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Abstract. High-resolution remote sensing data classification has been a challenging and promising research topic in the community of remote sensing. In recent years, with the rapid advances
of deep learning, remarkable progress has been made in this field, which facilitates a transition
from hand-crafted features designing to an automatic end-to-end learning. A deep fully convolutional networks (FCNs) based ensemble learning method is proposed to label the high-resolution
aerial images. To fully tap the potentials of FCNs, both the Visual Geometry Group network and
a deeper residual network, ResNet, are employed. Furthermore, to enlarge training samples with
diversity and gain better generalization, in addition to the commonly used data augmentation
methods (e.g., rotation, multiscale, and aspect ratio) in the literature, aerial images from other
datasets are also collected for cross-scene learning. Finally, we combine these learned models to
form an effective FCN ensemble and refine the results using a fully connected conditional random field graph model. Experiments on the ISPRS 2-D Semantic Labeling Contest dataset show
that our proposed end-to-end classification method achieves an overall accuracy of 90.7%, a
state-of-the-art in the field. © 2017 Society of Photo-Optical Instrumentation Engineers (SPIE)
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1 Introduction
Semantic labeling (a.k.a. land cover classification) is the task of assigning a semantic label (landcover or land-use class) to every pixel of an image.1 In the remote sensing community, automatic
semantic labeling has been a long-standing research problem and has historically been applied to
coarse-resolution images.2 In recent years, high-resolution aerial images, usually with a ground
sampling distance (GSD) of 5 to 10 cm, have become available so that objects such as cars and
buildings are distinguishable, which leads to a growing interest to perform urban areas semantic
labeling.
At present, the state-of-the-art algorithms for urban areas semantic labeling are deep convolutional neural networks (CNNs).3 The pioneering work of CNN, LeNet, was first proposed by
LeCun et al.4 to document recognition. Then with the available larger annotated training datasets
and more powerful computing resource, a major breakthrough was made by Krizhevsky et al.5
Specifically, a deeper network, AlexNet, along with some effective training tricks, was introduced in their work. They found that the drop-out operator could help to reduce overfitting, and
the nonlinearity by the rectified linear units was important for better gradients propagation. After
that, the CNNs became the gold standard for image classification problems.6–8 Long et al.9 further showed that by transforming the fully connected layers into convolutional layers, the CNNs
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Fig. 1 The FCN adapted from the VGG-16 network.

used for image classification problems can be easily adapted to an end-to-end fully convolutional
networks (FCNs) used for semantic labeling tasks, as shown in Fig. 1. Based on this idea, numerous state-of-the-art algorithms for semantic labeling appear in computer vision-related communities,10–12 and some of them are also employed for labeling the remote sensing data of urban
areas.1,2
Although some research13,14 found that the CNN models trained by the computer vision community generalize well in remote sensing, and the features learned by them were more discriminative than the traditional hand-crafted features usually used by remote sensing literature,
considering that the semantic labeling data used in the two communities have great differences,2
there are still some problems that researchers need to explore, e.g., what would be a better network structure or parameters configuration for remote sensing? Are the data augmentation or
model fusion methods also as effective as in other domains? Our solution at this point is to start
from several proven networks that have excelled in other applications and then fuse their results.
The main contributions of our work are as follows:
1. Recent advances in FCNs and probabilistic graphical model are adapted to labeling the
high-resolution aerial images and proved to be as effective as in other fields.
2. Focusing on the diversity, FCNs ensemble learning strategy is proposed, which can significantly improve the performance of individual the FCN classifier.
3. By introducing the split-and-merge mechanism, a large size aerial image could be
labeled efficiently without loss of accuracy.
4. Experiments on the ISPRS 2-D Semantic Labeling Contest dataset show that our end-toend pipeline can achieve an overall accuracy of 90.7%, a state-of-the-art in the field.
The rest of this paper is organized as follows. In Sec. 2, we briefly review related work on
semantic labeling. Then, details of our proposed high-resolution aerial images semantic labeling
are elaborated in Sec. 3. Experimental evaluation and analysis are reported in Sec. 4, followed by
some concluding remarks and future work in Sec. 5.

