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Abstract—Audio-Visual scene understanding is a challenging
problem due to the unstructured spatial-temporal relations that
exist in the audio signals and spatial layouts of different objects
in the visual images. Recently, many studies have focused on
abstracting features from convolutional neural networks while
the learning of explicit semantically relevant frames of sound
signals and visual images has been overlooked. To this end,
we present an end-to-end framework, namely attentional graph
convolutional network (AGCN), for structure-aware audio-visual
scene representation. First, the spectrogram of sound and in-
put image is processed by a backbone network for feature
extraction. Then, to build multi-scale hierarchical information
of input signals, we utilize an attention fusion mechanism to
aggregate features from multiple layers of the backbone network.
Notably, to well represent the salient regions and contextual
information, the salient acoustic graph (SAG) and contextual
acoustic graph (CAG), salient visual graph (SVG), and contextual
visual graph (CVG) are constructed for the audio-visual scene
representation. Finally, the constructed graphs pass through a
graph convolutional network for structure-aware audio-visual
scene recognition. Extensive experimental results on the audio,
visual and audio-visual scene recognition datasets show that
promising results have been achieved by the AGCN methods.
Visualizing graphs on the spectrograms and images have been
presented to show the effectiveness of proposed CAG/SAG and
CVG/SVG that could focus on the salient and semantic relevant
regions. The visualization results indicate that AGCN can focus
on the semantic relevant regions.

Index Terms—Attentional graph convolutional network, salient
acoustic graph, contextual acoustic graph, salient visual graph,
contextual visual graph, structure-aware audio-visual represen-
tation

I. INTRODUCTION

Audio-Visual scene understanding is an important research
direction for human-robot interaction. Via ambient audio and
visual information of the environment, the robot is capable of
knowing the environment that it is traveling by. For instance,
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audio-visual scene understanding has been applied in various
applications, including robot hearing [1], relative bearing es-
timation of robots [2], smart homecare surveillance system
[3], place recognition for mobile robots [4], image quality
assessment [5], human activity recognition [6], elderly care
[7], automatic construction [8], robot discovery of the auditory
scene [9], environmental understanding for self-driving cars
[10], and heart sound classification [11].

The audio-visual understanding is challenging due to the
intrinsic complex nature of audio signals and visual images.
For example, the acoustic scene is composed of dynamic and
unstructured patterns, which are not semantically meaningful
based on its log-Mel spectrogram as shown in Figure 1. The
visual scene contains various objects spatially distributed over
different locations, and different repetitive textures that exist
in different scenes as shown in Figure 2. To sum up, it is
challenging to design an algorithm that effectively captures
the texture and characteristics for audio-visual scene repre-
sentations.

Various efforts have been made to address this challenge
for acoustic scene classification (ASC). For example, some
works use features like the local binary pattern (LBP) [12],
Log-Mel [13], wavelet [14], [15], and Mel-frequency cepstral
coefficients (MFCCs) [16]. State-of-the-art solutions on ASC
mostly utilize the Log-Mel features [17]. To conduct the ASC
task, the handcrafted features are first extracted from the audio
signal waveform. Then, the trained discriminative models such
as support vector machine (SVM) [18] and Gaussian mixture
models (GMM) [19] classify environmental sounds.

Benefiting from the remarkable progress of deep learning,
recent works have exploited the usage of the convolutional
neural network (ConvNet) to classify the spectrograms of
sounds [20], [17]. However, ConvNet only captures local
spatial features since convolutional filters focus on the small
region of interest (ROI). They neglect the global connection
between regions of interest that lies at different locations of
visual images or acoustic signals. Further, to capture the salient
features that are more relevant to the sound events, attention
mechanisms have been proposed [21] [22]. However, this
pooling mechanism only considers the strength of the sound
signal but neglects the spatial connection of different sound
spectrogram patches.

For visual scene classification (VSC), there has been a
longer history and many approaches been proposed, such as
object-based methods [23], [24], [25], [26], bag-of-visual-
words [27], global image features [28], color descriptors [29],
VGGNet [30], ConvNet [31]. Until recently, graph convolu-
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Fig. 1. Examples of log-Mel spectrograms of various environmental sounds in the ESC-50 dataset.
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(h) home theater

(i) kitchen
Fig. 2. Samples of each class of Places365-14 dataset.

tional network (GCNs) has been proposed to improve scene
recognition [32], [33], [34]. These methods have shown the
merits of GCNs over ConvNets. However, they only model
the most distinctive features or deep semantic/object features
without considering the contextual background information of
backgrounds, which plays a vital role for VSC.

Different from past works, we present an AGCN for the
audio-visual scene classification (AVSC), as shown in Fig-
ure 3. To represent the audio-visual scene in a structure-aware
manner, we leverage GCNs, which could be a suitable but less
exploited choice. There are three steps to achieving this. First,
to extract feature representation of the audio-visual scene, we
use ResNet as a backbone network. Then, to augment the
obtained features with multi-scale information, we aggregate
the feature maps of ResNet at multiple layers with an attention
fusion module [35]. Last, to achieve structure-aware audio-
visual scene understanding, we construct graphs that can
focus on the regions of interest and pay attention to the
context information. Specifically, we construct the SAG/SVG
that takes the maximum nodes selected from the pyramid
feature map and the CAG/CVG that takes the medium nodes
selected from the pyramid feature map. The SAG/SVG is
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regarded as the distinctive region of interest (ROIs) of audio-
visual signals while the contextual acoustic graph is viewed
as contextual information of audio-visual signals. To refine
the graph features, these obtained graphs are processed by the
GCNs. Finally, the classification results are estimated through
the fully connected layer.

