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Abstract. The Hybrid Deep Convolutional Neural Network with Mul-
timodal Fusion (HDCNNMF) topology for the multimodal recognition of
the speech, the face, the lips, and human gestures behavior is proposed.
Conducted researches relate to improving the understanding of complex
dynamic scenes. The basic unit of the proposed hybrid system is deep
neural network topology, which combines 2D and 3D convolutional neu-
ral network (CNN) for each modality with proposed intermediate-level
feature fusion subsystem. Such a feature map fusion method is based on
scaling procedure with a specific combination of pooling operation with
non-square kernels and allows merging different type of modalities. Also,
the method for forming the audio modality feature is proposed. This
method is based on eigenvectors of Mel frequency cepstral coefficients
(MFCC) and Mel frequency energy coefficients (MFEC) self-similarity
matrix and allows increasing informativeness of modality feature. The
specific characteristics of proposed fusion operation is that the data of
the same dimension without regard to the modality type are fed to the
input of fusion subsystem. During the experiments, the high recognition
efficiency was obtained both in cases of individual modalities and their
fusion. The distinctive feature of proposed HDCNNMF topology is that
the input set can be extended by new modalities types. This extension of
modalities set should improve the quality of identification, segmentation
or recognition in complex ambiguous visual scenes and simplify the task
of affordance detection.

Keywords: Multimodal fusion + Hybrid system + Deep learning -
Video stream - Recognition

1 Introduction

By improving the quality of video semantic segmentation based on multimodal
system we try to simplify affordance detection in cases of complex visual scenes.
The essence of this simplification is the correct definition of the scene subjects
and the actions classification in cases where the visual representation does not
© Springer Nature Switzerland AG 2020
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allow to correctly identify the functional interaction of objects and people. For
example, in the case when

— it is not clear who of several people gave the instruction command.

— one and the same object of attention in different scenes can be identified by
different modalities - in one scene, voice modality, and in another - only by
visual one.

— there are several attention objects of one type. And only the accuracy of
the pointer’s trajectory or additional information in the voice stream (for
example, the dish is large, and not small) allows identifying the attention
object uniquely. For successful semantic segmentation in described cases, one
or two modalities may not be sufficient.

Moreover, sometimes the physical parameters of the visual scene (changing
illumination, point of view, etc.) require big datasets for acceptable recognition.
In such cases, the addition of another modality makes it possible to avoid the
use of a big dataset.

In order to improve a semantic segmentation, HDCNNMF topology is pro-
posed that not only increases the accuracy of the segmentation of the visual
scenes in the indicated cases, but also gives the opportunity to expand the set
of necessary modalities specialized for cases of complex scenes.

In the developed HDCNNMF topology a set of most used standard modalities
is used. But if necessary, the set can be completed by modalities for a particular
case of affordance detection. In this case, the precision of semantic segmentation
will not increase. The fusion procedure of modalities is one of the main parts in
the HDCNNMF topology that was developed. The modern artificial intelligence
systems are the systems with the integrated video stream data processing where
each of the streams is a selected modality. The fusion of the several modalities
in single processing is lead to additional informativeness. This informativeness
should not only improve the quality of processing but also move the robotics
systems closer to natural communication processes.

2 Related Works

The mainstream of understanding the dynamic scenes is the answer to the ques-
tion “know what can be done with such objects?” [11,12]. That is, the cate-
gory of the object is determined by the action, and not the visual appearance
[4]. This means that semantic segmentation or recognition is a preprocessing
stage in affordance detection. In the case of simple scenes, when the illumina-
tion is unchanged, the scale does not change, all projections of attention objects
are separated, the pointing gestures is unique and the other, segmentation and
recognition are high quality and affordance detection is quite successful [20]. In
the case of complex scenes when the pointing gestures is ambiguous, projections
of attention objects are not separated, the subjects of the scene are weakly iden-
tified and others, the quality of objects (processes) segmentation or recognition
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is weak. Accordingly, the definition of affordance detection is complicated or
impossible at all.

In such cases, the segmentation and recognition systems should be a multi-
modal using the fusion operation of the chosen type. This approach is due to
three reasons. The first of these is to improve the solution quality of the segmen-
tation, identification or recognition tasks. An additional modality has additional
useful informativeness, which can increase the accuracy of classification tasks.