2 Related Work
Prior to the introduction of CNN, an emphasis of research is to design effective classification
features manually and numerous features of different types (spectral intensity, vegetation index,
texture, geometry, and spatial context) are designed and computed in the literature. The handcrafted features are then fed to an expert decision-making system or a standard classifier [e.g.,
support vector machine (SVM), random forest, or AdaBoost] to predict class probabilities. For
example, an expert decision-making system that utilizes spectral, geometry, and topology knowledge of different classes was used by both Rau et al.15 and Speldekamp et al.16 for classifying
different data. Gerke17 first segmented the image into small super-pixels, and then features of
each super-pixel are extracted and input to an AdaBoost classifier. Tarabalka et al.18 first trained a
probabilistic SVM classifier to label each pixel of the hyperspectral image, then the spatial
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contextual information was used for refining the classification results by a Markov random field
regularization. For a full review, we refer the reader to Ref. 19.
In the last few years, with the rapid advances of deep learning, CNNs have outperformed all
competing methods both in the famous Pascal VOC Semantic Labeling Challenges (Ref. 20) in
the computer vision community and the popular ISPRS 2-D Semantic Labeling Contest (Ref. 21)
in the remote sensing community. With it, the traditional division of semantic labeling into handcrafted feature extraction, pixels classification, and context modeling becomes unnecessary. In
contrast, an end-to-end labeling network is learned directly from labeled pixels, including lower
layers that can be interpreted as “features,” middle layers that can be seen as the “layout and
context” knowledge for the specific domain, and deep layers that perform the actual
“classification.”22 Regarding its applications in remote sensing, there are mainly two types:
patch based and FCN based.23 Boulch24 first clustered the image into small super-pixels,
then one patch is generated for each super-pixel and AlexNet5 networks with eight layers
are trained for labeling these patches. Paisitkriangkrai et al.14 trained three CNN models
with different input image resolutions. Each CNN model encodes different patches of increasing
sizes, covering a larger context surrounding the center pixel. Finally, the three learned feature
vectors for each pixel are concatenated for classification. More often, recent works adopt the
FCN architecture. For example, both works reported by Sherrah2 and Marmanis et al.22 are based
on the FCN. Specifically, to avoid the negative effect caused by pooling, a no-downsampling
FCN was proposed by Sherrah.2 With the help of deconvolution and recycling of early network
layers, Marmanis et al.22 designed a pixelwise classification FCN at full resolution, and they also
demonstrated that an ensemble of several networks achieves better results. Furthermore, a
comparison between patch-based CNNs and FCN has been done by Volpi and Tuia1 and
Kampffmeyer et al.23 They both show advantages for FCN.

3 Fully Convolution Networks for Semantic Labeling
As reported by Long et al.,9 through repurposing the fully connected layers into convolutional
layers, we can adapt any well-designed CNN architectures used for image classification problems to an end-to-end FCN for per-pixel tasks, such as semantic labeling. Based on this principle,
two of the most popular and powerful CNN architectures used in image classification task,
Visual Geometry Group (VGG)-167 and ResNet-101,8 which have won the second place in
the ILSVRC 2014 and first place in the ILSVRC 2015 classification task, respectively, in
the computer vision community, are selected and adapted for labeling our high-resolution aerial
images. Moreover, the “atrous” algorithm is used for alleviating the spatial resolution loss and
promoting the computational efficiency, a model fusion strategy is introduced to incorporate the
strong points of several distinctive models. To tackle the oversize challenge of high-resolution
aerial images, a split-and-merge mechanism is employed for classification, and then a large-scale
fully connected conditional random field (FCCRF) is constructed based on the merged data to
recover accurate boundaries of each object. The whole workflow of the proposed method is
shown in Fig. 2.

3.1 Atrous Algorithm and Multiway Atrous Convolution
Although by reorganizing a CNN model for classification into a fully convolutional fashion, we
can get an FCN conveniently, the max-pooling layers in the corresponding network make the
spatial resolution of the resulting feature maps reduced significantly, typically by a factor of 32
across each side in a classical CNN with 5 max-pooling layers. To use “deconvolutional” layers
as Long et al.9 is a remedy, however, it requires additional computational resource and memory.
As Chen et al.,12 the atrous algorithm is used in this work for alleviating the spatial resolution
loss. The atrous algorithm was originally from the wavelet community and developed for the
efficient computation of the undecimated discrete wavelet transform.25 It was first introduced to
the CNN literature by Chen et al.12 and has been shown to be an effective way for dense feature
extraction. As shown in Fig. 3, it can be seen as an extension of the traditional convolution
operator, and an additional parameter r (sample rate) is introduced in this operator.
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Fig. 2 Workflow of the proposed method.

