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Abstract

Scene classification aims to identify scene categories by analyzing environmental informa-
tion. In real-world scenes, scene features are primarily captured through acoustic and visual
modalities. However, environmental complexity and information diversity pose significant
challenges to classification performance. To address the issues of insufficient information
interaction and inadequate feature fusion in traditional segmented fusion methods for
audio–visual data, this paper proposes an audio–visual scene classification method based
on a cross-modal attention mechanism. The fusion mechanism of multi-modal features is
investigated, and scene classification performance is enhanced by optimizing the feature
fusion strategy. The proposed method consists of three components: a cross-modal atten-
tion module, a gating unit, and a residual connection. The cross-modal attention module
achieves adaptive feature alignment by establishing dynamic correlations between audio
and visual features. The multi-modal gating unit employs an adaptive gating mechanism
to dynamically adjust the contribution weight of each modality, thereby alleviating the
information loss problem commonly encountered in traditional methods. The residual
connection module preserves the original modality features to prevent information degra-
dation. The model’s performance is evaluated through testing and validation on real-scene
audio–visual datasets. Multiple sets of experimental results on these datasets demonstrate
that the proposed cross-modal attention method achieves a significant improvement in
classification accuracy.

Keywords: cross-modal; scene classification; multi-modal fusion; attention mechanism

1. Introduction
In real life, people’s perception and understanding of the surrounding environment

rely on the synergy of the auditory and visual perception systems, which provide us
with rich and diverse information and serve as an important basis [1] for interacting
with the environment and comprehending the things around us. Inspired by this, scene
classification [2] can improve model performance by jointly leveraging auditory and visual
information from audio and video data. In the field of data management and retrieval,
audio–visual scene classification enables the orderly categorization of large-scale audio–
visual data and enhances the efficiency with which users search for specific scene content.
In the field of intelligent security, abnormal scenes in surveillance videos can be identified
in real time through audio–visual scene classification [3] technology, and early warning
mechanisms can be triggered promptly to build a strong technical defense [4] line for
protecting life and property safety. Furthermore, for autonomous driving technology,
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audio–visual scene recognition provides a reliable perceptual basis [5] for vehicle decision-
making systems by analyzing sound and image information from the road environment in
real time.

In the field of scene classification research, single-modal and multi-modal methods
represent the two mainstream directions. At present, single-modal scene classification re-
search has achieved significant progress in both the visual and auditory domains, laying the
foundation for multi-modal studies. For example, in the acoustic modality, researchers have
employed audio feature extraction techniques such as Mel-Frequency Cepstral Coefficients
(MFCCs), combined with deep learning models such as convolutional neural networks, to
effectively analyze key information including the frequency, timbre, and rhythm of sound,
thereby enabling the classification of different scenes. In the visual modality, researchers
utilize image recognition algorithms and convolutional neural network techniques to ac-
curately identify features such as object distribution, spatial layout, color, and texture in
images, and subsequently accomplish the scene classification task.

However, the information provided by a single modality has inherent limitations in
complex scene classification. Since a single modality can only reflect partial characteristics
of a scene, the extracted features are one-sided and incomplete, making it difficult to
accurately identify subtle differences [6] between scenes. Taking the acoustic modality as
an example, the problem of background noise is particularly prominent in audio scene
classification tasks. For instance, on bustling and noisy city streets, the sounds of vehicle
engines and horns, crowd bustle, and various environmental noises superimpose on one
another, forming complex acoustic reverberation that seriously interferes with the quality
of audio signals. This interference reduces the signal-to-noise ratio of the audio signal,
and key acoustic features become submerged by noise, which not only diminishes the
classification accuracy of the model but also causes the model to misclassify across scenes
in its classification decisions. The visual modality also has limitations. When lighting
conditions are dim or objects are occluded, image feature extraction is adversely affected.
For example, in nighttime surveillance images, insufficient illumination renders image
details blurred, and it becomes difficult for the model to accurately extract key features for
scene recognition from the limited and fuzzy visual information, resulting in the model’s
inability to recognize the scene correctly.

Therefore, in complex and changeable real-world scenarios, traditional single-modal
scene classification can no longer meet practical demands, and there is an urgent need to
develop scene classification technologies based on multi-modal data fusion. However, this
technology faces multiple challenges. First, at the data level, audio is presented in the form
of time series, with its characteristics mainly reflected in the frequency domain, time domain,
and semantic level, whereas video data are organized as image sequences, with features
including visual content, spatial layout, and temporal dynamic information. The essential
differences between modalities give rise to problems in cross-modal feature alignment and
integration. Second, model-level challenges include the difficulty of rationally designing
fusion strategies. Existing approaches such as early fusion, late fusion, or hybrid fusion
strategies require further exploration regarding how to select the optimal fusion strategy
based on the characteristics of specific scenes. Finally, it is necessary to consider how
to balance the contribution weights of different modalities during the fusion process, so
as to avoid situations where a certain modality dominates model decisions while other
modalities are ignored. To address the above issues, this paper systematically explores
feature extraction, fusion strategies, and weight balancing mechanisms in multi-modal
scene classification, with the aim of proposing a more effective scene classification method.
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In this paper, we deeply explore the potential correlation between audio and video
modalities and give full play to their complementary advantages. The main innovations
are as follows:

1. The cross-modal attention mechanism is introduced to enable information exchange
between audio and visual features prior to feature fusion.

2. The multi-modal gated fusion module employs an adaptive gating mechanism to
dynamically adjust the contribution weight of each modality during feature fusion,
thereby effectively alleviating the information loss problem commonly encountered
in traditional fusion methods.

3. The residual connection module links the original modality features with the fused
features, thereby not only preserving the unique characteristics of each modality but
also preventing excessive loss of the original features during the fusion process.

