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Abstract: In geospatial applications such as urban planning and land use management, automatic
detection and classification of earth objects are essential and primary subjects. When the significant
semantic segmentation algorithms are considered, DeepLabV3+ stands out as a state-of-the-art CNN.
Although the DeepLabV3+ model is capable of extracting multi-scale contextual information, there is
still a need for multi-stream architectural approaches and different training approaches of the model
that can leverage multi-modal geographic datasets. In this study, a new end-to-end dual-stream
architecture that considers geospatial imagery was developed based on the DeepLabV3+ architecture.
As a result, the spectral datasets other than RGB provided increments in semantic segmentation
accuracies when they were used as additional channels to height information. Furthermore, both
the given data augmentation and Tversky loss function which is sensitive to imbalanced data
accomplished better overall accuracies. Also, it has been shown that the new dual-stream architecture
using Potsdam and Vaihingen datasets produced 88.87% and 87.39% overall semantic segmentation
accuracies, respectively. Eventually, it was seen that enhancement of the traditional significant
check for semantic segmentation networks has a great potential to provide higher model performances, whereas
updates the contribution of geospatial data as the second stream to RGB to segmentation was explicitly shown.
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Academic Editor: Wolfgang Kainz 1. Introduction
Airborne imagery is an important data type in Earth Observation (EO) studies in
terms of their capability of containing detailed geomorphological information with high
resolution and fast acquisition features. In order to extract meaningful information from
images, different land surface properties must be classified and labeled in accordance with
the ground truth. This process, called semantic segmentation, is defined as classifying
pixels having similar properties and assigning appropriate class labels. Accurate semantic
segmentation of airborne images has the utmost importance in many EO applications like
environmental monitoring and change detection, land use in urban areas, automatization in
map update for Geographical Information Systems, fast monitoring of the effects, and quick
response in natural hazards, etc. [1] as an environmental monitoring study developed an
image segmentation architecture for Unmanned Aerial Vehicle (UAV) infrared thermal
images with a focus on the segmentation of ground vehicles. On the other hand, semantic
This article is an open access article  Segmentation in Land Use and Land Cover (LULC) change detection takes a considerable
distributed under the terms and  part in the RS literature. Venugopal [2] explained an automatic semantic segmentation-
conditions of the Creative Commons ~ based change detection that produces a final change between the given two input images,
Attribution (CC BY) license (https:// ~ While [3] described a semantic segmentation method with category boundary for LULC
creativecommons.org/ licenses /by / mapping. Touzani and Granderson [4], which can be considered in the scope of GIS
40/). applications, made improvements to existing accuracy of automatic building footprint
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extractions from RS images using a deep learning model. Bragagnolo et al. [5], which is
one of the natural hazard studies regarding deep learning, formed and trained an image
database with U-Net to identify landslide scars in a reliable manner.

For decades, traditional semantic segmentation methods have been employed in the
Remote Sensing (RS) community for semantic data extraction. Widely used techniques are
mostly machine learning approaches based on hand-crafted features [6], such as Maximum
Likelihood Estimation (MLE), Support Vector Machines (SVMs), Random Forests (RFs),
and Artificial Neural Networks (ANNSs). Cortes and Vapnik [7] described SVMs data
classification method which is able to map input vectors into high-dimensional feature
spaces non-linearly. The two land cover classification experiments for the test areas showed
that the SVMs achieve a higher level of accuracy than either the MLE or the ANNSs classifier
for high-dimensional data [8]. RFs as the other most used classification method in machine
learning apply tree predictors and produce a class prediction based on the votes [9]. Fur-
thermore, Mas and Flores [10] discussed the classification method ANNs which can be
expressed as the basis of deep learning, and then compared the implementations of ANNs
in some of the image processing software packages.

Semantic segmentation as a wide-ranging research field in computer vision is utilized
not only in remote sensing but also in many other applications such as medical and
biological imaging, retail services, autonomous driving, and facial recognition. Moen
et al. [11] mentioned available annotated fluorescent and pathology images for single-
cell segmentation techniques and indicated considerable progress in adapting semantic
segmentation to biological and medical imagery. Moreover, the retail industry, which is a
sector of the economy, needs operating semantic segmentation for selling their products.
Hameed et al. [12] carried out a score-based mask edge improvement of Mask-RCNN to
segment fruit and vegetable images in a supermarket environment. Wei et al. [13] proposed
a dataset reflecting the large scale and the fine-grained nature of the product categories
for the realistic checkout scenario. In autonomous driving, Hamian et al. [14] combined
classical segmentation methods with deep learning to improve segmentation accuracy
when compared to the model without post-processing. Miiller et al. [15] created a training
database and multiclass segmentation mask annotations for different participants and
varying face and head poses with infrared images. Then, the authors developed a deep
neural network architecture with the training database in order to detect and analyze face
temperature in the context of the COVID-19 pandemic.

Semantic segmentation of images is slightly different from image classification in that
prior information about the visual concepts or objects is not essential. Image classification
techniques essentially require object definitions to be classified and create classes of pre-
defined labels, while semantic segmentation classifies all properties within the image.
An ideal image segmentation algorithm will also segment unknown objects, that is, objects
which are new or unknown [16]. Airborne images contain generally homogeneous objects
and this enables successful delineation by segmentation. As a result of successful image
segmentation, the number of elements as a basis for the following image classification
is enormously reduced. The quality of classification is directly affected by segmentation
quality [17,18]. In the last decade, deep learning methods have proven great success
especially in the computer vision area, and became a standard tool for many applications
like object detection, artificial intelligence, scene recognition for automation, etc. One of the
key innovations in these methods is that they operate directly from raw images instead of
requiring the extraction of features from the images [19].