(a)

(b)

Fig. 3 Illustration of the atrous convolution with a kernel 5 × 5. (a) Atrous convolution with the
sample rate r ¼ 1, which is equal to the traditional 5 × 5 convolution operator. (b) Atrous convolution with the sample rate r ¼ 2, which is equal to a 9 × 9 convolution operator with some weights
fixed to zero (the black ones). Note that although the numbers of weights to be learned (the blue
ones) is equal in the two cases, their receptive fields are different.

Specifically, if the sample rate r is set to 1, this convolution operator is the same with the traditional one; otherwise, the receptive field (or the kernel size) is expended under the same computational load.
For our purpose, if we want to avoid the downsample effect of a certain max-pooling layer,
we can set its stride to 1 and enlarge the sample rate of the following atrous convolutional layers
by a factor of 2. Pushing this idea all the way through the whole network could allow us to obtain
a no-downsampling FCN and output feature maps at the original image resolution, as done by
Sherrah.2 However, considering its high computation and memory load, we make a trade-off
between efficiency and accuracy. Specifically, with the aid of atrous convolution, we guarantee
the resolution of the final feature maps to be 1/8 of the original image. Then, a fast bilinear
interpolation algorithm is used to upsample the final feature maps to the original resolution.
Because the final feature maps consist of probabilities and are quite smooth, bilinear interpolation is sufficient in this setting.26 Compared to upsampling from coarser feature maps using
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additional learned upsampling layers,9 this can significantly decrease the complexity and
training time of our system. Note that Long et al.9 (Cordts et al.27) have shown that the approximate upper bounds accuracy of 1/8 scale is 96.4% (92.1%), and the loss can be further compensated in the following FCCRF-based classification refinement stage, which will be presented
in Sec. 3.3.
Due to the flexibility of the atrous algorithm, the final receptive field for each pixel can be
changed easily by adjusting the sample rate r of certain atrous convolution layers [such as the
“Fc-6” layer in Fig. 4(a), which is adapted from the first fully connected layer of the VGG-16
classification network]. Therefore, as Chen et al.,26 an atrous algorithm-based multiway parallel
convolution architecture is also used in this work to improve the performance of FCN.
Specifically, we train several branches with different sample rates (receptive fields) and combine
them to make the final prediction, as shown in Fig. 4(b).

3.2 Model Strengthening and Fusion
Ensemble learning or multiple classifier system (MCS) is well-established both in the remote
sensing and the computer vision community and has shown great potential to improve the accuracy and reliability of remote sensing data classification over the last two decades.28–30
Furthermore, a number of research31–33 have also demonstrated that diversity is a vital requirement for the success of the ensemble. In other words, a successful MCS system depends to a
large extent on the proper selection of diverse classifiers for incorporation. If the classification
results are identical or similar, it would not improve the accuracy by combining them.
To add diversity to the CNN-based ensemble, several trained networks with different architectures are combined by Marmanis et al.3 and Simonyan and Zisserman,7 and several trained
networks with different initializations are combined by Marmanis et al.22 Unlike them, by combining tasks of model strengthening and model diversification, the diversity of the ensemble is
fully exploited in this paper. Specifically, taking the FCN version of VGG-16 and ResNet-101 as
foundations, four different model strengthening methods are first used to promote their performance separately, and then these strengthened models are combined to form the ensemble by
averaging with the following equation:

(a)

(b)

Fig. 4 Network architectures comparison for atrous algorithm-based single-way convolution and
multiway parallel convolution. (a) Single-way atrous convolution obtained by adapting the “Fc-6”
layer in the VGG-16 classification network to an atrous convolution layer. (b) Multiway atrous convolution obtained by constructing several branches with different sample rates (receptive fields).
The results output by all branches are combined together by an additional “sum” layer before they
are input to the subsequent “softmax” layer.
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Pðxi Þ ¼

EQ-TARGET;temp:intralink-;e001;116;735

M
1X
P ðx Þ;
M k¼1 k i

(1)

where Pk ðxi Þ is the category probability of pixel i output by the k’th classifier, and M is the
number of classifiers used to fuse. The whole workflow is shown in Fig. 5. Following are the
details of the four model strengthening methods.

3.2.1 Data augmentation by rotation
In the computer vision community, the rotation-based data augmentation method is usually subject to certain restrictions since there are some fixed spatial relationships between objects to be
classified, e.g., the sky is usually on the uppermost and people generally sit on the chair.
However, the aerial images to be labeled in this paper are not restricted by them. So, they
can be rotated to a random angle for data augmentation and performance enhancement.2,3,23
In this paper, different rotation increments (90 deg, 45 deg, 30 deg, and 10 deg) are tested
and compared. We find that all of them can improve the learning ability of FCN. However,
based on the slight advantage, the 30-deg increment is finally selected as our standard configuration, which results in 12 augmentations per image.