The second reason - the lack of a signal in one of the modalities can be
neglected by the presence of a signal in other modalities. An appropriate classi-
fication problem with sufficient accuracy will be solved.

The third reason - when new tasks related to the scene understanding or the
appearance of new scenes, there is a need to expand the set with new modalities.
It should be noted here that the existing most used fusion approaches require
re-training throughout the system. In the vast majority of modern researches,
only two modalities have been considered. These modalities are obtained from
audio and video streams. Sometimes three type of modalities are considered:
audio, video, NLP [17].

Processing audio modality is a speech recognition. Processing video stream
in multimodal systems in the vast majority focuses on gestures, lips, faces, bod-
ies/poses.

Most modern multimodal systems are based on existing or modifications of
existing models for individual modalities recognition. Among the results obtained
in the field of recognition of gestures, it is should be noted researches based on
the using shallow networks [1-3,5] and deep or 3D networks [10,13,24,29,32].

In [5], an approach based on a skins model is proposed. The basic idea of
identification (estimation) of motion is a background model (in YUV space) and
a Kalman filter on two next frames. In fact, due to the movement assessment,
resistance to the color of the skin is achieved. Symptoms of speech recognition
are Mel-scale Frequency Cepstral Coefficients (MFCC). The main advantage of
the proposed approach is that a large number of states can be used to classify
gestures. This means that the gesture can be described in great detail. And the
accuracy of recognition is very high.

However, this number of states is also a problem - for the fusion it is necessary
to reconcile the number of states of various modalities. The correspondence
between the states obtains based on a threshold. Defining such threshold may
also be a problem. One of the most successful models for recognizing gestures is
described in [9].

One of the most successful models for recognizing gestures is described in
[9]. The feature of proposed method is the use of two classifiers. The first of
these is the classifier of motion, which is determined by normalized vectors in
a given direction. And the second one is a classifier for trajectory that contains
a skin detector, a normalized skeleton representation of one or two hands. The

localization of the scene is performed by the threshold method in the space
YCrCb.
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The main advantages of the method are the following;:

— gesture representation by a set of subgestures;

— defining the trajectory of the gesture movement by a special point of gesture
(“centroid” of the ROI area). The direction and acceleration of the gesture
motion are determined using such “centroid”;

— simplicity of practical implementation and high performance and precision of
method at acceptable conditions in which recognition takes place.

Typical approaches using Hidden Markov Model (HMM) and CNN are now
being developed in various uses of LSTM or 3D networks. For example, such
models are proposed in [8,10,13,22,24,28,31,32].

In [28], a model for dynamic gesture recognition is presented based on Con-
volutional Long-Term Memory Recurrent Neural Network (CNNLSTM). In [13],
the recognition of gestures is performed by means of a 3D separable convolu-
tional neural network. The main idea of the research - at the network input data
are grouped and each group is a separate array of inputs (a separate dimension).
In this case, the convolution is carried out between groups.

In [29] multimodal emotion recognition (facial expressions) and speech are
considered. The visual representation of emotions in different people is different.
Therefore, the main problem of recognizing emotions is the lack of strict timelines
for identifying emotions.

The system architecture in [29] consists of three networks: CNN for analysis
of audio modality, ResNet for visual modalities analysis, and LSTM for fusion
operations on outputs of audio and video modalities. The feature of the proposed
methodology is that all networks are trained together.

The synchronization modalities task is also considered in [23]. The proposed
multimodal fusion strategy is very effective for the identification of speakers.
However, it is a closed system. Fusion pattern is specialized for these modalities.
He does not provide the use of other modalities.

Summarizing the analysis of the selected existed approaches, one can formu-
late common general problems:

— orientation is exclusively on two modalities;

missing or complicated addition of new modalities;

use of relatively simple visual scenes;

impossibility of full or partial effective functioning in cases of lack of input
data from one of the modalities.

Contrary to these results, in [27], the authors have proposed multimodal
architecture, which is partially devoid of these disadvantages.