The great achievement in the computer vision domain as well as flexibility for adapta-
tion to any image-related operation, deep learning, attracted the RS community for image
segmentation studies in recent years. Many different Deep Convolutional Neural Network
(DCNN) approaches have been employed in the studies for the semantic segmentation
of RS images. Sherrah [20] is the first study that proposes Fully Convolutional Networks
(FCN) for the semantic segmentation of airborne images. In the study, a no-downsampling
strategy is proposed in order to maintain the original resolution of the input image by
replacing the downsampling layers of FCN with dilated convolutions. Also, in the study,
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a dual-stream hybrid model is used in order to be able to combine RGB data and DSM,
but the authors state that they did not observe any contribution of DSM. Wang et al. [21]
is the paper that presents the best results in the ISPRS semantic segmentation contest in
terms of overall accuracy and F1 scores. In the study, a multi-connection strategy has been
applied in order to fuse multiple features from different layers of FCN. Also, the model
uses a so-called class-specific attention model which combines multi-scale features in the
scale space. Varying scaled images are processed in the model simultaneously in order to
generate a class-specific weight map and the weighted sum of score maps is then utilized
for further classification. The study also includes a comparison of the proposed architecture
with the other state-of-the-art networks. Sun et al. [22] address two problems and solutions
of application of encoder-decoder type DCNN for the remote sensing images and reaches a
good performance in the ISPRS online contest in overall accuracy. The first problem defined
in the study is the structural stereotype which causes edge deterioration at image patches
due to padding and pooling operations. The study proposes a random sampling training
strategy and ensemble inference strategy as a solution. The difficulty of training deep
networks which is the result of vanishing gradients is stated as the second problem and
a novel residual topology is presented for the solution. In [10] a sequentially aggregated
self-cascaded architecture that is based on the network by Visual Geometry Group (VGG)
has been applied for semantic segmentation of airborne images. The proposed DCNN is a
global-to-local context approach and it proves the capability of handling confusing man-
made objects. Marcu and Leordeanu [23] has a dual-stream architecture that aims to obtain
multi-context information by using different patch sizes which take the global context and
local context into account in each stream and fuse the obtained information in later stages.
The mentioned study employs adjusted VGG-Net and AlexNet for local and global contexts
respectively. Piramanayagam et al. [24] is a dual-stream DCNN which is a composition of
FCN and SegNet using RGB and nDSM + IR + NDVI data sets for each stream respectively.
The main focus of the given study is to propose an optimal fusion stage of the features.
Marmanis et al. [25] also utilize a dual-stream architecture instead of classical architectures
by including height data as the second input data in education. The proposed study is
aimed to minimize the edge defects occurring due to semantic segmentation by employing
the Holistically-nested Edge Detection (HED) [26] and SegNet architecture for the remote
sensing images in an integrated network for spectral, DSM, and nDSM datasets in a multi-
scale approach. Du et al. [27] uses an incorporating DeepLabV3+ [28] deep learning model
and Object Based Image Analysis (OBIA) image classification for semantic segmentation
purposes of aerial images. In the combined model, at the first step, they train an aerial image
and obtain predictions by using the DeepLabV3+ model. The second step utilizes a random
field classification with hand-crafted features to the concatenated image that is composed
of aerial image and nDSM. Afterward, the results are fused by Dempster-Shafer theory
and finally, an object-constrained higher-order conditional random field optimization is
applied in order to refine the classifications. Audebert et al. [29] describes a multi-stream
and multi-scale network based on SegNet and ResNet architectures that extracts semantic
maps at multiple resolutions. The authors conclude that late fusion is more suitable when
combining several strong classifiers, while the early fusion approach is more appropriate
for the FuseNet. Also, they evaluate nDSM contribution for the object detectability such as
cars and buildings, while testing the early and late fusion strategies. Song and Kim [30] is a
combined deep learning network that aims to leverage large-scale natural-image datasets
with different characteristics in order to increase the segmentation accuracy of RS images.
The proposed study utilizes multi-modal datasets in parallel by sharing the three encoder
blocks. Although the model performs well and obtains promising results, it suffers from
processing time. The authors also state that the model performance was dependent on the
number of auxiliary data and weights. Another shortage of the model is the lack of usage
of multi-sensor data (NIR, DSM) together which may effectively increase the accuracy.
In [31,32], a more detailed review of deep learning methods in semantic segmentation of
geospatial data is addressed.
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Many traditional CNN architectures such as FastFCN, Gated-SCNN, DeepLab, Mask
R-CNN [33-36] focus on semantic segmentation of ordinary RGB images which have com-
prehensive daily life contents. Also, the traditional CNN architectures are not initially
considered for multi-modal data such as multi-spectral orthorectified images, spectral
indices, and three-dimensional digital terrain models in EO applications. Therefore, seman-
tic segmentation of remote sensing data requires optimized architectures so as to extract
geospatial objects precisely. When the noteworthy semantic segmentation algorithms [37]
having the potential to specialize in geospatial data are considered, DeepLabV3+ [28] stands
out as a state-of-the-art CNN which is able to obtain sharper object boundaries by adding
a decoder module to DeepLabV3 [38]. Moreover, DeepLabV3+ is capable of maintaining
the rich contextual information from the encoder part. Although the DeepLabV3+ model
has achieved great success in semantic segmentation in recent years, there is still a need
for multi-stream architectural approaches of the model that can leverage multi-modal
geographic datasets. Besides customizing the architecture, the effect of different training
approaches on semantic segmentation performance should also be scrutinized. One of the
main problems considering geospatial data classification can be expressed as the lack of
high-resolution remote sensing benchmark and uncertainty in the quality of the existing
datasets such as shadow effects, orthophoto distortions, and ground truth errors. Another
important point is that there is no standard for patch size and it has a significant effect
on the results as mentioned in [22]. Furthermore, two issues stand out, especially in the
handling of geospatial data. The first is the determination of the optimal fusion phase and
the other one is the usage of scale-variant data. The approaches mentioned here should be
considered to provide a balance between accuracy and computational load.

