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Abstract

In most state-of-the-art acoustic scene classification (ASC)
techniques, convolutional neural networks (CNNs) are adopted
due to their extraordinary ability in learning local deep features.
However, the CNN-based approach is unable to effectively de-
scribe the structure of sound events in an audio clip, which
is a key element in distinguishing acoustic scenes with simi-
lar characteristics, whereas the acoustic segment model (ASM)
based approach shows its superiority. To take full advantage
of these two types of approaches, we proposed a novel deep
segment model (DSM) for ASC. DSM employs a fully con-
volutional neural network (FCNN) as a deep feature extractor
and then guides the ASM to better capture semantic informa-
tion among sound events. Specifically, the FCNN-based en-
coder is trained with the multi-task of classifying both three
coarse-grained acoustic scenes and ten fine-grained acoustic
scenes to extract multi-level acoustic features. Moreover, an
entropy-based decision fusion strategy is designed to further uti-
lize the complementarity of FCNN-based and DSM-based sys-
tems. The final system achieves an accuracy of 80.4% in the
DCASE2021 Task1b audio dataset, yielding a relative error rate
reduction of about 15% over the FCNN-based system.

Index Terms: acoustic scene classification, convolutional neu-
ral network, acoustic segment model, entropy-based decision
fusion strategy

1. Introduction

The task of acoustic scene classification (ASC) aims to identify
real-life audios into specific scene classes, such as street pedes-
trians, shopping malls, etc. A real-life scene audio consists of
a series of sound events. The characteristics of sound scenes
are complex and diverse which proposes challenges to ASC
systems. The organizers of the Detection and Classification of
Acoustic Scenes and Events (DCASE) challenge have promoted
this field by releasing public datasets as well as a competitive
platform [1, 2]. ASC is an active research field and has drawn
much attention for years. Many traditional techniques are ap-
plied in ASC such as Gaussian mixture models (GMM) [3, 4, 5]
and hidden Markov models (HMM) [6]. Recently, in most state-
of-the-art (SOTA) ASC techniques, convolutional neural net-
works (CNNs) are adopted due to their extraordinary ability to
extract deep features [7, 8, 9, 10, 11]. Besides, many advanced
techniques emerge and further improve the ASC accuracy, such
as transfer learning [12, 13], attention mechanism [14, 15, 16]
and generative adversarial networks (GAN) based data augmen-
tation [17].

Despite that the CNN has advantages in learning deep fea-
tures with higher performance, it still causes confusion in some
acoustic scenes such as street traffic and street pedestrian. By
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analyzing these acoustic scenes, we find that these acoustic
scenes contain similar sound events. For example, outdoor foot-
steps, a sound event with a high occurrence frequency, will ex-
ist in street traffic, street pedestrians and parks. In this situa-
tion, our brain tends to detect more discriminated acoustic clues
to make a judgment, such as birdsong in the park or car en-
gine sound in street traffic. Inspired by this phenomenon, we
infer that higher accuracy will be gained in classifying confus-
ing scenes by capturing prominent acoustic events in the audio
clip. The fully convolutional neural network (FCNN) [18] re-
lies on acoustic events and events duration to classify the input
scene audios. Thus, the FCNN will be affected by long-term
interference factors and ignore short-term saliency information,
resulting in misclassification.

Acoustic segment models (ASMs) are a set of self-
organized acoustic units that cover the entire range of acous-
tic characteristics and were originally proposed to represent
basic units and acoustic lexicons [19]. The ASM frame-
work is applied in a variety of fields such as spoken lan-
guage recognition [20], emotion recognition [21] and music re-
trieval [22]. [23] employed the ASM in acoustic scene classifi-
cation. Due to the limited modeling ability, the ASM approach
performs poorly compared with CNN models. There have been
several studies on the ensemble of ASM and CNN [14]. How-
ever, these methods focus on low-level features such as Mel-
frequency cepstral coefficients (MFCC) and log Mel-filterbank
(LMFB). Our work focuses on discovering semantic informa-
tion over high-level acoustic features which can better represent
the sound events.

