
A Novel Road Segmentation Technique 
from Orthophotos Using Deep 
Convolutional Autoencoders

Maher Ibrahim Sameen* and Biswajeet Pradhan*,**†
* Department of Civil Engineering, University Putra Malaysia

** School of Systems, Management and Leadership, Faculty of Engineering 
and Information Technology, University of Technology Sydney

Abstract : This paper presents a deep learning-based road segmentation framework from very high-

resolution orthophotos. The proposed method uses Deep Convolutional Autoencoders for end-to-end mapping

of orthophotos to road segmentations. In addition, a set of post-processing steps were applied to make the

model outputs GIS-ready data that could be useful for various applications. The optimization of the model’s

parameters is explained which was conducted via grid search method. The model was trained and implemented

in Keras, a high-level deep learning framework run on top of Tensorflow. The results show that the proposed

model with the best-obtained hyperparameters could segment road objects from orthophotos at an average

accuracy of 88.5%. The results of optimization revealed that the best optimization algorithm and activation

function for the studied task are Stochastic Gradient Descent (SGD) and Exponential Linear Unit (ELU),

respectively. In addition, the best numbers of convolutional filters were found to be 8 for the first and second

layers and 128 for the third and fourth layers of the proposed network architecture. Moreover, the analysis

on the time complexity of the model showed that the model could be trained in 4 hours and 50 minutes on

1024 high-resolution images of size 106 × 106 pixels, and segment road objects from similar size and

resolution images in around 14 minutes. The results show that the deep learning models such as Convolutional

Autoencoders could be a best alternative to traditional machine learning models for road segmentation from

aerial photographs. 
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1. Introduction

Transportation systems are the heart of modern
metropolises serving people by efficient movement and
easy access to business locations. In particular, road
transportation is designed and constructed to transport
people and goods from a place to others efficiently,
which often requires licensing and safety regulations
(Sohail et al., 2006). Information about roads is used
in many applications ranging from road safety
management (Sameen and Pradhan, 2016, 2017a),
urban planning (Rathore et al., 2016; Çolak and
González, 2016), mitigating natural disasters (Devkota
et al., 2013), to site planning (Latinopoulos and
Kechagia, 2015). Field survey, which usually involves
the use of Global Navigation Satellite System (GNSS),
is the traditional method of acquiring information about
road networks in urban and rural areas. While the
accuracy of the acquired information by field survey is
relatively high, this method of data collection is costly,
time-consuming, and unsafe, especially on high-speed
roads. On the other hand, data acquisition based on
remote sensing is more efficient than traditional
methods due to the following advantages. First, remote
sensing considering airborne and satellite-based sensors
can collect information over large areas in relatively
short time. Second, due to the availability of various
remote sensing technologies, different types of
information can be acquired about roads such as road
geometry (Sameen and Pradhan, 2016b, 2017b), road
surface roughness and marking (Kumar, 2012; Kumar
et al., 2014; Kaddah et al., 2016), and traffic signs
(Yang et al., 2012). Third, remote sensing provides a
better topographical survey in remote and extreme
environments, weather extremes, political unrest and
poor travel links. In addition, remote sensing can help
acquiring data in areas that suffer language barriers and
poor onsite technical support (Osborne et al., 2012).
Overall, the mentioned advantages of remote sensing

justify the use of such a technique for road segmentation. 

2. Related Works

While there is no dearth of research in the area of
road network extraction, the research has not yet been
conclusive enough to produce a workable solution to
the problem of complex road networks, especially in
urban areas (Li et al., 2016). As a result, no road
network extraction system has yet been developed for
commercial use and by-hand construction of road maps
with the help of aerial photography is the norm these
days (Mnih and Hinton, 2010). 
Recent studies on the subject of road network

extraction have shifted from rural setting to urban
setting, acknowledging the higher complexity of road
networks and increasing need of more accurate road
mapping in urban areas (Li et al., 2016; Vitor et al.,
2013; Wegner et al., 2013). Wegner et al. (2013)
believed that the most challenging task in the extraction
of complex urban road networks is the extraction of
topology from the imagery. They explained that aerial
images are usually noisy and incomplete. Several
methods have been proposed in the literature to resolve
this problem of noisy imaging and complexity in urban
road networks. 
Wegner et al. (2013) proposed that the one way to