To demonstrate the effectiveness of the proposed method,
the experiments are conducted on ASC tasks including ESC-
10 and ESC-50 datasets, VSC tasks including Places365-7,
Places365-14, and SUN-RGBD datasets, and AVSC task with
DCASE2021 datasets, which proves the proposed method
reaches comparable performance on these tasks. To further
show the difference between the proposed method and the
baseline method, the selected CAG/SAG and CVG/SVG are
visualized among those audio spectrograms and visual images,
which indicates both the semantically relevant regions and
contextual regions are captured during the learning process.

To summarize, our main contribution to this work can be
summarized in four folds:

« We propose a simple and effective attentional graph
convolutional neural network (AGCN) that achieves
structure-aware audio-visual scene classification.
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Fig. 3. The proposed audio-visual scene recognition framework. First, the input images and sound spectrograms are processed by a backbone network and
intermediate feature maps are obtained. These features are fused by AFM module to expand its feature maps and receptive fields. Then, we constructs the
SAG (in orange), CAG (in green), SVG (in yellow), and CVG (in blue) for audio-visual scene representation with a graph convolutional network. Hence, the
refined features are obtained. Last, the refined graph features and backbone features are fused for audio-visual scene recognition.

o We construct and combine the salient acoustic graph
(SAG), contextual acoustic graph (CAG), salient visual
graph (SVGQG), and contextual visual graph (CVG) to repre-
sent the discriminative regions and background contextual
regions of audio-visual scene inputs.

« Extensive experimental results of our method on the ASC,
VSC, and AVSC datasets show that our method has
achieved comparable performance.

o Visualization results show the proposed AGCN can fo-
cus on the semantically relevant regions and contextual
regions.

The rest of the paper is organized as follows. The related
works are presented in Section II. The AGCN network is
described in Section III. The experimental results are shown in
Section IV. The conclusion and future work about our research
comes in Section V.

II. RELATED WORKS
A. Audio-Visual Scene Classification

AVSC is to establish the feature representation of audio-
visual input signals and classify it. Hu et al. [36] create
the ADVANCE for aerial scene recognition with audio-visual
scene data. Wang et al. [37] introduce a dataset of urban scenes
for audio-visual scene analysis. The AVSC task consists of
two modules including the audio module and visual module.
For the audio module, there are various networks designed to
tackle ASC tasks. In particular, with the rapid development of

deep learning in image classification, numerous works have
exploited the usage of ConvNet to classify the spectrograms
of sounds[20]. To capture the salient features that are more
relevant to the sound events, attention mechanisms have
been introduced [21] [22]. Temporal attention is proposed to
capture the temporal structure of sound [21]. A sparse key-
point encoding and efficient multispike learning framework
are proposed for this problem [38]. Parallel temporal-spectral
attention is proposed to enhance the representation of both the
temporal and spectral features by capturing the importance of
different time frames and frequency bands [22]. Zhou et al.
[39] shows a feature pyramid attention structure is effective
for acoustic scene recognition. These attention mechanisms
enhance the feature representations in the channel and spatial
level but lack preserving the multi-level feature representation
and neglect the relative position of sound features. To this end,
we utilize a latent feature fusion attention module to incorpo-
rate the multi-level feature for multi-scale feature extraction.

Even though extensive research has been done to improve
the performance of ASC, the construction of salient acoustic
graphs and contextual acoustic graphs based on graph neural
networks is missing from the literature. This is important
because the acoustic time-frequency features contain both local
and global informative patches for ASC while the convo-
lutional neural network based methods are incompetent of
effectively associating these features.

VSC is the task of recognizing the scene with visual inputs.
For the VSC task, there are additional semantic or depth infor-
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mation being incorporated as an additional branch for VSC.
For instance, the semantic aided scene recognition become
popular in research area. Ni et al. [10] propose an improved
faster RCNN to extract representative objects as local features
for scene recognition. Zhou [25] et al. present a Bayesian ob-
ject pair modeling method to enhance the scene representation
ability of network with additional semantic information. Miao
[26] et al. develop a branch of scene embedding network to
improve the scene representation. These methods has achieved
comparable performance over single branch methods in some
extend. However, the semantic branch requires cost expensive
computations which limits the applications of these algorithms.
To model scene representation with GCNs, an adaptive cross-
modal GCNs has been proposed [32], where the most dis-
tinctive features are selected for visual scene representation.
Besides, the semantic region masks are selected for graph
modeling with GCNs to model the scene representation [34].
Segmented regions are utilized to model the remote scene
representation in [33]. These methods have shown the merits
of GCNs over ConvNets on scene representation. However,
the background contextual information, which is important
for scene representation as well, is abandoned, leading to
information loss for scene representation.

To unite the audio and visual modules, we present a novel
AGCN method based on the graph convolutional network. The
proposed method first augments the feature representation of
the backbone network by utilizing an attention-based attention
fusion module [35]. Especially, salient graphs and contextual
graphs are proposed to focus on the most distinctive regions
and contextual regions of both audio and visual features.