3.2.2 Aspect ratio transformation
Although object scale is constant in the aerial ortho-image, we find that training a CNN model
with multiscale data augmentation can still increase the final classification accuracy noticeably.
Furthermore, for training a more generalized model, we accept the cases that the two directions
of the current image are scaled by different factors, i.e., the aspect ratio transformation.
Specifically, for each direction, the scale factor is randomly selected from the predefined set
[0.75, 1, 1.25], and this yields 9 augmentations per image for 2 directions.

3.2.3 Cross-scene learning
Cross-scene or cross-dataset learning has been proved to be an effective way to promote the
performance of CNN model in the computer vision community. However, unfortunately,
until now it has not gotten sufficient due attention in the remote sensing field. In this paper,

Fig. 5 The strategy for model strengthening and fusion. The two basic models (VGG-16 and
ResNet-101) are first strengthened by four different approaches, respectively, and then the
eight distinctive models are fused to make the final prediction.
Journal of Applied Remote Sensing

042617-6

Oct–Dec 2017

•

Vol. 11(4)

Sun et al.: Semantic labeling of high-resolution aerial images using an ensemble. . .

for strengthening our model, in addition to fine-tuning our model from a pretrained CNN of the
computer vision community, we also do cross-scene learning using labeled aerial images from
different cities. Details are introduced in Sec. 4.

3.2.4 Multisource data
In addition to the three-channel ortho-images, the geometry data digital surface model (DSM)
and normalized DSM (NDSM) are commonly used for labeling in the remote sensing literature.
For taking advantage of the complementarity of the multisource data, an enhanced CNN architecture with a five-channel data input layer is constructed as an independent model strengthening
approach.

3.3 Large Size Image Labeling and Accurate Boundaries Recovery
As mentioned in Sec. 3.1, because of the spatial resolution loss in max-polling, object boundaries
labeled by FCN are usually not accurate enough. Like Chen et al.,12 to recover the accurate
boundaries, an FCCRF is used to refine the results of FCN in this paper.
The FCCRF was originally proposed by Krahenbuhl and Koltun 34 for solving the general
multiclass image segmentation problem. In this complete graph model, each pixel is seen as a
node, and every two nodes are connected by an edge, then the corresponding energy function is
defined as
GðXÞ ¼

X

EQ-TARGET;temp:intralink-;e002;116;482

i∈V

φu ðxi Þ þ

X

φp ðxi ; xj Þ;

(2)

ði;jÞ∈E

where V is the node set, E is the edge set, and X is the label configuration for the graph.
The unary potential φu ðxi Þ is defined as φu ðxi Þ ¼ − log Pðxi Þ, where Pðxi Þ is the category
probability of pixel i output by a certain classifier. The pairwise potential φp ðxi ; xj Þ is defined
as
φp ðxi ; xj Þ ¼ μðxi ; xj Þ

K
X

EQ-TARGET;temp:intralink-;e003;116;389

m¼1

wm km ðf i ; f j Þ;

(3)

where μðxi ; xj Þ is a label compatibility function, they can be given by the simplest Potts model,
μðxi ; xj Þ ¼ ½xi ≠ xj , or by learning as Krahenbuhl and Koltun.34 Each km is a Gaussian kernel
weighted by wm, f i and f j are feature vectors of pixel i and j, respectively, in a feature space, and
in this work, they are built over the information of pixel positions pi and the spectral bands I i .
Then, the commonly used combined kernels can be expressed as




kpi − pj k2 kI i − I j k2
kpi − pj k2
w1 exp −
−
exp
−
þ
w
;
2
2σ 2α
2σ 2β
2σ 2γ

(4)

EQ-TARGET;temp:intralink-;e004;116;276

where σ α , σ β , and σ γ are the hyperparameters that control the degree of the kernels’ scale.
Unlike Chen et al.,12 the category probability map, or belief map, is not directly output by a
certain FCN classifier but merged by several belief maps that are output by an FCN ensemble in
this paper. As shown in Fig. 6, due to the memory limitation, directly inputting a large size aerial
image to the trained FCN (ensemble) is impractical. To tackle this problem, a split-and-merge
mechanism is employed in this paper. Specifically, the large image to be labeled is first split into
several small tiles with a predefined overlap degree. Then, each tile is seen as a separate image
and input to the trained FCN (ensemble) for inference. After this step, the corresponding belief
map for each tile is obtained, and by merging all of them, a full-view belief map is obtained.
Finally, the FCCRF graph model is constructed on this full-view belief map, and then after a
mean-field-based energy minimization, the classification results are refined.
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Fig. 6 Flowchart of large size image labeling and accurate boundaries recovery. With a large size
image as input, the image is first split into several small tiles. Then, all the tiles are processed by
the learned FCN ensemble separately and the corresponding belief maps are obtained. Finally, all
the small belief maps are merged together to form a full-view belief map, and an FCCRF graph
model is constructed and optimized on this full-view belief map to recover the accurate boundaries.

