as by manual labeling. NDSM
is derived from the original LIDAR data. The CNN networks are trained by the composite images
of RGB+IR+NDSM. The validation data in the Potsdam and Marion datasets have a window size of
2000 x 2000 pixels and 1200 x 1800 pixels, respectively.
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Figure 2. The same as Figure 1 but showing the training and validation data for the Marion dataset.
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2.2. Preliminaries

CNN: the encoder-decoder architecture, such as SegNet that is capable of performing semantic
pixel labeling of an image, is employed for building footprints detection. For the task of building
footprint detection, we can predict the probability that each pixel belongs to a building or non-building
in the image by using SegNet. SegNet is a supervised approach with a convolutional-deconvolutional
structure. It has a set of convolutional stages, and typically includes fine layers, including the
convolutional layer, the activation function layer, the pooling layer, the batch normalization layer,
and the up-sample layer. The convolutional layer is the core component in the convolutional stage,
and applies a series of filters for feature extraction. The batch normalization layer aims to avoid the
vanishing gradients or the explosive gradients. The activation function layer controls the activation
level of a neuron for the forward signal transform. A rectified linear unit (ReLU) is often used for
non-linear mapping of the input features. The pooling layer generalizes the input features by applying
a non-overlapping window to achieve the down-sampled feature maps. The up-sample layer is to
resample the feature maps which were down-sampled by the pooling layers to original image sizes.
The feature maps are fed into the softmax for pixel-wise classification. A detailed description on SegNet
may be found in [37]. The final classification map for a given image can be obtained by calculating the
category corresponding to the maximum probability of each pixel.

Active contour model: the ACM method that accounts for both edge and region [40] is employed
for the building boundary refinement. Given an image I(x,y) : Q — R, QO — R" is the image domain.
Suppose a closed contour C — (), which separates the image into two regions (21 and (), where ()4
and () denote the exterior and interior of C, respectively. For a given pixel x € (), the energy function
of the ACM is defined as follows:

— 2 2
E(C,fifo) = i [_g(IVIICs) s + YA [, Kolx = 0)[1(9) = fi(x)] dydx (1)
i=1 !
where, the first term is the edge energy. g(x) = m is the edge function, and K is the contrast

coefficient of the edge function g which is greater than 0. The second term is the RSF energy.
The positive parameters y and A; are the weights of the two terms, respectively. f;(x) is the approximate
image intensity inside or outside the contour C. I(y) is the intensity of a local region centered at pixel x,
and o is the size of the region. The bigger that ¢ is, the higher the calculation complexity of the model.

We employ the variational level set method for the above model solution. The closed contour
C — Q) is presented by the level set function ¢ € (). An arbitrary rectangle is chosen for the
initialization of contour C, and the value of level set function ¢ is as follows:

¢(x,y) > 0 outside the contour C
¢(x,y) = 0 on the contour C ()
¢(x,y) < 0 inside the contour C

Moreover, we introduced the regularization Heaviside function H(¢), as well as its derivative
0(¢), and added the level set regularization term to Equation (1).

2.3. Building Boundary Extraction Based on CNN and ACM

We developed two strategies for CNN and ACM combination in this study. For the first
(CNN_ACM_1), we integrated ACM into CNN construction progress, while the second solution
(CNN_ACM_2) starts with CNN for building footprints detection, and then uses ACM for post
processing. Figure 3 shows the frame work of the first solution. The optical images and NDSM are fed
into the encoder-decoder architecture for deep feature learning. Meanwhile, ACM is used to extract
the boundaries features to improve the boundaries perception. The ACM hand-crafted features and
CNN deep features are concatenated before the softmax classifier for the final classification.
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Figure 3. The architecture of the CNN_ACM_1 building boundary extraction method.
Figure 4 illustrates the framework of the second solution. CNN is first applied to detect the
candidate building footprints, which are then clustered into subsets for individual building patch

generation. Each building boundary is refined by ACM and mosaicked into a whole scene. Details on
these processes as follows.