accurately map the network is to use prior data to the
extraction system through modeling. However, the
inference of the models presents another problem (Xie
et al., 2016) which they resolved by proposing an
intermediate model (Wegner et al., 2013). Mnih and
Hinton (2010) noted that the issue arises out of lack of
training data. They used a neural network for detection
of road networks but, shifting away from the traditional
approach, trained it through large training data of over
1.2 million cases. The main limitation of this approach
was the requirement of GPU instead of CPU for
handling a large amount of training data, thus
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increasing the computational cost. Vitor et al. (2013)
also pointed out the problem of noisy imaging and
supported the idea of 3-dimenstiaonal (3D) imaging for
road network detection, which can produce lesser noise
than 2D images. Pinoli and Debayle (2012), on the
other hand, proposed using spatial information in
addition to spectral images to improve accuracy. Shi et
al. (2014) used a multi-stage approach in an urban
setting and improve the accuracy by spectral-spatial
classification to segment road and non-road objects.
This was followed by road shape extraction and
detection of road center. Although their method was
able to extract information accurately, it lacks
sensitivity in extracting road junctions, which limits its
use for an urban setting
A common feature of all approaches presented

above is the use of prior data for detection of the road.
Unsalan and Sirmacek (2011), nevertheless, rejected
this idea of using training data to model an extraction
system. They held that prior data is not readily available
in all cases and thus limits the use of road network
extraction to only a few countries where required
training data is available. They proposed a new system
with three modules: road center detection through
probabilistic method, road shape extraction through
binary balloon algorithm, and road network formation
through graph theory. Unlike the method proposed by
Mnih and Hinton (2010) were even with the use of
GPU the time required for road detection was of many
hours, Unsalan and Sirmacek (2011) were able to not
only detect road but also generate road network graphs
through CPU in less than an hour. The sensitivity of
their method was also relatively higher than another
method, but their experiment involved imaging from
both rural and urban setting. A better comparison
required a complete set of urban images as they noted
that the main errors in their detection were caused by
the presence of buildings close to roads (an urban-
specific problem)
On the other hand, the current advancement in

technology offered new methods of object detection
and recognition via a technique called deep learning.
Deep learning is computational methods that are
composed of several layers to learn representations of
data with multiple levels of abstractions (LeCun et al.,
2015). Recently, many studies showed the performance
of deep learning for a variety of tasks such as computer
vision and remote sensing (Krizhevsky et al., 2012;
Kussul et al., 2017; Sameen and Pradhan, 2017),
speech recognition (Dahl et al., 2012; Zeyer et al.,
2017), and document analysis (Majumder et al., 2017).
Regarding deep learning methods for road
segmentation from aerial photographs and satellite
images, several studies have been proposed based on
various network architectures. Deep Convolutional
neural networks with a method known as finite state
machine were proposed by Wang et al. (2015). The
proposed model recognizes patterns and translates them
into states so that their tracking behaviors can be
captured. Although their experiments showed that the
proposed model was more accurate than traditional
techniques, their method required road point
initialization. Saito et al. (2016) proposed an automated
approach based on deep convolutional neural networks
for road extraction from aerial imagery. In addition to
the road objects, their method could also detect
buildings with the same model. Thus the output of their
model contained three classes: buildings, roads, and
background. 
This paper proposes a deep convolutional Autoencoder

network for segmenting road objects from very high-
resolution orthophotos. Three optimization methods
including grid search, random search, and Bayesian
method were studied to obtain the best network for road
segmentation. The proposed method was also
compared with the state of the art methods to present
its performance and usability. In addition, the
computing complexity of the network is also discussed.
The remaining of this paper is organized as follows.
Section 3 presents the methodology of the study, which
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includes the overall flowchart of the proposed network,
data preprocessing and preparation, hyperparameter
optimization, overfitting mitigation, road network
extraction and accuracy assessment method. Section 4
discusses the model performance, demonstrates the
results of road segmentation, sensitivity analysis, and
discusses the computing complexity of the model.
Finally, the conclusion and the future works are
presented in Section 5. 