4 Experiments
4.1 Dataset
The ISPRS 2-D Semantic Labeling Contest dataset of Vaihingen35 is used to test the proposed
method. This dataset is captured by the German Association of Photogrammetry and Remote
Sensing (DGPF) with the Digital Mapping Camera System. Then, with the software of Trimble
INPHO 5.3, the three-dimensional (3-D) point cloud and DSM are generated by dense image
matching; with Trimble INPHO OrthoVista, the true orthophoto (TOP, with three bands of nearinfrared, red, and green), is also generated, as shown in Fig. 7. Both the TOP and the DSM are
9 cm GSD. Furthermore, they are defined on the same grid, so that it is not necessary to consider
the geocoding registration problem. In addition to the TOP and DSM data, the corresponding
NDSM data are also provided unofficially by Gerke.17 In this contest, the six most common land
cover categories, including impervious surfaces, building, grass, tree, car and clutter/background, are defined and labeled manually by the organizers for classifiers training and classification results evaluation. For convenience, the whole test area is further divided into 33 tiles
with different sizes, in total there are over 168 million pixels, see Fig. 7.
Note that only part of the manually labeled ground truth (16 of 33) is publicly available, and
the remaining ground truth is unavailable and stays with the contest organizers for evaluating the
submitted results. To reduce the impact of uncertain border definitions, in addition to the “full
reference” ground truth, the “no boundary” ground truth is also provided where the boundaries
of objects are eroded by a circular disk of 3 pixel radius. Those eroded areas are then ignored
during evaluation.
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Fig. 7 The TOP of the test area, which is divided into 33 tiles with different sizes.

4.2 Implementation Details
The proposed method in this paper is implemented in C++ by extending the Caffe36 and
Deeplab26 framework. Furthermore, the DenseCRF library37 is used to optimize the FCCRF
graph model. All the experiments are performed on a 12-node GPU cluster. The Sun Grid
Engine is used to schedule our training and testing jobs to run in this cluster environment.
For convenience, the 16 tiles with labeled ground truth are further divided into training and
validation sets in this work. Specifically, the validation set consists of 5 tiles (areas: 11, 15, 28,
30, and 34), and the remaining 11 tiles are training set. Experimental evaluation is based on the
validation set results, and the validation set is not used for training.
In the classifiers training stage, we fine-tune the VGG-16 and ResNet-101 from the CNN
models that have been pretrained on the VOC12 and Image Net dataset. Specifically, the weights
learned by the pretrained networks are used to initialize the corresponding layer weights of our
CNN models. However, because the object categories to be labeled in this work are different
from the categories learned by the pretrained networks, the last (output) layers of our models
cannot be initialized in this way. To this end, we initialize the weights in these layers from a zeromean Gaussian distribution with standard deviation 0.01, and the neuron biases in these layers
are initialized with the constant 0. To learn the weights in the last layers more efficiently, their
learning rates are set to 10-fold of the other layers in the training process. In addition, we crop the
large training images to 481 × 481. The stochastic gradient descent algorithm is employed to
optimize the cross entropy-based loss function, a mini-batch of three images and initial learning
rate of 0.001 are used for VGG-16. Correspondingly, the two parameters for ResNet-101 are set
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to 1 and 0.00025. We use the “poly” learning rate policy with power of 0.9, and the momentum
and weight decay are set to 0.9 and 0.0005, respectively.
In the FCCRF refinement stage, we fix the number of mean field iterations to 10 for all the
experiments. We learn the five hyper parameters (w1 , w2 , σ α , σ β , and σ γ ) in Eq. (3) with a twolevel grid search scheme. Finally, we obtain the biggest gain at w1 ¼ 1, w2 ¼ 2, σ α ¼ 40,
σ β ¼ 3, and σ γ ¼ 1.