B. Graph Convolutional Networks

Graph convolutional network is designed for non-Euclidean
and graph-structured data, such as text documents, bioinfor-
matic data, and scene signal [40][41]. GCNs have been suc-
cessfully applied in various tasks, including scene recognition
[33], [32], action recognition [42], image recognition [43], and
emotion recognition [44]. However, the application of GCNs in
audio signal analysis remains underexplored [45], [46]. There
are two major types of data processing methods in graph
convolutional networks, spatial [42] and spectral [32]. For the
spatial graph, the convolutional filters are directly applied to
the nodes and neighbors, which is efficient but ignores locality
information. For the spectral graph, the convolutional filters
are performed on the spectral domain, where the data nodes
are processed with the Laplacian matrix and convolutional
filters. In this paper, we use the spectral graph for graph feature
refining.

III. METHODOLOGY

As shown in Figure 3, our proposed AGCN network mainly
contains four steps. The first step is the backbone network for
feature extraction where we use ResNet50 as the backbone
network. The second step is the graph feature construction,
where the attention fusion module (AFM) that refines and ag-
gregates the different levels of feature maps from the backbone
network is utilized [35]. The third step is graph construction

Fig. 4. In the first row, the left column shows the CAG/CVG in blue, and
the right column shows the SAG/SVG in yellow. In the second row, the
visualization of CVG and SVG of bedroom is shown in the left column, while
the visualization of CAG and SAG of can opening acoustic spectrogram are
shown in right column.

and processing, where we construct salient and contextual
graphs for audio-visual feature representation, including the
SAG/CAG and the SVG/CVG. Specifically, we utilize the
most distinctive and average nodes from the feature maps
as a mimic of salient regions and contextual regions for
feature abstracting. The detailed graph construction procedure
is presented in Algorithm 1. Sequentially, these constructed
graphs are fed into a spectral graph convolutional network for
feature extraction. Last, with a fully connected layer attached,
the classification results are obtained.

A. Graph Feature Construction

Consider the acoustic signals as x,. The weights of the
ConvNet backbone network and AFM module are represented
as Weonys and Wy g, respectively. The input feature x, will
be processed by these two modules consecutively.

szva3aFm4 = convs(xa) (1

Frpr :Wafm(Fms’FmA) @

where Fyrp, is the fused feature representation extracted by
the ResNet50 backbone and AFM network.

To select nodes from refined feature maps for graph con-
struction, we first sum the fused feature maps Fyy, along the
channel dimension as:

C
Frei= ) Frpr(N,i, H,W) (3)
i=1

The tensor shape of Fy s, is (N, C, H,W), where N denotes
batch size, C represents the number of channels, H is the
height of Fyy,, and W is the width of F,y,,. We propose to
select K most distinctive and K average feature vectors to form
salient scene graph and contextual scene graph for the graph

nodes V.
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Then the reshaped intensity map F,; is reshaped to (N, H *
W), where each pixel shows the intensity of features. As acous-
tic signal contains natural spatial-temporal relationships, these
relationships are essential to ASC. Similarly, visual images
contain the intrinsic spatial layouts of various objects and
textures, which is important for visual scene representation.
To preserve the spatial information, we constructed graphs for
audio-visual scene representation with geometric relations.

B. Audio-Visual Graph Construction

The unstructured spatial-temporal relationships of acoustic
spectrograms in acoustic scenes are difficult to learn. The
spatial layouts of various objects in visual scenes are hard
to capture. To address these issues, we decompose the audio-
visual signals into two novel graphs, SAG/SVG to represent
the most distinctive and semantic relevant regions of audio
spectrograms and visual images, and CAG/CVG to represent
the background contextual information of spectrograms and
visual images. Since we only select the distinctive regions and
contextual regions of features, this modeling method can skip
the silent and semantically irrelevant information of audio-
visual scenes.

Let’s take the composition of SAG as an example. The
SAG/CAG can be represented as Gyqg = (V,E,A) and
Geag = (V,E,A). V represents the representative features
selected from F,..;. E denotes the edges of the graph. A
represents the adjacency matrix of the graph, which preserves
the relative position of the acoustic signals.

1) Nodes Selection: The detailed construction of scene
graphs are illustrated in the Algorithm 1. K denotes the nodes
number of graph.

Algorithm 1 Algorithm for constructing SAG, CAG, SVG,
and CVG.

Input: The reshaped intensity map F..;;

Output: The indexes of K selected feature vectors indes;

1: Sort N reshaped intensity maps F,.; with descending
order, and select the top K and medium K indexes to

indp;

m _ WxH _ K.
I

Myight = —% — + 75

fori=0— N do
index = sort(Fyei(i));
indsag (i) = index(1 : K) + index(micyr: : Mright);
end for
Sort the N indexes indyr with ascending order to keep the
acoustic signals with original spatial order;
9: fori=0— N do
10:  indge (i) = sort(indp(i));
11: end for
12: return indg,.;;

® N R Ry

The nodes of acoustic graphs V = {v;|i = 1,...,K} are as-
sociated with the selected features from 2K different locations
of Frg., with K locations for SAG and the other K locations
for CAG. The nodes selection method is shown in Algo-
rithm 1. The graph nodes assignment can be formulated as

Vsag = {v; = Fffr(N, C,)|i =indsei(1),...,indse;(K)} and
Veag = {vi = Fffr(N, C,i)|i =indge;(K+1),...,indse;(2K)},
where Fyp, is reshaped to (N,C,H = W), and the shape of
graph nodes V is (N, K, C).