The main contributions of this paper are threefold. First, we propose a unified multi-
modal fusion framework that synergistically combines cross-modal attention, adaptive
gating, and residual connections for audio–visual scene classification. While these com-
ponents have been individually explored in other domains, their integration for urban
scene understanding is both novel and non-trivial. Second, we provide a key design insight
based on extensive experiments: adding a pre-fused feature stream does not necessarily
improve performance, suggesting that direct cross-modal interaction between the original
modalities is more effective. Third, we contribute a comprehensive empirical evaluation
on the TAU Urban Audio-Visual Scenes 2021 dataset, including ablation studies on each
component and sensitivity analyses of key hyperparameters, thereby establishing a strong
baseline for future research.

When multiple modalities are fused at early or intermediate stages, the original
modality-specific information can be diluted or lost. Our residual connection explicitly
preserves the original modality features throughout the fusion process.Most existing ap-
proaches use fixed fusion strategies (e.g., concatenation or addition) that treat all modalities
equally regardless of the input content. However, the importance of audio vs. visual infor-
mation varies significantly across different scenes—for example, audio is more informative
in a “subway station” (announcements, door sounds), while visual is more informative in
a “park” (landscape, greenery). Our adaptive gating mechanism dynamically adjusts the
contribution of each modality based on the input content.

2. Related Works
Acoustic scene classification (ASC) [7] mainly identifies different indoor and outdoor

environments through acoustic signals. ASC has been widely applied in security mon-
itoring, environmental perception, wearable devices, and smart homes. Influenced by
the Detection and Classification of Acoustic Scenes and Events (DCASE) [8] challenges,
audio scene classification technology has achieved breakthroughs in model accuracy, envi-
ronmental adaptability, and computational efficiency. In the development of audio scene
classification technology, feature extraction is a critical link. Currently, there are two main
technical paths: one is the feature engineering approach based on signal processing, which
constructs a robust acoustic feature representation by mining effective time-frequency
features such as Mel-Frequency Cepstral Coefficients [9] and chroma features. The other
is the automatic learning of features based on deep learning. At present, research ex-
hibits a trend of multi-technology integration. By improving model robustness through
data augmentation and feature transformation, optimizing computational efficiency using
lightweight network architectures, and exploring cross-modal learning to enhance clas-
sification performance, these technologies are driving the advancement of audio scene
classification technology.

https://doi.org/10.3390/bdcc10070237

https://doi.org/10.3390/bdcc10070237


Big Data Cogn. Comput. 2026, 10, 237 4 of 21

Rambabu et al. [10] proposed the RSZero-CSAT framework, which enables interaction
between visual and semantic features through a bidirectional Transformer. The SAVT
branch uses semantic attributes to guide visual feature extraction, while the VSAT branch
optimizes semantic representation through visual features. A feature extension encoder
and a multi-level semantic collaboration loss are introduced to promote learning and collab-
oration within the model. Sun et al. [11] proposed a multi-modal aerial scene classification
method to address the problem of sensor data heterogeneity. In this method, an adaptive
zero-crossing rate module converts time-series sensor data into image representations to
achieve modal alignment at the original data level, a dedicated alignment fusion module is
designed to accomplish information fusion at the feature level, and a multi-modal align-
ment loss function is optimized for training. Experiments demonstrate that the average
classification accuracy of the proposed method surpasses that of existing methods on
multiple benchmark datasets.

In recent years, the fusion of visual and auditory signals has driven the rise [12] of
multi-modal analysis. Traditionally, the field of auditory analysis has focused on extracting
various types of information from audio signals, including frequency, intensity, timbre,
sound source, and temporal variation trends. The visual field, on the other hand, concen-
trates on extracting rich spatial information from images and videos, such as the shape,
color, and location of objects, as well as the overall layout of scenes. With the continu-
ous advancement of deep learning technologies, recurrent neural networks (RNNs) [13]
and their variants, such as Long Short-Term Memory (LSTM) [14] networks and Gated
Recurrent Units (GRUs) [15], have been widely adopted in acoustic scene classification
tasks due to their capability in processing temporal information in audio sequences. In the
visual domain, convolutional neural networks (CNNs) can efficiently extract hierarchical
features from images, progressively advancing from low-level features such as edges and
textures to abstract representations of objects and scenes. Recently, Yin et al. [16] proposed
a Multi-Modal Multi-Scale Temporal Enhancement Network that captures temporal de-
pendencies at multiple scales for audio–visual scene classification. This work highlights
the importance of temporal modeling in multi-modal fusion, complementing our focus on
cross-modal feature interaction. In the domain of driving scene understanding, Cantarini
et al. [17] introduced the A3CarScene dataset, which provides synchronized audio–visual
recordings for autonomous driving scenarios. While their dataset is tailored to driving
contexts, our work targets a broader range of urban scenes, encompassing both indoor and
outdoor environments.

The attention mechanism has made significant contributions to the field of multi-modal
fusion. The Multi-modal Attention Fusion Network (MAFnet) proposed by Brousmiche
et al. [18] dynamically fuses audio and visual features through modal and temporal atten-
tion mechanisms, employs FiLM layers to achieve cross-modal interaction, and addresses
the problem of divergent modal learning speeds via a random discarding strategy. The
proposed network effectively improves the performance of video event recognition. Build-
ing upon this, Wang et al. [19] proposed a multi-modal audio–visual scene classification
method that extracts audio and visual features using CNNs and ResNet, respectively, and
employs a bidirectional attention mechanism to achieve cross-modal fusion. By introducing
hierarchical feature fusion and an adaptive optimization strategy, the proposed method
outperforms the single-modal approach by more than 15% in accuracy on mainstream
datasets and exhibits strong robustness, particularly in noisy environments. Meanwhile,
important progress has also been made in lightweight attention design. Duan et al. [20]
proposed the DG-SCT attention mechanism, which dynamically adjusts the parameters
of a pre-trained model through mutual audio–visual prompting. This method keeps the
pre-trained model frozen and introduces only a small number of additional parameters
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to achieve cross-modal feature optimization, thereby providing an efficient solution for
multi-modal learning.

