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ABSTRACT

The fusion of audio and visual information is one of the most
promising solutions for reliable keyword spotting (KWS),
particularly when audio is corrupted by noise. KWS aims to
detect a specific word in an audio stream, which still remains
a challenging problem under noisy environments. In this
paper, an audio-visual neural network based on multidimen-
sional convolutional neural network (MCNN) is proposed to
perform audio-visual KWS. Firstly, the log mel-spectrogram
and lip area sequence are extracted, respectively, from the
audio and visual streams, and are taken as the input of the
audio-visual neural network. Then, an audio-visual neu-
ral network based on MCNN consisting of 2D CNN and
3D CNN is used to model the time-frequency feature of the
log mel-spectrogram and the spatiotemporal feature of the lip
area sequence, respectively. Finally, the outputs of the audio
and visual networks are combined for KWS through decision
fusion. Experimental results on the PKU-AV database under
complex acoustic conditions demonstrate that the proposed
method achieves preferable performance compared to other
state-of-the-art methods.

Index Terms— Audio-visual, keyword spotting, multidi-
mensional neural network, decision fusion.

1. INTRODUCTION

Keyword spotting (KWS) aims to detect a specific word in
a speech signal, which has wide applications such as wake-
word recognition, speech data mining, human-robot inter-
action, etc [1–4]. Although continuous speech recognition
(CSR) [5] has been widely researched in the past decades,
in some scenarios, its complete transcription is unnecessary
because the key information usually lies in only part of the
input utterance. In general, a KWS system has a much lower
complexity than a CSR system, and is thus likely to have a
better performance.
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In the past decades, significant research efforts have been
made to perform KWS [6–10], nevertheless, the performance
degrades substantially in the presence of acoustic interfer-
ence, e.g. noise and reverberation. Motivated by the fact that
human speech perception involves not only hearing but also
about seeing, the visual information of lip/face is used and
verified to be helpful for many speech-related applications,
such as CSR, speaker or emotion recognition, etc [11–14].
Audio-visual keyword spotting (AV-KWS) using both acous-
tic and visual information can complementarily achieve more
robust KWS. Since visual speech components are not affected
by acoustic noise, they can compensate for the performance
degradation in audio-only KWS under acoustically noisy con-
ditions. In the past few years, few related works have been
proposed to achieve AV-KWS. In [15], English word spotting
has been achieved based on hidden Markov model (HMM)
with the feature fusion of audio and face/mouth information.
A novel lip descriptor that includes spatiotemporal informa-
tion, was proposed to enhance the HMM-based AV-KWS for
Mandarin under diverse noise conditions [16]. Then, a paral-
lel two-step decision-fusion strategy was designed to combine
the lip information and audio information for a more robust
AV-KWS.

In this paper, a novel audio-visual KWS method based
on multidimensional convolutional neural network (MCNN)
is proposed. The log mel-spectrogram and lip area sequence
respectively extracted from the audio and visual streams are
taken as the audio and visual features, respectively. To make
full use of each dimension information in the audio and visual
features, an audio-visual neural network based on MCNN that
consists of 2D CNN and 3D CNN, is proposed to model the
audio and visual features. The 2D CNN is used to simul-
taneously learn the time-frequency features of the log mel-
spectrogram through 2D convolutional operation. Similarly,
the 3D CNN is utilised to learn the temporal and spatial fea-
tures of the lip area sequence through 3D convolutional oper-
ation. Finally, the outputs of the audio and visual network
are combined through decision fusion to estimate the pos-
terior probability of each keyword. Experimental results on
the PKU-AV database demonstrate that the proposed method
can obtain more robust performance compared to other popu-
lar methods.
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Fig. 1. The architecture of the MCNN-based audio-visual neural network. The upper part is the 2D CNN architecture for the
audio network. The lower part is the 3D CNN architecture for the visual network.

2. AUDIO AND VISUAL FEATURE EXTRACTION

To more conveniently analyze the audio signal, it is enframed
by a window of 30 ms with a frame shift of 10 ms. At each au-
dio frame, 40 dimensional log mel-spectrogram features are
extracted. In order to exploit the temporal relation of speech
signal, and be consistent to the visual frame rate, the context
frames with a duration of 1 s are used for the each individual
frame. Finally, for the current frame, the log mel-spectrogram
features of all the context frames are stacked to generate the
audio feature A ∈ <101×40, where 101 and 40 denote the
feature dimensions in time and frequency, respectively.

