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1.1 Introduction

While humans constantly extract meaningful information from visual data almost effortlessly,
it turns out that simple visual tasks such as recognizing, detecting and tracking objects, or,
more difficult, understanding what is going on in the scene, are extremely challenging prob-
lems for machines. To design artificial vision systems that can reliably process information
as humans do has many potential applications in fields such as robotics, medical imaging,
surveillance, remote sensing, entertainment or sports science, to name a few. It is therefore our
ultimate goal to be able to emulate the human visual system and processing capabilities with
computational algorithms.

Computer vision has contributed to a broad range of tasks to the field of artificial intelligence,
such as estimating physical properties from an image, e.g., depth and motion, as well as es-
timating semantic properties, e.g., labeling each pixel with a semantic class. A fundamental
goal of computer vision is to discover the semantic information within a given scene, namely,
understanding a scene, which is the basis for many applications: surveillance, autonomous
driving, traffic safety, robot navigation, vision-guided mobile navigation systems, or activ-
ity recognition. Understanding a scene from an image or a video requires much more than
recording and extracting some features. Apart from visual information, humans make use of
further sensor data, e.g. from audio signals, or acceleration. The net goal is to find a mapping
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to derive semantic information from sensor data, which is an extremely challenging task par-
tially due to the ambiguities in the appearance of the data. These ambiguities may arise either
due to the physical conditions such as the illumination and the pose of the scene components,
or due to the intrinsic nature of the sensor data itself. Therefore, there is the need of captur-
ing local, global or dynamic aspects of the acquired observations, which are to be utilized to
interpret a scene. Besides, all information which is possible to extract from a scene must be
considered in context in order to get a comprehensive representation, but this information,
while it is easily captured by humans, is still difficult to extract by machines.

Using big data leads to a big step forward in many applications of computer vision. How-
ever, the majority of scene understanding tasks tackled so far involve visual modalities only.
The main reason is the analogy to our human visual system, resulting in large multipurpose
labeled image datasets. The unbalanced number of labeled samples available among differ-
ent modalities result in a big gap in performance when algorithms are trained separately [1].
Recently, a few works have started to exploit the synchronization of multimodal streams to
transfer semantic information from one modality to another, e.g. RGB/Lidar [2], RGB/depth
[3,4], RGB/infrared [5,6], text/image [7], image/Inertial Measurement Units (IMU) data [8,9].

This book focuses on recent advances in algorithms and applications that involve multiple
sources of information. Its aim is to generate momentum around this topic of growing interest,
and to encourage interdisciplinary interactions and collaborations between computer vision,
remote sensing, robotics and photogrammetry communities. The book will also be relevant to
efforts on collecting and analyzing multisensory data corpora from different platforms, such
as autonomous vehicles [10], surveillance cameras [11], unmanned aerial vehicles (UAVs)
[12], airplanes [13] and satellites [14]. On the other side, it is undeniable that deep learning
has transformed the field of computer vision, and now rivals human-level performance in
tasks such as image recognition [15], object detection [16], and semantic segmentation [17].
In this context, there is a need for new discussions as regards the roles and approaches for
multisensory and multimodal deep learning in the light of these new recognition frameworks.

In conclusion, the central aim of this book is to facilitate the exchange of ideas on how to de-
velop algorithms and applications for multimodal scene understanding. The following are
some of the scientific questions and challenges we hope to address:

• What are the general principles that help in the fusion of multimodal and multisensory
data?

• How can multisensory information be used to enhance the performance of generic high-
level vision tasks, such as object recognition, semantic segmentation, localization, and
scene reconstruction, and empower new applications?

• What are the roles and approaches of multimodal deep learning?
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To address these challenges, a number of peer-reviewed chapters from leading researchers in
the fields of computer vision, remote sensing, and machine learning have been selected. These
chapters provide an understanding of the state-of-the-art, open problems, and future directions
related to multimodal scene understanding as a relevant scientific discipline.

The editors sincerely thank everyone who supported the process of preparing this book. In
particular, we thank the authors, who are among the leading researchers in the field of mul-
timodal scene understanding. Without their contributions in writing and peer-reviewing the
chapters, this book would not have been possible. We are also thankful to Elsevier for the ex-
cellent support.

1.2 Organization of the Book

An overview of each of the book chapters is given in the following.