With the widespread adoption of the Transformer architecture, its advantages in tem-
poral sequence modeling have become increasingly prominent. Sahu et al. [21] proposed
a novel self-attention module to address the insufficient application of Transformers in
video understanding and the difficulty of exploiting strong temporal relationships be-
tween adjacent video frames to obtain powerful frame-level representations. This module
leverages both local and global temporal relationships between video frames to capture
more comprehensive contextual information for individual frames, enabling the model to
understand video content at multiple granularities. Meanwhile, multi-scale feature fusion
has also achieved breakthroughs. Zhou et al. [22] proposed a Feature Pyramid Attention
Network (FPANet) to tackle the problem of multi-scale feature fusion in audio–visual scene
classification tasks. This method constructs a Feature Pyramid Attention Module (FPAM),
which unifies feature scales across different levels through dimensional alignment and
employs pyramid spatial attention and channel attention to focus on key spatial regions
and temporal frames, thereby verifying its capability to effectively attend to semantically
relevant regions.

In terms of data augmentation, Wang et al. [23] proposed an audio–visual scene clas-
sification method that combines joint modeling with data augmentation. A pre-trained
image network is used to extract video features, while the audio network is trained from
scratch to achieve modality-specific representations. Meanwhile, the effectiveness of var-
ious image enhancement operations in RandAugment is systematically compared. On
the TAU 2021 dataset [24], the proposed method achieves the best result of the DCASE
competition with an accuracy of 94.2%, thereby verifying the effectiveness of cross-modal
collaborative learning in scene classification tasks. In the field of decision fusion, Pham
et al. [25] constructed an audio–visual dataset containing five types of crowded scenes and
proposed a multi-modal deep learning framework. By fusing Mel, CQT, and Gammatone
spectral features and fine-tuning the visual network, combined with the PROD decision
fusion strategy, a classification accuracy of 95.7% is achieved on the self-built dataset, which
verifies the effectiveness of multi-modal fusion for complex scene understanding.

In terms of self-supervised learning, Suzuki et al. [26] proposed an audio–visual cate-
gory association method based on two-stage self-supervised contrastive learning. In the first
stage, one-to-one, one-to-many, and many-to-many correspondences are learned through
self-supervised contrastive learning. In the second stage, for cases without correspondence,
a dataset is constructed by analyzing the variation trends of category embeddings for
contrastive learning. Experiments show that the F1 score of category embedding reaches
76.6%, which is 1.86 percentage points higher than that of the first stage, and the method
can effectively predict audio–visual correspondences in real-world environments. This
approach overcomes the limitations of traditional one-to-one associations and offers a new
perspective for multi-modal scene understanding in complex environments. In the field
of generative methods, Sung-Bin et al. [27] proposed a novel method for sound-to-visual
scene generation through audio–visual latent alignment. To bridge the information gap
between audio and visual modalities, a staged learning strategy is introduced. First, audio
features are mapped to the visual latent space via cross-modal alignment, and then scene
images are synthesized using a pre-trained generator. To improve generation quality, the
method incorporates sound source localization techniques to select strongly correlated
audio–visual pairs as training data. Experiments on the VEGAS and VGGSound datasets
demonstrate that the generation quality of the proposed method significantly outperforms
that of existing approaches. The study further shows that controllable editing of the gener-
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ated results can be achieved through simple manipulations of the input waveform or the
latent space, offering new insights for cross-modal generation tasks.

Gadzicki et al. [28] conducted systematic studies on modality integration that laid
an important foundation for the field. They compared early and late fusion strategies
in multi-modal scene classification and found that early fusion, which integrates data
directly at the feature level, is suitable for scenes where modalities are well aligned and
can effectively capture inter-modal correlations. In contrast, late fusion, which first models
each modality independently and then fuses the results, offers greater flexibility.

Overall, compared with single-modal scene classification, multi-modal scene classifi-
cation benefits from a more robust data foundation. Multi-modal fusion enables the model
to perceive a scene from multiple dimensions, and information from different modalities
can complement each other, thereby providing a more complete and accurate description
of the scene. However, the optimization of multi-modal feature extraction methods and
the selection of more suitable fusion models still require further exploration. In terms of
feature extraction, although numerous feature extraction methods have been developed for
different modalities, designing extraction methods that are well suited to the characteristics
of each modality remains a challenge. In addition, how to design adaptive fusion models
that can automatically adjust the fusion strategy according to the characteristics of different
modal data and task requirements is also a current research focus and difficulty.

Existing methods typically project audio and video features into a common space
through independent linear projections, but they do not explicitly model the cross-modal
correlations during this projection. This results in aligned features that may still be sub-
optimal for cross-modal interaction. Our cross-modal attention mechanism addresses this
by computing attention weights that explicitly measure the relevance between each audio
feature and each video feature.

3. Proposed Method
3.1. Cross-Modal Attention Mechanism Scene Classification Method
Audio and Video Scene Classification Network

In terms of feature extraction, as shown in Figure 1: (1) For the audio modality, this
paper proposes an audio scene classification method based on improved scSE network
and multi-attention mechanism. This method adopts a progressive feature optimization
strategy to enhance the discriminative capability of the model for complex acoustic scenes.
(2) For the video modality, this paper proposes a video scene classification method based on
Residual Gated Recurrent Unit (Res-GRU). This method leverages the hierarchical structure
of the convolutional neural network (ResNet50) to progressively extract features, and
constructs a hybrid deep learning model by combining the advantages of recurrent neural
networks in temporal data processing, to collaboratively improve the capability of spatial
feature extraction and temporal modeling. For detailed technical specifications, please refer
to Table 1.

Table 1. Architectural specifications.

Configuration Value

Audio backbone VGGish (pre-trained on AudioSet)
Audio feature dimension 128

Video backbone ResNet-50 (pre-trained on ImageNet)
Video feature dimension 2048
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(a) Audio subnetwork

(b) Video subnetwork

Figure 1. Audio−video network for feature extraction.