2) Subgraph Construction: The total number of nodes of
SAG or CAG is K. The SAG or CAG is made of N/4 subgraphs
(sub-textures), that is, each subgraph is composed of 4 nodes.
The subgraph is automatically constructed followed by the
subgraph set Gy, and the center set of subgraph G gup:

R
Gsubz{l,l+zK,l+ZK,l+ZK|
ie[l,K/4],ie€Z KecZ K/4==0} @
2
Gesub :{l+ZK|

ie[l,K/4],i€Z,K e Z K/4==0}

Figure 4 shows the case when the node number of the
graph is 20 and there are 5 subgraphs with the center of
each subgraph assigned 11, 12, 13, 14, and 15. In the first
row, 40 distinct nodes are selected from the feature map
to construct the SAG and CAG, where 20 most distinctive
nodes construct a SAG/SVG in gold and 20 average nodes
construct a CAG/CVG in blue. In the second row, the proposed
graphs are visualized on a bedroom image and a can opening
acoustic signal. It is obvious that the nodes of SVG/SAG
mostly locate in the most distinctive area of visual image and
sound signals, which indicates the importance of this region.
Besides, the nodes of the CVG/CAG are scatted around the
whole image and spectrograms to preserve the small details
of the contextual background of the visual image and sound
event. The combination of these two graphs can well repre-
sent the visual image and acoustic signals across the entire
spectrograms of both representative objects and background
contextual information.

3) Geometric Relation: Since the spatial-temporal relation-
ship of acoustic signals and spatial layouts of visual images are
essential for AVSC, to utilize this relationship, we construct
the adjacency matrix A according to the geometric relations
E;; among adjacent nodes.

Aij:{|xi—xj‘|+|)’i_yj|,Eij=ﬁ0 5)
0,E;; =0

where (x;,y;) and (x;,y;) represent the position of i-th
node and j-th node. E;; # 0 means that there is a connection
between i-th node and j-th node.

C. Spectral Graph Convolution

Given the acoustic graphs G(V, E, A), the Laplacian matrix
L is obtained by L=D-A, where D is degree matrix of graph
G, and A is the adjacency matrix that records the geometric
relations of nodes. To normalize the Laplacian matrix, we use
the symmetric normalized Laplacian matrix,

L™ =D LD =I; - D *AD"? ©)
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where [k is the identity matrix. With the added self-
connections, A is denoted as A = A + I. Then, the GCNs
follows the same setting as [41]:

Y=(D+I) 2AD+1I)? X0 )

Y= LnormX®j )]

Each ©; is implemented with the vanilla convolution layer.
To reduce the dimension of acoustic graphs, we employ a 1x1
convolution layer with 256 channels and then ReLU is added
as the activation function.

IV. EXPERIMENTS AND DISCUSSIONS

In this section, we examine the performance of AGCN
on VSC, ASC, and AVSC tasks. Then, the visualization of
the proposed SAG/CAG and SVG/CVG are analyzed. These
detailed evaluations with extensive results are shown to prove
the effectiveness of the proposed AGCN.

A. Visual Scene Recognition

1) Datasets: We use the Places365-7 and Places365-14
datasets for the evaluation of the proposed AGCN. The dataset
split is the same as BORM [25]. For the Places365-7 dataset,
there are 7 classes, 35000 images as the training set, and 701
images as the test set. For the Places365-14 dataset, there are
14 classes, and 75000 images for the training set, 1500 images
for the test set. The SUN RGB-D is also utilized. Following
the same settings as in [47]. This dataset is composed of 19
classes, in which 4845 images as training set and 4659 images
as test set. Besides, it contains depth module information for
RGB-D scene recognition.

2) Implementation Details: The proposed model is imple-
mented in Pytorch [48]. All the baseline CNN models are
pretrained on the ImageNet [49]. The SGD optimizer is used
for training in experiments. The initial learning rate is 0.01
and decreased by 10 at every 20 epochs. The momentum
of the optimizer is 0.9. The total train epochs are 60. The
network structure for visual scene recognition in detail is listed
in Table II.

3) Comparison with Stat-of-the-arts: First, our method is
evaluated on two datasets, Places365-7 and Places365-14,
the most commonly used datasets for scene recognition. We
compare our proposed model with existing state-of-the-art
methods. Table III demonstrates the performance of the AGCN
algorithm on the Places365-7. The proposed AGCN reaches
the competitive performance on both datasets without the
semantic head. Instead, the BORM and OTS are semantic-
based methods, i.e., these methods require the strong semantic
priors obtained from the semantic segmentation network. In
contrast, our AGCN has no prior information and still reaches
the competitive performance compared with the BORM and
OTS. Besides, though AGCN is based on the ResNet50
backbone, it still outperforms ResNet50 with 9% accuracy on
the Places365-7 dataset. Besides, as indicated in able VII, the
proposed AGCN only has around one-fifth of parameters and

SUN RGBD Confusion Matrix "

bathroom gk 00 00 00 00 07 07 07 04 00 0.0 1.8 0.0 0.0 00 04 14 04 00

bedroom 1.0 &3 0.7 0.0 23 15 1.3 34 09 00 6.1 28 09 04 01 140 26 3.1 22
classroom 0.1 0.7 @ 17 93 20 43 01 34 01 00 04 40 31 23 01 50 56 6.6
computer_room 0.0 2.0 41@41 20 00 00 00 00 00 00 20 00 4.1 00 204 00 20
conference_room 0.0 0.0 15.0 OOMOO 18 00 44 00 0.0 00 0.0 09 44 00 35 44 53
corridor 09 3.1 66 00 09 434 57 13 53 09 0.0 31 61 04 22 09 1.0 53 31
dimngiarea 0.0 0.0 143 00 36 0.0 12 71 24 00 00 0.0 0.0 95 12 0.0 6.0 6.0
dining_room 00 00 00 00 00 0.0 63@00 79 16 79 00 00 00 143 16 00 00
discussion_area 0.0 0.0 0.0 00 9.1 91 91 00 182 00 00 00 00 00 273 0.0 9.1 182 00