3. Methodology

1) The Proposed Convolutional
Autoencoder Architecture
The proposed network architecture is presented in

Figure 1, which consists of two networks, an encoder,
and a decoder. The encoder network is responsible for
feature extraction from input RGB images, whereas the
decoder was used to construct the road segmentation
maps from the obtained features by the encoder. The
encoder-decoder architecture has four main elements,
convolution, pooling, upsampling, and classification
(softmax). The convolution layers offer input data
filtering for extracting some part of the input data

contents. Autoencoders in their traditional formulation
does not take into consideration of the spatial
relationships between the pixels in the RGB images.
However, Convolutional Autoencoders address this
observation by using convolutional operations. The
convolutional filters are automatically learned from the
training data without manually engineering them. After
obtaining features using convolution, the pooling layers
aggregates the statistics of the obtained features to
reduce the computational challenging and to improve
the prediction results by reducing overfitting. These
layers often compute the mean or max value of a
particular feature over a region of the image, where the
result is lower in dimension compared to the features
extracted by the convolutional filters. On the other
hand, the upsampling layer of decoder, pool indices
from the encoder are distributed to the decoder where
the kernel is trained in each epoch at convolution layer.
In the last layer (classification), Softmax is used as a
classifier for pixel wise classification. To train the
network, the input RGB image is divided into patches
created by the sliding windows of size depending on
the resolution and the size of the input image. Once the
network classified the pixels in the divided images into
road and non-road, the final road segmentation map
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Figure 1.  The proposed convolutional encoder-decoder model for road segmentation from orthophotos.



was constructed by slicing the outputs of the network.
The final output of the network is subjected to post
processing to make the outputs GIS-ready data, which
is required by many applications. 

2) Data Preprocessing
Aerial photographs are acquired by sensors mounted

on aerial platforms such as manned vehicles or
unmanned aerial vehicles (UAVs). In this study, the
orthophotos were acquired by manned vehicles along
with point clouds. Due to the oblique view of the
sensor, the obtained photos needed to be orthorectified
to correct the 3D positions and the geometric
deformations of the ground objects introduced during
the acquisition. This problem is more influential in
areas of topographical variations than less diverse
landscape areas, which is the case of the current study.
A digital elevation model (DEM) or contour maps are
necessary to resolve the oblique viewing problem. The
DEM model can be created by different techniques
such as field survey, LiDAR (Light Detection And
Ranging), or freely can be obtained from online sources
such as ASTER DEM and SRTM DEM. As a rule of
thumb, in areas of diverse terrain, a high resolution of
DEM (<5 m) can produce accurate orthorectification.
However, this could increase the cost. Thus the tradeoff
between the accuracy and the cost should be made by
the analyst. In this study, the photos were orthorectified
by using 20-m contour maps collected from the
Department of Survey and Mapping Malaysia
(JUPEM). The contour lines were interpolated by the
Inverse Distance Weighting (IDW) method at 20 m
spatial resolution. Before orthorectification process, the
acquired photos and the generated DEM were co-
registered through 25 points carefully selected at road
intersections and building corners. Finally, the
geometric distortions in the photos were removed by
applying the rational polynomial coefficients in ArcGIS
after creating them from manually selected points used
for coregistration. 

Once, the orthophotos prepared for processing, the
training images have been set up by dividing the
orthophoto into small patches of size 106 × 106 pixels.
The input orthophoto had 3407 × 3407 pixels were then
split into 1024 images used for training and another
orthophoto from same area was used for validation of
the proposed network.  In addition, the input pixel
values of the input images were normalized through a
special case of min-max transformation (Equation 1).
The pixels were rescaled to a range of [0,255]. The new
pixel value P(i)norm of a sample P(i) was calculated using
Equation 1 (Raschka, 2015):