In this study, we propose a novel hybrid approach called
deep segment model (DSM) where fully convolutional neural
networks (FCNNs) are adopted to obtain high-level features,
and ASMs are used to capture semantic information among
sound events based on high-level acoustic features. Specifically,
the FCNN-based encoder is trained with the multi-task of clas-
sifying both three coarse-grained acoustic scenes and ten fine-
grained acoustic scenes to extract multi-level acoustic features.
Next, we rely on the ASM to perform semantic modeling on
these high-level features. Unsupervised hierarchical K-Means
clustering is used to discrete the audio features into acoustic
segment units and obtain the initial ASM sequence for each au-
dio. Then the Gaussian mixture model-hidden Markov model
(GMM-HMM) is employed to model ASM units and each au-
dio is decoded into the final ASM sequences. We transfer the
ASM sequences into embeddings with TF-IDF and map the em-
bedding into ten acoustic scenes by a simple DNN classifier.
However, detailed local information such as the duration and the
confidence level of sound event could be possibly lost during
acoustic segment modeling. Thus, an entropy-based decision
fusion strategy is designed to further utilize the complementar-
ity of FCNN and DSM systems. The final result achieves an
accuracy of 80.4% in the DCASE2021 Task1b audio dataset.
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Figure 1: The overall framework of our proposed approach

2. The Proposed Framework

The system flowchart of the proposed DSM framework is shown
in Figure 1. It mainly consists of three parts: multi-task FCNN,
acoustic segment model and entropy based fusion module. In
the following subsections, we will discuss these three parts in
detail.

2.1. Multi-task FCNN

The FCNN model is adopted as our baseline, which has been
applied in our previous work [18] and achieves the SOTA re-
sults in DCASE2020 taskla data set [24]. In this study, we ex-
tend it to multi-task FCNN by classifying both coarse-grained
scene classes and fine-grained scene classes. To extract acous-
tic features of sound events at different levels, we cluster 10
fine-grained acoustic scenes into 3 coarse-grained categories,
i.e. in-door, out-door, and transportation, according to our prior
knowledge. The clustered 3 categories are also adopted as ad-
ditional higher-level classification target to train a multi-task
FCNN. Acoustic scenes in the coarse-grained class have sim-
ilar acoustic characteristics and therefore are more difficult to
classify. Instead of training two completely independent clas-
sifiers, we adopt multi-task learning, where the two tasks share
the basic encoder, while preserving several task-specific decod-
ing layers. Parameter sharing alleviates the overfitting issue
of models while reducing learned parameters. The multi-task
cross-entropy loss Liurr is calculated as:

Np Np
1 . 1 .
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M
where X, is the input feature vector sequence of n-th utterance,
vS, and !, are the ground-truth labels of X, for coarse-grained
and fine-grained classifiers, p(y5, |x,,) and p(yf, |x.,) are the pre-
dicted probability posterior of coarse-grained and fine-grained
classifiers, N denotes the minibatch size.

The basic FCNN encoder consists of 8 convolution layers as
the shared hidden layers. Followed by each convolution layer, a
batch normalization (BN) and a ReLLU activation function are
applied. To eliminate overfitting and extract robust features,
max-pooling layers and dropout layers are used. In particular,
we reduce the downsampling of the temporal dimension to pre-
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serve the information in the time dimension. The output of the
basic encoder will be parallelly fed to decoders of both 3-class
branch and 10-class branch. A global average pooling (GAP)
layer and soft-max are used to get the final utterance level pre-
diction results. As shown in Figure 1, deep features are ex-
tracted after the convolution layer in decoders of both 3-class
and 10-class respectively. We convert the embedding from the
sizeof C x F x TtoT x CF, where F' and T are the sizes
regarding the frequency and time domains and C represents the
number of channels. The representations of two levels are con-
catenated as the input of the acoustic segment model.