Building training
samples

.| Building footprints of |

] the whole scene
mean shift clustering
Step 2: Individual building patch generation 1
; v :
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buffer Igeneration
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Step 3: Building boundary refinement based on ACM
‘ ND SM cropping
Individual building patch ACM——p{ [pdividual building
= boundary
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Building boundary result of the whole scene

Figure 4. The flowchart of the CNN_ACM_2 building boundary extraction method.

CNN could misclassify pixels, resulting in apparent salt and pepper artifacts; as such, ACM is
used to refine the extracted building footprints. To reduce the dimensionality of the ACM searching
space, we generate individual building patches from the CNN classification results for feeding into the
ACM model. Figure 5 illustrates the detailed procedures to generate individual building patches. Given
the remote sensing data, building footprints are first identified based on the mean shift clustering
method (Figure 5b). The triangulated irregular network is then established for each individual
building footprint using Delaunay triangulation, and the areas of the triangulated irregular network
are delineated (Figure 5c). A buffered area (the buffer distance varies from 5-10 m depending on
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the building sizes in the scene) of the triangulated irregular network (marked with the black curve
in Figure 5d) is built as some of the buildings that are not completely detected in CNN, and small
footprints less than a priori minimum building area are then deleted. The minimum bounding rectangle
(MBR) of the triangulated irregular network area is finally generated for the building patch cropping
(Figure 5e, the red rectangle). In the ACM boundary extraction, the edges in the high resolution
optical images are often located at the texture changes; however, they appear at the places where
the elevation changes in NDSM. Comparatively, the contrast between building objects and ground
surfaces is stronger in NDSM than in high resolution optical images, and thus, we employed NDSM for
further ACM refinement (Figure 5f). After the boundary extraction, all building patches are mosaicked
based on the cropping position to the original scenes.

Edge type
Soft Edge

Elevation
53,222 - 59

47.444 - 53.222
B 41667 - 47444
B :5.889 - 41.667
B s0.111 - 35889
[ 24.333 - 30.111
B 18556 - 24.333

12.778 - 18.556

7 - 12.718

Figure 5. Individual building patch generation. (a) The high resolution optical images, (b) building
footprints detected by CNN and clustered together for an individual building, (c) Tin generated based
on the individual building footprints, (d) the buffer area of the Tin domain (marked with black curve),
(e) MBR of the buffer (the red rectangle), and (f) individual NDSM building patch cropped by the MBR.

2.4. Experiment Setup

Our CNN architecture is running on NVIDIA TITAN X based on Caffe, and the ACM algorithm
and the RF classification algorithm are implemented by Matlab R2014a. The remote sensing images
in this study are processed by ArcGIS 10.4.1 and ENVI 5.3. The building samples from the ISPRS
benchmark dataset and Open street map (OSM) were used for training. High resolution optical images
and NDSM are cropped into small patches of 300 x 300 pixels. For the Potsdam and Marion datasets,
8400 and 8092 patches are used for CNN model training, respectively. The trained CNN are then used
for mapping building footprints.

To understand the algorithm robustness, the proposed methods are compared with the methods
that use CNN [37] or ACM [40], as well as the state of the art classification method, RF [27]. The training
and inference manners of RF and CNN are quite different. The stratified random sampling strategy is
used for RF method, and the samples are only from the test images. For the ACM method, the entire
scene was fed into the ACM model for building boundary extraction. The detected building footprints
in the raster format were converted to the vector format. Small objects, i.e., less than the minimum
building area, e.g. often cars, small trees, or the salt and pepper noise caused by classification, are
removed. All the building boundary results are post-processed using the DP algorithm [41].

2.5. Assessment

Method assessments were conducted at the scene, object, and pixel levels. Detected buildings are
split or merged based on the topological relations, as identified by the topological clarification method



Remote Sens. 2018, 10, 1459 8of17

proposed by Rutzinger et al. [42]. The metrics of Completeness (Comp), Correctness (Corr), and Fl-score
(F1) were derived as follows:
Comp = TP/(TP + FN)

Corr =TP/(TP + FP) (3)
_ Comp xCorr
F1 =2 X Gomprcorr

where, TP, FP and FN have different definitions in the three levels, and they are described in more
detail below.