4.3 Experimental Evaluation
With the validation set, the effect of VGG-16 based multiway atrous convolution is evaluated in
Table 1. As can be seen from it, to the single-way network, the overall accuracy is not sensitive to
the sample rate r of the Fc-6 layer so long as it is not too large. Furthermore, we can find that the
performance of multiway networks generally surpass the single-way networks. Finally, by comparing a different combination of the sample rates, we get the highest overall accuracy of 88.8%
in the [3, 6, 12, 18] group, and this configuration is used in all the following experiments. In
addition, the superiority of multiway atrous convolution architecture can also be observed from
the training curves, as shown in Fig. 8.
In Table 2, by a comprehensive testing on the validation set, performances of different model
strengthening methods are shown. After comparing results of different rotation increments
Table 1 Performance evaluation for VGG-16-based single-way atrous convolution and multiway
atrous convolution architecture, the kernel size is set to 3 × 3, r is the sample rate of the Fc-6 layer
in Fig. 4.
Single way

Multiway

R

Accuracy (%)

r

Accuracy (%)

3

88.2

[1, 3, 7, 15]

88.4

6

88.1

[2, 4, 8, 16]

88.4

12

88.1

[3, 6, 12, 18]

88.8

18

88.2

[6, 12, 18, 24]

88.6

24

87.9

—

—

Fig. 8 Training curves of the single-way and multiway atrous convolution architecture.
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Table 2 Performances evaluation for different model strengthening methods.
Overall accuracy (%)
Strengthening method

VGG-16

ResNet-101

Rotation (90 deg)

88.9

—

Rotation (45 deg)

89.0

—

Rotation (30 deg)

89.1

89.6

Rotation (10 deg)

88.9

—

Scale [0.75, 1, 1.25]

89.0

—

Scale [0.5, 0.75, 1, 1.25, 1.5]

88.9

—

Aspect ratio [0.75, 1, 1.25]

89.1

89.1

Cross scene

89.8

89.3

Multisource data

89.1

—

FCN ensemble

90.0

90.0

90.4

—

Note: The models with bold text are selected to form the FCN ensemble.

(90 deg, 45 deg, 30 deg, and 10 deg), we obtain the highest accuracy in 30 deg, and it is used for
the following model fusion. Interestingly, for the aspect ratio and multisource data-based
strengthening, we get the same accuracy, 89.1%, as the 30-deg increment rotation.
As for the cross-scene learning, the ISPRS 2-D Semantic Labeling Contest dataset of
Potsdam38 is used as the additional training data. The data set contains 38 patches (of the
same size 6000 × 6000), each consisting of a TOP extracted from a larger TOP mosaic, a
DSM, and an NDSM. Like the Vaihingen dataset, labeled ground truth is provided for only
one part of the dataset, 24 of 38 patches, and they are used for learning. Because the GSD
of this data, 5 cm, is different from Vaihingen, 9 cm, we resample it to 9 cm at first. After
a cross-scene learning, we get 89.8% and 89.3% overall accuracy for VGG-16 and ResNet101, respectively.
Note that compared with the VGG-16, the ResNet-101 requires much more memory and
computing resource. However, by comparing the performance of VGG-16 ensemble
(90.0%), ResNet-101 ensemble (90.0%), and their combination (90.4%), we can see that the
VGG-16 and ResNet-101 contain complementary information, which indicates that combining
FCNs with different network architecture is an effective ensemble learning method. Another
observation is that the ResNet-101 is not convergent when a five-channel multisource data
are input to it, so it is not included in the FCN ensemble.
In Fig. 9, training curves of different FCN models in the FCN ensemble are shown. Because
training samples used by each FCN model are augmented by different methods, the models’ train
losses levels are not directly related to their final labeling accuracies but related to the training
samples’ diversity of each FCN model. For example, Fig. 9(a) indicates that the mode strengthened by cross-scene learning has the maximum train loss; however, from Table 2, we can see that
the labeling accuracy of this model is the highest. Compared with Figs. 9(a) and 9(b), we can see
that train losses of ResNet-101 based models are generally higher than VGG-16-based models
although their labeling accuracies are with the same level. The above findings suggest that the
level of train loss is not an absolute standard for indicating the performance of a certain FCN
model. Actually, the train loss is also affected by the diversity of training samples, the specific
network architecture, or other external conditions.
The effect of FCCRF is shown in Fig. 10. By comparing Figs. 10(b) and 10(c), we have the
following observations. On one hand, the accurate boundaries, e.g., area inside the red rectangle,
are recovered because the first kernel of FCCRF pairwise potential encourages the nearby pixels
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Fig. 9 Training curves of different FCN models in the FCN ensemble: (a) training curves of VGG16-based models and (b) training curves of ResNet-101-based models.