furniture_store 0.4 44 27 00 02 00 42 02 0000 02 22 00 04 33 18 18 04

True label

home_office 0.0 316 00 00 00 0.0 00 00 00 DO@OD 00 00 00 105 00 53 00
kitchen 27 27 04 00 00 00 08 3.1 00 04 1.1 gEK} 1.5 04 04 42 15 08 04 e

lab 00 20 20 00 00 00 00 00 00 0.0 0.0 0.0 EEk} 0.0 0.0 0.0 98 0.0 00

lecture_theatre 00 0.0 20.0 0.0 00 00 0.0 00 00 00 00 133 6.7 467 0.0 6.7 00 00 6.7

library 00 00 49 28 69 07 42 00 00 14 07 00 00 07 @ 0.0 28 125 4.2
living_room 06 196 00 00 00 39 28 50 00 06 84 22 11 00 06 39 22 00
office 0.3 68 46 26 15 1.0 14 06 21 03 32 13 146 03 50 15 21 20
rest_space 07 10 76 02 20 15 97 03 56 22 02 03 05 07 87 19 39@22

study_space 00 7.7 7.7 0.0 00 00 77 00 00 77 00 00 00 7.7 308 7.7 0.0 0.0 23.1

Predicted label

Fig. 5. Confusion Matrix for SUN RGB-D dataset. The results are shown in
percentage (%).

about one-third GFlops as BORM, showing the efficiency of
the proposed AGCN over the semantic-based methods.

In addition, the proposed AGCN method has been evaluated
on the SUN RGB-D dataset. The confusion matrix is shown
in Figure 5. It can be observed that AGCN is capable of
recognizing the bathroom, bedroom, furniture store, kitchen,
office, and rest space, and is not able to recognize the study
space and discussion area. Moreover, home office is misclas-
sified as bedroom, lecture theater and conference rooom are
misclassified as classroom.

Table V shows the results on the SUN RGB-D dataset,
where our method reaches competitive performance com-
pared with other SOTA methods without additional depth
information, suggesting that our method is superior to others
on various scene recognition datasets. In comparison with
these methods, the IOD [26] utilizes the object detection
results as an additional branch to boost the scene recognition
performance. The MAPNet [55], G+L+SOOR [56], TRecgNet
Aug [57], and ASK [58] are using the RGB-D information
and additional branch to represent depth information, which
is more complex.

4) Network Performance Analysis: From Table VI, the
AGCN with 20 nodes reaches best results at Places365-7
dataset. Generally speaking, increasing the number of nodes
is helpful for the performance improvements of visual scene
recognition. The BORM, which utilizes the semantic seg-
mentation methods, requires strong priors of the semantic
information, as well as the statistical analysis of datasets
for training. Our method is end-to-end training, which is
more convenient for training, and has fewer parameters and
calculations for both network training and inference.
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TABLE I
INTRODUCTION OF THE DATASETS USED IN THIS ARTICLE.
Databases Description Total Scenarios ~ Training  Testing
Places365-7 [25] Indoor scene recognition dataset with 7 categories. 35701 35000 701
Places365-14 [25] Indoor scene recognition dataset with 14 categories 76500 75000 1500
SUN RGB-D [50] RGB-D Scene Recognition datasets with 19 categories. 9504 4845 4659
ESC-10 [51] Environmental Sound Classification dataset with 10 categories 400 320 80
ESC-50 [51] Environmental Sound Classification dataset with 50 categories 2000 1600 400
ADVANCE [36] Audio-Visual Scene Recognition Dataset 2696 2147 549
TAU Audio-Visual Scenes 2021 dataset [37] Aerial Audio-Visual Scene Recognition Dataset 12291 8646 3645
TABLE V

TABLE 11
NETWORK DETAILS OF AGCN FOR VISUAL SCENE RECOGNITION. OMIT

THE BATCH SIZE.

Layer Input/Input Size Output Size
Convl 3x224x224 64x112x112
Res-2 64x112x112 256x112x112
Res-3 256x112x112 512x56x56
Res-4 512x56x56 1024x28x28
Res-5 1024x28x28 2048x14x14
fc 2048x14x14 2048
AFM Res-4, Res-5 1024x28x28
GCN AFM #Node*256
classification fc GCN, fc #Class
TABLE III

COMPARISON WITH THE STATE-OF-THE-ART METHODS ON THE REDUCED

PLACES365-7 DATASET

Method Config Semantic Head Acc

PlacesCNN [s2) | ResNetIs X 80.4

ResNet50 X 82.7

@y, (OM) v 62.6

Deduce [53] Dseene X 87.3

Deomb. v 88.1

IOM v 82.4

BORM [25] BORM v 83.1

CBORM v 90.1

OTS [26] OTS v 90.1

Ours AGCN X 91.7
TABLE IV

COMPARISON WITH THE STATE-OF-THE-ART METHODS ON THE
REDUCED PLACES365-14 DATASET OF SCENE RECOGNITION
ACCURACY, THE * INDICATES THE RE-IMPLEMENT OF THE