In this study, the contribution of multi-modal geospatial data such as RGB, IR,
and DSM to the classification accuracy was discussed by comparing them within single-
stream architectures. In addition, the improvement of different data augmentation and loss
functions in land cover classification accuracy were examined. Moreover, a new end-to-end
dual-stream architecture that considers geospatial imagery was developed based on the
DeepLabV3+ architecture. The proposed architecture is able to utilize multi-scale contex-
tual information with atrous spatial pyramid pooling, exploit two discrete multi-channel
data simultaneously in different streams and present a late fusion layer combining different
high-level features. As a result, it has been shown that the new dual-stream architecture
that can process rich geospatial datasets improves semantic segmentation performance
with 88.87% overall accuracy. This obtained performance demonstrates that the proposed
architecture provides competitive results with respect to the other state of the art models.
Eventually, it was seen that enhancement of the multi-stream of the significant semantic
segmentation networks has a great potential to provide higher model performances for the
multi-modal geospatial datasets. Whereas the contribution of geospatial data as the second
stream to RGB to segmentation was explicitly shown.

The paper is organized as follows. Section 2 explains the applied data augmentation
techniques, the structure of the proposed dual-stream DeepLabV3+ network, and the
employed training approaches, respectively. The results section presents the segmentation
accuracies of the experiments using the Potsdam dataset and also submits the validation
with the Vaihingen dataset. Section 4 as the discussion compares the findings and their
implications with the previous studies. The paper then ends with the conclusions section.

2. Methods

The open-access ISPRS Potsdam dataset [39], which has been used to measure the
performance of many developed semantic segmentation algorithms, was initially preferred
as the dataset due to its various geospatial data supply. During the training data prepara-
tion process, two data augmentation techniques based on basic image manipulations [40]
were applied to enlarge the size and improve the variety of the datasets. For the algorithm
of the geospatial data-assisted proposed model, DeepLabV3+ is considered since it is a
new generation network that presents high semantic segmentation performance. The ex-
isting single-stream architecture of DeepLabV3+ has been modified to dual-stream for
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geospatial data as well as RGB datasets. As a result of the proposed architecture, models
were produced with different training approaches and their performances were measured.
Lastly, the method was also trained with the Vaihingen dataset in order to validate the
performances [41].

2.1. Data Augmentation

ISPRS Potsdam dataset offers IR band and DSM/nDSM images as well as RGB true
orthophoto with a ground sampling distance of 5 cm. The data set contains 38 patches
with 6000 x 6000 pixel size and corresponding ground truth data consisting of impervi-
ous surface (white), buildings (blue), low vegetation (cyan), trees (green), cars (yellow),
and clutter (red) classes. Two different data augmentation (DA) techniques have been
achieved in order to generate input dataset. The First DA method, which is called DA-I
in the paper, has been implemented in the GNU Octave environment before the model
training. Each 6000 x 6000 image is divided sequentially to form 800 x 800 sub-images
with overlapping of 150 pixels for avoiding data missing at the edges of cropped images.
For each patch; flipping (non and flipped), rotation (non, 90°, 180°, and 270°) were ap-
plied in all combinations. Furthermore, contrast (non, —%50 and +%50) operations were
applied to RGB and IR images considering the effect of reflection differences according
to different image acquisition angles and shadows. Consequently, 24 augmented images
for each cropped RGB and IR patches, and 8 augmented images for each cropped nDSM,
NDVI, and label patches were generated. In the previous study, [42] which elaborated an
example of the augmentation operations for an 800 x 800 RGB image depicted the results in
graphic detail. For DA-II, smaller patch size is implemented as well as coincidental image
operations were applied for higher batch size and faster training. In order to generate an
input image, a 600 x 600 sub-image is randomly cropped, and flipping (non or flipped)
and rotation (non, 90°, 180°, 270°) were applied. Additionally, brightness, contrast, hue,
and saturation values were randomly changed between —0.05 and 0.05, between 0.7 and
1.3, between —0.08 and 0.08, and between 0.6 and 1.6, respectively (Figure 1). The main
purpose of DA-II is to use more randomized inputs for the learning process of the network.
The augmentation approaches and total numbers of sub-images are summarized in Table 1.
The two patches 2_10 and 5_12 of the Potsdam dataset reflecting the class distribution of
the full dataset were chosen as sub-dataset to evaluate the contribution of the combined
use of nDSM, IR, and NDVI data in a reasonable time (Figure 2). Class distributions of
the full and sub-dataset are given in Table 2. While patch 5_12 provides more building
content, patch 2_10 involves intensive vegetation composition. The patches 2_10 and 5_12
were used together, rather than a single patch, to yield more balance among the class
distributions in the sub-dataset. Therefore, the sub-dataset was essentially constructed to
make a quick pre-evaluation of different experiments. For dual-stream models, RGB data is
the input for the first stream, and the rest for the second with different options to analyze
their contributions to model performance.

Figure 1. DA-II Sample images.
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Figure 2. ISPRS Potsdam full-datasets and sub-datasets in UTM WGS84 datum.

Table 1. The applied augmentation operations for the Potsdam dataset.

9L1'89¢

# of Operations # of Total Sub-Images
Augmen- Dataset Input Sub-Images
Tation Data for Each P%\tch Rotation Flipping Contrast Brightness Hue Saturation Training Test
non, non
RI%B 81 198%0’ yes/no —50%, - - - 3499 389
2700’ +50%
sub
nDSM rg‘gf}'
NDVI 81 180‘; yes/no - - - - 1166 130
DA-I Label 270°
non, non
RI?{B 81 198%"’ yes/no —50%, 46,656 1134
2700’ +50%
full
RDSM o
NDVI 81 1 80°’ yes/no - - - - 15,552 1134
Label 270°
non,
RGB 90°, es/no
100 180°, Y (0.7-1.3) (—0.05,0.05) (—0.08,0.08) (0.6,1.6) 96,000 1134
IR 270° randomly
DA-II full randomly
non,
nDSM 90°, /
NDVI 100 180°, yes/mo - - - - ~19,200 1334
Label 2707 randomly

randomly
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Table 2. Class distribution of Potsdam training dataset.