2.2. Acoustic Segment Model

The core idea of ASM is to express the scene audio as a se-
quence of basic acoustic units named ASM sequences [19]. We
assume that the acoustic sound features can be encompassed by
a set of acoustic units as the phoneme units.

2.2.1. ASM Sequence Generation

There are two main stages to generate the ASM sequences.
First, initialize the ASM sequences by converting the raw con-
tinuous acoustic features into a discrete sequence of ASM units.
Second, apply GMM-HMM to refine the segment boundaries
and labels of initial sequences. Hierarchical K-Means [25] al-
gorithm is used to tokenize the acoustic features and generate
initial ASM sequences. We could modify the hierarchy lev-
els and the number of clusters d; in each level ¢. The num-
ber of clusters in total is ]| i d;. We set 2 hierarchy levels with
di = 20, do = 2, which yields 20 x 2 = 40 clusters in to-
tal. Each cluster denotes an ASM unit. Thus, a list of feature
vectors could be transformed into a sequence of ASM units ac-
cording to the clustering results of each vector, which is the
initial ASM sequence. Hierarchical K-Means is applied on all
feature vectors of training data to find the centroids. The whole
process of initializing ASM sequences is unsupervised due to
no prior knowledge being used. The initial ASM sequences
could roughly represent the variation of sound events accord-
ing to changes in feature vectors but cannot well reflect the
temporal correlation of sound events. Thus, we use the GMM
and left-to-right HMM to model each ASM unit to refine the
ASM sequences. In particular, we adopt 1-state HMM to model



each ASM unit because initial ASM sequences already label
each frame of features which is more accurate than initial force
alignment. Moreover, 1-state HMM could reduce training pa-
rameters. Due to the input deep features already being highly
aggregated, the capability of GMM is sufficient for modeling
and could prevent overfitting compared to other deep models.

2.2.2. TF-IDF and Classifier

After translating the acoustic scene audios into ASM sequences,
we adopt text vectorization techniques to capture semantic in-
formation in ASM sequences. The term frequency (TF) and in-
verse document frequency (IDF) [26] are employed to describe
the indexing power of basic units [27]. We use the ASM n-
grams to describe the constraints of acoustic segments. In ad-
dition to a single significant event, distinction clues may exist
in the contextual acoustic segment. Thus, apart from uni-gram,
bi-gram which is the group of two ASM units is also used as
basic term. Here, IV signifies the total number of basic terms.
TF represents the occurrence frequency of the basic terms in the
text and is calculated by

04, j

N
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where o; ; is the count of ¢ in the ASM sequence j. IDF cal-
culate the frequency of an ASM unit in all text to measure how
much information the ASM unit provides to reflect the impor-
tance of each ASM. IDF is calculated by
M+1
M;+1

TF;; = ()

IDF; =log 3)
where M is the number of training scene ASM sequences and
M; is the total number of times that ASM unit ¢ appears in the
training scene transcripts. The final vector v,, is given by

Vi,j = TFiﬁj X IDFl (4)

Finally, we use a simple classifier of fully connected neural
networks to classify the vectors into acoustic scenes.

2.3. Entropy-based Decision Fusion Strategy

ASM provides a holistic view of sound events and describes the
significance of acoustic events in an audio clip as well as the
contextual relevance. FCNN, on the other hand, extracts the
specific local characteristics of acoustic events. DSM system
combines the two models to take advantage of their respective
strengths. However, there are still some problems worth explor-
ing. First, detailed local information such as the duration of
a sound event could be possibly lost during acoustic segment
modeling, which is preserved by the FCNN-based model. Sec-
ond, acoustic segment modeling is sensitive to some anoma-
lies fragment of several frames in sound clips which leads to
misclassification. Based on this observation, we propose an
entropy-based ensemble strategy to further take advantage of
the complementarity of the two models. In information the-
ory, the entropy of a random variable is the average level of
information or uncertainty inherent in the variable’s possible
outcomes [28]. Here, information entropy is applied to denote
the uncertainty of the posterior probability of the model output.
If we use p(i|X) to denote the probability of input feature se-
quence X being classified as i-th scene class, the entropy H can
be calculated as:

