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ABSTRACT
The fusion of complementary information from co-registered
multi-modal image data enables a more detailed and more
robust understanding of an image scene or specific objects,
and is important for several applications in the field of re-
mote sensing. In this paper, the benefits of combining RGB,
near infrared (NIR) and thermal infrared (TIR) aerial images
for the task of semantic vehicle segmentation through deep
neural networks are investigated. Therefore, RGB, NIR and
TIR image triplets acquired by the Modular Aerial Camera
System (MACS) are precisely co-registered through the ap-
plication of a virtual camera system and subsequently used
for the training of different neural network architectures. Var-
ious experiments were conducted to investigate the influence
of the different sensor characteristics and an early or late fu-
sion within the network on the quality of the segmentation
results.
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1. INTRODUCTION

By providing a more detailed and more robust understanding
of an image scene or specific objects, multi-modal image fu-
sion has proven to be beneficial for a variety of remote sensing
applications and is therefore often used for tasks such as land
cover classification, change detection or urban surface model-
ing. For the specific task of vehicle segmentation or detection
from aerial or satellite images, previous research studies such
as [1, 2] mainly utilizes RGB images. The advantage of RGB
images is a high spatial resolution, which enables a reliable
and accurate segmentation and detection of vehicles. On the
other hand, these images capture only a small region of the
spectrum and are affected by varying illumination conditions
and the appearance of shadowed areas.

In contrast, our deep learning based vehicle segmenta-
tion approach is based on a combined usage of RGB, near
infrared (NIR) and thermal infrared (TIR) aerial images in
order to overcome individual shortcomings of each sensor.
More precisely, the usage of the NIR region or the spectrum
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Fig. 1: Comparison of vehicle appearance and visibility in RGB,
NIR and TIR images.

enables a more efficient separation between vegetation and
non-vegetation, e.g. for a better identification of vehicle par-
tially parked under bushes or trees or on grass. Contrary to
RGB and NIR sensors, TIR sensors measure the emitted radi-
ation from the surface of a target and therefore provide special
spectral characteristics of an object, usually with a lower spa-
tial resolution. In the context of vehicle segmentation, these
characteristics could help for a better identification of vehicle
parked in shadow or partly covered areas. Figure 1 exempli-
fies the difference in visibility of vehicles in RGB, NIR and
TIR images.

In the following a conceptional overview of the proposed
method is provided in Section 2, which is followed by a de-
tailed description of the utilized dataset in Section 3. The
results achieved are presented and discussed in Section 4 and
an outlook of future experimenters is provided in Section 5.

2. METHODOLOGY

2.1. Image Co-registration

In order to fuse the information from individual sensors
exactly co-registered multi-channel images are required.
The images used in this paper are captured by the Mod-



Fig. 2: Setup of the MACS virtual camera

ular Aerial Camera Systems (MACS), which acquires the
visual (400-680nm), near (700-950nm) and thermal infrared
(7.5-14.0�m) spectrum with three camera heads mounted on
an airplane [3]. As the RGB, NIR and TIR images are taken
from different camera heads with slightly different exterior
orientation and strongly different interior camera properties
the co-registration is a crucial step.

Commonly, the co-registration of images from multi-head
camera systems is solved by generating one virtual image out
of the single images, as demonstrated e.g. for the DMC
camera [4] or for oblique UAV images [5]. Similar to the
described approaches, one virtual camera for each acquisi-
tion time was created for the MACS camera system, into
which the RGB, NIR and TIR camera images were projected.
Before, a self-calibrating bundle adjustment was performed
using ground control information from a reference data set
and using the directly measured GNSS/IMU data, but with-
out using any laboratory parameters or relative orientations.
The bundle adjustment uses tie points matched between and
within the RGB and NIR images as well as tie points only
within the TIR images.

The setup for the virtual camera is illustrated in Fig. 2.
Starting from a pixel in the virtual camera image, the corre-
sponding pixel in the RGB, NIR and TIR image are assigned
by intersection of the ray with a reference DSM and repro-
jecting the point into the RGB, NIR and TIR camera using
the interior (f; xp; yp; :::) and exterior (X;Y; Z; !; �; �) ori-
entation parameter. Finally, the virtual camera image has five
multispectral bands, three from RGB, one from NIR and one
from TIR. The parameters of the virtual camera have been
selected so that the field of view (FOV) is smaller than the
FOV of every real camera and the GSD of the virtual camera
reaches the GSD of the NIR camera. The exterior orientation
of the virtual camera were taken from the TIR camera.

2.2. Semantic Vehicle Segmentation

The principle aim of our semantic segmentation network is
to identify all vehicles in an image scenes by allocating each

pixel to one of three classes: ”car”, ”truck” or ”non-vehicle”.
To reach this goal our proposed network is composed of three
consecutive parts: 1) one or more encoders to down-sample
the input images for the extraction of more and more high-
level features, 2) a fusion sub-network to combine the features
extracted from the single encoder streams, and 3) a decoder
to gradually up-sample and thereby restores the spatial prop-
erties of the predictions.

In order to determine the optimal moment for the data fu-
sion, the influence of two fusion schemes is investigated. The
first type is based on an early fusion, where the input images
are stacked and directly passed to one common encoder. Note
that in this case no fusion sub-network is used. The second
type is based on a late fusion, where several encoder networks
extract the features from the different input modalities inde-
pendently. Afterwards, the extracted features are fused in a
fusion sub-network. For both fusion schemes the same de-
coders were used. An overview of the conceptual fusion ap-
proaches is provided in Figure 3.

The building blocks of our en- and decoders are based
on the fully convolutional neural network architecture (FCNs)
proposed in [6]. In the case of the late fusion stream we inves-
tigated the influence of three fusion sub-networks: 1) simple
concatenation of the encoders output, 2) concatenation fol-
lowed by three convolutional layers and 3) concatenation fol-
lowed by five convolutional layers.
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Fig. 3: Illustration of the early and late fusion networks. Abbr.:
Encoder (Enc), Decoder (Dec)




