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This paper proposes a Context-adaptive Audio-Visual Neural Network (CAVN) model
for anomaly detection in public safety systems. Existing approaches primarily rely on
visual data and employ simple fusion strategies for combining modalities, which leads to
limitations in capturing complex semantic relationships. The proposed model consists
of four main components: a visual feature extraction module based on SlowFast archi-
tecture, an audio feature extraction module based on Audio Spectrogram Transformer
(AST), a fusion module based on bidirectional cross-attention mechanism, and a temporal
context aggregation module based on Transformer encoder. The main scientific novelty
of the model lies in the adaptive modality balancing mechanism, which dynamically
adjusts the relative importance of modalities under different conditions (dark/bright,
noisy/quiet). Experimental results demonstrate that the proposed CAVN model out-
performs existing methods by in overall accuracy and by in dark conditions. Ablation
studies confirmed the contribution of each module to the overall performance.
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1 Introduction
The paradigm of joint processing of acoustic and visual signals has experienced rapid

development in the fields of artificial intelligence and deep learning over the past five years.
Baltrusaitis et al. [1] classified the main challenges of multimodal machine learning in their
comprehensive review as representation, alignment, fusion, co-learning, and translation.
This taxonomy serves as a methodological foundation for subsequent research and has
established the main directions in designing multimodal systems.

In video data processing, accounting for the temporal dimension is of crucial impor-
tance. Feichtenhofer et al. [2] proposed SlowFast networks, an architecture consisting
of two parallel pathways: the slow pathway captures semantic information at low frame
rates, while the fast pathway captures dynamic changes at high frame rates.

This dual-pathway architecture demonstrated state-of-the-art results in video under-
standing tasks and has been widely used as a baseline model for numerous subsequent
studies. Arnab et al. [3] proposed Video Vision Transformer (ViViT), which successfully
applied transformer architecture to the video domain and opened new possibilities for
learning spatio-temporal features.
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Significant achievements have also been made in analyzing audio signals using deep
learning methods. Gong et al. [4] proposed Audio Spectrogram Transformer (AST), which
processes spectrograms directly as sequences of patches and outperforms traditional CNN-
based methods. Subsequently, the same research group [5] presented the SSAST model,
which applied self-supervised pre-training to the audio domain.

This approach enables achieving high performance even with limited labeled data.
Baevski et al. [6] proposed the wav2vec 2.0 model, which demonstrated the effectiveness
of self-supervised learning in speech processing and established new standards in audio
representation learning.

Strategies for fusing multimodal representations are developing as an important re-
search direction. Nagrani et al. [7] proposed Multimodal Bottleneck Transformer (MBT),
which improved computational efficiency by 50% by constraining attention flow while
maintaining classification accuracy. This architecture allows early layers to learn uni-
modal features by restricting cross-modal interactions to later layers. Huang et al. [8]
proposed MAViL (Masked Audio-Video Learners), which combines generative and con-
trastive learning objectives. Girdhar et al. [9] presented ImageBind model, which achieved
alignment of six different modalities (text, image, audio, depth, thermal, and IMU) in a
unified embedding space and demonstrated the phenomenon of "emergent alignment"–
meaning that cross-modal alignment emerges without direct training between modalities.

Attention mechanisms have formed a new paradigm in multimodal learning. Lu et
al. [10] proposed ViLBERT model, which jointly learns visual and linguistic modalities
through cross-attention. The cross-attention mechanism has been proven particularly
effective in learning semantic relationships between different modalities. Li et al. [11] pro-
posed ALBEF (Align Before Fuse) model, which applies the strategy of aligning modal-
ities before fusion and achieves high results in visual-linguistic tasks. Radford et al. [12]
presented CLIP model, which achieved revolutionary results in aligning image and text
representations through contrastive learning and became the foundation for many subse-
quent multimodal systems.

The application of deep learning algorithms in video anomaly detection is expanding
at a rapid pace. Duong et al. [13] presented a comprehensive review of anomaly detec-
tion in video surveillance systems, comparing reconstruction-based, prediction-based, and
classification-based methods. Nayak et al. [14] conducted a complete analysis of deep
learning methods for video anomaly detection and reviewed existing datasets, evaluation
metrics, and open problems in detail. Rezaee et al. [15] classified tracking, handcrafted
feature-based classification, deep learning-based classification, and hybrid approaches in
a review dedicated to distributed video surveillance systems for real-time crowd anomaly
detection.