Lipreading which recognizes utterances by analyzing the
visual recordings of a speaker’s mouth without audio infor-
mation, is the core of visual speech recognition. Here, the lip
areas in visual stream are extracted as the visual feature. The
human face in each video frame is firstly extracted by using
the histogram of oriented gradients (HOG) feature combined
with a linear classifier, which is then transformed to a gray-
scale image. Then, the the lip area for each video frame is
extracted by estimating the face pose with 68 landmarks [17].
The extracted lip areas are resized to a fixed size of 60×100,
and sequentially concatenated to constitute the lip area se-
quence. The length of the lip area sequence is set to 20, i.e.
to 1 s, as in the case for audio sequence. Let V denote the
extracted lip area in one frame, the lip area sequence is writ-
ten as V = [V1, V2, · · · , V20]>, V ∈ <20×60×100, where >
denotes transpose operation.

3. AUDIO-VISUAL NEURAL NETWORK

The architecture of the audio-visual neural network which is
composed of multidimensional convolutional neural networks
(MCNNs), is shown in Fig. 1. The MCNN concludes coupled
2D and 3D CNNs. For both the audio and visual networks,
each convolutional layer is followed by a Rectified Linear
Unit (ReLU) activation except for the last layer.

3.1. Audio Network

Due to the real-time requirement for KWS, the number of lay-
ers in the audio network should be as small as possible to

reduce its computational complexity while maintaining satis-
factory KWS performance. To this end, we design an audio
network that includes two 2D convolutional layers, one 2D
max-pooling layer and one fully connected (FC) layer. As
shown in the upper part of Fig. 1, the audio feature A is first
put into a 2D convolutional layer with kernel size of 21 × 8.
Then, a 2D max-pooling layer with kernel size of 2 × 3 is
used to reduce the variability in the time-frequency domain
that caused by the speaking style, channel distortions, etc.
The pooling operation performs sub-sampling to reduce the
dimension of time-frequency audio feature. After the pool-
ing operation, a 2D convolutional layer with kernel size of
6 × 4 is used to weight the audio features. Finally, a fully
connected layer is used to compress the output of the previ-
ous layer into 64 output units. In this network, the strides for
the 2D convolutional and pooling layers are 1. Zero-padding
is not adopted, because it would introduce extra virtual zero-
energy coefficients that are meaningless in the sense of lo-
cal feature extraction. Non-square kernels are used in the
CNN layers to learn more time-domain information with the
number-limited layers.

3.2. Visual Network

Following the similar principle for the audio network, the vi-
sual network is composed of three 3D convolutional layers,
three 3D max-pooling layers and one fully connected layer.
As shown in the lower part of Fig. 1, first, the visual fea-
ture V is put into a 3D convolutional layer with kernel size
of 9 × 3 × 3, and a 3D max-pooling layer with kernel size
of 1 × 3 × 3 is subsequently used to achieve spatial feature
pooling. Next, the same 3D convolution and max-pooling op-
erations are repeated one additional time. Then, a 3D con-
volutional layer with kernel size of 4× 3× 3 and a 3D max-
pooling layer with kernel size of 1×3×3 are applied. Finally,
a fully connected layer is used to compress the output of the
previous layer into 64 output units. In this network, the 3D
convolutional operations are performed to find the correlation
of spatiotemporal lip features. The strides in the 3D convolu-
tional layers are 1. To improve the robustness to the moving
lip effect, the pooling stride in the 3D max-pooling layers is
set to 2, to maintain lip movement features in the neighbor-
hood of the pooling kernel.
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4. AUDIO-VISUAL FUSION

Audio and visual information can be complementary for
KWS, and they are integrated at the decision level in this
work. As the audio-visual fusion shown in Fig. 1, it includes
two layers, namely, a fully connected layer and a softmax
layer. The fully connected layer is used to separately com-
press the 64 output units of the audio and visual networks,
whose output size is the number of keywords C. The com-
pressed outputs of this layer are respectively taken as the
scores of audio feature A and visual feature V over C candi-
date keywords, which are labeled as coa and cov, respectively.
Then, a softmax layer is adopted, whose outputs are taken as
the predicted probability from the audio and visual networks
with the given audio features A and visual features V.