H ==Y p(i|X)log p(i|X) Q)
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where N denotes the number of acoustic scene classes. We
assume that the higher the information entropy, the higher the
uncertainty of the classification results. Thus, we pay more at-
tention to the model with lower information entropy. We design

the weight w as
5
v~ )

where Hrenn and Hpsm present the entropy of outputs of
FCNN-based model and DSM system, respectively. v is a hy-
perparameter. The final score is calculated by

Hrenn

_ 6
Hgenn + Hpsm ©

Prusion = wPpsm + (1 — w)Prenn @)

where Ppsm, Pronn represent output vector of the DSM and
the FCNN, respectively.

3. Experiments and Analysis
3.1. Experimental Setup

The proposed system is evaluated on the DCASE 2021 Task1b
audio development data set [29], which consists of 34h 10-
second two-channel audio clips recorded in 10 different acous-
tic scenes. The audio data is recorded with a 48 kHz sam-
pling rate and 24-bit resolution. The development data set
is divided into training and test sets, each having 8648 and
3645 utterances, according to the official recommendation. Log
Mel-filterbank (LMFB) features are employed as inputs of the
system. To generate LMFB, the short-time Fourier transform
(STFT) with 2048 FFT points is applied to both left and right
channels of audios, utilizing a window size of 2048 samples and
a hop length of 1024 samples. Deltas and delta-deltas of LMFB
are added to the input feature and the final size of the feature
tensor is 6 X 128 x 461. The FCNN model is built with Pytorch.
ADAM [30] optimizer is used to train the model with the learn-
ing rate of 0.001. High-level features are extracted with the size
of 10 x 4 x 115 in a 10-class decoder and the size of 3 x 4 X 115
in a 3-class decoder. We convert the two 3-dimension features
to the size of 115 x 40 and the size of 115 X 12 vectors and
concatenate them in the frequency dimension. The final size of
input features vectors for acoustic scene modeling is 115 X 52.

Next, all transformed features are transcribed by 40 ASM
units using hierarchical K-Means. Then, the 1-state left-to-right
GMM-HMM is used to refine the ASM sequences. Each state
has 60 Gaussian mixtures models. Finally, we adopt the fully
connected layer with one hidden layer, followed by a dropout
and ReLU layer to map the embedding to 10 acoustic scenes.
The neurons of the hidden layer are set as 128 and the dropout
rate is 0.2. SGD [31] is used to train the classifier with the
learning rate of 0.03. In the entropy-based fusion stage, the
hyperparameter -y is set as 1.5.

3.2. ASC Experimental Results

Table 1: Results on DCASE 2021 Tasklb audio data set

System Accuracy
FCNN 76.7%
ASM[23] 62.9%
DSM 79.0%
DSM-AF 80.0%
DSM-EBF 80.4%




Table 2: Results of DSM with different level of features

Model Accuracy
FCNN-3class 95.3%
FCNN-10class 76.7%
2stage-FCNN[18] 77.5%
DSM (3class) 47.8%
DSM(10class) 78.4%
DSM(3&10class) 79.0%

Table 1 shows the ASC accuracy of different systems. The
FCNN baseline model achieves 76.7% classification accuracy.
The ASM approach performs poorly due to the limited model-
ing ability of the GMM model. The last three rows show the re-
sults obtained by our proposed approach. DSM system achieves
the accuracy of 79%, which proves the validity of ASM over
high-level characteristics. Two fusion strategies are applied
with the output scores of FCNN and DSM separately. "DSM-
AF” presents the average score fusion strategy and "DSM-EBF”
denotes the proposed entropy-based fusion strategy over DSM
and FCNN approaches. The results show that the accuracy
boosts up to 80.4% after applying entropy-based fusion, which
proves the strong complementarity between FCNN and ASM.
And our entropy-based fusion strategy has proven advantages
over the straight average score fusion method.