The Aim of the Research. In the research, the main problem is the develop-
ment of the HDCNNMF topology with specified intermediate-type fusion sub-
system that is based on multidimensional modalities. The main purpose of this
architecture is to increase the quality of segmentation and recognition of objects
and actions in complex dynamic scenes.
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3 Hybrid Deep Convolutional Neural Network
with Multimodal Fusion

3.1 HDCNNMEF Topology

HDCNNMEF topology is a hybridization of 2D and 3D deep convolutional neu-
ral networks which are coupled by proposed fusion subsystem for processing
multimodal data streams.

The proposed HDCNNMF consists of five sequential processes of multimodal
data stream processing. The first process is the generation of data tensors from
audio and video modalities streams. The second process is a parallelized sub-
system for generation of feature map for each modality stream. Such subsystem
consists of 2D or 3D convolution and pooling operation. The proposed network
topology is presented in Fig. 1.

In the HDCNNMEF, the size of the input, output, kernel, and stride of oper-
ations in Sequential models 1-4 are shown in Table1 for video modalities and
Table 2 for audio modality.

The feature map of each modality (the necessary condition is the same dimen-
sion of the feature map of each modality) is fed to the input of the process of
feature matching and fusion, which will be described in detail in Subsect. 4.3.
Tables 3, 4 and 5 show the size of the input, output, kernel, and stride of oper-
ations in the fusion subsystem for different number of modalities. Feature Map
Unions is a block for modalities feature concatenation. Feature Fusion Union is a
block for modalities feature concatenation after fusion operation. Fusion Polling
is a fusion operation which is based on 2D pooling operation with non-square
kernels.

Table 1. Size of operations in network topology for video modality processing (gener-
ating video modalities feature map)

Layer | Input-size Output-size Kernel | Stride
Convl |27 x 64 x 64 x 1 24 x62x62x64 [4x3x3|1
Pooll [24x62x62x64 [12x31x31x64 [2x2x2|2%x2x2
Conv2 |12x 31 x31x64 |10x28x30x128 |3 x4x2|1

Pool2 |10 x28 x30x 128 |5x 14 x15x 128 [2X2X2|2X2Xx?2
Conv3 |5 x14x15x 128 [4x12x14x256 |2x3x2|1
Pool3 |4 x12x14x256 |2xX6X7Xx256 2X2X2|2x2x%x2
Conv4 |2 x 6 X 7 x 256 1x2x7x512 2xb5x1|1

In Tables 3, 4 and 5, the spatial size of the 2D or 3D convolution kernel for
audio and video modalities has the following dimension Cy x Hy x Wy x Ky,
where Cy is the kernel size in the time dimension (channels), Hy and W, are the
kernel dimensions of the modality frame in height and width respectively, and
K4 is the number of kernels (filters).
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Fig. 1. Hybrid deep convolutional neural network with multimodal fusion topology

Table 2. Size of operations in network topology for audio modalities (generating audio

modality feature map)

Layer Input-size Output-size Kernel | Stride
Convl |1x40x45x1 1x36x42x64 |1xb5x4|1
Pooll 1x36x42x64 |1x18x21x64 |[1Xx2x2[1x2x%x2
Conv2-1 |1 x18x21x64 |[1x14x17x128|1x5x5|1
Conv2-2 |1 Xx14x17x128 |1 x10x14x256 |1 x5x4|1
Pool2 1x10x14x256|1xX5XT7x256 1x2x2[1x2x2
Conv3 |1x5x7x256 1Xx2x7x512 1x4x1|1

Table 3. Size of operations in fusion subsystem of network topology for processing
feature map of modalities (for 2 modalities)

Layer | Input-size Output-size Kernel | Stride

G1 1X2Xx7x512/1x4x7x512|— -
1Xx2x7x512

o1 Ix4x7x512|1x3x7x512|1x2x1|1
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Table 4. Size of operations in fusion subsystem of network topology for processing
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feature map of modalities (for 3 modalities)

Layer | Input-size Output-size Kernel | Stride

Gl 1x2x7x512|1x4x7x512|— -
1x2x7x512

G2 1Xx2x7Txb512|1x4x7x512|— -
1x2x7x512

o1 I1X4xT7Txb512|1x2x7x512|1x3x1|1

62 I1X4XxT7Txb12|1x2x7x512|1x3x1]|1

94 1x2x7x512|1x4x7x512|— -
1X2x7x512

63 1x4x7x512|1x3x7Tx512|1x2x1|1

Table 5. Size of operations in fusion subsystem of network topology for processing

feature map of modalities (for 4 modalities)

