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In recent decade, many state—-of-the—art algorithms on object recognition
as well as audio recognition have achieved noticeable successes with the
development of deep convolutional neural network (CNN). However, most of
the studies only exploit a single type of data. For that reason, the
multimodal research field brings some unique challenges for researchers to
make progress in understanding the things (i.e., the world around us) by
processing relate information from multiple modalities. Learning from
multimodal sources offers the possibility of capturing correspondences
between modalities and gaining an in—depth understanding of an object,
event, or activity of interest. Furthermore, multimodal fusion is one of
the original topics 1in multimodal research with different fusion
approaches: early, late, and hybrid approaches. Multimodal fusion has a very
broad range of applications, including image and sentence detection,
multimodal emotion recognition, action detection, and especially
audio-visual speech recognition (AVSR). The results have shown that one
modality can enhance the performance of the other by providing relevant

information. However, extracting robust features from different modalities



and fusing them in an effective way is crucial for attaining high recognition
performance. Moreover, it is practically challenging for a learning model
to fuse different modalities while learning features or to learn joint
features while fusing different modalities.

On the other hand, fine-grained recognition (i.e., categorization,
classification) is one of the latest and most challenging object recognition
task which aims to distinguish similar object categories from another, e. g.,
species of birds, models of cars, breed of dogs, species of flowers, etc.
Fine-grained recognition have been used for widespread applications such
as analyzing biodiversity and scene understanding because it has the ability
to describe the things in the world in more detail. However, compared to
generic object recognition, fine—grained recognition is quite challenging
due to the small difference among categories and can be easily overwhelmed
by other factors, such as pose, viewpoint, or location of the object in the
image. Due to the recent advances in deep learning lead to remarkable
progress on fine—grained recognition. Nevertheless, most of the current
state—of—the—art methods employee part/pose detection approach, which is
also a challenging task to achieve good performances.

This dissertation presents a study on multimodal fusion strategies with
deep neural network and audio—-visual data for fine—grained recognition.
Since sound also provides us important information about the world around
us, the goal of this study is to enhance the performance of fine—-grained
recognition by exploiting the combination of both visual and audio data
using CNN, which has been sparsely treated so far. For this purpose, this
study aims to answer three research considerations: (1) what to fuse, i.e.,
what feature representations to use for audio and visual modality, (2) when
to fuse, 1i.e., which fusion strategy performs best when fusing both
modalities, (3) how to fuse, i.e., propose or utilize practically efficient
methods under different fusion strategies while learning CNN features with
both modalities.

Specifically, the kernel-based fusion approach which fuses audio and
visual features at the kernel level is studied. First, audio and visual CNN
are trained separately by adapting the weights of the pre—trained model.
After the training, deep neural features from both modalities are extracted
based on the activation values of an inner layer of the trained CNN and
combined by multiple kernel learning (MKL) to perform the final
classification. Since generating deep neural features based on visual

representations of audio recordings have proven to be very effective,



spectrogram representation of audio data is used to extract CNN features.
To train Audio and Visual CNN, the most suitable and large enough dataset
is required. Such data were not available for audio modality, the audio
dataset corresponding to the popular fine—grained image dataset has been
collected with proper matching. Unlike support vector machine (SVM) based
on a single kernel, MKL uses multiple kernels and learns optimal composite
kernels by combining those kernels constructed from different modalities.
To automatically determine the kernel weights, an 1p—norm MKL algorithm that
produces non-sparse kernel combinations is employed. The experimental
results indicate that proposed CNN+MKL method which wutilizes the
combination of audio-visual data outperforms single-modality kernel
methods, some simple kernel combination methods, and the conventional early
fusion method.

Furthermore, CNN-based multimodal learning models with three types of
fusion strategies (early, middle, late) are proposed to settle the issues
of combining training data of both modalities. The advantage of the proposed
method lies in the fact that CNN is utilized not only to extract features
from visual and audio data but also to combine the features across
modalities. Experiments are conducted to evaluate the multimodal learning
models as well as different fusion strategies with respect to the
classification accuracy on the integrated dataset. In qualitative and
quantitative results, a model that utilizes the combination of both data
outperforms models trained with only either type of data, and fusing them
at the late stage performs better with a significant margin. It is also shown
that transfer learning can significantly increase the classification

performance.
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