3.3. Results with Features of Different Levels

In this subsection, we discuss the reflection caused by differ-
ent levels of embeddings, derived from the 3-class and 10-class
decoders, on the performance DSM system. As shown in ta-
ble 2, the first two rows show the accuracy of multi-task FCNN
to classify 3 broad class scenes and 10 class scenes. The 3-
class task is relatively easy and achieves an ASC accuracy of
95.3%. Then we apply acoustic scene modeling with 3-class
features, 10-class features, and the combination of the two fea-
tures, respectively. The last three rows in Figure 2 show the re-
sult. The 10-class features have a more accurate representation
of the acoustic audio than the 3-class features, so it has a bet-
ter classification performance. However, the 3-class represen-
tations alone yield poor results. The classification accuracy is
further improved by the combination of the two features, which
proves the complementarity between different levels of features.
In addition, the two-stage approach proposed in [18] is also de-
ployed for a comprehensive assessment, in which score fusion
was used to combine a broad 3-class classifier and a particu-
lar 10-class classifier and achieve the ASC accuracy of 77.5%.
From the results, we can see that our fusion method of 3-class
and 10-class classifiers has better classification performance.

3.4. Analysis and Visualization

To explore the ASM effect in the DSM system, we extract the
feature tensors with the size of N x F' x T before the last global
average pooling layer of FCNN, where F', T" and N denote the
frequency, the time and the number of acoustic scenes, respec-
tively. Then we calculate the average value in dimension F' to
obtain the frame-level probability belonging to each scene. In
Figure 2, we visualize the 10-class frame-level posterior proba-
bility of an audio referring to the bus scene. This audio clip is
misclassified as tram by the FCNN approach but correctly clas-
sified by the DSM system. This 10-second audio consists of
the sound of talk, wind, and bus engine. Figure 2 shows that
although the audio clip exists with short feature fragments that
have strong directivity to the bus scene, the result is affected by
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Figure 3: The TF-IDF value of several ASM units in the sample

some long-term interference factors that are similar to the tram
scene. This phenomenon leads to the misclassification of the
FCNN approach. Moreover, the decoded ASM sequence of this
audio sample is shown with the explicit segment at the bottom
of figure 2. The audio sample is transcribed by the dictionary of
40 ASM units from s0 to s39. TF-IDF describes the relevance
between the ASM unit and the audio clip [27]. Several uni-gram
and bi-gram ASM units with high TF-IDF values in the ASM
sequence of the bus sample are shown in Figure 3. Different
ASM units have different contributions to the audio clip. ‘s0’
and the bi-gram units of ‘sO’ achieve higher values which indi-
cates that the relevant segment features are paid more attention.
In the red dotted box, the bus scene achieves the most important
characteristics and is transcribed as the ‘sO’ unit. Thus, DSM
pays more attention to this part and correctly classifies the au-
dio clip.

4. Conclusions

In this paper, we proposed a novel deep segment model (DSM)
to take full advantages of FCNN and ASM approach. DSM em-
ploys a fully convolutional neural network (FCNN) as a deep
feature extractor and then guides the ASM to better capture
semantic information among sound events. Specifically, the
FCNN-based encoder is trained with the multi-task of classi-
fying both three coarse-grained acoustic scenes and ten fine-
grained acoustic scenes to extract multi-level acoustic features.
Moreover, an entropy-based decision fusion strategy is de-
signed to further utilize the complementarity of FCNN-based
and DSM-based systems. The final system achieves an accu-
racy of 80.4% in the DCASE2021 Task1b audio dataset.
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