COMPARISON WITH THE STATE-OF-THE-ART METHODS ON THE SUN
RGB-D DATASET OF RECOGNITION ACCURACY

METHOD.
Method Config Semantic Head  Acc
PlacesCNN [52] ResNet18 X 76.0
ResNet50 X 0.0
Word2Vec [54] ResNet50+Word2 Vec v 83.7
*Deduce [53] Dop; (OM) v 47.0
IOM v 74.1
BORM [25] BORM v 74.9
CBORM v 85.8
OTS [26] OTS v 85.9
Ours AGCN X 86.0

Methods RGB  Depth RGB-D
CNN+SVM [59] 37.0 - 415
MCAF [60] 40.4 36.3 48.1
MSMM [61] 415 40.1 523
RGB-D-CNN [62] 42.7 424 524
DF?Net [63] - - 54.6
GAN [64] 42.6 53.3 533
ACM Graph [32] 45.7 - 55.1
G+L+SOOR [56] 50.5 44.1 55.5
MAPNet [55] - - 56.2
MSN [65] - - 56.2
ASK [58] - - 573
TRecgNet Aug [57] | 53.8 49.3 585
10D [47] 58.2 - 58.2
AGCN 58.7 - -
TABLE VI

COMPARISON OF THE PROPOSED AGCN ALGORITHM WITH DIFFERENT
NUMBER OF NODES ON PLACES365-7 DATASET.

Model Places365-7
AGCN (8 nodes) 91.3
AGCN (12 nodes) 91.4
AGCN (16 nodes) 91.0
AGCN (20 nodes) 91.7
AGCN (24 nodes) 91.3

As Table VII shows, the proposed AGCN is an end-to-
end training network with a much smaller number of param-
eters compared with the semantic segmentation-based BORM
methods. BORM has 6x parameters and 3x GFlops compared
with AGCN. In comparison with OTS, it has 3x parameters
and similar GFlops. These results demonstrated our proposed
methods feature fewer parameters.

5) Visualization of Visual Scene Graph: We show the
visualization of automatically constructed SVG and CVG, as

TABLE VII
PARAMS COMPARISON

Model Params  GFlops
BORM [25] 226.89  138.011
Semantic Head 253.30 46.724
Total 480.19  184.735
OTS [26] 3.50 0.214

Semantic Head 253.30 46.724
Total 256.80 46.938
AGCN (8 nodes) 79.17 54.729
AGCN (12 nodes) 81.27 54.733
AGCN (16 nodes) 83.37 54.738
AGCN (20 nodes) 85.46 54.742
AGCN (24 nodes) 87.56 54.746
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Fig. 6. The scene graph visualization samples for test set of Places365-7 with
20 nodes configuration. The first row are office and kitchen, the second row
are bedroom and dining room, the third row are corridor and living room. The
last row is bathroom. The gold circle represent the nodes of salient acoustic
graph while blue circle represent the nodes of contextual acoustic graph.

shown in Figure 6. The visualization analysis of the graphs
shows how our method focuses on the important regions
and contextual information of the scene, respectively. It is
worth noticing that the selected SVG concentrates more on the
crucial areas, while the CVG concentrates on the contextual
information, leaving out the less relevant information for scene
recognition.

For example, in the second row of Figure 6, for the left
one, an image of a bedroom, the SVG is mainly focused on
the bed, especially the area of sheets and pillow, while fewer
nodes are on the wall. The selected CVG is scattered around
the entire image to evenly capture more detailed information
on sheets, pillows, and walls. Similarly, for the right one, a
picture of the Kitchen, the selected SVG is focused more on
the dining table area while paying less attention to the wall
and floor. At the same time, the CVG is located around each
area evenly for detail preservation.

We have visualized the scene graph during the training
process. It is worth mentioning that as the network training
converges, a better distribution of scene graphs is obtained.
The scene graph is better at mimicking the spatial layout
of the scene objects or important regions of the scene. The
visualization of the training process is shown in Figure 7. The
first row shows the visualization of a bathroom with training
epochs increases. It is worth noticing that the SVG focuses
on several important elements of a bedroom like a bathtub,
washbasin, walls, and floors instead of solely focusing on the
bathtub. The second row shows the visualization of an office.
In the beginning, the SVG is located in less essential regions
like the area of a wooden panel of a desk. Later on, the SVG

TABLE VIII
NETWORK DETAILS OF AGCN FOR ACOUSTIC SCENE RECOGNITION.
OMIT THE BATCH SIZE.

Layer Input/Input Size | Output Size
convl 1x201x64 64x101x32
Res-2 64x101x32 256x101x32
Res-3 256x101x32 512x51x16
Res-4 512x51x16 1024x26x8
Res-5 1024x26x8 2048x13x4
fc 2048x13x4 2048
AFM Res-4, Res-5 1024x26x8
GCN AFM #Node*256
classification fc GCN, fc #Class

is moved to the working area near the printing machine, com-
puter screen, and office chair, showing the excellent adaptivity
of the proposed algorithm during training. The third row is a
dining room, where the SVG focuses on the region of the
dining table, and the CVG is scatted around the dining room
to capture more detailed surrounding information of the dining
room as additional cues. The last row is a living room. At first,
the SVG is mainly located around the big glass area and floor
and gradually moves the attention to the sofa, coffee table, and
floor, showing the superior learning ability to find essential
regions of a scene.