At the scene level, we establish correspondences between buildings in the detected results and
ground reference by their overlapping rate (Equations (4)). The overlapping rate is derived as follows:

Roverlap = onerlap/ Aref 4)

where, Agyerlap 18 the overlapping area of the detected building and the corresponding building in the
ground reference and A, is the area of the building in ground reference.

At the scene level, the detected results are categorized based on five different critical thresholds
for the overlapping rates (i.e., Toverlap = 10%, 30%, 50%, 70%, and 90%). The detected buildings with
the overlapping rates larger than the critical threshold are labeled as TP, the reference buildings with
the overlapping rates lower than the critical threshold are considered as FN, and the detected buildings
with the overlapping rates lower than the critical threshold are considered as FP.

At the object level, we only evaluated each detected building which has an overlap with ground
reference data set (i.e., the TPs in scene level). The object level metrics give estimates of a single
building. Object level TP denotes the overlapping area between the detected building and the reference
building, FN denotes the undetected area of the reference building, and FP denotes the falsely detected
area of the detected building. With the defined TP, FN, and FP, the metrics of Comp, Corr, and F1-score
are first derived for each individual building, and then averaged for all the objects across the scene.

To perform assessments at the pixel level, both the detected results and the reference data are
converted to the raster formats and then compared with each other. At the pixel level, the pixel
correctly detected as building is referred as TP. FN denotes the building pixel that is not detected,
and FP denotes the pixel that is not a building in the reference data, but which was misclassified
as building.

The three-level assessment shows the performance of our method in different ways.
The scene-based assessment is based on the overlapping area, indicating the accuracy of the whole
scene. The object-based metrics can evaluate how a building object can be extracted. Pixel-based
metrics are easily done by comparing the detect images and ground truth. However, pixel-based
assessment may be distorted owing to the problems of building boundaries [42]. The different metrics
are indicative to the algorithm accuracies from different aspects, but should not be compared across
different levels.

3. Results

3.1. Building Boundary Extraction Results

Figure 6 shows visual comparisons among methods. ACM often misclassifies tall trees as
buildings, and fails to extract buildings of low height due to background confusion. RF can better
extract building footprints than ACM, but it frequently generates classification results with apparent
“salt and pepper” artifacts. CNN outperforms both ACM and RF in distinguishing trees from buildings,
whereas CNN could misclassify the buildings with heterogeneous textures. The methods of both
CNN_ACM_1 and CNN_ACM_2 obtain reasonable results, as compared using the algorithms above.
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Potsdam 2_13  Potsdam 6_15 Potsdam 7 _13 Marion S1  Marion S2

/ »

CNN_ACM_1

CNN_ACM 2

Figure 6. The detected buildings in five test scenes with five different methods. Areas in the green color
denote TP, areas in the blue color denote FN, and areas in the red color denote FP at the object level.

As marked with red rectangles in Figure 6, buildings with inconsistent roof texture are rarely
extracted correctly in CNN, whereas the use of ACM clearly refines the building boundaries. Figure 7
shows the details of the marked building in Potsdam 2_13. CNN_ACM_2 tracks the boundary fairly
well, whereas CNN_ACM_1 can detect the building, but the detected boundary is not accurate enough.
ACM underestimates the building and some building footprints are not detected. Both CNN and
RF have the salt-and-pepper artifacts. For buildings with vegetation on top of the roof (marked
with yellow rectangles in Figure 6), CNN_ACM_2 could provide good results, while CNN_ACM_1
and CNN failed to extract the roof areas covered by vegetation (see details in Figure 7, Potsdam
6_15). Results detected by RF still have the salt and pepper artifacts. The building missed by the
other methods as marked by blue rectangles in Figure 6 could be detected well using CNN_ACM_1.
For the tower with complex structure in Potsdam 7_13 (marked with green rectangle in Figure 6),
CNN_ACM._1 yields a more complete result than other methods. The buildings in Marion dataset
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have simple structures and similar spectrum. All methods except ACM and RF successfully extracted
the building boundaries.