Recent research on anomaly detection in crowd scenes demonstrates the superiority
of transformer architectures. Georgescu et al. [16] proposed a self-supervised predictive
convolutional attention block for detecting anomalous events. Wang et al. [17] developed
a memory-augmented appearance-motion network, which improves anomaly detection ac-
curacy by storing normal patterns in a memory bank. Liu et al. [18] proposed a method
based on hybrid attention and motion constraints for video anomaly detection. Papout-
sakis et al. [19] presented a state-of-the-art review on crowd anomaly detection, analyzing
works published between 2020-2022 and noting the trend toward transformer architec-
tures.

Audio-visual multimodal learning opens new possibilities in video analysis. Gao et
al. [20] proposed an audio-visual representation learning (AVRL) system, which combined
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3D ResNet and VGGish models for detecting anomalous events in crowd scenes. Their
experiments showed that adding audio signals significantly improves anomaly detection
accuracy, especially in dark conditions. Wu et al. [21] developed a weakly supervised
audio-visual violence detection system that is trained with video-level labels and has the
capability to make frame-level predictions. Leporowski et al. [22] presented MAVAD, the
first audio-visual dataset for anomaly detection in traffic flow, and proposed the AVACA
(Audio-Visual Anomaly Correspondence Attention) method.

Synthetic datasets play an important role in anomaly detection research. Lin et al. [23]
presented the SHADE synthetic dataset created in the GTA5 video game, which includes
fully annotated audio-visual surveillance videos. The advantages of synthetic data include
the absence of privacy concerns, complete annotation, and the ability to simulate various
conditions. Bamaqa et al. [24] created the SIMCD synthetic crowd dataset, designed for
anomaly detection and prediction.

Comparative studies on multimodal fusion strategies reveal the advantages and disad-
vantages of different approaches. Brousmiche et al. [25] proposed a multimodal attention
network for audio-visual event recognition, comparing different fusion strategies (early,
late, and intermediate). Shaikh et al. [26] developed MAiVAR (Multimodal Audio-Image
and Video Action Recognizer) system, which improves audio-visual interaction through a
high-level weight assignment algorithm. Middya et al. [27] proposed a system for emotion
recognition from audio-visual modalities through model-level fusion.

The above analysis shows that the majority of existing research uses simple fusion
strategies (concatenation, addition) and does not fully capture complex interactions be-
tween modalities. Issues of dynamically connecting audio and visual modalities through
cross-attention mechanism, modeling temporal context using transformer architecture,
and adaptive adaptation to different environmental conditions (day/night, noisy/quiet)
have not been sufficiently studied. This research is aimed at filling precisely these gaps.

2 Problem Formulation
As shown in the literature review, existing audio-visual anomaly detection systems [20]

use simple fusion strategies and do not fully capture complex semantic relationships be-
tween modalities. Additionally, the attention bottleneck concept demonstrated by Na-
grani et al. [7] and the emergent alignment phenomenon presented in ImageBind model
by Girdhar et al. [9] show that dynamic connection of modalities leads to higher per-
formance. Based on these observations, we propose the Context-adaptive Audio-Visual
Neural Network (CAVN) model.

The proposed CAVN model consists of four main components: visual feature extrac-
tion module (VFM), audio feature extraction module (AFM), cross-attention-based fusion
module (CAFM), and temporal context aggregation module (TCAM). The overall archi-
tecture of the model is presented in Fig. 1.

The operating principle of the model is as follows: a video sequence consisting of 𝑇
frames and corresponding audio segment are received as input. Formally, we denote the
input data as follows:

𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑇} , 𝑣𝑡 ∈ 𝐻×𝑊×𝐶 ,

where 𝑉 is the video sequence, 𝑣𝑡 is the frame at time moment 𝑡, 𝐻 is the frame height,
𝑊 is the frame width, 𝐶 is the number of channels, 𝑇 is the number of frames. The
corresponding audio segment is denoted as:

𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝐿} , 𝑎𝑙 ∈,
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where 𝐴 is the audio signal, 𝑎𝑙 is the 𝑙 – th sample value, 𝐿 is the number of samples.
The audio signal is sampled at frequency 𝑓𝑠, therefore 𝐿 = 𝑓𝑠 ·𝑇/𝑓𝑣, where 𝑓𝑣 is the video
frame rate. The model output returns a probability distribution over event categories:

𝑦 = [𝑦1, 𝑦2, . . . , 𝑦𝐾 ]
𝑇 ,

𝐾∑︁
𝑘=1

𝑦𝑘 = 1,

where 𝑦 is the predicted probability vector, 𝑦𝑘 is the probability of belonging to the 𝑘-th
category, 𝐾 is the number of categories.