Chapter 2: Multimodal Deep Learning for Multisensory Data Fusion

This chapter investigates multimodal encoder–decoder networks to harness the multimodal
nature of multitask scene recognition. In its position regarding the current state of the art,
this work was distinguished by: (1) the use of the U-net architecture, (2) the application of
translations between all modalities of the learning package and the use of monomodal data,
which improves intra-modal self-encoding paths, (3) the independent mode of operation of the
encoder–decoder, which is also useful in the case of missing modalities, and (4) the image-
to-image translation application managed by more than two modalities. It also improves the
multitasking reference network and automatic multimodal coding systems. The authors eval-
uate their method on two public datasets. The results of the tests illustrate the effectiveness of
the proposed method in relation to other work.

Chapter 3: Multimodal Semantic Segmentation: Fusion of RGB and Depth Data in Convo-
lutional Neural Networks

This chapter investigates the fusion of optical multispectral data (red-green-blue or near
infrared-red-green) with 3D (and especially depth) information within a deep learning CNN
framework. Two ways are proposed to use 3D information: either 3D information is directly
introduced into the classification fusion as a depth measure or information about normals is
estimated and provided as input to the fusion process. Several fusion solutions are consid-
ered and compared: (1) Early fusion: RGB and depth (or normals) are merged before being
provided to the CNN. (2) RGB and depth (or normals) are simply concatenated and directly
provided to common CNN architectures. (3) RGB and depth (or normals) are provided as two
distinct inputs to a Siamese CNN dedicated to fusion. Such methods are tested on two bench-
mark datasets: an indoor terrestrial one (Stanford) and an aerial one (Vaihingen).
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Chapter 4: Learning Convolutional Neural Networks for Object Detection with Very Little
Training Data

This chapter addresses the problem of learning with very few labels. In recent years, convolu-
tional neural networks have shown great success in various computer vision tasks, whenever
they are trained on large datasets. The availability of sufficiently large labeled data, how-
ever, limits possible applications. The presented system for object detection is trained with
very few training examples. To this end, the advantages of convolutional neural networks
and random forests are combined to learn a patch-wise classifier. Then the random forest is
mapped to a neural network and the classifier is transformed to a fully convolutional network.
Thereby, the processing of full images is significantly accelerated and bounding boxes can be
predicted. In comparison to the networks for object detection or algorithms for transfer learn-
ing, the required amount of labeled data is considerably reduced. Finally, the authors integrate
GPS-data with visual images to localize the predictions on the map and multiple observations
are merged to further improve the localization accuracy.

Chapter 5: Multimodal Fusion Architectures for Pedestrian Detection

In this chapter, a systematic evaluation of the performances of a number of multimodal feature
fusion architectures is presented, in the attempt to identify the optimal solutions for pedestrian
detection. Recently, multimodal pedestrian detection has received extensive attention since
the fusion of complementary information captured by visible and infrared sensors enables
robust human target detection under daytime and nighttime scenarios. Two important observa-
tions can be made: (1) it is useful to combine the most commonly used concatenation fusion
scheme with a global scene-aware mechanism to learn both human-related features and cor-
relation between visible and infrared feature maps; (2) the two-stream semantic segmentation
without multimodal fusion provides the most effective scheme to infuse semantic information
as supervision for learning human-related features. Based on these findings, a unified multi-
modal fusion framework for joint training of semantic segmentation and target detection is
proposed, which achieves state-of-the-art multispectral pedestrian detection performance on
the KAIST benchmark dataset.

Chapter 6: ThermalGAN: Multimodal Color-to-Thermal Image Translation for Person Re-
Identification in Multispectral Dataset

This chapter deals with color-thermal cross-modality person re-identification (Re-Id). This
topic is still challenging, in particular for video surveillance applications. In this context, it is
demonstrated that conditional generative adversarial networks are effective for cross-modality
prediction of a person appearance in thermal image conditioned by a probe color image. Dis-
criminative features can be extracted from real and synthesized thermal images for effective
matching of thermal signatures. The main observation is that thermal cameras coupled with
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generative adversarial network (GAN) Re-Id framework can significantly improve the Re-Id
performance in low-light conditions. A ThermalGAN framework for cross-modality person
Re-Id in the visible range and infrared images is so proposed. Furthermore, a large-scale mul-
tispectral ThermalWorld dataset is collected, acquired with FLIR ONE PRO cameras, usable
both for Re-Id and visual objects in context recognition.