Layer | Input-size Output-size Kernel | Stride

Gl I1Xx2X7Txb512|1x4x7x512|— -
1x2x7x512

G2 1X2Xx7Tx512|1x4x7x512|— -
1x2x7x512

G3 1x2x7x512|1x4x7x512|— -
1x2x7x512

o1 I1X4xT7Txb512|1x2x7x512|1x3x1]|1

62 1x4x7Tx512|1x2x7x512|1x3x1]|1

O3 IX4xT7Txb512|1x2x7Tx512|1x3x1]|1

(2 1Xx2X7Tx512|1XxX6x%x7x512|— -
1x2x7x512
1XxX2x7x512

©4 I1Xx6x7xb512|1x3x7x512|1x2x1|1x2x1

©; - Fusion Polling; 2; - Feature Fusion Union; G; - Feature Map

Union

An important feature of the network for streaming video modality is its 3D
pooling operation with the parameter pooling stride equal two in three dimen-
sions in order to increase robustness to the moving ROI effect and to maintain
ROI movement features in the neighborhood of the pooling kernel. The 3D con-
volutional operations are performed to find the correlation between high-level
temporal and spatial information by fusion among them. No zero-padding is
used in the network topology.
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By geometric shape the extracted features were close both to the square (a
head, a gesture, the eyes) as to the rectangle (lips, gesture, palm). Therefore, in
the developed network topology in the process of formation feature map of each
modality for the 2D and 3D convolution operation both square and non-square
filters were used. At the stage of the formation of the modalities feature map,
square filters were used for the pooling operation, which completely corresponds
to the methodology of images sub-sampling.

It should be noted that the fusion subsystem combines the features of the
selected modalities to each other. And the sub-sampling operation of the dimen-
sion of the features in the middle of the modality does not occur. Therefore, the
pooling operation is used in the fusion subsystem with non-square filters. Since a
convolutional neural network with non-square kernels provides a transition from
low-level attributes to higher-level attributes, this fact is lead to extraction and
processing temporal features at the lower level that are connected with speech
functions. Thus, at the output of the process of generating feature map for each
modality stream, we have a unique set of features of the same dimension (in our
case, the shape = 1 x 2 x 7 x 512). Batch normalization and Dropout operation
were used for all layers. Except for the last layer, all layers used the activation
function Parametric ReLU (PReLU) [16]

Y (o) = maz(0, o) + a;min(0, o) (1)

where ol is the network layer output; a; is the parameter of the steepness of
the negative part of the function.

The activation function of PReLU is a synthesis of the ReLLU function and
in comparison with the activation function of ReLU, PReLLU has demonstrated
better data stream processing. After that, the results are fed to the last pro-
cess, which corresponds to the recognition (classification) of gestures. Opti-
mizing tuned parameters of the 3DDCNN is based on cross entropy criterion
optimization:

B(k) = = > _ y;(k)log(7;(k)) (2)

where y; (k) is label of class j for k observation; g;(k) is predicted label of class
j for k observation.

To tune the parameters, we will use the root mean square propagation
(rmsProp) learning algorithm [21], which can be written in the form

W (k + 1) = W (k) - S[g;f(k) —o(h) (3)

where W (k) is the tuned parameters of network, k is instant of discrete time
or number of observation, 7 - learning rate (0 < n < 1), S[¢g?](k) is the moving
average at k discrete time

S[g°)(k) = 4S[g°](k — 1) + (1 — 7)g° (k). (4)

Here, g(k) = Vw E(k) is the gradient of the optimization criterion by the
tuned parameters W, 0 <~ < 1.
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3.2 Feature Extraction of Modalities

The stage of preprocessing is generation of the features for each modality which
is shown in Fig.2. Input features are formed in the tensor form. The sizes of
data tensors of each modality are shown in Fig.1 and Tables 1, 2, 3, 4 and 5.