Figure 1 Overall architecture of the CAVN model.

In Fig. 1 on the left side are input data (video frames and audio signal), in the middle
are the VFM and AFM modules operating in parallel, followed by the CAFM and TCAM
modules, and on the right side is the classification layer.

As noted in the literature review, the SlowFast architecture proposed by Feichten-
hofer et al. [2] demonstrated state-of-the-art results in video understanding tasks. This
architecture consists of two parallel pathways that capture different temporal scales. The
ViViT model proposed by Arnab et al. [3] also applied transformer architecture to the
video domain; however, considering computational efficiency and real-time requirements,
we chose the SlowFast configuration. The architecture of the visual feature extraction
module is presented in Figure 2.

Figure 2 Visual Feature Extraction Module (VFM) architecture

The input video sequence is fed to two parallel pathways (Slow and Fast). Information
is exchanged between pathways through lateral connections. Global average pooling is
applied at the output. The Slow Pathway operates at low frame rate and captures high-
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level semantic information. Selection from the input frame sequence is performed with
step 𝛼:

𝑉𝑠𝑙𝑜𝑤 = {𝑣1, 𝑣1+𝛼, 𝑣1+2𝛼, . . .} ,

where 𝑉𝑠𝑙𝑜𝑤 is the set of frames selected for the slow pathway, 𝛼 is the selection step,
𝑇𝑠𝑙𝑜𝑤 = ⌈𝑇/𝛼⌉ is the number of selected frames, ⌈·⌉ is the floor function. The slow
pathway encoder is based on the ResNet architecture proposed by He et al. [28], with 2D
convolutions replaced by 3D convolutions:

𝐹𝑠𝑙𝑜𝑤 = ℰ𝑠𝑙𝑜𝑤 (𝑉𝑠𝑙𝑜𝑤) ,

where ℰ𝑠𝑙𝑜𝑤 is the slow pathway encoder function, 𝐹𝑠𝑙𝑜𝑤 ∈ 𝐶𝑠×𝑇𝑠×𝐻𝑠×𝑊𝑠 is the output
feature map, 𝐶𝑠 is the number of channels, 𝑇𝑠, 𝐻𝑠, 𝑊𝑠 are the spatial dimensions. The
Fast Pathway operates at high frame rate and captures rapid dynamic changes. All input
frames are fully utilized:

𝑉𝑓𝑎𝑠𝑡 = 𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑇} ,

The fast pathway encoder has fewer channels, ensuring computational efficiency:

𝐹𝑓𝑎𝑠𝑡 = ℰ𝑓𝑎𝑠𝑡 (𝑉𝑓𝑎𝑠𝑡) ,

where ℰ𝑓𝑎𝑠𝑡 is the fast pathway encoder function, 𝐹𝑓𝑎𝑠𝑡 ∈ 𝐶𝑓×𝑇𝑓×𝐻𝑓×𝑊𝑓 is the output
feature map, 𝐶𝑓 = 𝐶𝑠/𝛽 is the number of channels, 𝛽 is the channel reduction coefficient.
Lateral connections are applied for information exchange between the two pathways:

𝐹
(𝑖)
𝑙𝑎𝑡𝑒𝑟𝑎𝑙 = Conv3D

(︁
𝐹

(𝑖)
𝑓𝑎𝑠𝑡; 𝜃

(𝑖)
𝑙𝑎𝑡𝑒𝑟𝑎𝑙

)︁
,

where 𝐹 (𝑖)
𝑙𝑎𝑡𝑒𝑟𝑎𝑙 is the lateral feature at 𝑖 – th layer, 𝐹 (𝑖)

𝑓𝑎𝑠𝑡 is the fast pathway output at 𝑖
– th layer, 𝜃(𝑖)𝑙𝑎𝑡𝑒𝑟𝑎𝑙 is the convolution parameters. The outputs of the two pathways are
combined and global average pooling (GAP) is applied:

𝐹𝑐𝑜𝑛𝑐𝑎𝑡 = [𝐹𝑠𝑙𝑜𝑤;𝐹𝑙𝑎𝑡𝑒𝑟𝑎𝑙]⊕,

where ⊕ is the concatenation operation along the channel axis.