Fig. 10 The classification results before and after the FCCRF refinement: (a) the original TOP,
(b) classification results before the FCCRF refinement, and (c) classification results after the
FCCRF refinement.

with similar features (color) to take the same label. On the other hand, some small isolated
regions, e.g., areas inside the red ellipses, are removed due to the smoothing effect of the second
kernel in Eq. (3). Moreover, through the quantitative analysis, we find that the overall accuracy
can be increased by 0.03% to 0.10% after the FCCRF refinement.

4.4 Experimental Result Analysis
The final classification result and its corresponding error map of one typical area are shown in
Fig. 11. From it, we can see that most of the buildings, trees, and grass are labeled correctly,
although there are some small objects and pixels near the boundaries or inside the shadow area
that are misclassified.
To analyze the results quantitatively, the accumulated confusion matrix and some other measures (precision, recall, F1 score, and overall accuracy) of the validation set are calculated and
shown in Table 3. From it, we can see that there are mainly four type errors. Moreover, the
specific cases are provided in Fig. 12.
1. The confusion of tree and grass, shown in cases 1 and 2 of Fig. 12. This confusion is
usually caused by the unclear definition of the two classes, e.g., the ground truth of cases
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Fig. 11 The classification result and error map of one typical area: (a) the original TOP, (b) the
classified result obtained by the proposed method, and (c) the red/green error map (red pixels
indicate wrongly classified pixels).

Table 3 Accumulated confusion matrix and some other measures (precision, recall, F 1 score,
and overall accuracy) of the validation set.
Reference
Predicted

Imp-surf

Building

Grass

Tree

Car

Clutter

Imp-surf

92.2

2.5

4.2

1.0

0.8

0.0

Building

2.1

96.5

1.1

0.2

0.0

0.0

Grass

3.3

1.5

80.4

14.7

0.0

0.0

Tree

0.5

0.1

7.5

91.9

0.0

0.0

Car

17.9

1.8

0.7

0.5

79.1

0.0

Clutter

18.7

65.1

11.3

0.4

4.6

0.0

Precision/correctness

93.7

95.9

84.2

87.0

96.2

-nan

Recall/completeness

92.2

96.5

80.4

91.9

79.1

0.0

F1

92.9

96.2

82.3

89.4

86.8

-nan

Overall accuracy

90.5

—

—

—

—

—

Note: The bold values indicate relatively more important indicators.

1 and 2 are inconsistent in distinguishing the two classes, so the quality of ground truth is
directly related to this confusion.
2. The confusion of grass and imp-surf, shown in cases 3 and 4 of Fig. 12. This confusion
usually appears in a large bare area with extremely sparse grass or a large grassland area
with some small regions, which are not covered by grass.
3. The confusion of imp-surf and building, shown in case 5 of Fig. 12. This is mainly due to
the fact that the texture of some building roofs is similar to imp-surf, and the potential of
DSM/NDSM has not been tapped adequately in this work.
4. The missing car, shown in case 6 of Fig. 12. From Table 3, we can see that the recall rate
of “car” is unsatisfactory and many cars are misclassified to “imp-surf.” This is mainly
because on one hand cars usually have a relative small size, on the other hand, all kinds
of vehicles (truck, bus, and car) are considered as “car” despite the large intercategory
difference in the dataset. Furthermore, we find that when cars are stopped at the shadow
area they are usually difficult to detect, especially for black cars.
Journal of Applied Remote Sensing

042617-13

Oct–Dec 2017

•

Vol. 11(4)

Sun et al.: Semantic labeling of high-resolution aerial images using an ensemble. . .

Fig. 12 Misclassification cases selected from the validation set. The misclassified areas are
marked on TOPs with semitransparent blue color.