Potsdam 2 13

Potsdam 7 13 Potsdam 6 15

Marion S1

254

Marion S2

—

ICTRIE e N I TR I TR N T
RGB CNN_ACM_1  CNN_ACM 2

Figure 7. The zoom-ups of the marked buildings in Figure 6 with five different methods.
3.2. Performance Assessment

Figure 8 presents the assessment results of the proposed building boundary extraction methods
for five test scenes at the scene level (see the details in Tables A1 and A2). The overlapping thresholds
are used to determine whether the detected building is a TP at the scene level. This means that if
the overlapping rate Royerlap Of a building is lower than the threshold, it will be considered as an
undetected one. Obviously, the methods could detect more TPs and achieve higher accuracies using
low overlapping thresholds than high overlapping thresholds. For the Potsdam dataset, CNN_ACM_1
achieves the accuracies higher than 90.41% when the overlapping threshold is less than or equal
to 30%. For 50-70%, the scene level accuracies are almost all above 82.05%, except Potsdam 6_15
at Toverlap = 70%. While for the highest threshold (90%), the average accuracy of the three scenes
is 73.22%. When using CNN_ACM_2, similar accuracies were obtained, except for a slight drop in
Potsdam 6_15. In the Marion dataset, the accuracies are higher than those of Potsdam, as few buildings
are missed in both scenes. CNN_ACM._1 obtains the accuracies of above 98.00% for the overlapping
threshold less than or equal to 70%. The accuracies are above 95.00% when assessed by the threshold of
Toverlap = 90%. CNN_ACM_2 obtains higher accuracies in Marion S1 than CNN_ACM_1, and slightly
lower accuracies in Marion S2.
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The scene level F1 scores of five test datasets
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Figure 8. The scene level F1 scores of the five test images. (a) The accuracies of the method
CNN_ACM_1, (b) the accuracies of the method CNN_ACM_2. The abbreviation of P denotes Potsdam,
the abbreviation of M for Marion, T for the overlapping threshold.

Figure 9 shows the assessment of the extracted building boundaries at the pixel and object levels
(see the details in Tables A3 and A4). At the object level, the mean values of Comp, Corr, and F1 for
all the detected buildings overlapped with ground truth are derived and shown in Figure 9a,b. Comp
represents the similarity between overlapping area Aoyerlap and ground truth, while Corr represents
the similarity between overlapping area Apyerlap and detect results. F1 can be regarded as a weighted
average of Comp and Corr. For the method of CNN_ACM._1, we can see that the detected buildings
have good area similarity compared with ground reference objects: the mean F1 scores are above
82.98% for all the five test scenes, among which Marion S1 achieves 94.35%. For the methods of
CNN_ACM_2, the mean F1 scores of all the assessed buildings are above 84.15%, and the highest
accuracy (93.96%) is also obtained for Marion S1. The accuracies at the pixel level (Figure 9¢,d) can be
perceived as a kind of average of scene and object level assessment. The average F1 score of the five
test scenes at the pixel level is 91.62% for CNN_ACM_1, and 91.72% for CNN_ACM_2.

The object level accuracies of five test datasets
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The pixel level accuracies of five test datasets
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Figure 9. The three metrics of the five test scenes at the object level and the pixel level. (a) The object level
accuracies of the method CNN_ACM_1, (b) the object level accuracies of the method CNN_ACM_2,
(c) The pixel level accuracies of the method CNN_ACM._1, and (d) the pixel level accuracies of the
method CNN_ACM_2. The abbreviations of P, M and T are the same as Figure 8.
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3.3. Comparative Analysis

Figure 10 compares the assessment results of different building boundary extraction methods
across two datasets. The horizontal axis denotes the assessment level, namely, the object level, the pixel
level, and the scene level with five different overlapping thresholds. The vertical axis denotes the
accuracies of F1 scores.
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Figure 10. Assessments using the two datasets are compared for the building boundary extraction
methods, including the proposed methods, CNN, RF, and ACM. The abbreviation of OBJ denotes
results at the object level, the abbreviation of PIX for pixel-based assessment, S10 for scene-based
assessment with the overlapping threshold of 10%, and so on.