To address the shortcomings of existing audio–visual scene classification networks
in feature fusion, this study proposes a fusion method based on a cross-modal attention
mechanism. Currently, the fusion strategies employed by mainstream audio–visual scene
classification methods exhibit the following limitations. On the one hand, the majority of
networks adopt concatenation-based or addition-based fusion approaches, which merely
combine audio and visual features in a simplistic manner. In practice, due to the lack of
a deep interaction mechanism, these approaches struggle to effectively associate audio
and visual features, making it difficult to mine the potential complementary information
between the two modalities. This results in insufficient feature matching accuracy, which
ultimately compromises the overall fusion quality. On the other hand, most existing studies
on attention-based multi-modal scene classification compute attention weights within
the same modality. Even when some methods employ Transformer-based self-attention
mechanisms to explore inter-modal feature relationships, they fail to fully consider the
intrinsic correlations between audio and visual features when calculating attention weights.
As a result, the complementary advantages of the acoustic and visual modalities are difficult
to exploit. To address the above problems, this study introduces a cross-modal attention
mechanism. Prior to feature fusion, this mechanism facilitates bidirectional information
interaction between audio and visual features, enhancing feature complementarity by
constructing correlation relationships across modalities. Based on this, two architectures—a
two-stream fusion network and a three-stream fusion network—are proposed. During the
experiments, it is observed that the performance of the three-stream fusion scheme does
not meet expectations and is weaker than that of the two-stream fusion. This phenomenon
indicates that although increasing the number of modality streams can theoretically enrich
the information dimension, factors such as redundancy among multi-modal features, the
complexity of cross-modal attention weight allocation, and information overload during
model training constrain the synergy of the three-stream system.

The architecture first extracts high-quality feature representations through dedicated
audio subsets and video subsets, respectively, and then introduces a gating mechanism
to dynamically adjust the cross-modal information flow. Specifically, the spliced audio
and video features undergo weight matrix transformation, bias adjustment, and nonlinear
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activation to generate semantic-aware gated values, so as to realize the adaptive interaction
of cross-modal information. As an extension of the bi-modal network, the integrated multi
modal network takes the original audio and video splicing features as the third modal
input, which inherits the core processing flow of the bi-modal network. Both architectures
adopt a unified post-processing paradigm to ensure the consistency and comparability of
methods. The architecture diagram of the two-stream fusion network is shown in Figure 2,
and the architecture diagram of the three-stream fusion network is shown in Figure 3.

Figure 2. Two−stream fusion network.

Figure 3. Threes−tream fusion network.

3.2. Cross-Modal Attention Mechanism

Cross-modal attention is a multi-modal data processing method, which establishes the
interaction between different modalities by dynamically calculating the attention weights
between different modalities. The core of this method is to establish a dynamic correlation
mechanism between modalities. Given the feature representations of the two modalities,
the attention weights are obtained by normalization processing, and these weights are
used to perform weighted fusion of features, so as to improve the expression ability of the
fused features.

Different from the traditional shallow fusion methods such as feature concatenation
or simple addition, the cross-modal attention mechanism can explicitly model the com-
plex correlation between modalities. The core of the cross-modal attention mechanism is
bidirectional information complementarity: the features of each modality are adaptively
weighted according to the attention weight of the other modality, so as to realize deep inter-
action between modalities. Compared with the common attention mechanism that only
focuses on the internal relationship of a single modality, cross-modal attention enforces the
information exchange between modalities, and effectively improves the accuracy of feature
matching by dynamically focusing on key cross-modal information. More importantly,
the proposed mechanism has the advantage of robustness: when there is noise interfer-
ence in one modality, the other modality can be effectively compensated by the attention
weight to ensure the stable performance of the system. Based on sound, depending on the
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two-mode-using cross-modal attention mechanism, inspired by tri-modal approaches, after
the introduction of the audio–visual mode as the joined-together third mode, based on
three-stream applications across the modal attention mechanism, as shown in Figure 4.

(a) Two−stream (b) Threes−tream

Figure 4. Cross-modal attention mechanism.

In early multi-modal research, feature fusion methods based on early fusion were
widely adopted before the introduction of attention mechanisms. This kind of method uses
a mathematical expression such as Equation (1):

Iconcat = Concatenate(A · V)) (1)

where A and V represent the feature vectors of audio and video, respectively. By directly
connecting and combining the feature vectors of different modalities, this method retains
the original feature information of each modality to the greatest extent. However, this fusion
strategy has several significant limitations. First, this approach lacks explicit modeling
of the interrelations and interactions between modalities. This lack of modeling ability
makes it difficult for the model to fully exploit the potential correlation between different
modal features, and thus cannot effectively use the complementary information between
modalities to improve the performance of the model. Secondly, this method uses an
equal-weighting strategy to deal with all modal features, ignoring that the importance of
different modal features for specific tasks may be significantly different. This indiscriminate
treatment may lead to the key features not being paid enough attention, while the secondary
features receive too much attention, which ultimately affects the discriminative ability of
the model.

More importantly, because the method combines the original features directly, when
there are noise or outliers in a certain modal feature, these interference factors will directly
affect the quality of the whole fusion feature. This effect will significantly reduce the noise
propagation model of robustness and reliability prediction. Especially when dealing with
complex multi-modal data, these defects become more prominent, making simple feature
concatenation methods often difficult to achieve ideal performance.

In specific applications such as scene classification, these limitations are particularly
obvious. Due to the significant difference in the contribution of audio and visual features
to scene classification, it is difficult to make optimal use of complementary information of
each modality by simple feature concatenation. This may lead to two serious consequences.
On the one hand, the key features that are discriminative for the classification task may
be ignored by the model. On the other hand, when there is low relevance between scene
classification and the characteristics of the model, these features actually act as noise
interference, and will eventually reduce the scene classification and the accuracy of the
overall performance of the model.