B. Acoustic Scene Classification

1) Datasets: We use Environmental Sound Classification
(ESC) dataset that contains 50 acoustic scene classes for
evaluation [51]. The official dataset splition settings ESC-10
and ESC-50 are utilized, where the 5-fold cross validation
is applied. The ESC-50 dataset contains 2000 labeled envi-
ronmental sounds with a duration of 5 seconds, with each
categories are equally distributed. The ESC-50 is split as
training set with 1600 samples and test set with 400 samples.
The ESC-10 is a subsect of ESC-50 that contains 320 samples
as training set, and 80 samples as test set.

2) Implementation Details: The raw videos are resampled
to 16.0kHz and fixed to the certain length, 5s for ESC-10
and ESC-50. Then, to analyse the signal in frequency domain,
the short time Fourier transform (STFT) is applied on the
audio signals, where the spectrograms is obtained with a hop
length of 400 and window length of 1024. Last, to obtain
the Log-Mel spectrograms, the 64 mel filter banks are applied
on the previous spectrograms and followed by a logarithmic
operation. During the training stage, we adopts the ResNet50
pretrained on the AudioSet for sound information extraction
[66]. The proposed model is implemented in Pytorch [48].
The SGD optimizer is used for training in experiments. The
initial learning rate is 0.01 and decreased by 10 at every 20
epochs. The momentum of optimizer is 0.9. The total train
epochs is 60. The network structure in details are listed on
the Table VIII. The input feature of sound signal after Fourier
transform is of shape 1x201x64. Therefore, we adjust the input
channel of ResNet50 from 3 to 1.

3) Comparison with stat-of-the-arts: Our method is eval-
uated on two ESC datasets, ESC-10 and ESC-50, which are
the most commonly used datasets for ESC, where the Log-
Mel spectrograms are extracted from the audio signals as the
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Fig. 7. The scene graph visualization of Places365-7 under different training epoch number. From first row to last row are bathroom, office, dining room and
living room, respectively. As the training epochs increases, the salient acoustic graph is more concentrated on the important region of interests of the visual
scene, while the contextual acoustic graph is scatted around the entire images for details preservation.

TABLE X
COMPARISON OF THE PROPOSED AGCN WITH DIFFERENT NUMBER OF
TABLE IX NODES
COMPARISON OF THE AGCN AND EXISTING STATE-OF-THE-ART
METHODS ON THE ESC-10, ESC-50 DATASETS. WE PERFORM 5-FOLD Model ESC-10  ESC-50
CROSS-VALIDATION FOLLOWED BY OFFICIAL FOLD SETTINGS. THE AGCN (8 nodes) 96.3 88.3
AVERAGE ACCURACY OF 5-FOLD CROSS-VALIDATION ARE REPORTED. AGCN (12 nodes) 971.5 90.5
AGCN (16 nodes) 97.5 89.6
Model ESC-10  ESC-50 AGCN (20 nodes) 97.0 91.2
KNN [51] 66.7 32.3 AGCN (24 nodes) 98.5 90.8
SVM [51] 67.5 39.6
Random Forest [51] 72.7 443
AlexNet [67] 78.4 78.7
Google Net [67] 63.2 67.8
PiczakCNN [51] 80.5 64.9 . .
SoundNet [68] 037 791 1n1-)ut. of the AGCN. We compare our proposed model with
Multi-Stream CNN [21] 94.2 84.0 existing state-of-the-art methods. Table IX demonstrates the
MelFB+LGTFB+EN-CNN [69] 93.7 88.1 performance of AGCN on the ESC-10 and ESC-50 datasets.
ﬁgf;‘;;?gﬁetworkm] gg% g‘l"g The proposed AGCN reaches state-of-the-art performance on
TS-CNN10 [22] 95.8 88.6 both datasets. In the ESC-10 dataset, our method reaches
ARNN [70] 92.0 - 98.5% classification accuracy, which is higher than TS-CNN10
DA-KL [71] 92.5 - . . . _
ACRNN [72] 037 86.1 about 2.7% accuracy..The. detailed confusion matrix of ESC
AGCN (Ours) 98.0 90.8 10 results are shown in Figure 10. In the ESC-50 dataset, our

method reaches 90.8% classification accuracy, which is 2.2%
higher than TS-CNNI10.
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Fig. 8. Acoustic graphs visualization samples of ESC-10 dataset with 20
nodes configuration. From left to right column, first row to last row order,
the acoustic scene classes are crying baby, rain, sea waves, roster, sneezing,
dog, crackling fire, chainsaw, helicopter, and clock tick, respectively. The gold
circle represents nodes of SAG, and blue circle represents the nodes of CAG.

4) Effective of Node Number: From the Table X, we ob-
served that the influence of nodes numbers to the recognition
accuracy is near linearly correlated. The best accuracy is with
the 24 number of nodes, showing the 98.0% and 90.8%
classification accuracy on the ESC-10, and ESC-50 datasets,
respectively.

5) Visualization of Acoustic Graphs: We show the visual-
ization of automatically constructed SAG and CAG, as shown
in Figure 8. The visualization analysis of SAG shows how
our method focuses on the crucial regions of sound signal
spectrograms. Besides, it shows CAG captures the detailed
patterns of sound signal spectrograms. AGCN well exploited
the sound signal textures and frequency bands textures and
abandoned the less relevant information for acoustic represen-
tation. For instance, in the third row, the left column shows
the spectrograms of a sneezing sound spectrogram, where
the SAG focuses on the essential region with a relatively
strong signal, and the CAG is distributed over the entire
signal frequency bands to preserve the details of acoustic

signal information. The right column shows a sound signal
spectrogram of the dog. It can be seen that the SAG makes
use of the most discriminative signal bands while the CAG
utilizes the signals of different frequencies, and strengths for
a details representation of the acoustic scene.