P(i)
norm= ( )×255 (1)

where, P(i) is a particular sample of pixel value, Pmin

and Pmax are the smallest and largest pixel values in an
image, respectively

3) Hyperparameter Optimization
Although there are many global optimization

techniques proposed for hyperparameter fine-tuning
(Nareyek, 2003; Weihs et al., 2006), grid search and
manual search are the most popular strategies used for
hyperparameter optimization of machine learning
algorithms including neural networks (Bergstra and
Bengio, 2012). The main advantages of using grid or
manual search are no technical barriers, simple to
implement and parallelization is trivial. Comparing grid
search with manual search, the former method finds
better models than purely manual search in the same
amount of time (Bergstra and Bengio, 2012). There are
also other techniques such as random search (Bergstra
and Bengio, 2012) and Bayesian optimization
(Močkus, 1975) which also could outperform other
state of the art global optimization techniques on some
benchmark functions
The proposed network architecture for road

segmentation involves many hyperparameters that are
sensitive and essential for its learning performance and
the underlying capacity. Saxe et al. (2011) showed that

P(i)-Pmin

Pmax-Pmin
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multilayer convolutional neural networks require
careful selection of hyperparameters but often
computationally prohibitive. The hyperparameters of
our model were optimized by grid search over a
specific search space implemented in Scikit-learn
machine learning in Python (Pedregosa et al., 2011).
The 10-fold cross-validation accuracy judged the
performance of the network with a given combination
of hyperparameters. The hyperparameters of the
network that were optimized include the number of
filters in the convolutional layers, activation function,
and optimization algorithm. The search space of these

hyperparameters is shown in Table 1

4) Road Network Extraction
The proposed model segments road networks from

orthophotos and outputs the results in raster format;
however, to make the outputs useful, some geoprocessing
steps were applied to make the outputs GIS-ready data
(Figure 2). These steps included road network thinning,
vectorization, and connecting the lines together generating
complete road networks as polylines. The first module,
road network thinning is based on an algorithm developed
by Zhan(1993). The algorithm thins rasterized linear
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Table 1.  Hyperparameters of the proposed network for road segmentation, their description, and the search space used to optimize
them

Parameter Description Search Space
n1 Number of filters in the first two convolutional layers {4, 8, 16, 32, 64, 128}
n2 Number of filters in the last two convolutional layers {4, 8, 16, 32, 64, 128}

Activation
function A function that maps input weights to outputs via non-linear decisions. {ReLU, Sigmoid, ELU, Tanh}

Optimization
method

The numerical optimization method of minimizing the cost functions in a
network.

{SGD, Adam, Adadelta,
Adamax, RMSprop, Nadam}

Figure 2. The three steps of extracting road networks as GIS-ready data, (a) a sample of model output in raster format, (b) the road
network after thinning, and (c) the road network after converting into a vector format and connecting the segments to each other.



features by reducing the number of cells representing
the width of the features. The algorithm thins the output
of the encoder-decoder convolutional model where the
background values are zero and smooths the boundaries
while attempting to preserve road curves and
intersections. The road network thinning algorithm
consists of several preprocessing and post processing
steps including distance-transform based skeleton
extraction and sequential thinning. In the first phase of
processing, the road network lines were smoothened,
and the holes were filled. Second, the Euclidean
distance transform was applied to extract skeletons by
established lookup tables to produce unbiased
centerlines. Then, the sequential thinning was used to
thin skeletons to single-pixel width. On the other hand,
the post-processing removes spurs, connects
disconnected lines caused by skeleton extraction, and
extends eroded line tips. For further details on this

algorithm, the reader may see Zhan(1993). Once the
road network was thinned, the raster was converted into
polylines by a process known as vectorization
implemented in GIS. The final outputs thus become
ready to use for any geospatial applications. The results
of road network are thinning, and vectorization process
is shown in Figure 2b and Figure 2c

4. Results and Discussion

The experiments performed on a PC equipped with an
Intel(R) Core (TM) i7 CPU 960 @ 3.20GHz processor,
16 GB-RAM, NVIDIA GeForce 840M and using
Windows 10 64-bits. The implementation of the proposed
model is based on a deep learning framework called
Keras, which is a high-level neural networks API capable
of running on top of Tensorflow, CNTK, or Theano. 
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Figure 3.  Experimental datasets used for evaluation, (a) orthophoto used to train the model, (b) orthophoto used to validate the model,
(c) and (d) the reference road network maps of the training and validation areas.