Patch Imp. Surf. Building Low Veg. Tree Car Clutter
Usage Status (0 age (%) (%) (%) %) (%) (%)
- 210 20.65 15.13 42.17 7.44 0.87 13.73
- 5_12 31.23 48.62 8.92 5.92 3.06 2.26
sub-dataset 2-10and 25.94 31.87 25.55 668 196 8.00
for Training 512

24 patches
Full dataset —including 28.46 26.72 23.54 1462 1.69 496
for Training 2 10 and

5_12
Test dataset 14 patches 31.47 23.92 21.01 17.04 1.96 4.59

The ISPRS Vaihingen dataset was used as a second validation dataset since it supplies
the necessary data for the proposed algorithm and has similar classes. Although there
are some feature differences, it is another open-access dataset that has been used in many
studies, like the ISPRS Potsdam dataset. The main differences are; the true orthophotos
of the dataset have a combination of IRRG instead of RGB, the ground sampling distance
of both true orthophoto and DSM is 9 cm, and the dataset has 33 patches with different
dimensions [41]. Moreover, the dataset only provides DSM, therefore nDSM patches
generated by [43] were used in this study.

2.2. Dual-Stream DeepLabV 3+

DeepLabV3+ which has encoding and decoding stages is a state-of-the-art deep learn-
ing model for semantic image segmentation [28,35]. The encoding stage extracts basic
information from the image using a CNN whereas the decoding stage reconstructs outputs
based on information obtained from the encoder stage. The decoder resamples low reso-
lution encoded images to the original image size in order to produce better segmentation
results across object boundaries. DeepLabV3+ supports the following network backbones:
MobileNetv2, Xception, ResNet, PNASNet, Auto-DeepLab. McNeely-White et al. [44]
indicated that minor accuracy effects are expected in the case of the usage of some dif-
ferent backbones. In this respect, a particular research study should be envisaged for the
assessment of backbones. In this study, the Xception network backbone was chosen to train
the DeepLabV3+ model because authors of DeepLabV3+ noted that a modified version of
Xception as the backbone promised better ImageNet accuracy.

Most of the common machine learning models for semantic segmentation are trained
with images with RGB channels. [45] listed some popular semantic segmentation datasets
developed for different tasks in computer vision such as remote sensing, autonomous
driving, and indoor applications. However semantic segmentation studies in LULC specifi-
cally need to utilize benchmarks including main land cover classes, high-resolution multi-
spectral images, and the elevation of the terrain. SkyScapes provided annotations for
31 semantic categories such as buildings, roads, and vegetation, to perform semantic seg-
mentation tasks [46]. However aerial images of the dataset do not include any band out
of visible range although the labels present rich semantic land-use class categories. Also,
Boguszewski et al. [47] introduced annotated land cover dataset with four class objects as
buildings, woodlands, water, and roads using RGB aerial images. Therefore, except for
medium spatial resolution satellite image datasets, the Potsdam dataset stands out due to
its geospatial content. In our case, the Potsdam dataset provides IR band and elevation
data additionally when compared to ordinary RGB image benchmarks such as SkyScapes
and ImageNet. A training process with the mentioned additional data has considerable
potential to improve semantic segmentation performance. Also generated data like NDVI
can be informative to help improve model accuracy. However, handling different data types
besides ordinary three-band RGB images is crucial as it needs some special approaches in
deep learning. The main problem with the additional data which constructs an image stack
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having more than three channels cannot be fed directly to the state-of-the-art semantic
segmentation architectures. The first solution which addresses the obstacle is to use the
additional data with RGB image as one combined dataset and to train defined models
with this data. Nevertheless, the higher batch sizes due to an increase in input dimensions
will inevitably suffer the computation process. Also, transfer learning cannot be used
because of incompatible input dimensions. For these reasons, in this study, RGB images
and nDSM + IR + NDVI were considered separate datasets during the training process
in two independent models. Then, outputs of these two models are combined in order
to obtain a final semantic map. Figure 3 depicts the proposed dual-stream DeepLabV3+
which is designed to deal with all input geospatial datasets.

Dual-stream Xception based DeepLabV3+ considered two parallel streams as encoders
so as to exploit both RGB and nDSM + IR + NDVI data sets together. Atrous Spatial Pyramid
Pooling (ASPP) which is utilized in the architecture is capable of encoding multi-scale
contextual information. However, the main differences of dual-stream structure from the
original DeepLabV3+ occur at the decoder stage. First, the decoder of the proposed model
employs 1 x 1 convolutions for the extracted features from both streams and then applies
bilinear upsampling by a factor of 4. In two separate streams, 3 x 3 convolutions were
operated after upsampling and 1 x 1 convolutions were harnessed. Afterward, the decoder
concatenated features from two streams, then applied a 1 x 1 convolution and a bilinear
upsampling by a factor of 4 to extract final semantic segmentation images.

Red IR
Green nDSM
Blue NDVI
A —— i T
| Encoder 1
1 A A 1
f ™ |
1 a) Atrous Spatial Pyramid Pooling b) Global Average Pooling a) Atrous Spatial Pyramid Pooling b) Global Average Pooling "
|

] 1x1 Conv 3x3 Conv 3x3 Conv  3x3 Conv D 1x1 Conv 3x3 Conv 3x3 Conv  3x3 Conv D |
| r=6 r=12 r=18 r=6 r=12 r=18 1
| _— oo O [ [ 5 R —_— oo O o d 1
y [0 Bod pog p o qd [1 B pog p o d |
oo minm 1
1 o0t b g oo b pgogo "

1 N
| v ™~ |
I I
| 1
| 1
1

v v
1x1 Conv 1x1 Conv
O g
S
P e e T S e e e e e e i T S
1 Decoder f‘tx bilinear upsampling T

1x1 Conv :
lh(l Conv

1x1 Conv

3x3 Conv 3x3 Conv

‘ Semantic Segmentation

Figure 3. Dual-stream DeepLabV3+.