For the scene of Potsdam 2_13, CNN_ACM_1 performs the best in the five scene level assessments,
and the method of CNN_ACM_2 comes second. This means that CNN_ACM_1 can detect more
buildings which overlap with ground truths than other methods. At the object level, CNN_ACM_1
also works the best. Higher object-level accuracy implies that the detected buildings have better
area similarity with ground truth. The other methods, CNN, ACM and REF, all work worse than our
proposed method on all the three levels. In Potsdam 6_15, CNN_ACM_1 performs the best in all the
five scene level assessments. This is because CNN_ACM_1 detects several small buildings which other
methods do not extract. However, the detected building boundaries are poorer than CNN_ACM._2,
as shown in Figure 6. At the object level and pixel level, CNN_ACM_2 undoubtedly achieves the best
results. The accuracy of CNN_ACM._1 is slightly higher than that of CNN and RF, and ACM is the
worst. In Potsdam 7_13, the opposite result is obtained. CNN_ACM_2 detects more buildings, but the
building shapes are worse than with CNN_ACM_1. In Marion 51, CNN_ACM_2 and CNN performs
best in the scene level assessments. CNN_ACM_1 and RF miss a small building, and their accuracies
are a bit worse. ACM also obtains the worst accuracy. For Marion S2, the accuracy of RF is as good
as CNN_ACM_1, except Toyerlap = 90%. The other three methods show the same ability in the scene
level. CNN_ACML_1 achieves the best object level accuracy, and RF obtains the highest pixel level
accuracy, respectively. Overall, our proposed methods are effective for buildings under various scenes.
CNN_ACM._1 obtains the best results at the scene level, and CNN_ACM_2 is good at the object level.
CNN and RF only attain satisfactory results in simple building types.
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4. Discussion

In practice, most building footprints can be detected by CNN, which shows a powerful ability in
distinguishing buildings and vegetation. However, salt-and-pepper artifacts remain inside a building
or on the building boundaries in the classification results. Accordingly, the completeness of a building
needs to be improved to some extent. As reported in Section 3, the introduction of ACM improves the
accuracies obviously when the footprints of a building are partly missed in CNN classification. On the
whole, the integrated solution of CNN_ACM_1 works the best, except in the case of buildings with
vegetation on the roof, as it can detect more building areas than other methods. CNN_ACM_2 also
performs well on the building boundary refinement, which benefits from the excellent edge extraction
capability of ACM, as the contour of ACM can stop at the relative reliable building edges. Moreover,
the individual building patch generation process reduces the calculation range of ACM. The method
of RF can obtain good results in simple scenarios. However, it has a more severe salt and pepper effect
than CNN. The method of ACM is often influenced by other ground objects such as trees. In terms
of the performance of the proposed methods in the two datasets, the results for the Marion dataset
are better than Potsdam in almost all the three assessment levels. Buildings with diverse shapes and
different spectral in Potsdam make it harder for accurate extraction, while the simple structures and
spectral characteristics of buildings in Marion resulted in high accuracy.

Although the proposed models perform well, further improvements are needed. First, the
generalization ability of the network should be improved. CNN_ACM_1 shows poor handling capacity
in case of buildings with vegetation on the roof. This is mainly due to the different data distribution of
the training data and the test scene, although they have the same data sources. The reason that RF can
detect this kind of building is attributed to the sampling strategies: it selects samples from the very
classification images. Second, a softer and more effective building boundary regularization method is
required. The DP regularization algorithm reduces the building extraction results to some extent.