We have visualized the acoustic graphs during the training
process. It is obvious that as the network training converges,
optimized distribution of acoustic graphs is obtained. The
visualization of the training process is shown in Figure 9. The
first three rows are samples of the ESC-10 dataset. The first
row shows an auditory scene of the dog. In the first column,
the nodes of the SAG are diversified between the contextual
regions and salient regions of signal, then rapidly converge
to the salient regions at the following epochs. The CAG is
scatted around the entire sound signal but then filters out a
small portion of the sound signal between 0-1 second, only to
preserve the more useful information. The second row shows
an acoustic scene of sea waves. At the early stage, like the
first two columns, the SAG is diverged and distributed around
the entire spectrograms and then gradually concerted on two
regions, showing a convergence ability. The CAG is scatted
around the frequency bands to capture the details of each
frequency level, ensuring the signal is well exploited. The third
row shows the sneezing scene. The SAG moves from one place
to another in the first two columns, gradually focusing on the
most discriminative signal regions and forming a distinctive
SAG. The last row is the sheep scene from the ESC-50 dataset,
viewed as an unseen acoustic scene. In the beginning, there
are two locations for the SAG, which are not representative.
Then, the SAG is gradually converging to the most apparent
regions. The CAG is distributed on the high-frequency bands
at the beginning and then spread over the entire frequency
bands for detail preservation.

C. Audio-Visual Scene Classification

1) Datasets: TAU Audio-Visual Scenes 2021 dataset is
used to test the effectiveness of the proposed AGCN. Both the
audio and video samples have a duration of 10 seconds. Based
on the official settings, there are 86K samples in the training
set, and 36K samples in the test set. The audio processing is
the same as the previous environmental sound classification.
To ensure the efficiency of AGCN, we only sample one image
from each video as the input for visual modalities.

ADVANCE dataset is an aerial audio-visual scene recogni-
tion datasets.

2) Results: Figure 11 shows the comparison between the
baseline methods, which shows a substantial improvement has
been achieved. Besides, we compared with the OpenL3-based
methods, where we achieved a relative improvement in VSC
and AVSC tasks. Figure 12 shows the per-class accuracy of
AGCN on three tasks, compared with OpenL.3 based method
[37], our proposed method has better performance on the
VSC task and AVSC tasks. On the VSC and AVSC tasks,
we achieved 89.5 and 91.6 percent accuracy, respectively.
The relative improvement of our proposed AGCN over the
OpenL3-based method on the VSC task is about 31.1%, which
is tremendously surprising. Overall, on the AVSC task, our
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Fig. 9. The visualization of acoustic graphs under different training epochs. The first three rows are roster, sea waves, and sneezing of ESC-10 dataset. The
last row is from ESC-50, which can be viewed as unseen acoustic signal. From first row to last row are rain, roster, sea waves, and helicopter, respectively.
As the training epoch increases, the salient acoustic graph is more concentrated on the important regions of the acoustic scene, while the contextual acoustic
graph is evenly distributed over the entire frequency bands for details preservation.
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Fig. 10. Confusion Matrix for ESC-10 dataset. The results are shown in
percentage (%/100).

relative improvement over the OpenL3-based method is about
8.0%, which suggests a substantial improvement is achieved
by the AGCN. These results suggest the proposed AGCN is
suitable for the AVSC task.

V. CONCLUSION

In this paper, we propose an AGCN network for audio-
visual scene representation that exploits the SAG/SVG and
CAG/CVG for audio-visual scene classification. We explicitly
construct the SAG/SVG that focuses on essential regions of

100

OpenL3
Baseline

N AGCN
80 4

60

40

20

ASC VSC AVSC

Fig. 11. The performance of OpenL3 [37] based method and AGCN on the
ASC, VSC, and AVSC tasks.

audio-visual scene inputs with the most distinctive nodes
selected from feature maps. Meanwhile, to utilize the mean-
ingful background contextual information for better audio-
visual signal modeling, we construct CAG/CVG with average
nodes selected from fused feature attention maps. In addition,
the spatial layouts of scene nodes are preserved with an
adjacency matrix. Extensive experiments have been conducted
on ASC, VSC, and AVSC tasks. These results showed the
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Fig. 12. The per-class accuracy performances of AGCN on the TAU Audio-Visual Scenes 2021 dataset, the ASC, VSC, and AVSC tasks are reported.

TABLE XI
THE UNIMODAL AERIAL SCENE RECOGNITION RESULTS ON THE
ADVANCE DATASET WITH 5 DIFFERENT EXPERIMENTS.

Modality Metrics CTTA [36] AGCN (Ours)
Precision | 31.14 + 0.30 | 48.09 + 2.22
Sound Recall 33.80 + 1.03 | 53.55 + 3.28
Fl-score | 29.66 = 0.13 | 50.40 + 2.52
Precision | 73.97 £ 0.39 | 89.88 + 0.63
Visual Recall 7347 £ 0.52 | 89.47 + 0.69
Fl-score | 73.44 + 0.45 | 89.34 + 0.68

mmm CTTA
B AGCN

Precision Fl-score

Fig. 13. The comparison between AGCN and CTTA on the AVSC task with
ADVANCE dataset.

superiority of AGCN over the previous CNN-based methods.
Moreover, the visualized graphs show the proposed SAG/SVG
and CAG/CVG are semantic meaningful.
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