Audio Modality. The input signal of audio modality V; is a discrete mono
speech signal in the format of WAV with a sampling frequency of 16 kHz—40 kHz
and a length of T'ms. Such a signal may be obtained from the input device or
extracted from the video. The voice region in the speech signal had a different
start point. Therefore, a speech detector [19] was used to reduce noise in the

input set of features.
The discrete speech signal = z(t),t = 0,1,...,7T splits into frames z; of

length [(x;) = 20 ms:
;= x(t),t € I}, (5)

where I; ; is j-th time section of length 20 ms in [0, T7).

These sections are the basis of a sample of audio modality features. The
length of section is 20ms because the speech signal in this interval has the
pseudo-stationary property. The basic characteristic for forming the features of
audio-modalities is MFEC [19] C} ; of the speech signal, which can be determined
by the formula

I; ;-1

Sii= Y In||X;(k)|*H;(k),0 <i < I ; (6)
k=0

where M is a coefficients number; X;(k) is a specter of speech signal in interval
I; ; using the FFT and Hemming window; H,(k) is a set of filters for frame x;.

Using Cj; = Cj1,Cj2,...,Cj a for each z; we can obtain the self-similarity
matrix
=1,...,M
Cj = (¢, tmmlm=, I m (7)

the elements of which can be written in the following way:

Cjn

cj =
4,(m,n)
Cjm

om=1... Mn=1,....M (8)

where M is a count of filters.
The matrix Cj is square matrix with dimension M x M. Based this matrix
we can define a; ; eigenvectors

Cjaji = Ajiaj,i 9)

where A;; is the eigenvalues of the matrix C};. In our case we take M = 40.
For further formation of the “cube” features we take the first vectors a; ;.
Based on the vectors a;; = Qj,(i,1) oz 0y WE CAIL obtain matrix of frame

features z; .
n= P ] a
a5 = |0, (m,m) =1, a1 (10)
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Here, a; (;m,n) 18 a normalized value a;. (mn)* In our case we take N, = 48.
The total length of the time span which is considered is Na x 20ms. If the
specified duration was not enough, then the matrices a; can be interpolated or
extrapolated.

Video Modalities. For solving practical tasks, we use two topologies of pro-
posed network, which is shown on Fig. 1. The first topology of network (7'P;)
consists of two modalities: V; (the audio modality) and V3 (the video modality
for lips detection). The second topology of network (7'P,) consists of four modali-
ties: V1 and Vi, V3, V4 (V4 - video modality for face detection, Vj — video modality
for gestures detection. Such types of modalities are the most widespread).

In the general network topology, which is shown in Fig. 1, three video modal-
ities are considered. The first of these is V5 - video modality for face detection,
the second modality V3 - video modality for lips detection and the third modality
V, — video modality for gestures detection. Such types of modalities are the most
widespread. Motion detection was performed using algorithm from [14]. Video
streams were selected and processed by OpenCV. The feature extraction for V5
was performed in accordance with the following algorithm:

1. Detecting a motion.

2. Using a background model based on a Gaussian set, we separate the back-
ground [15,26].

3. Selecting frames and converting them to grayscale using skvideo and OpenCV
libraries.

4. Cropping an excessive part of the image in the frame.

5. Extracting ROI using the algorithm from [27] which is based on the dlib
library.

6. Using the bicubic interpolation for forming ROI with size 64 x 64 pixels.

Features for modality V3 were selected based on a known proportion: the
region of the human lip is the third bottom part of the human head region.
This approach allows detecting faces along with the extraction of ROI for V;
modality.

Since this proportion may be slightly different for each person, using the Haar
detector and Viola-Jones method [30], ROI of faces are periodically verified. The
combined detection of the face and lips gives the opportunity to get the full
synchronization of the two modalities. Using 27 sequential frames the tensors of
input features for the modalities Vo and V3 (with dimensions of 27 x 64 x 64
pixels) are formed. This dimension determines the existence a set of 27 frames.
Very often it is difficult to provide such a set. The reasons for this may be short
stream or inadequate performance of the feature detector.