F𝑣 = GAP (𝐹𝑐𝑜𝑛𝑐𝑎𝑡) ∈ 𝐷𝑣 .

where F𝑣 is the final visual feature vector, 𝐷𝑣 is the vector dimension. As noted in the
literature review, Audio Spectrogram Transformer (AST) proposed by Gong et al. [4, 5]
outperforms traditional CNN-based methods. While the VGGish model proposed by
Hershey et al. [29] is widely used in audio classification, AST leverages the advantages of
transformer architecture. We use AST configuration in the AFM module. The module
architecture is presented in Figure 3.
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Figure 3 Audio Feature Extraction Module (AFM) architecture

The audio signal is converted to time-frequency domain through STFT, Mel filter bank
is applied, logarithm is taken, and the resulting spectrogram is divided into patches and
fed to AST. For converting the audio signal to spectrogram, resampling is first performed
and Short-Time Fourier Transform (STFT) is applied:

𝑋 (𝑚, 𝑘) =

𝑁𝑓𝑓𝑡−1∑︁
𝑛=0

𝑎 (𝑚 · ℎ+ 𝑛) · 𝑤 (𝑛) · 𝑒−𝑗2𝜋𝑘𝑛/𝑁𝑓𝑓𝑡 ,

where 𝑋 (𝑚, 𝑘) is the STFT coefficient, 𝑎 (𝑛) is the audio signal samples, 𝑤 (𝑛) is the
window function, 𝑁𝑓𝑓𝑡 is the FFT size, ℎ is the hop length, 𝑗 is the imaginary unit. The
window function is defined as:

𝑤 (𝑛) = 0.5− 0.5cos

(︂
2𝜋𝑛

𝑁𝑤 − 1

)︂
,

where 𝑁𝑤 is the window length. As noted in the literature review, the Mel scale proposed
by Stevens et al. [13] accounts for the nonlinear sensitivity of the human auditory system
to frequency. Mel filter bank is applied to the STFT result:

𝑀 (𝑚, 𝑓) =
𝐾−1∑︁
𝑘=0

|𝑋 (𝑚, 𝑘) |2 ·𝐻𝑓 (𝑘) ,

where 𝑀 (𝑚, 𝑓) is the 𝑓 -th Mel filter output at frame , |𝑋 (𝑚, 𝑘) |2 is the power spectrum,
𝐻𝑓 (𝑘) is the frequency response characteristic of the 𝑓 -th Mel filter, 𝐾 is the number of
frequency bins. A small value is added for numerical stability and logarithm is taken:

𝑆 (𝑚, 𝑓) = log (𝑀 (𝑚, 𝑓)+) ,

where 𝑆 is the Log Mel-Spectrogram, is a small value for numerical stability. Final
spectrogram dimension: 𝑆 ∈ 𝑁𝑚×𝑇𝑎 , where 𝑁𝑚 is the number of Mel filters, 𝑇𝑎 is the
number of temporal frames.

As noted in the literature review, Vision Transformer (ViT) proposed by Dosovitskiy
et al. [30] achieved high results in image classification. AST is a version of this architecture
adapted to the audio domain. The spectrogram is divided into patches of size 𝑝× 𝑝:

x𝑖 = 𝑆 [𝑟𝑖 : 𝑟𝑖 + 𝑝, 𝑐𝑖 : 𝑐𝑖 + 𝑝] ,
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where x𝑖 is the 𝑖-th patch, 𝑝×𝑝 is the patch size, 𝑁𝑝 is the total number of patches. Each
patch is converted to vector form and multiplied by projection matrix:

z𝑖 = flatten (x𝑖) · E,

where flatten (·) converts 2D patch to 1D vector, E ∈ 𝑝2×𝐷𝑎 is the learnable projection
matrix, 𝐷𝑎 is the embedding dimension. A special CLS token is added for classification:

Z0 =
[︀
x𝑐𝑙𝑠; z1; z2; . . . ; z𝑁𝑝

]︀
+ E𝑝𝑜𝑠,

where x𝑐𝑙𝑠 is the learnable CLS token, E𝑝𝑜𝑠 is the learnable positional encoding. 𝐿𝑎𝑠𝑡

transformer layers are applied sequentially and the final audio feature is obtained from
the CLS token output of the last layer:

F𝑎 = AST (Z0) [0] ∈ 𝐷𝑎 .

As noted in the literature review, the ViLBERT model proposed by Lu et al. [10] and
the ALBEF model developed by Li et al. [11] demonstrated the effectiveness of cross-
attention mechanism in multimodal learning. The CLIP model presented by Radford
et al. [12] also showed revolutionary results in aligning modalities through contrastive
learning. We apply bidirectional cross-attention mechanism in the CAFM module. The
module architecture is presented in Figure 4.

Figure 4 Cross-Attention-based Fusion Module (CAFM) architecture.

Visual and audio features are first projected to a common dimension, then bidirectional
cross-attention is applied, and the final feature is generated through an adaptive balancing
mechanism. Visual and audio features have different dimensions, therefore it is necessary
to project them to a common space:

𝐹𝑣 = LayerNorm (F𝑣 ·W𝑣 + b𝑣) ,

where 𝐹𝑣 is the projected visual feature, W𝑣 ∈ 𝐷𝑣×𝐷 is the weight matrix, b𝑣 is the bias
vector, 𝐷 is the common dimension, LayerNorm is layer normalization [31]. Similarly, the
audio feature is also projected:

F̃𝑎 = LayerNorm (F𝑎 ·W𝑎 + b𝑎) ,

where 𝐹𝑎 is the projected audio feature. The attention mechanism proposed by Vaswani
et al. [31] operates based on query (Q), key (K), and value (V) vectors. In cross-attention,
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the feature of one modality is used as query, while the other modality serves as key and
value. Visual-to-audio attention is computed as follows:

Q𝑣→𝑎 = 𝐹𝑣 ·W𝑣→𝑎
𝑄 , K𝑣→𝑎 = 𝐹𝑎 ·W𝑣→𝑎

𝐾 , V𝑣→𝑎 = 𝐹𝑎 ·W𝑣→𝑎
𝑉 ,

where W𝑄,W𝐾 ,W𝑉 ∈ 𝐷×𝑑𝑘 are learnable projection matrices, 𝑑𝑘 = 𝐷/ℎ is the dimension
per head, ℎ is the number of attention heads. Attention weights and output:

Attn𝑣→𝑎 = softmax

(︂
Q𝑣→𝑎K

𝑇
𝑣→𝑎√

𝑑𝑘

)︂
V𝑣→𝑎,

where
√
𝑑𝑘 is the scaling coefficient. Audio-to-visual attention is computed similarly:

Q𝑎→𝑣 = 𝐹𝑎 ·W𝑎→𝑣
𝑄 , K𝑎→𝑣 = 𝐹𝑣 ·W𝑎→𝑣

𝐾 , V𝑎→𝑣 = 𝐹𝑣 ·W𝑎→𝑣
𝑉 ,

Attn𝑎→𝑣 = softmax

(︂
Q𝑎→𝑣K

𝑇
𝑎→𝑣√

𝑑𝑘

)︂
V𝑎→𝑣.

Multi-Head Attention is applied to enhance representation capability:

MHA(·) = Concat (head1, . . . , headℎ) ·W𝑂,

where head𝑖 is the 𝑖 – th attention head, W𝑂 is the output projection matrix.
As noted in the literature review, Gao et al. [20] demonstrated the importance of audio

modality in dark conditions. Wu et al. [21] also investigated the interaction of modalities
in audio-visual violence detection. The relative importance of modalities differs under
different conditions, therefore we introduce an adaptive weight mechanism. The context
vector is generated:

c =
[︁
𝐹𝑣𝐹𝑎

(︁
𝐹𝑣 ⊙ 𝐹𝑎

)︁]︁
,

where ‖ is the vector concatenation operation, ⊙ is the Hadamard product, c is the
context vector. The weight is computed through sigmoid function:

𝛼𝑣 = 𝜎 (W𝛼 · c + 𝑏𝛼) ,

where 𝛼𝑣 is the visual modality weight, 𝜎 is the sigmoid function. Audio modality weight:

𝛼𝑎 = 1− 𝛼𝑣.