1) Experimental Datasets
The datasets used in this research was acquired by

airborne laser scanning system over Kinta Valley area,
a district located in Perak, East of Malaysia. This area
is approximately 200 km north of the capital city Kuala
Lumpur and geographically is bounded between 103°
3′ 5″ E and 101° 5′ 47″ E latitudes and 4° 39′ 11″ N
and 4° 41′ 53″ N longitudes. The topography of the
region is characterized by hilly and mountainous. In
addition, the land use of the area consists of features
such as residential, commercial, industrial buildings,
complex road networks of both highway and main
roads, forest, mixed grass, and open lands as well as
other infrastructures such as power stations, and
drainage sewers. The data was captured with a system
of flight height ~ 1510 mm on January 15, 2015. The
collected orthophotos had a ground spatial resolution
of 13 cm. Two subsets were created to train and
validate the proposed network architecture for road
segmentation as shown in Figure 3

2) Results of Model Performance
The proposed network architecture was optimized

to achieve the highest accuracy for road segmentation
from orthophotos. The selected hyperparameters for the
model are presented in Table 2. The results of
optimization and sensitivity analysis are explained in
the following sections. Figure 4 shows the performance
of the model regarding accuracy and model loss for 100

epochs. The graphs illustrate that the network has
properly optimized and trained many iterations until
networks hyperparameters converged. In general, the
higher number of epochs shows better validation
accuracy and mode loss until epoch 53, and this was
followed by slight reduction and fluctuations in the
validation accuracy. The maximum validation accuracy
(0.887) was observed at epoch 53. Thus the model at
this iteration considered the best for our datasets. 
Figure 5 shows examples of the input orthophotos,

reference road network maps, and the outputs of the
best model suggested for road segmentation in the
current study. Figure 5a shows the image patches
created from the original orthophoto after applying
preprocessing steps. The images contain different types
of roads of various widths and different geometry
characteristics. Figure 5b shows the reference road
maps for the associated image patches created in GIS
by manual digitizing. In addition, the model outputs
showed in Figure 5c. It can be seen that the proposed
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Table 2. The best hyperparameters selected for the proposed
model by the grid search method 

Hyperparameter Selected Value
n1 8
n2 128

Optimization Method SGD
Activation Function ELU

Learning Rate 0.9
Momentum 0.9

Weight Decay 0.001

Figure 4. Performance plot of the proposed network for 100 epochs with best hyperparameters selected by the grid search, (a) model
validation accuracy, (b) model loss (mean square error).



model performs well on various image patches. The
model can reconstruct the road maps from image
patches without specific features selected manually.
Nevertheless, the model could automatically learn
those features that are essential for road segmentation
from orthophotos. This is a great advantage of deep
learning over other machine learning techniques where
they involve expensive and tedious feature engineering
tasks before classification or object detection. However,
the model found to work better on wide roads than
narrower roads. This could be due to the resolution of
the orthophotos or the size of the image patches used
to train and perform road segmentation. Although this
could be handled by trying different sizes of image
patches, in the proposed pipeline, the road network
thinning and vectorization process could solve this
problem where the disconnected lines joined even
though they are not complete in the model outputs

3) Results of Optimization
The best hyperparameters of the proposed network

were selected via grid search over specific search space
given in Table 1. First, we run optimization for the most
critical hyperparameters, optimization method and

activation function in the hidden layers. In this
experiment, the initial number of filters (n1 and n2)
were set to 32 and 64 based on manual search. The
results of this optimization are summarized in Table 3.
It can be seen that the optimization of these parameters
is very critical where only few combination of them
achieved high accuracy. The highest accuracy (0.885)
was obtained by the combination of SGD and ELU.
The second highest accuracy was observed to be 0.655,
which was achieved, by the Adam and Sigmoid
combination. The rest combinations were achieved
relatively low accuracy indicating the importance of
such optimization for road segmentation from
orthophotos by convolutional autoencoders. 
Once the best optimization method and activation

function were identified, another optimization was run
on some filters in the convolutional layers. The results
of the experiment are shown in Figure 6 in which 36
combinations of n1 and n2 were tested. The best
combination was found to be n1=8 and n2=128, with
an average accuracy of 0.88. 
It is also important to explore the sensitivity of the

model on other hyperparameters such as learning rate,
momentum, and weight decay. Therefore, the current
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Figure 5.  Results of road segmentation by the proposed model, (a) input RGB images, (b) reference road segmentations, (c) model
generated road segmentations.