To solve this problem, it is suggested to interpolate or extrapolate the
required number of frames (that is, the number that is missing) based on the
optical stream model. For this model, the value of brightness in each pixel is con-
sidered as the discrete value of some function. Accordingly, using the resampling
operation based on the discrete Fourier transform [18], we obtain the function of
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brightness in pixels of those frames that are missing. In the used dataset, 90% of
the video streams were supposed to have one to six frames. Using this approach
is satisfactory for a case where at least three ROIs in three different frames were
detected in the video stream. In the absence of such frames, a zero data will be
specified in the input set of attributes, which will be noise and will negatively
affect the quality of work in the system. The features extraction for V; modality
was performed in accordance with the following algorithm:

1.
2.

A

© 0 N o

Detecting a motion.
Using a background model based on a Gaussian set, we separate the back-
ground [26].

. Selecting frames and converting them to grayscale using skvideo and OpenCV

libraries.

Cropping an excessive part of the image in the frame.

Increasing FPS up to 55 frames per second based on ffmpeg codec. In the
case of the good-quality detection of ROI this operation can be omitted.
Extracting ROI for right and left hands based on algorithm from [7].
Concatenating the extracted regions into one array.

Using the bicubic interpolation for forming ROI with dimension 64 x 64 pixels.
In the case when the number of extracted ROIs were less than 27, the inter-
polation like for modalities V5 and V3 is used.

In the case that only one or two ROIs are detected for all modalities, you

can select ROI on the other frames using the geometric characteristics of the
detected ROI. This approach is possible when there is a sufficient number of
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frames in the video stream and the spatial shift of the object of attention is not
very large. If the frames in the video stream are not enough, then they can be
extrapolated according to the method described above.

4 Experiments, Results and Discussion

4.1 Preprocessing

The input tensors of audio and video modalities have been standardized and
in addition, the input tensors of audio modality have been normalized in the
interval [0, 1].

4.2 Metric for Performance Evaluation

The main metrics that have been used for performance evaluation are Equal
Error Rate (ERR) (which is the point when false acceptance rate (FAR) and
false recognition rate (FRR) are equal), Area Under Curve (AUC), Accuracy
(Precision), Recall, F1 score. Also, the Micro and Macro Averaged metrics have
been used for evaluation accuracy for multi-classes classification.

4.3 Evaluation on LWR Dataset

To confirm effectiveness and compare the proposed approach with known
approaches, it was chosen the Oxford-BBC Lip Reading in the Wild (LRW)
Dataset described in [6].

For comparison of the proposed approach with known ones, the HDCNNMF
topology was adapted for two modalities — the audio (extracted MFCC) and
video (features of lips motion) modalities, where the proposed fusion subsystem
is used for the coupling modalities.

The dataset consists of up to 1000 occurrences per target word for training,
50 occurrences per word for testing and 50 occurrences per word for validating
of 500 different words, spoken by hundreds of different speakers. All videos are
29 frames in length, and the word occurs in the middle of the video. The word
duration is given in the metadata, from which you can determine the start and
end frames. Thus, the features tensors of the modalities were generated based
on the dataset. For video modality, the tensor dimension was 27 x 64 x 64 (27
channel visual feature tensor with size 64 x 64 pixels) and, accordingly, an audio
modality has 1 x 40 x 45 dimension, which corresponds to 40 MFCCs, which
were calculated on sections 20 ms without overlap on a full audio signal with a
length of 900 ms. Then, a matrix of eigenvectors with a dimension of 1 x x45
was generated based on matrix with MFEC coefficients.
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i mput: | (Nomne, 1, 27, 64, 64) . input: | (None, 1, 1, 40, 45)
input_3: InputLayer mput_4: InputLayer
output: | (None, 1, 27, 64, 64) output: | (None, 1, 1, 40, 45)
\
input: one, 1, 27, 64, 64 input: one, 1, 1, 40, 45
sequential_3: Sequential i Ll ) sequential_4: Sequential B bl )
output: | (None, 512,1,2,7) output: | (None, 512,1,2,7)