To address the above challenges of multi-modal fusion, this paper proposes an audio
and video scene classification method based on a cross-modal attention mechanism. The
contribution of each modal feature is dynamically adjusted through the attention mech-
anism, and the key information of different modal data is adaptively mined to solve the
problem of information collaboration between modalities.
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3.2.1. Two-Stream Cross-Modal Attention Mechanism

To illustrate the proposed cross-modal attention mechanism, we take the ’subway
station’ scene as a concrete example. In this scene, the audio modality may capture sounds
such as train announcements, footsteps, and platform door operations, while the visual
modality captures platform layouts, crowd distributions, and signage. When the audio
modality detects a train arrival announcement, the cross-modal attention mechanism Oa→v

computes high attention weights for visual regions corresponding to platform edges and
crowd movement areas. This enables the model to leverage audio cues to guide visual
feature extraction, effectively achieving cross-modal information guidance. Conversely,
when the visual modality detects crowded platform conditions, Ov→a guides the audio
modality to focus more on announcement sounds and warning signals. This bidirectional
information exchange allows the model to exploit complementary information from both
modalities for more accurate scene classification.

The audio and video scene classification network based on cross-modal attention firstly
extracts audio features A and video features V through the audio subnetwork and the video
subnetwork. Due to the different dimensions of audio and video data in the original state,
direct fusion will lead to information loss or not effective collaboration. Therefore, audio
features A and video features V need to be projected to a unified dimension dk through
linear transformation, and the transformation formula is shown in Equations (2) and (3):

Ha = WaA + ba (2)

Hv = WvV + bv (3)

where Wa and Wv are the weight matrix, ba and bv are the bias vector.
The bias vector introduces a learnable constant term for the feature transformation to

improve the data fitting ability of the model. Through this transformation, audio and video
features are mapped to the same dimensional space. Cross-modal attention is achieved by
multi-head attention, which is calculated in Equations (4) and (5):

Oa→v = MultiHeadAttention(Q = Ha, K = Hv, V = Hv) (4)

Ov→a = MultiHeadAttention(Q = Hv, K = Ha, V = Ha) (5)

Intuitively, Oa→v computes the attention that audio features pay to video features. A
high attention weight indicates that certain audio cues are strongly correlated with specific
visual regions—for example, in a ‘subway station,’ the sound of a train announcement (A)
should direct the model’s visual attention to platform areas (V) where passengers are
boarding. This allows audio modality to guide visual feature extraction.

Similarly, Ov→a computes the attention that video features pay to audio features.
For instance, when the visual modality detects crowded conditions in a shopping
mall (V), it guides the audio modality to focus more on crowd noise and ambient
sounds (A). This bidirectional mechanism ensures that both modalities mutually enhance
each other’s representations.

When calculating, Oa→v takes Ha as the query vector Q, and Hv is used as both the key
vector K and the value vector V. The model measures the degree of attention that audio
features pay to video features by calculating the attention score between audio features and
video features, and then obtains the cross-modal attention output from audio to video. This
process is conducive to the model to deeply explore the guiding effect of audio modality
on video modality information attention. Ov→a takes Hv as the query vector Q, and Ha is
used as both the key vector K and the value vector V, and the cross-modal attention output
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from video to audio is calculated to achieve bidirectional information interaction between
modalities.

3.2.2. Three-Stream Cross-Modal Attention Mechanism

Let the feature vectors of the fused audio and video be A and V respectively, and
the fused feature F after the simple concatenation of audio and video in the previous text.
To achieve multi-modal feature alignment, each modality feature is projected to a unified
dimension dk through linear transformation. Among the four options, 128, 256, 512, and
1024, under the same experimental conditions, the best results were obtained when dk was
set to 512 in this study. 

Ha = WaA + ba,
Hv = WvV + bv,
Hf = Wf V + bf ,

(6)

where Wa, Wv, and Wf are the learnable weight matrix, and ba, bv, and bf are the bias
term. Through this step, the audio, video and fusion features are mapped to a unified
dimensional space, which lays a foundation for subsequent multi-modal feature interaction
and ensures that information from different sources can be fused at the same scale. Cross-
modal attention is realized by multi-head attention, and the attention formula of the video
is shown in Equation (7):

Ov→a = MultiHeadAttention(Q = Hv, K = Ha, V = Ha),
Ov→f = MultiHeadAttention(Q = Hv, K = Hf , V = Hf ),

Ov→af =
Ov→a + Ov→f

2
,

(7)

where Ov→af is the cross-modal output of the video modality.
When calculating, the video feature Hv is taken as the query vector bQ, while the

audio features Ha and Hf serve as both the key vector k and the value vector v. The model
computes the attention scores between the video feature and the audio features, as well as
the fused features, to obtain the cross-modal attention output Ov→af . Similarly, the attention
calculation formula for audio can be derived as shown in Equation (8):

Oa→v = MultiHeadAttention(Q = Ha, K = Hv, V = Hv),
Oa→f = MultiHeadAttention(Q = Ha, K = Hf , V = Hf ),

Oa→vf =
Oa→v + Oa→f

2
,

(8)

The attention formula of the fused features is shown in Equation (9):
Of→a = MultiHeadAttention(Q = Hf , K = Ha, V = Ha),
Of→v = MultiHeadAttention(Q = Hf , K = Hv, V = Hv),

Of→av =
Of→a + Of→v

2
,

(9)

We note that the ‘third stream’ in this architecture is not an independent modality (e.g.,
language or text), but rather a fused feature representation F = Concet(A, V) that serves as
an additional information source to study whether introducing a pre-fused representation
provides complementary benefits beyond direct cross-modal attention between the two
original modalities.

3.3. Multi-Modal Gating Mechanism

The theoretical basis of gating mechanisms in the field of deep learning stems from the
cross-fusion of neuroscience and control theory. From the perspective of neuroscience, the
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gating mechanism simulates the principle of synaptic plasticity in the human brain, and
realizes the dynamic control of information flow through a similar way to the regulation
of neurotransmitters. In the framework of control theory, the gating mechanism acts as
an adaptive feedback regulation system, which can automatically adjust the information
transmission path according to the importance of input features. At the mathematical
level, the gating unit usually uses a differentiable function such as Sigmoid or Softmax to
construct a probabilistic weight assignment model, which can not only ensure gradient
backpropagation, but also maintain computational efficiency. The mechanism, by thinning
the weights in the feature space to realize feature selection, has the flexibility to adapt to
changes in the data distribution.