The audio-visual fusion is achieved by weighted addition
of the predicted probabilities from the audio and visual net-
works. Let l denote the index (i.e., label) of keyword x, the
final predicted probability is obtained by summing the pre-
dicted probabilities from the audio and visual networks:
P (xl|A,V,W) = αP (xl|A,Wa) + (1− α)P (xl|V,Wv)

= α
ecoal∑C
i=1 e

coai
+ (1− α) ecovl∑C

i=1 e
covi

,
(1)

where P (xl|A,Wa) and P (xl|V,Wv), respectively, denote
the predicted probabilities from audio and visual networks,
Wa, Wv and W, respectively, denote the learnable weight ma-
trixes for audio-only, visual-only and audio-visual networks,
α is the weighting factor for the audio information. The
keyword label estimated by audio-visual fusion is obtained
through:

l̂ = argmax
l

(P (xl|A,V,W)). (2)

Similarly, the class label estimated by the audio-only network
(or visual-only network) can be obtained via the “argmax”
operation for P (xl|A,Wa) (or P (xl|V,Wv)).

A combined loss function is designed to train the audio-
visual neural network. The cross-entropy loss is used:

L(y, l) = − log
eyl∑C
i=1 e

yi

, (3)

where y is the prediction. The loss function used for the train-
ing of audio-visual network is formulated as:

Lav = βLa + (1− β)Lv

= −β log ecoal∑C
i=1 e

coai
− (1− β) log ecovl∑C

i=1 e
covi

,
(4)

where Lav denotes the loss of audio-visual fusion, La and
Lv denote the losses of audio and visual information, respec-
tively, β is a hyperparameter to control the importance of au-
dio and visual information. The audio information is gener-
ally more effective than visual information for speech recog-
nition, therefore α and β are set to 0.7 and 0.7, respectively.
The posterior handling module in [9] is adopted to combine
the frame-level posterior scores into a single score for each
keyword, which is used for the final word detection.

5. EXPERIMENTS AND ANALYSES

5.1. Database

The datasets used in our experiments is an audio-visual
database collected by ourselves, called the PKU-AV database.
The PKU-AV database was collected in an acoustically quiet
environment with controlled normal light, which recorded by
20 subjects (12 males and 8 females). Three hundred Chinese
Mandarin utterances are spoken by each person, which is
recorded by a video camera at 20 frames per second with a
resolution of 640 × 480 under the restriction that the mouth
region is not occluded. The corresponding speech audio is
synchronously recorded at a sampling frequency of 16 kHz
with 16 bits per sample. We define 30 keywords/phrases
that are frequently used in daily life. In each subject, there
are 5 sample sentences for each keyword. So there are 100
sample sentences for each keyword and 3000 negative sample
sentences which do not conclude the keywords.

5.2. Experimental Setting

In this work, all the network training and evaluations are
achieved through PyTorch1 using one NVIDIA GeForce
GTX 1080 GPU. The batch size is set to 64 for all the experi-
ments. Each dataset is split with the ratio of 8:1:1 for training,
validation and testing, respectively. The stochastic gradient
descent with a momentum of 0.9 is used to train all the net-
works. The learning rate is set to 0.001, and Dropout [18]
with a probability of 0.5 is used to alleviate overfitting.

Noisy data are generated by summing the audio in the
original database and pure noise. Two types of noise, i.e.,
white Gaussian noise and speech babble noise, from the Noi-
sex92 database [19] are adopted. Their sampling frequency is
16 kHz. The two noise signals are added to the original au-
dio signals with different signal-to-noise ratios (SNRs). The
noises are added to the original audio stream with the SNRs
of 20 dB, 10 dB and 0 dB for the training and validation data,
and with the SNRs of 20 dB, 15 dB, 10 dB, 5 dB, 0 dB for the
testing data. For visual preprocessing, all the faces in the two
databases are detected in advance. Figure of merit (FOM) is
used to measure the experimental results. FOM is defined as
the average percentage of correctly detected keywords as the
threshold is varied from one to 10 false alarms per keyword
per hour [20].