Chapter 7: A Review and Quantitative Evaluation of Direct Visual–Inertia Odometry

This chapter combines complementary features of visual and inertial sensors to solve direct
sparse visual–inertial odometry problem in the field of simultaneous localization and map-
ping (SLAM). By introducing a novel optimization problem that minimizes camera geometry
and motion sensor errors, the proposed algorithm estimates camera pose and sparse scene
geometry precisely and robustly. As the initial scale can be very far from the optimum, a tech-
nique is proposed called dynamic marginalization, where multiple marginalization priors and
constraints on the maximum scale difference are considered. Extensive quantitative evalua-
tion on the EuRoC dataset demonstrates that the described visual–inertial odometry method
outperforms other state-of-the-art methods, both the complete system as well as the IMU ini-
tialization procedure.

Chapter 8: Multimodal Localization for Embedded Systems: A Survey

This chapter presents a survey of systems, sensors, methods, and application domains of mul-
timodal localization. The authors introduce the mechanisms of various sensors such as inertial
measurement units (IMUs), global navigation satellite system (GNSS), RGB cameras (with
global shutter and rolling shutter technology), IR and Event-based cameras, RGB-D cameras,
and Lidar sensors. It leads the reader to other survey papers and thus covers the correspond-
ing research areas exhaustively. Several types of sensor fusion methods are also illustrated.
Moreover, various approaches and hardware configurations for specific applications (e.g.
autonomous mobile robots) as well as real products (such as Microsoft Hololens and Magic
Leap One) are described.

Chapter 9: Self-supervised Learning from Web Data for Multimodal Retrieval

This chapter addresses the problem of self-supervised learning from image and text data
which is freely available from web and social media data. Thereby features of a convolutional
neural network can be learned without requiring labeled data. Web and social media platforms
provide a virtually unlimited amount of this multimodal data. This free available bunch of
data is then exploited to learn a multimodal image and text embedding, aiming to leverage the
semantic knowledge learned in the text domain and transfer it to a visual model for semantic
image retrieval. A thorough analysis and performance comparisons of five different state-of-
the-art text embeddings in three different benchmarks are reported.
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Chapter 10: 3D Urban Scene Reconstruction and Interpretation from Multisensor Imagery

This chapter presents an approach for 3D urban scene reconstruction based on the fusion of
airborne and terrestrial images. It is one step forward towards a complete and fully automatic
pipeline for large-scale urban reconstruction. Fusion of images from different platforms (ter-
restrial, UAV) has been realized by means of pose estimation and 3D reconstruction of the
observed scene. An automatic pipeline for level of detail 2 building model reconstruction is
proposed, which combines a reliable scene and building decomposition with a subsequent
primitive-based reconstruction and assembly. Level of detail 3 models are obtained by in-
tegrating the results of facade image interpretation with an adapted convolutional neural
network (CNN), which employs the 3D point cloud as well as the terrestrial images.

Chapter 11: Decision Fusion of Remote Sensing Data for Land Cover Classification

This chapter presents a framework for land cover classification by late decision fusion of mul-
timodal data. The data include imagery with different spatial as well as temporal resolution
and spectral range. The main goal is to build a practical and flexible pipeline with proven
techniques (i.e., CNN and random forest) for various data and appropriate fusion rules. The
different remote sensing modalities are first classified independently. Class membership maps
calculated for each of them are then merged at pixel level, using decision fusion rules, before
the final label map is obtained from a global regularization. This global regularization aims at
dealing with spatial uncertainties. It relies on a graphical model, involving a fit-to-data term
related to merged class membership measures and an image-based contrast sensitive regu-
larization term. Two use cases demonstrate the potential of the work and limitations of the
proposed methods are discussed.

Chapter 12: Cross-modal Learning by Hallucinating Missing Modalities in RGB-D Vision

Diverse input data modalities can provide complementary cues for several tasks, usually lead-
ing to more robust algorithms and better performance. This chapter addresses the challenge
of how to learn robust representations leveraging multimodal data in the training stage, while
considering limitations at test time, such as noisy or missing modalities. In particular, the au-
thors consider the case of learning representations from depth and RGB videos, while relying
on RGB data only at test time. A new approach to training a hallucination network has been
proposed that learns to distill depth features through multiplicative connections of spatio-
temporal representations, leveraging soft labels and hard labels, as well as distance between
feature maps. State-of-the-art results on the video action classification dataset are reported.

Note: The color figures will appear in color in all electronic versions of this book.
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