The current theoretical development of the gating mechanism shows a multi-
dimensional evolution trend. At the structural design level, the early single-gating ar-
chitecture has developed into a hierarchical gating architecture, which has realized the leap
from global control to local fine-grained regulation. In terms of computational paradigm,
the fusion use of hard and soft gating breaks the boundary between discrete and continuous
decision-making. In terms of theoretical depth, the latest research has begun to introduce
the information bottleneck theory into gating design to optimize the feature selection pro-
cess by maximizing the effective information compression. In terms of gating mechanism
and model of concentration, sparse coding theory provides the profound inner link; for
example, attention mechanism gating can be regarded as a special kind of space, and the
gating weight itself has the natural features of sparse representation.

The theoretical advantages of the gating mechanism are mainly reflected in three
aspects. Firstly, differential continuity ensures the gradient stability in end-to-end train-
ing. Secondly, the parameter efficiency makes it achieve a good balance between model
complexity and performance. Most importantly, its dynamic adaptability enables it to
automatically respond to the changing characteristics of input data. These features make
it so that multi-modal fusion can perform time-series modeling of complex tasks, such as
loose unique value. However, this mechanism still faces theoretical challenges such as
gradient saturation and initialization sensitivity. With the development of new technologies
such as differentiable architecture search, the gating mechanism is evolving towards a more
intelligent and adaptive direction, and its theoretical system is continuously enriched and
improved.

3.3.1. Two-Stream Attention Gating Mechanism

Gav = σ(Concat(Oa→v, A)Wav
g + bav

g ) (10)

Gva = σ(Concat(Ov→a, V)Wva
g + bva

g ) (11)

In the formula, Concat(Oa→v, A) is obtained by first concatenating the audio feature
Oa→v obtained through cross-modal attention with the original audio feature A, then multi-
plying by the weight matrix Wav

g and adding the bias matrix bav
g , and finally compressing

the result to the range of 0 to 1 through the activation function σ to obtain the gating value
Gav from audio to video. This value measures the importance of cross-modal information
interaction between audio and video. The principle of Gva is similar to this. Based on the
importance of features determined by the gating mechanism, the interactive information
between different modalities is weighted to improve the quality of fusion features. The
weighted output is given in Equations (12) and (13):

O
′
a→v = Oa→v ⊙ Gav + A ⊙ (1 − Gav)) (12)

O
′
v→a = Ov→a ⊙ Gva + V ⊙ (1 − Gva)) (13)
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where ⊙ denotes element-wise multiplication.
The residual connection can make the model easier to learn and avoid the gradient

problem during deep network training. The residual connection and output are shown in
Equations (14) and (15):

Za = LayerNorm(A + O
′
a→v) (14)

Zv = LayerNorm(V + O
′
v→a) (15)

where LayerNorm denotes the layer normalization operation.
Fusing the gating, the output is shown in Equation (16):

Output = Concat(Za, Zv) (16)

After a series of processing steps, the fused audio and video features are transformed
into specific classification results, as shown in Equation (17):

P(y) = softmax(Wc · Output) (17)

3.3.2. Three-Stream Attention Gating Mechanism

The contribution of each modal attention output is dynamically adjusted through
the gating weight. The mathematical formula of the gating mechanism is shown in
Equation (18): 

Gvaf = σ(Concat(Ov→af , V)Wvaf
g + bvaf

g ),

Gavf = σ(Concat(Oa→vf , A)Wavf
g + bavf

g ),

Gfav = σ(Concat(Of→av, F)Wfav
g + bfav

g ),

(18)

where σ is the Sigmoid function.
Generate gating values between 0 and 1. See Equation (19) for the gating output:

O
′
v→af = Ov→af ⊙ Gvaf + V ⊙ (1 − Gvaf ),

O
′
a→vf = Oa→vf ⊙ Gavf + A ⊙ (1 − Gavf ),

O
′
f→av = Of→av ⊙ Gfva + F ⊙ (1 − Gfva),

(19)

where ⊙ denotes element-wise multiplication.
The residual connection can make it easier for the model to learn and avoid the

gradient problem during deep network training. The residual connection and output are
shown in Equation (20): 

Zv = LayerNorm(V + O
′
v→af ),

Za = LayerNorm(A + O
′
a→vf ),

Zf = LayerNorm(F + O
′
f→av),

(20)

The same can be said for three-stream fusion: Zvv, Za, Zf , as shown in Equation (21):

Output = Concat(Zv, Za, Zf ) (21)

The fused audio and video features are transformed into specific classification results,
as shown in Equation (22):

P(y) = softmax(Wc · Output) (22)

where Wc is the weight matrix of the classification layer of the model.
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4. Experiment with Related Settings
4.1. Experimental Environment

The experimental environment is based on Ubuntu 20.04 operating system, using and
PyCharm as an integrated development environment, and the programming language is
Python. The computing hardware configuration includes a vGPU with 32 GB of video
memory, a 24-core AMD EPYC 7T83 processor, and 90 GB of RAM. The deep learning
framework uses TensorFlow and CUDA 11.6 for GPU-accelerated computation. The
detailed experimental environment configuration parameters are shown in Table 2.

Table 2. Experimental environment configuration.

Experimental Environment Environment Configuration

GPU vGPU-32 GB
CPU 24 vCPU AMD EPYC 7T83 64-Core Processor

Memory 90 GB
Operating environment Ubuntu 20.04

Model framework TensorFlow
CUDA version 11.6

Programming language Python
Python 3.7

PyCharm 2021.2.2

4.2. Dataset Configuration

This study uses the TAU 2021 Urban Audio-Visual Dataset [24], released for Task 1B
of the DCASE 2021 challenge, as the experimental dataset. The dataset consists of 10-s MP4
video and WAV audio files, with a total duration of approximately 34 h. Collected from
eight European cities—including Amsterdam and Barcelona—between 2018 and 2019, the
data are annotated according to ten typical urban scenes, such as public squares, street
traffic, and airports. These scenes can be further categorized into three major types: indoor,
outdoor, and transportation areas. Detailed information about the dataset is shown in
Table 3.