In order to allow speaker-independent recognition, the
original PKU-AV database is also divided according to sub-
ject: training sets: data from 16 subjects are randomly se-
lected from the PKU-AV database and used for training
models; validation sets: data from 2 subjects are randomly
selected from the remaining data in the PKU-AV database to
validate the training; testing sets: data from the last 2 subjects
are used to test the performance of the trained models. The
average FOM performances over 10 trials are collected as the
experimental results.

1http://pytorch.org
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Fig. 2. The loss curves of the audio-visual network for the
training data (a) no noise (b) white Guassian noise.

5.3. Audio-Visual KWS

The performances of audio-only system, visual-only system
and their combination are evaluated for keyword spotting. Be-
sides, the comparison with the method in [16] is performed
to evaluate the effectiveness of our proposed method. Fig. 2
shows the training loss curves of the audio-visual neural net-
work for the training data with and without noise. It can be
seen that the training loss curve for the training data without
noise decreases and converges faster than those with noise.

Table 1. FOM performances of the audio -only, visual-only,
our AV-KWS system (AV) and the AV-KWS method in [16]
using noise-free training data under the test condition with
white noise.
SNR(dB) 20 15 10 5 0

[16] 81.93% 75.68% 65.57% 49.23% 45.37%
Audio 78.95% 68.73% 44.26% 31.56% 22.17%
Visual 47.89% 47.89% 47.89% 47.89% 47.89%

AV 85.26% 81.13% 74.32% 60.21% 55.26%

Table 2. FOM performances of the audio -only, visual-only,
our AV-KWS system (AV) and the AV-KWS method in [16]
using noise-free training data under the test condition with
babble noise.
SNR(dB) 20 15 10 5 0

[16] 78.94% 70.69% 58.34% 44.52% 41.67%
Audio 71.84% 62.43% 32.67% 21.38% 14.17%
Visual 47.89% 47.89% 47.89% 47.89% 47.89%

AV 83.26% 79.46% 68.25% 56.84% 51.34%

Tables 1 and 2 show the average FOMs for the audio-only,
visual-only, our AV-KWS system using the networks trained
with noise-free data and the method in [16] under white
and babble noise test conditions, respectively. It is obvious
that the visual-only system achieves constant performance
for different noise intensities, because the visual condition
is invariant and the variation of noise has no influence on
the extraction of lip area. The performance of audio-only
system is acceptable when SNR=20dB, but the performance
decreases substantially with decreasing SNR. The method

no noise white Gaussian noise speech babble noise
0

20
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80

100

F
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]

[16] Visual Audio AV

Fig. 3. FOM performances of different features and methods
for KWS based on training data with different noises under
the test condition without noise.

in [16] achieves better performance than audio-only recog-
nition with the benefit of using visual information, while it
obtains lower performance than visual-only recognition under
strong noisy conditions (SNR≤5dB). By directly taking the
lip area sequence as input, the visual network in our method
can learn more robust spatiotemporal information for visual
stream compared with HMM in [16]. The proposed audio-
visual method obtains the best performance for both types
of noise, mainly due to the effective combination of audio
and visual information through the proposed audio-visual
network based on MCNN.

The average FOMs for the four methods under noise-free
test conditions are shown in Fig. 3. Here, our methods are
trained and evaluated in three noisy conditions, respectively.
The proposed AV-KWS method obtains the highest perfor-
mance, because the audio and visual information is effectively
learned and combined by the MCNN-based audio-visual neu-
ral network at decision level. The time-frequency information
of audio stream can be better learned through the 2D convo-
lutional operations with non-square kernels. By directly tak-
ing the lip area sequence as the input of visual network, the
temporal and spatial information of lip motion can be syn-
chronously learned through the 3D convolutional operations,
which can avoid the error caused by the lip feature extraction
in [16].

6. CONCLUSION

In order to effectively fuse audio and visual information, a
novel AV-KWS method based on multidimensional CNN is
proposed. The audio network effectively models the time-
frequency information of audio stream by doing 2D convo-
lutional operation on the log mel-spectrogram. The visual
network effectively learns the spatiotemporal information of
visual stream by doing 3D convolutional operation on the
lip area sequence. By properly integrating the outputs of
audio and visual networks at decision level, the proposed
method achieves preferable and robust KWS performance
under noisy conditions. Experiments based on the PKU-AV
database demonstrate the effectiveness and adaptability of
our method for various noisy environments.
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