2.3. Training Approaches

In deep learning, training strategies substantially influence the segmentation and
classification performance of the networks. In particular, four factors of the training phase
should be considered delicately in order to produce more efficient results. In this study,
the effect of various training implementations was also examined to determine more
accurate models. The first training feature is to resolve an appropriate loss function in
order to measure cost between the estimated value and true value. Categorical cross-
entropy loss which requires softmax activation is a widely used function for multi-class
classification problems as implemented in semantic segmentation. However, unequal
distribution of classes in the training dataset as seen in Table 2 suffers performances of
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categorical cross-entropy function. The other drawback of the function is ineffectiveness in
the F1 score. For these reasons, the Focal Tversky Loss (FTL) function is tested for the final
model training phases. FTL is a generalized focal loss function based on the Tversky Index
(TI) [48]. TI, which is seen as Equation (1), is an asymmetric similarity measure calculated
with True Positive (TP), False Negative (FN), and False Positive (FP) metrics. « and p are
the coefficients which control FN, FP respectively, where &, § > 0. While a # j, the sum
of « and B is expected to be 1 in TI as a generalization of the Sorensen—Dice coefficient
and the Jaccard index [49]. Provided that any value of « is greater than 3, the imbalanced
image segmentation datasets can be handled more effectively. On the other hand, the ¢
parameter that determines the behavior of the FTL function in Equation (2) varies in the
range [1,3]. Although the effect of -y relatively changes depending on TI value, in their
experiments, Abraham and Khan [48] stated that the best performance was observed with
¥ = 4/3. Subsequently, parameter values were setas « = 0.7, = 0.3 and y = 4/3.

TP
= 5PN+ pFP @
FTL = (1—-TI)7, @)

Transfer learning, which is a machine learning methodology to reuse a model devel-
oped for one task to another task, is considered a second training factor. Transfer learning
significantly improves network performance while reducing learning time. However,
transfer learning may not be applicable because the structure of the source models is not
suitable. Therefore, the status of transfer learning was also regarded as an indicative
method in the model training. In the study, transfer learning was accomplished using
original DeepLabV3+ model weights trained with Pascal VOC dataset and Xception back-
bone as shown in Figure 4. Also, the proposed models which utilize transfer learning were
trained using the Adam optimization algorithm with a learning rate of 0.01 on the last
layers particular to classification.

Stream #1 Training Stream #2 Training
Train only the last Train only the last
classification related layers classification related layers
(1x1 conv and activation) (1x1 conv and activation)
Fine tuning by training Fine tuning by training
all layers with all layers with
a small learning rate a small learning rate
Full Model Training

Fuse output logits of
two streams’ decoders
with 1x1 conv

'

Add new activation
layer as the output layer

l

Train only the last
classification related layers
(1x1 conv and activation)

l

Fine tuning by training
all layers with
a small learning rate

Figure 4. Training steps.
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After transfer learning, fine-tuning was implemented as the third training factor. All
layers of the models were trained using stochastic gradient descent (SGD) with a low
learning rate of 0.0001 and momentum of 0.9. Lastly, patch dimensions used as network
input were revised in order to reduce training durations and optimize memory usage.

3. Results

In order to monitor the improvement in semantic segmentation, networks were trained
with different georeferenced data sets such as multi-spectral orthophotos, nDSM, and NDVL
Network analysis was performed, with one stream up to three channels and two streams
for six channels data input requirements. In this way, it is aimed to clearly reveal the
contribution of data sets to semantic segmentation for land cover mapping. In order to
reduce training durations, some models were initially produced using sub-dataset due to
the huge amount of data processing needed. Then, some of these models were created using
the full dataset according to the preliminary evaluation results obtained with sub-dataset.
All produced models are numbered with the initial letter M for reference and comparison
in the text, and as a result, 16 models from M1 to M16 are presented. Sections 3.1 and3.2
presents results obtained using the Potsdam dataset, whereas Section 3.3 indicates the
evaluations with the Vaihingen dataset.

3.1. Evaluation of Single-Stream Models

Single-stream networks produce models that are fed by data consisting of one, two,
and three channels as input. All models from M1 to M14 were designed as a single-stream
network. Models up to M8 of these were only trained with the sub-dataset as seen in
Table 3, while the models from M9 to M14 were implemented with the full dataset.

Table 3. Features of different training approaches and inputs using sub-datasets for single-stream
segmentation models.

Inputs Based on

Model Loss Transfer Fine Patch Data Stream Structure Dataset
Function Learning Tuning Size Augmentation (DA) First Second
Stream Stream

M1 Cross - - 800 x 800 DA-I nDSM - sub
entropy

M2 Cross - - 800 x 800 DA-I nDSM + IR - sub
entropy

M3 Cross - - 800 x 800 DA-I nDSM + NDVI - sub
entropy

M4 cross - - 800 x 800 DA-I nDSM + IR + NDVI - sub
entropy

M5 Cross + - 800 x 800 DA-I nDSM + IR + NDVI - sub
entropy

Cross

M6 + + 800 x 800 DA-I nDSM + IR + NDVI - sub
entropy

M7 Cross + - 800 x 800 DA-I R+G+B - sub
entropy

MS Cross + + 800 x 800 DA-I R+G+B - sub
entropy

Since there are no specific pre-trained models with nDSM, IR, and NDVI datasets, the first
four models M1, M2, M3, and M4 were trained with randomly initialized weights without
transfer learning. This situation, in which transfer learning was not implemented, has affected
the model successes negatively, as can be seen in Table 4. On the other hand, the second half
of the first eight models from M5 to M8 were examined with transfer learning.