4.5 Comparison with the State-of-the-Art
Finally, we run our method on the remaining 17 testing tiles with undisclosed ground truth and
compare our method with the state-of-the-art in this section. Totally, 57 different classification
results from 19 different research groups are submitted to the ISPRS 2-D Semantic Labeling
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Table 4 Comparison with the best results achieved by each research group in the ISPRS 2-D
Semantic Labeling Contest. Our method is denoted as “NLPR2.”
Method

Imp-surf

Building

Grass

Tree

Car

Overall

CNN

Strategy

SVL_3

86.6

91.0

77.0

85.0

55.6

84.8

No

Adaboost+CRF

UT_Mev16

84.3

88.7

74.5

82.0

9.9

81.8

RULE based

HUST

86.9

92.0

78.3

86.9

29.0

85.9

RF + CRF

IVFL

88.2

92.4

79.8

86.7

50.7

86.5

RF + super-pixel

NLPR39

88.3

92.3

80.2

87.6

54.3

86.9

RF + CRF

RIT40

88.1

93.0

80.5

87.2

41.9

86.3

RF + patch

ADL_314

89.5

93.2

82.3

88.2

63.3

88.0

ONE_741

91.0

94.5

84.4

89.9

77.8

89.8

FCN + SegNet

DST_22

90.5

93.7

83.4

89.2

72.6

89.1

FCN

UZ_11

89.2

92.5

81.6

86.9

57.3

87.3

Deconvolution

DLR_103

92.3

95.2

84.1

90.0

79.3

90.3

CNN + edge

89.8

92.1

80.4

88.2

82.0

87.6

CNN

17

11

UOA
INR

Yes

CNN + RF + CRF

91.1

94.7

83.4

89.3

71.2

89.5

CNN

40

RIT_3

91.2

95.3

83.1

89.2

81.1

89.6

FCN

ETH_C

87.2

92.0

77.5

87.1

54.5

85.9

CNN

Ano2

90.4

93.0

81.4

88.6

74.5

88.4

CNN

UCal5

92.2

94.8

83.2

89.5

85.7

90.1

FCN

CASIA

92.7

95.3

84.3

89.6

80.8

90.6

FCN

UPB

87.5

89.3

77.3

85.8

77.1

85.1

CNN

NLPR2

92.6

95.3

84.7

90.0

81.0

90.7

FCN

GSN342

92.2

95.1

83.7

89.9

82.4

90.3

FCN

Note: The bold values indicate the highest overall accuracy and the highest F1 score of each class.

Benchmark, of which 46 are CNN-based results. For the sake of clarity and readability, the best
results achieved by each research group are collected for comparison in Table 4. Note that we
keep the names of the methods submitted to the benchmark unchanged, and our method is
denoted as “NLPR2.”
As can be seen from Table 4, our “NLPR2” wins the first place among all the submitted
results, and the overall accuracy of our method is 90.7%. As far as the five specific classes
are concerned, we rank the first in “building,” “grass,” and “tree,” second in “Imp-surf.”
Furthermore, Table 4 also indicates that the performance of the CNN-based methods is generally
better than the non-CNN-based methods, except the “ETH_C” and “UPB.”

5 Conclusion
In this paper, deep CNNs are employed for solving the high-resolution remote sensing data
semantic labeling problem. To adapt the CNNs derived from the computer vision community
to our high-resolution aerial images and get a more suitable configuration for our data type, we
carry out a comprehensive testing on different networks. To fully tap the potentials of CNNs,
both the VGG-16 network and a deeper residual network, ResNet-101, are employed.
Furthermore, to enlarge training samples with diversity and gain better generalization, in addition to the commonly used data augmentation methods (e.g., rotation, multiscale, and aspect
Journal of Applied Remote Sensing

042617-15

Oct–Dec 2017

•

Vol. 11(4)

Sun et al.: Semantic labeling of high-resolution aerial images using an ensemble. . .

ratio) in the literature, aerial images from other dataset are also collected by us for cross-scene
learning, as well as the DSM/NDSM-based multisource data learning. Finally, we combine these
learned models to form an effective FCN ensemble and refine the results using an FCCRE
graph model.
Experiments on the validation set show that the classification accuracy achieved by our proposed method is gradually improved through four steps. Specifically, starting from the 88.1% of
the basic FCN, then to 88.8% in multiway atrous convolution, after that to 89.8% by model
strengthening and 90.4% through model fusion, and finally to 90.5% after the FCCRFbased refinement.
Note that our contributions could easily be adapted to other network architectures and are not
limited to VGG-16 and ResNet-101. Although we have achieved state-of-the-art results on the
ISPRS 2-D Semantic Labeling Contest, there are still some open questions for further exploring.
For example, the contribution of DSM/NDSM data is still not as large as expected, and the
ensemble algorithm used to combine our FCN models is relative simple. In the future, we
will design and train a separate network to extract the useful information in the DSM/NDSM
data. Moreover, other ensemble algorithms will be tested to further promote the final performance of our method. By the way, we are currently constructing a high-quality semantic labeling
database, and we hope our method can benefit from it at last.
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