Table 3. Details of datasets.

Scenario Training Set Test Set

Airport 697 281
Shopping malls 841 387
Subway stations 893 386
Pedestrian street 968 421

Public square 982 387
Street traffic 985 402

Streetcar 763 308
Buses 806 327
Metro 893 386
Parks 1006 386
Total 8645 3645

In the data preprocessing stage, Gammatone filter banks are employed to extract
time-frequency features from the audio data, effectively preserving both the temporal and
spectral characteristics of the sound signal. For video data processing, key frames are
extracted using frame sampling techniques, which significantly reduces computational
complexity while ensuring the representativeness of the extracted features.

https://doi.org/10.3390/bdcc10070237

https://doi.org/10.3390/bdcc10070237


Big Data Cogn. Comput. 2026, 10, 237 15 of 21

4.3. Experimental Parameter Settings

The following parameter configurations were adopted in this experiment: Acoustic
and visual features were extracted using their respective audio and visual uni-modal
feature extraction networks. For the multi-class classification task, the cross-entropy loss
function was employed, and the Adam optimizer was used for algorithm optimization,
with an initial learning rate of 0.01 and a weight decay coefficient of 0.1. The model was
trained for 200 epochs, and the batch size was fixed at 32. The projection dimension dk

was set to 512, and the number of attention heads was 8. The dropout rate was set to 0.1.
Detailed hyperparameter configurations are provided in Table 4.

Table 4. Basic hyperparameter table.

Parameter Names Parameter Value

Audio dimensions 64 × 50 × 32
Image dimensions 224 × 224 × 3

Batch size 32
Learning rate 0.0001

Optimizer Adam
Epoch 200

Projection dimension dk 512
Number of attention heads 8

Dropout rate 0.1

4.4. Experimental Results and Analysis
4.4.1. Comparison of Experimental Results and Analysis

Based on the results obtained on the test set, the two-stream fusion model and the three-
stream fusion model proposed in this paper are compared and analyzed against (DCASE
2021 official), with the results being presented in Table 5. As a CNN-based dual-stream
network, the model in Hou et al. [29] outperforms all other CNN-only approaches in the
DCASE 2021 challenge. Naranjo et al. [30] presented a CRNN with Squeeze-excitation
blocks, representing an attention-based extension of conventional CNN approaches. The
data show that the bi-modal fusion model achieves an average accuracy of 89.3% in
the video scene classification task, surpassing the baseline model’s average accuracy of
77.0% and outperforming the best-performing comparison model ([25]) by 0.9 percentage
points, thereby confirming the effectiveness of combining cross-modal attention with a
gating mechanism. In dynamic scene classification, the advantages of the two-stream
model are particularly significant. In the subway station scene, the proposed model
achieves an accuracy of 96.2%, which is only 0.5 percentage points lower than that of the
Naranjo et al. [30]. model. For the metro and bus scenes, the accuracies reach 94.1% and
94.4%, respectively, ranking among the top results across all compared models. In the
pedestrian street scene, the model attains an accuracy of 92.9%, which is 20.2 percentage
points higher than the baseline and 10 percentage points higher than the best-performing
Pham model [31] among comparable methods. In terms of scene coverage, the bi-modal
model achieves superior classification accuracy compared to mainstream methods in 8
out of the 10 scene types. In scenes with complex environmental characteristics, such
as street traffic and public squares, the proposed model reaches accuracies of 91.5% and
86.1%, respectively—1.9 and 15 percentage points higher than the baseline—demonstrating
stronger feature adaptability and robustness.
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Table 5. Experimental environment configuration (%).

Scenario Baseline System Hou [29] Naranjo [30] Pham [31] Tri-Modal Bi-Modal

Airport 66.8 82.8 78.6 84.8 82.9 83.4
Shopping malls 72.6 86.7 91.8 89.6 87.4 86.1
Subway stations 80.8 95.1 97.7 96.7 95.3 96.2
Pedestrian street 72.7 81.8 80.2 82.9 92.5 92.9

Public square 71.1 70.4 78.2 77.4 81.5 86.1
Street traffic 89.6 94.1 95.7 93.7 90.0 91.5

Trams 73.1 73.3 74.3 81.0 73.8 76.2
Buses 85.9 83.5 86.9 92.3 94.2 94.4
Metro 80.4 88.1 82.6 88.7 96.8 94.1
Parks 77.2 100 99.4 97.3 93.2 92.4
Mean 77.0 85.6 86.5 88.4 88.8 89.3

According to the bar chart of loss value in Figure 5, the bi-modal-plus-gating-
mechanism model showed the lowest loss value in the comparison experiment, which
verified the effectiveness of the model design. The model performs dynamic and adaptive
fusion of multi-modal features through the gating mechanism, which can automatically
filter effective information during the training process and reduce the redundant inter-
ference caused by traditional feature fusion. This mechanism makes the model converge
more stably in iterative optimization and effectively reduces the training fluctuation. From
the perspective of performance correlation, the 89.3% classification accuracy achieved
by the model and the lowest loss value form a validation closed loop: a low loss value
indicates a high degree of model parameter optimization, while a high accuracy reflects
its strong generalization ability. The two jointly prove the effectiveness of the model in
the task of video scene understanding. In complex dynamic scenes, the gating mechanism
realizes the accurate weighted fusion of information by quantifying the contribution of
each modal feature, enhances the adaptability of the model to environmental changes, and
thus improves the overall performance of scene classification.

Figure 5. Bar chart of comparative experimental loss value.

4.4.2. Ablation Experimental Results and Analysis

Based on the experimental data in Table 6, the two-stream model with the gating
mechanism achieved the best performance among all compared schemes, attaining an
average accuracy of 89.3%. Compared with the two-stream model without gating, the
proposed model yields a 1.2 percentage point improvement in accuracy, demonstrating a
significant advantage in dynamic scene classification: the accuracies for subway station,
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tram, and bus scenes reach 96.2%, 76.2%, and 94.4%, respectively. The gating mechanism
contributes substantially to the performance improvement. In dynamic scenarios, the
model achieves an average accuracy of 88.9%, further validating the effectiveness of the
gating mechanism in enhancing the classification capability of the model.