Especially in the first four models, the importance of nDSM, IR, and NDVI in semantic
segmentation was discussed by sequentially increasing the number of channels. When
Tables 3 and 4 are evaluated together, it is understood that the contribution of IR and
nDSM datasets to segmentation performance is higher than the NDVI dataset. In other
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words, the IR band and nDSM can be seen as more essential geospatial datasets in semantic
segmentation. Since NDVI data includes the IR channel, it can be considered that the
simultaneous presence of NDVI and IR as the input channels of architecture will not
contribute to the overall accuracy. However, a 3.87% increase between M2 and M4 in
Table 4 indicates extra improvement when NDVI and IR are combined. On the other hand,
it may be possible for the M2 to reach the accuracy of the M4, but this may require a longer
training time.

Table 4. Overall test accuracies obtained using sub-dataset for single-stream segmentation models.

Model M1 M2 M3 M4 M5 Meé M7 M8
Overall (%) 30.15 48.52 35.30 52.39 68.62 86.67 69.85 87.74

Since input data of M5 and M6 has three channels, these models were considered to
use transfer learning with pre-trained RGB models. Although data types of M5 and M6
are different from conventional RGB data, transfer learning contributed to their model
accuracies. In addition, model M6, using fine-tuning which outperformed the models M4
and M5, explicitly outlined the improvement with 86.67% accuracy among models with
three geospatial data channels. Therefore, the best overall accuracy is obtained from M6
which is trained with data containing nDSM, IR, and NDVI bands (Table 4). One stream
models utilizing RGB data were trained with transfer learning and fine-tuning as M7 and
MBS, respectively. When Table 4 is examined, the fact that M5 and M7 offer accuracies that
are close to each other shows that RGB-based pre-trained models can be used in transfer
learning for geospatial data. Moreover, it was also found that M6 almost achieved as much
accuracy as M8. This can be seen as another indicator of the contribution of RGB-based
transfer learning and fine-tuning in geospatial data.

As the full dataset provides much richer content for the networks, it is expected
that the performance of test data will be increased on the trained models. Models from
M9 to M14 are single-stream networks generated with the full dataset as explained in
Table 5. After eight experiments from M1 to M8 with the sub-dataset were implemented
and assessed, the models from M5 to M8 were reconsidered for further training in order
to evaluate them with full dataset experiments. The models M5, M6, M7, and M8 were
renamed for the full dataset assessment as M9, M10, M12, and M13, respectively. Besides the
renamed models, new models M11 and M14 which managed focal Tversky loss function
were created with DA-II augmentation type.

Table 5. Features of different training approaches and inputs using full dataset for single-stream
segmentation models.

Inputs Based on Stream Structure

Model Loss Transfer Fine Patch Data Dataset
Function Learning Tuning Size Augmentation (DA) First Stream Second Stream
M9 Cross + - 800 x 800 DA-T nDSM + IR + NDVI - full
entropy
cross
M10 + + 800 x 800 DA-I nDSM + IR + NDVI - full
entropy
focal
M11 + + 600 x 600 DA-II nDSM + IR + NDVI - full
Tversky
M1z SO + - 800 x 800 DA- R+G+B - full
entropy
miz SO + + 800 x 800 DA-I R+G+B - full
entropy
Mg focal + + 600 x 600 DA-II R+G+B - full
Tversky

Table 6 indicates class-based F1 scores and overall accuracies which are obtained after
training of full dataset with single-stream models. When examining the contribution of
fine-tuning in Table 6, the fine-tuning using the full dataset also yielded better semantic
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segmentation in the models M10 and M13, as similarly discussed before in sub-dataset
experiments. Moreover, it is clearly seen that overall accuracies of M11 and M14 surpassed
accuracies of M10 and M13, respectively. Three main factors which are loss function,
patch size, and data augmentation method lead to boost the mentioned accuracy values.
To constitute this optimization, three changes made can be elaborated as follows: (a) a
different augmentation scheme (DA-II) was tested; (b) focal Tversky loss function was used
which balances false positives and false negatives; (c) batch size was increased by reducing
input size from 800 x 800 to 600 x 600 for a more stable training.

Table 6. Test scores obtained using full-dataset for single-stream segmentation models. All quality
measures except for overall accuracy are F1 scores in [%].

Model Imp. Surf. (%) Building (%) Low Veg. (%) Tree (%) Car (%) Overall (%)

M9 59.38 54.34 49.15 42.53 8.75 51.74
M10 82.97 93.61 7591 77.14 63.82 81.08
Mi1 89.95 95.83 83.34 84.07 88.71 87.46
Mi12 65.25 69.94 57.42 65.40 53.13 63.19
M13 88.52 92.69 82.44 83.59 84.97 85.80
M14 90.95 95.12 83.86 85.12 88.81 87.98

In addition, quite close overall accuracy values which are seen between M11 and M14
directly comparing nDSM + IR + NDVI datasets with R +G + B datasets can be stated as
remarkable. The closeness in segmentation performance indicates that geospatial datasets
supported with IR channel information might be considered to substitute conventional
RGB imagery datasets. On the other hand, when the class-based inspection is carried
out, F1 scores of M11 and M14 largely demonstrate similar segmentation performances.
Particularly the score of the lower vegetation class highlights the need for improved
segmentation while the score of building class outweighs any class-based achievement.

3.2. Evaluation of Dual-Stream Models

In order to construct a dual-stream model capable of processing six-channel inputs
totally, a single-stream network that utilizes R + G + B datasets was associated with a
nDSM + IR + NDVI based network at once as explained in Figure 3. In this study, two dual-
stream models M15 and M16 were implemented to examine the contribution of geospatial
and imagery datasets at the same training session. Model M15 employed the network
structure of M10 and M13 together, while the networks of models M11 and M14 were
handled in model M16.