study further investigated the effects of these
parameters on the accuracy of the proposed model. The
results of this experiment are shown in Figure 7.
Regarding the learning rate, the analysis reveals that

this parameter unlike momentum and weight decay is
critical and its value should be carefully selected. The
highest accuracy was achieved with a learning rate of
0.9, whereas other values (0.001, 0.01, 0.1, and 0.5)
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Table 3.  Results of optimization of the parameters, optimization method and activation function used in the proposed road
segmentation model 

Optimization Method Activation Function Accuracy Standard Deviation
ReLU Adam 0.031 0.021
ReLU Adamax 0.105 0.055
ReLU SGD 0.361 0.321
ReLU Nadam 0.102 0.038
ReLU RMSprop 0.389 0.415
ReLU Adadelta 0.257 0.315

Sigmoid Adam 0.655 0.366
Sigmoid Adamax 0.290 0.332
Sigmoid SGD 0.336 0.468
Sigmoid Nadam 0.391 0.407
Sigmoid RMSprop 0.359 0.397
Sigmoid Adadelta 0.360 0.433

ELU Adam 0.339 0.348
ELU Adamax 0.365 0.361
ELU SGD 0.885 0.098
ELU Nadam 0.587 0.398
ELU RMSprop 0.083 0.051
ELU Adadelta 0.347 0.365
Tanh Adam 0.256 0.289
Tanh Adamax 0.388 0.425
Tanh SGD 0.152 0.210
Tanh Nadam 0.004 0.002
Tanh RMSprop 0.006 0.002
Tanh Adadelta 0.338 0.406

Figure 6.  Results of optimization on the parameter, the number of filters used in the convolutional layers in the proposed network
architecture.



obtained relatively low accuracy. In addition, the
sensitivity analysis on momentum parameter shows
that the only value of 0.2 performs poorly, but other
values achieve almost similar accuracy (~0.88).
Similarly, the analysis indicates that the SGD
optimization with weight decay of 0.001, 0.1, and 0.9
considering the learning rate is 0.9 achieved the best
accuracies, with a slight reduction in accuracy when the
weight decay set to 0.01. 

4) Computational Complexity
Table 4 depicts the training time per epoch and

segmentation time of the proposed model in seconds
per image patch. The training time is 17 seconds and
by considering the completely training dataset (1024
images); the model was fully trained in 4 hours and 50
minutes. On the other hand, the validation image was
segmented in around 14 minutes. In addition, the
optimization of the hyperparameters took the longest
period, where the best optimization method and
activation function were found in 14 hours and the best

number of filters found in 5 hours. Since the proposed
model is fully automatic via end-to-end mapping, the
mentioned execution time needed for training the
model and segmenting the road objects from very high
resolution orthophotos considered efficient and not
much expensive

5. Conclusion

In this study, deep convolutional autoencoders were
evaluated for road segmentation from very high-
resolution orthophotos with the focus on optimizing
hyperparameters of the model. Several optimization
algorithms such as Adam, Nadam, RMSprop,
Adadelta, Adamax, and SGD were explored to find the
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Figure 7.  The sensitivity analysis on SGD hyperparameters (learning rate, momentum, and weight decay) used for road segmentation.

Table 4.  The execution time of the proposed model

Time per Image Patch
(seconds)

Training Time (per epoch) 17
Segmentation Time 0.81



best algorithm for road segmentation and to study the
model sensitivity to these algorithms. In addition,
activation functions such as ReLU, Sigmoid, Tanh, and
ELU were studied so that their effect on the proposed
model was explained. Other parameters including
number of convolutional filters, learning rate,
momentum, and weight decay were also fine-tuned and
discussed. To make the output of the model practical,
the output segmentation maps were thinned and
converted into vector GIS data. Overall, the proposed
network architecture with the best parameters achieved
an accuracy of 88.5% on the validation image sets. 
In future works, the characteristics of the road

network such as road geometry (width, length, and
slope) and road network features (intersection, curve,
and junction) will be attempted to be extracted as
additional attribute information along the road network
data. This could require integration of other types of
deep learning computational modules such as recurrent
neural networks and variational autoencoders
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