5. Conclusions

We developed a method for building boundary extraction using CNN and ACM. Two kinds of
strategies are designed. The first employs ACM for boundary feature extraction, which is then fed
to the CNN architecture. The second starts building footprints detection with CNN classification,
and then clusters the footprints to obtain subsets of candidate buildings, from which the buffer of
every building is constructed and the MBR is derived. Next, the NDSM of the scene are cropped
by the MBRs. Finally, the cropped NDSMs are fed to the ACM for building boundary refinement,
and mosaicked into a whole scene based on their original positions. The benefits of our method are as
follows: (1) the proposed solution can reduce the influence of vegetation and salt and pepper artifacts.
(2) It can extract buildings which are similar to the ground surfaces, which are missed in the other
methods. When testing two datasets with various building shapes, we obtained better results than
other three methods in the five test scenarios. In the future, we hope to extend our method to other
complex building types, such as the archaeological buildings.
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Appendix A
Table A1l. Accuracies of CNN_ACM_1 at the scene level.
Scenes Metrics Overlapping Threshold
10% 30% 50% 70% 90%
Comp 0.9701 0.9552 0.9104 0.8358 0.6716
Potsdam 2_13  Corr 1.0000 1.0000 1.0000 1.0000 1.0000
F1 score 0.9848 0.9771 0.9531 0.9106 0.8036
Comp 0.9730 0.8919 0.8378 0.7027 0.5405
Potsdam 6_15  Corr 0.9231 0.9167 0.9118 0.8966 0.8696
F1 score 0.9474 0.9041 0.8732 0.7879 0.6667
Comp 0.9048 0.9048 0.8571 0.7619 0.7143
Potsdam 7_13  Corr 0.9048 0.9048 0.9000 0.8889 0.8824
F1 score 0.9048 0.9048 0.8780 0.8205 0.7895
Comp 0.9697 0.9697 0.9697 0.9697 0.9091
Marion S1 Corr 1.0000 1.0000 1.0000 1.0000 1.0000
F1 score 0.9846 0.9846 0.9846 0.9846 0.9524
Comp 1.0000 1.0000 1.0000 1.0000 0.9600
Marion S2 Corr 1.0000 1.0000 1.0000 1.0000 1.0000
F1 score 1.0000 1.0000 1.0000 1.0000 0.9796
Table A2. Accuracies of CNN_ACM_2 at the scene level.
1 ing Threshol
Scenes Metrics Overlapping Threshold
10% 30% 50% 70% 90%
Comp 0.9403 0.9403 0.8955 0.8209 0.6567
Potsdam 2_13  Corr 0.9844 0.9844 0.9836 0.9821 0.9778
F1 score 0.9618 0.9618 0.9375 0.8943 0.7857
Comp 0.8919 0.8919 0.8378 0.7027 0.5405
Potsdam 6_15  Corr 0.8250 0.8250 0.8158 0.7879 0.7407
F1 score 0.8571 0.8571 0.8267 0.7429 0.6250
Comp 0.9524 0.9524 0.8571 0.8571 0.7619
Potsdam 7_13  Corr 0.9091 0.9091 0.9000 0.9000 0.8889
F1 score 0.9302 0.9302 0.8780 0.8780 0.8205
Comp 1.0000 1.0000 1.0000 1.0000 0.7576
Marion S1 Corr 1.0000 1.0000 1.0000 1.0000 1.0000
F1 score 1.0000 1.0000 1.0000 1.0000 0.8621
Comp 1.0000 1.0000 1.0000 1.0000 0.8800
Marion S2 Corr 0.9615 0.9615 0.9615 0.9615 0.9565
F1 score 0.9804 0.9804 0.9804 0.9804 0.9167
Table A3. Accuracies of the proposed method at the object level.
CNN_ACM_1 CNN_ACM_2
Scenes
Mean_Comp Mean_Corr Mean_F1 Mean_Comp Mean_Corr  Mean_F1
Potsdam 2_13 0.8752 0.8949 0.8693 0.8769 0.9086 0.8822
Potsdam 6_15 0.7827 0.9481 0.8298 0.8278 0.9386 0.8567
Potsdam 7_13 0.9009 0.8669 0.8701 0.8948 0.8226 0.8415
Marion S1 0.9681 0.9235 0.9435 0.9170 0.9646 0.9396

Marion S2 0.9756 0.8704 0.9173 0.9514 0.9181 0.9333
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Table A4. Accuracies of the proposed method at the pixel level.

CNN_ACML_1 CNN_ACM_2
Comp Corr F1 Comp Corr F1

Potsdam 2_13  0.9021 0.9054 0.9038 0.8678 09140  0.8903
Potsdam 6_15  0.8866 0.9626 0.9230 0.9369 0.9601 0.9483
Potsdam 7_13  0.9555 0.8438 0.8962 0.9058 0.8509 0.8775
Marion S1 0.9679 09187 09427 09184  0.9654  0.9413
Marion 52 0.9755 0.8621 0.9153 0.9511 0.9078  0.9290

Scenes
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