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ABSTRACT
This paper proposes a novel convolutional neural network architecture for semantic segmentation of bridges with various
scales in optical remote sensing images. In the context of RSI analysis on objects with irregular shapes, it is necessary to
get dense, pixelwise classification maps. To address the issue, a new network architecture for producing refined shapes
is required instead of image categorization labels. In our endto-end framework, a ResNet is used as a backbone model to
extract semantic features, then a cascaded top-down path is
added to fuse these features as different scales. Joint features
are obtained by stacking different layers of feature maps. Experiments show our proposed architecture has the ability to
combine rich multi-scale contextual information to produce
semantic segmentation maps with high accuracy.
Index Terms— convolutional neural networks (CNNs),
semantic segmentation, pixelwise classification, remote sensing images (RSIs)
1. INTRODUCTION
Technology for producing intelligence information from RSIs
is of significant importance in many applications, such as city
planning, natural disaster assessment and military scouting.
As high resolution RSIs are publicly available recently, it has
provided possibility for fine image interpretation. In this paper, we propose an end-to-end CNN architecture for pixelwise
bridge semantic detection in RSIs.
Many works have been published on pixelwise classification in hyperspectral images. They assign each pixel to a certain class according to its spectral feature or features from its
neighboring pixels. These methods rely on the intra-class invariability and inter-class separability, while the requirement
cannot be often satisfied in large scale optical RSIs. The information of a single pixel or neighbouring pixels in optical
RSIs is not sufficient for classification. In addition, imaging
conditions vary a lot in large-scale data set which causes big
intra-class variance. To solve this problem, we believe it is
helpful to combine richer contextual information. By means
of CNNs, we develop a novel architecture for pixelwise object
segmentation in RSIs.

As a state-of-art form of deep learning concept in computer vision, CNNs are gaining more and more attention. They
are composed of a collection of convolution filters which are
trained statistically from training data sets. Their ability to extract hierarchical features greatly outperforms other methods.
Despite of its great successes in image-level categorization,
their direct application in RSI classification problem would
involve some concrete difficulties. In this paper, our contributions are as follows: 1) designing a novel CNN architecture
for pixelwise classification; 2) applying it to bridge segmentation in RSIs.
2. RELATED WORK
This section will briefly review the progress of bridge classification in remote sensing images and related CNN-based
methods.
Early rule-based methods focus on translating human
knowledge into a set of rules for extracting regions of interest
(RoIs). Bridges are concrete structures over waters while their
aquatic background can be distinguished by notable spectral
features. Generally, water recognition is an indispensable preprocessing procedure. In [1] and [2], water features has been
explored in remote sensing images. As straight lines dividing
water bodies [1, 3, 2, 4], then bridges can be detected by the
edges. In the verification stage, connectivity and geometric
properties, such as constant width and rectangle profile [1, 5],
are used as constraints for postprocessing. Based on mandesigned rules of bridge appearance, this kind of methods
can detect typical bridges. But it suffers from varying illumination and atmospheric effects and cannot adapt to various
situations.
CNNs are originally introduced crowned with stacks of
fully connected layers for image categorization. FCN [6]
transforms fully connected layers into convolution layers
enabling a CNN to output a heatmap. It uses ground truth
of segmentation as supervision information for end-to-end
dense labeling. Recently, CNNs have widely been used in
remote sensing, such as hyperspectral classification, land use
classification and object detection [7].
Mnih [8] derived a patch-wise classification architecture
from common image categorization network. Instead of pro-
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Fig. 1. The joint feature network architecture.
ducing image-level label, it produces a dense patch for aerial
image labeling. Maggiori [9] proposed a fully convolutional
network to produce high resolution pixel classification maps
in remote sensing. Similar to [10], it also introduced multiscale architecture which combines coarse large-range features
and fine short-range ones.
3. ARCHITECTURE
Inspired by prior work in deep learning, we transform a classification network into a segmentation one to make pixel-wise
classification. In order to produce segmentation map, like FCN [6], fully connected layers at the end of the network are
replaced by deconvolution layers which are initialized by bilinear interpolation. Through multiple deconvolution layers,
feature maps are up-sampled to the same size as ground-truth
image. And then, pixel-wise sigmoid cross entropy losses are
calculated. Different from patch-based segmentation, no sliding window proposals are need. Our model takes in remote
sensing images of arbitrary sizes, and outputs bridge mask
images with the same size of input images. Our model is responsible for classification of bridge pixels which should be
set to 1 otherwise 0. The entire network architecture consists
of three parts: backbone CNN, semantic pathway and multilevel supervised learning, as introduced in the following.

as F (x)+x. So, ResNet is trained to fit the residual H(x)−x.
ResNet-50 that we use composes of 5 stages and 50 convolution layers. In each stage, there are several bottleneck blocks.
We use the model pre-trained in the Imagenet dataset because
deep neural networks generally have a large number of parameters and training them from scratch is time-consuming.
The last full-connected layer that used for 1000-class classification is removed. The procedure of fine-tuning is widely
adopted in deep learning literature.
3.2. Semantic pathway
The proposed architecture integrates feature maps from different stages with different sizes and semantic levels. During
a forward pass starting from network input, hierarchical features are extracted stage by stage from low semantic level to
high semantic level, with textural details evolve from fine to
coarse [12]. Generally, lower network levels encode local and
detailed imagery information, while higher levels encode context more globally. So, we design a semantic pathway from
top to bottom. After an image is passed to the top, the top
feature map is upsampled to the size of input image, and then
is added with upsampled features with the same size generated from lower layers. In this top-down manner, semantic
information is pass backward layer by layer. In the top-down
pathway, we can get outputs of multiple semantic levels.