Two dual-stream models M15 and M16 are trained with properties given in Table 7.
The results show that the dual-stream model M16 has a better overall accuracy value than
all single-stream models (Table 8). M16 which is different from M15 in terms of input size,
loss function, and data augmentation performed better on test data. In order to refine
segmentation results, a center-cropped selection method while selecting an input was
also applied. The performances obtained from M16 with the center-cropped selection
method were indicated as M16* in Table 8. For a given image, multiple input images were
created and only the central region of output was selected and then patched to create
the final segmentation map. This method is employed only after model training and has
no effect on the training process. The main reason for using center cropped results is
that model outputs may have unstable results on the borders of input images and on the
contrary the center of outputs is more stable. Eventually, the center-cropped prediction
which was given as M16* helped to get slightly better overall accuracy from model M16.
On the other hand, improvements in the class-based F1 scores are also observed in Table 8.
Besides F1 scores, class accuracies that are obtained from the model M16* are illustrated
with the confusion matrix in Table 9. The confusion matrix explicitly presents that the
clutter class revealed the lowest accuracy value due to incorrect assignment. Clutter class
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substantially appeared as an impervious surface or lower vegetation as a result of the
commission error. The main reason for some class misalignments is regarded as difficulty
during the preparation of ground truth data instead of failure in the model. Finally, Figure 5
which enables visual comparison between ground truth and prediction depicts output
results of semantic segmentation using model M-16* for the given Potsdam test dataset.
The accuracy and loss curves of the M11, M14, and M16 models which enable monitoring
changes in learning performance during the training process were demonstrated in Figure 6.
To illustrate in the figure, M16 was chosen as the best-trained model while M11 and M14
were chosen as employed by M16.

RGB orthophotos Ground thruth Prediction

o e
TN

£
i

Figure 5. Potsdam test dataset semantic segmentation output of model M-16* with center cropped
predictions. White: Impervious surfaces, Blue: Building, Cyan: Low vegetation, Green: Tree, Yellow:
Car, Red: Clutter/background.
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= M16Accuracy == M16 Loss
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Figure 6. Potsdam models M11, M14, and M16 training accuracy and loss.
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Table 7. Features of different training approaches and inputs using the full datasets for dual-stream
segmentation models.

Data Inputs Based on Stream Structure
Transfer Fine Patch Loss Auementation - Dataset
Model Learning Tuning Size Function 8 (DA) First Second
Stream Stream
M15 + + 800 x 800 1O DA-I R+G+B  nDSM +IR + NDVI full
entropy
focal
M16 + + 600 x 600 DA-II R+G+B nDSM + IR + NDVI full
Tversky

Table 8. Test scores obtained using full-dataset for dual-stream segmentation models. All quality
measures except for overall accuracy are F1 scores in [%].

Model Imp. Surf. (%) Building (%) Low Veg. (%) Tree (%) Car (%) Overall (%)

M15 89.71 89.71 83.49 84.97 86.39 87.20
Mi1é 91.18 96.14 84.85 85.56 89.07 88.71
Mie* 91.34 96.07 85.17 85.80 89.58 88.87

Table 9. Confusion matrix produced from test data predictions using the model M16*.

Imp. Surf. (%) Building (%) Low Veg. (%) Tree (%) Car (%) Clutter (%)

Imp. surf. 91.92 1.39 3.47 1.46 0.50 1.26
Building 1.33 96.92 0.69 0.25 0.01 0.80
Low veg. 4.03 0.80 88.69 5.20 0.03 1.24
Tree 3.39 0.60 12.57 82.66 0.39 0.39
Car 5.33 0.24 0.23 0.56 92.73 0.92
Clutter 23.74 9.71 15.48 1.85 1.02 48.19

3.3. Evaluation of the Vaihingen Dataset

The Vaihingen dataset having different spatial resolutions was used in order to validate
the proposed end-to-end dual-stream architecture. Firstly M11 and M14 were essentially
implemented to fulfill the training strategies explained in Figure 4. The results in Table 10
demonstrated that the single-stream M11 utilizing nDSM, IR, and NDVI achieved the accuracy
with 84.86% and then, M14 exploiting visible bands RGB produced a considerable accuracy
with 87.18%. On the other hand, M16 and M16* which carried out dual-stream architecture
accomplished higher accuracy rates with 87.33% and 87.39% than each single-stream.

Table 10. Test scores obtained using Vaihingen dataset for dual-stream segmentation models. All
quality measures except for overall accuracy are F1 scores in [%].

Model Imp. Surf. (%) Building (%) Low Veg. (%) Tree (%) Car (%) Overall (%)

Mi11 86.51 90.84 77.83 85.59 20.78 84.86
Mi14 89.06 93.40 79.32 86.61 78.75 87.18
Mie6 89.21 93.53 79.26 86.87 78.64 87.33
Mie6* 89.58 93.72 78.88 86.74 78.85 87.39