\ /

mput: | [(None, 512, 1, 2, 7), (None, 512, 1, 2, 7)]
output: (None, 512,1,3,7)

lambda_2: Lambda

mput: | (None, 512, 1,3,7)
output: (None, 10752)

flatten_2: Flatten

mput: | (None, 10752)
output: | (None, 1024)

dense_3: Dense

input: | (None, 1024)

batch_normalization_18: BatchNormalization
- - output: | (None, 1024)

mput: | (None, 1024)
output: | (None, 1024)

dropout_18: Dropout

nput: | (None, 1024)
output: | (None, 512)

dense_4: Dense

input: | (None, 512)

batch_normalization 19: BatchNornmalization
- - output: | (None, 512)

iput: | (None, 512)

dropout_19: Dropout
- output: | (None, 512)

input: | (None, 512)
output: | (None, 500)

dense_5: Dense

Fig. 3. Hybrid deep convolutional neural network with multimodal fusion topology
(layer’s dimensions)

Figure 3 and Tables 1, 2 and 3 show layer’s dimensions of Hybrid Multidimen-
sional Deep Convolutional Neural Network for solving recognition task based on
Oxford-BBC Lip Reading in the Wild (LRW) Dataset.

The rmsProp training algorithm had the following parameters: learning step
0.0001 with decay parameter 10~%. The number of epochs was about 15. Dropout
parameters in the sequential models were taken 0.1.
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In the paper [25], the authors have presented the main results for process-

ing Oxford-BBC Lip Reading in the Wild (LRW) dataset based on different
approaches. These approaches contain 7 type of deep networks:

Baseline - the multi-tower VGG-M;

N1 - the 2D convolution ResNet, while the back-end is based on temporal
convolution;

N2 - the same model as N1, but with 3D convolution;

N3 - Deep Neural Network (DNN) of approximately the same number of
parameters (20M);

N4 - the same model as N1 based on a single-layer Bi-LSTM instead of tem-
poral convolution;

N5 - the same model as N1 based on a double-layer Bi-LSTM instead of
temporal convolution;

N6 - the same model as N5, but trained end-to-end, using the weights of N5
as starting point;

N7 - is also trained end-to-end and the sole difference with N6 is that the
outputs of the two directional LSTMs are concatenated together instead of
added together.

All models trained from 15 to 20 epochs. All networks have approximately

the same number of parameters (20M).

Table 6 shows the results of Oxford-BBC Lip Reading in the Wild (LRW)

data set processing based on different approaches.

Table 6. Size of operations in fusion subsystem of network topology for processing
feature map of modalities (for 3 modalities)

Network Accuracy
Baseline (VGG-M) 61.1%
N1 CNN with 2D conv (Res Net) 69.6%
N2 CNN with 3D conv (Res Net) 74.6%
N3 DNN 3D conv 69.7%
N4 Network based on LSTM 78.4%
N5 Network based on Bi-LSTM 79.6%

N6 The same as N5, but trained end-to-end, using the | 81.5%
weights of N5 as starting point

N7 It is also trained end-to-end and the sole difference | 83.%
with N6 is that the outputs of the two directional LSTMs
are concatenated together instead of added together

Proposed HDCNNMF 86%

The accuracy of the proposed model is 86.0%, which corresponds to the

improvement of the result relative to the baseline VGG-M network by 25.1%
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and an increase in accuracy relative to the state-of-the art by 3%. It should
be noted that the provided network contains almost 2 times less configurable
parameters.

5 Conclusions

As already mentioned the proposed HDCNNMF is intended to improve the
understanding of the robot systems of various complex dynamic scenes. That
is, in cases where the identification of action or subject is not unambiguous.

The developed HDCNNMF topology and fusion method give an opportunity
to expand the set of new modalities without restrictions (the limitations are only
computing resources of the operating environment). In this case, the processing
of these modalities can be both in 3D and in 2D dimension. The level of data
preprocessing can be different: from convolution operation sequences to deep
network processing. It should be noticed that HDCNNMF topology allows using
the different patterns of fusion. In the process of developing HDCNNMF, several
variants of the fusion operation have been developed. The presented fusion pro-
cedure in the paper is chosen according to the criterion of the highest accuracy
of the classification problem based on the selected datasets. The question of the
choice of fusion procedure demands the individual research and in this paper
has not been considered. The results of experiments and their comparison with
the existed approaches confirmed the high accuracy of HDCNNMF both in the
case of individual modalities and in the case of their fusion. This fact allows
using HDCNNMF in cases where some of the modalities are inaccessible or the
modality stream has unsatisfactory quality.
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