Table 6. Comparison table of accuracy results of ablation experiments (%).

Scenario Three-Stream Without Gating
Mechanism

Two-Stream Without Gating
Mechanism Tri-Modal Bi-Modal

Airport 80.1 82.3 82.9 83.4
Shopping mall 80.9 82.5 87.4 86.1

Subway stations 90.8 94.2 95.3 96.2
Pedestrian street 91.4 91.4 92.5 92.9

Public square 88.2 87.8 81.5 86.1
Street traffic 91.6 92.0 90.0 91.5

Trams 72.8 70.3 73.8 76.2
Buses 84.9 93.9 94.2 94.4
Metro 92.8 95.7 96.8 94.1
Parks 92.1 90.9 93.2 92.4
Mean 86.6 88.1 88.8 89.3

It can be seen from the comparison bar chart of model loss value in Figure 6 that the
loss value of the three-stream model without gating unit is 0.460, the two-stream model
without the gating unit is 0.405, the three-stream model with gating unit is 0.387, and the
two-stream model with the gating unit is the lowest, 0.337. This shows that the gating
unit can effectively reduce the model loss value. With the assistance of the gating unit, the
training effects of the bi-modal and tri-modal models are improved, and the bi-modal-plus-
gating-unit model has obvious advantages, which can more accurately regulate feature
fusion, reduce training errors, and optimize model performance.

Figure 6. Bar chart of loss value in ablation experiment.

According to the precision and F1-score results for each scene of the ablation models
presented in Table 7, the performance of both the two-stream and three-stream configu-
rations is improved after the introduction of the gating mechanism, with increases in the
average precision and F1-score values, which is consistent with the performance improve-
ments discussed in the paper. This reflects the optimization effect of the gating mechanism
on feature fusion. Meanwhile, the two-stream configuration outperforms the three-stream
model in terms of both the mean precision and F1-score values as well as in most individual
scenes, thereby validating the effectiveness of the reduced modality combination. These
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results corroborate the accuracy experiments and fully demonstrate the critical role of the
gating mechanism in improving the scene classification performance of the model.

Table 7. Comparison table of ablation experimental results (%).

Comparison of Precision (%)
Results for Each Type of Scenario

Comparison of F1-Score (%)
Results for Each Type of Scenario

Scenario Three-
Stream

Without
Gating Unit

Two-Stream
Without

Gating Unit

Three-
Stream Plus
Gating Unit

Two-
Stream

Plus Gating
Unit

Three-
Stream

Without
Gating Unit

Two-Stream
Without

Gating Unit

Three-
Stream

Plus Gating

Two-
Stream

Gating Unit

Airport 94.1 85.1 88.2 89.5 86.5 83.7 85.5 86.4
Shopping malls 87.1 87.5 89.3 88.3 88.9 90.7 92.2 92.1
Subway stations 81.0 92.6 87.7 90.1 85.9 92.0 90.0 91.5
Pedestrian street 89.7 87.3 89.3 89.7 88.9 87.6 85.2 87.9

Street traffic 90.2 92.5 95.3 94.9 90.9 92.3 92.6 93.2
Trams 71.9 73.6 80.3 78.0 72.4 71.9 76.9 77.1
Buses 80.3 84.5 82.3 83.0 82.5 89.0 87.8 88.3
Metro 88.4 91.0 93.9 95.9 90.6 93.3 95.3 95.0
Parks 97.0 96.8 96.3 97.0 94.5 93.7 94.8 94.6
Mean 86.9 88.0 88.9 89.5 86.6 88.0 88.7 89.3

4.4.3. Visualization Results and Analysis

The confusion matrix of the audio and video scene classification method based on the
cross-modal attention mechanism on the test set is shown in Figure 7.

(a) Tri-mode without gating mechanism (b) Two-stream without gating mechanism

(c) Tri-mode gated mechanism (d) Two-stream gated mechanism

Figure 7. Confusion matrix for audio and video scene classification.
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By comparing the confusion matrix, it was found that after adding the gating mech-
anism, the proportion of correct classification of the three-stream model and two-stream
model in multiple scenes was significantly improved. In the two-stream model, the accu-
racy of shopping mall scene increased, and the probability of confusion with other scenes
decreased, indicating that the gating mechanism is better than the model without the gating
mechanism in the utilization of features. In the tram scene, although the confusion degree
with the bus is unchanged, the overall confusion degree is reduced. In the three-stream
network, the overall classification accuracy is improved, and the classification accuracy of
each scene is increasing.

5. Conclusions
In real-world urban scene classification tasks, environmental information usually con-

tains rich multi-modal signals, in which audio and visual data each carry complementary
scene feature representation capabilities. Previous studies are mostly limited to a single
modality, which cannot fully capture the complete information of complex urban scenes,
and independent modal representation cannot effectively capture the multi-dimensional
characteristics of the environment, resulting in limited classification performance. Aiming
at the above problems, this paper studies the fusion mechanism of multi-modal features,
and proposes a multi-modal fusion method based on a cross-modal attention mechanism
for scene classification to solve the problem of insufficient modal interaction of audio and
video data. Firstly, a bidirectional attention mapping is established between audio and
video modalities, and the correlation weights between modalities are calculated by a QKV
mechanism. Then, a learnable gating unit is used to dynamically adjust the contribution
of each modality. Finally, the residual structure and gating mechanism are used to ensure
the effective complementarity of the fused features and retain the integrity of the original
modality features to avoid information loss. Experiments show that on the TAU Urban
Audio-Visual Scenes 2021 dataset, the accuracy of audio classification is improved by
3.8% to 68.9%, the accuracy of video classification is improved by 18.5% to 84.2%, and the
accuracy of two-stage audio–video fusion is improved by 9.8% to 86.8%. The accuracy of
cross-modal attention method is improved by 12.3% to 89.3%.
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