3.1. Backbone CNN
Recent research reveals that depth of neural network plays a
key role in computer vision tasks, such as classification and
detection etc. In order to exploit the benefit of network depth,
our model is built on the basis of residual network (ResNet).
It can be easily extended to dozens of layers without the problem of degradation [11]. The main difference between ResNet
and plain network is the skip connection. Formally, let H(x)
denote the underlying distribution. F (x) denotes the fitting
of network. The plain network is trained to fit H(x). By
adding the skip connection, network outputs can be denoted

3.3. Multi-level supervised learning
In order to get better performance, our model is supervised at
multi-layers. A cross-entropy loss layer is attached to the upsampled layer at the end of each stage. Finally, these feature
maps from different stages are stacked and fed into a convolution layer to produce a single-channel segmentation map.
Losses are simultaneously calculated in the final and lateral
outputs. The fusion loss utilizes feature maps from different
stages and makes the model adaptive to objects with various
scales.
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Fig. 2. Three samples of remote sensing images from dataset
(Left), corresponding annotations of bridge (Middle) and outputs of our model (Right).
4. EXPERIMENT
We collect 148 original high-resolution remote sensing images from Google Earth .The ground sampling distance (GSD) of these images varies from 0.8m to 1.2m. Images are sampled over several nations, including Germany, USA, Japan,
Korea, Russia and China. Imaging conditions of these images are different. This can verify robustness and adaptability
of our model. Bridges on these remote sensing images are annotated with polygons as illustrated in Fig. 2. There are a total
of 569 bridges in these images. The challenge is that there are
different types of bridge, from sea-crossing bridges to pavements over ditches within the city. Shapes of bridge could be
long straight or curved. Our goal is to make pixel-wise classification of bridges in the RSIs. A total of 29 images, 20% of
the 148 images, are randomly picked as test set. The rest, 119
images, is used as training set. Original remote sensing images are often too large for deep learning model to process, so
we cut them into smaller ones. The crop size here is 400*400
with an overlap of 50 pixels. The reason for cutting the image with overlaps is to avoid the situation of partial bridge
inclusion. We get 97 and 391 patches containing bridge in
test and training set respectively. Two augmentation methods
are applied: rotation and flip. Every small image is rotated
around the center at 5 degree intervals and then flipped both
on x-axis and y-axis. Finally, we get 20952 and 84456 small
images with the size of 400 ∗ 400 in test and training set respectively. And their corresponding label maps are generated
the same way.

5. RESULTS
We implement our network by the commonly used CNN library Caffe. The backbone ResNet model is pre-trained on
the ILSVRC classification dataset and then fine-tuned by stochastic gradient descent (SGD) with a learning rate of 10−6 ,
a decay weight of 0.1 and a decay step of 10000. The batch
size is set to 5. We train 40000 iterations in our dataset. In the
prediction phrase, our model achieves 20 FPS with the images
size of 400 ∗ 400. Experiments are carried out on a NVIDIA
TITAN X GPU.
5.1. Metrics
In order to evaluate our model, three common metrics of sematic segmentation are employed [6]. Pixel accuracy measures the proportion of pixels classified correctly in total pixels. nij denotes the number of pixels of class i inferred
P to
class j. The number of pixels of class iP
would be ti = j nij .
The total number of all pixels is T = i ti . So, the pixel accuracy is
P
nii
.
pixel acc = i
T
Mean IU is the average index of region intersection over union
(IU):
1 X
n
P ii
mean IU =
.
nc i ti + j nji − nii
Considering difference in the number of classes, another IU
adjusting to frequency is frequency weighted IU:
1X
tn
P i ii
f requency weighted IU =
.
T i ti + j nji − nii
5.2. The influence of multi-level supervision

Table 1. Comparison among different architecture of network
Architecture
pixel acc. mean IU f.w. IU
Our model
97.79
66.80
97.29
Single-level supervision
97.41
65.79
96.89
No semantic pathway
96.42
57.36
95.64

Table 1 shows performances of models trained with or without multi-scale supervised learning. Multi-scale supervision
gives the model more guidance and our model learned at
multi-scale is better than the model without it. Fig. 3 also
shows that each output layer from the model with multi-level
supervision consistently outperforms the one with singlelevel supervision.

5.3. The difference of layers in semantic pathway
As seen in Fig. 3, we compare outputs from different layers in the semantic pathway. As semantic features pass from
sem1 to sem5, local detailed features are merged to the semantic pathway. So, the performance gradually increases. Yet
the model without such semantic pathway does not have such
benefit. Their outputs at different layers can only rely on local
information. Fig. 4 shows local information without semantic information. In our model, it is also understandable that
the bottom output does not occupy the best result, since it
has been immersed with too much local details. After a gradual improvement at the beginning, performance is kept at a
relative good level. Such structure avoids performance from
dropping down like the model without semantic pathway.
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6. CONCLUSION
In this paper, we propose a new architecture for segmentation in remote sensing images. The proposed network utilizes
the feature-extraction capability of deep convolution neural
network and combines semantic information from different
layers. By semantic segmentation, it produces dense pixelwise prediction. As shown in experiment of bridge detection,
our model has superior performance and great adaptability in
remote sensing images.
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