4. Discussion

In this study, a new end-to-end dual-stream architecture that considers multi-band
geospatial imagery based on the DeepLabV3+ was proposed. The ISPRS 2-D Semantic
Labelling datasets were used to evaluate our model. The model operates as two parallel
streams and fuses the final features from each stream at the end. With the help of this
multi-modal dual structure, the architecture gains the capability of handling IR band, DSM,
and NDVI datasets beside RGB images. On the other hand, another motivation of the
study is to investigate the effects of the varied loss functions, data augmentation, and input
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selection strategies on classification accuracy. At the evaluation phase, we conducted tests
with different combinations which are given through Tables 3-8. As a result of the tests,
88.9% overall accuracy was obtained with the model named M16*. In order to compare
our results, we choose the studies given in Table 11. All these studies use the same dataset
and have similarities with our proposal in terms of architecture and data usage. Wang
et al. [21] achieves the best overall accuracy result in the ISPRS 2-D Semantic Labelling
contest. The study proposes a multi-connection ResNet architecture to fuse multi-level
deep features corresponding to different layers and also a fusion strategy for multi-scale
features. Audebert et al. [29] presents a multi-stream, multi-scale deep fully convolutional
neural network based on SegNet and ResNet architectures that extracts semantic maps
at multiple resolutions. The study also investigates the effects of early and late fusion of
DSM and multi-spectral data on overall accuracy. Piramanayagam et al. [24] proposes a
FCN or SegNet based fusion network consisting of two or more streams to be able to use
multi-channel data (IR, R, G for one stream and IR, NDVI, nDSM for the second). The study
investigates the optimal fusion time for the features. For this reason, authors conduct varied
configurations which they call late fusion (LaFSN), proposed composite fusion (CoFSN),
and fusion after n layer (LnFsn). It should be noted that the given results in Table 11
belong to late fusion configuration and do not reflect their best results which are 90.3%
in overall accuracy. The reason that we choose this configuration is that it is identically
similar to our proposal except for the used DCNN architecture. In [30], a combined deep
learning network is proposed in order to improve the segmentation accuracy by using
oblique urban images [50] and RS images together. The proposed architecture handles two
inputs in parallel by sharing the three encoder blocks. Then the network is trained with the
weighted loss which is defined as the weighted sum of losses of the two paths. The study
also includes the segmentation results of other networks such as SegNet, DeepLab-V3+
with 4 band data (RGB + NIR). Apart from the used network architectures themselves,
there are some strategies such as multi-scale data usage, multi-connection, and optimal
fusion time, which seem the most prominent ones which we also consider to adapt for
our dual-stream model as future work. These obtained results show that the produced
model based on our architecture provides competitive results with respect to the other
state-of-the-art models. As it is seen that the four-band DeepLabV3+ [30] had obtained
a lower overall accuracy when compared with our single-stream models M11 and M14
presented in the result section, although they utilize the Potsdam datasets on DeepLabV3+
architectures as well. Therefore, some deviation should be considered during the direct
comparison of the accuracies produced from such different architectures and models due
to data augmentation or loss function. We believe that the segmentation accuracies of our
proposed architecture can be increased with some modifications especially by focusing on
the fusion time as it is proposed in [21,24,29].

As seen in Figure 7, the test results were evaluated from the models obtained by
training Potsdam and Vaihingen datasets on the related architectures. Accordingly, it is
understood that the model results show a compatible performance in different datasets.
On the other hand, it is observed that the Vaihingen data set produces relatively less
accuracy. In addition, in other related studies, it is also seen that the Potsdam dataset
provides better accuracy than the Vaihingen dataset. This is considered to occur due to the
lower spatial resolution of the Vaihingen dataset.
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Table 11. Performance metrics of various methods for ISPRS Potsdam dataset.

Imp. 11 Low
Model Motivation Surf. Building Tree Car Clutter Based

%) (%) WE 0 ) (0 Architecture

(1) Multi-connection
SWJ_2 [21] (2) Fusion of 944 974 878 876 947 917 Resnet
Multi-scale features

(1) Multi-modal

V-FuseNet [29] architecture 9.7 9.3 873 885 954 90.6 ieg“et
. . . esnet
(2) Optimal fusion time
(1) Dual-stream
architecture
Our Proposal (2) Different training, 91.3 96.1 85.2 85.8 89.6 88.9 DeepLabV3+
loss function and
training strategies
(1) Dual-stream
architecture FCN-8
RIT (LaFSN) [24] (2) Investigation of 90.6 95.9 835 833 93.1 87.9 Segnet
optimal fusion time
Combined From U-net stud 89.2 92,9 797 798 885 872 U-net
U-net Case2 [30] rom L-net study : ’ : ’ ’ ' ne
DeepLabV3+ From U-net study
(4 Band) [30] 4Band 88.8 91.9 80.1 824 87.7 86 DeepLabV3+

comparison of overall accuracies of the trained
architectures

90
89
88
87
86
85
84
83
82
M11 M14 M16 M16*

B The Potsdam dataset ~ mThe Vaihingen dataset

Figure 7. Comparison of overall accuracies of the trained architectures.

5. Conclusions

The contribution of IR and NDVI data to segmentation was explicitly observed in
the single-stream models. It has been realized that using two data sets together boosts
the performance when compared to the separate uses of IR and NDVI. When we examine
the triple usage of nDSM, IR, and NDVI data sets, models achieved as high accuracy
as single-stream RGB models, and this situation should be considered in more detail in
future works. Another point determined as a result of the study shows the importance of
training processes. Transfer learning, fine-tuning, and the selection of loss function, data
augmentation method contributed to model performance. While the Travesky method
stands out as the loss function, it has been observed that the randomization of data feeding
is a considerable technique for achieving higher accuracies.

Since the single-stream semantic segmentation models yield successful results with
both RGB inputs and nDSM + IR + NDVI inputs, a dual-stream architectural design has also
been implemented. One of the most important achievements of the study is that dual-stream
deep learning models produce higher accuracy than single-stream models. As a result, it
was revealed that the photogrammetric products such as nDSM and NDVI obtained using
four-band multi-spectral aerial photographs should be considered in semantic segmentation
beside RGB datasets. In order to determine the contribution level of NDVI, the performance
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of NDVI + GB and IR + RG can be compared to single-stream architectures in the future.
Also, in dual-stream, while RGB is given as input of the first stream; NDVI and IR can be
considered separately as inputs of the second stream.

This study is based on DeepLabV3+ as a pioneering semantic segmentation architec-
ture, however, other segmentation architectures can also be considered to assess multi-
spectral image datasets in the land cover classification. Besides, different backbones which
enable transfer learning might be adapted to DeepLabV3+ architecture. The analyses
considering five land use classes were evaluated in this study, however, contributions of
multi-spectral bands and different indices to the classification can be dealt with based on
only one land class such as buildings. On the other hand, the architecture was designed
only as the late fusion between the streams. However higher accuracy is observed in the
studies implementing early fusion. Therefore late fusion is considered as the limitation of
our proposed models, although it needs less computation during training.
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