The cross-attention results are balanced with adaptive weights and residual connec-
tions are added:

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝛼𝑣 ·
(︁
𝐹𝑣 +Attn𝑣→𝑎

)︁
+ 𝛼𝑎 ·

(︁
𝐹𝑎 +Attn𝑎→𝑣

)︁
,

where F𝑓𝑢𝑠𝑒𝑑 is the fused feature vector. Modeling long-term temporal dependencies in
video sequences is of crucial importance. As noted in the literature review, the Trans-
former architecture proposed by Vaswani et al. [31] has shown success in various domains.
Wang et al. [17] demonstrated the effectiveness of modeling temporal patterns through
memory-augmented networks. We use Transformer encoder in the TCAM module. The
module architecture is presented in Figure 5.
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Figure 5 Temporal Context Aggregation Module (TCAM) architecture

Positional encoding is added to the fused features, 𝐿 Transformer encoder layers are
applied sequentially, each layer consisting of MSA and FFN blocks. The video is divided
into 𝑇 segments and F𝑓𝑢𝑠𝑒𝑑 is computed for each segment:

X0 =
[︁
F
(1)
𝑓𝑢𝑠𝑒𝑑; F

(2)
𝑓𝑢𝑠𝑒𝑑; . . . ; F

(𝑇 )
𝑓𝑢𝑠𝑒𝑑

]︁
,

where X0 is the input sequence. Sinusoidal positional encoding [31] is applied:

𝑃𝐸 (𝑝𝑜𝑠, 2𝑖) = sin

(︂
𝑝𝑜𝑠

100002𝑖/𝐷

)︂
,

𝑃𝐸 (𝑝𝑜𝑠, 2𝑖+ 1) = cos

(︂
𝑝𝑜𝑠

100002𝑖/𝐷

)︂
,

where 𝑃𝐸 is the positional encoding matrix, 𝑝𝑜𝑠 is the position index, 𝑖 is the dimension
index, 10000 is the scaling parameter. Positional encoding is added to the input sequence:

X
′

0 = X0 + 𝑃𝐸.

Each Transformer encoder layer consists of two main blocks: Multi-Head Self-
Attention (MSA) and Feed-Forward Network (FFN). The 𝑙-th layer operates as follows:

X
′

𝑙 = MSA (LN (X𝑙−1)) + X𝑙−1,

where LN is Layer Normalization:

LN (x) = 𝛾 ⊙ x− 𝜇√
𝜎2+

+ 𝛽,

where 𝜇 is the mean value, 𝜎2 is the variance, 𝛾, 𝛽 are learnable parameters. Feed-Forward
Network block:

X𝑙 = FFN
(︁
LN
(︁
X

′

𝑙

)︁)︁
+X

′

𝑙.

The Feed-Forward Network consists of two linear layers and activation:

FFN (x) = GELU (xW1 + b1)W2 + b2,

where W1,W2 are weight matrices, GELU is the activation function. The GELU activa-
tion function [32]:

GELU (𝑥) = 𝑥 · Φ (𝑥) ,
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where Φ is the cumulative distribution function of the standard normal distribution. 𝐿
Transformer encoder layers are applied sequentially:

X𝐿 = TransformerEncoder𝐿

(︁
. . .
(︁
TransformerEncoder1

(︁
X

′

0

)︁)︁)︁
.

A single vector is obtained through global average pooling:

𝐹𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 =
1

𝑇

𝑇∑︁
𝑡=1

X
(𝑡)
𝐿 .

For final prediction, fully connected layers are applied:

h = ReLU (W1𝐹𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 +b1) ,

where is the hidden layer output, ReLU is the activation function.

𝑦 = softmax (W2h + b2) ,

where ỹ is the predicted probability distribution. Softmax function:

softmax(z)𝑘 =
𝑒𝑧𝑘∑︀𝐾
𝑗=1 𝑒

𝑧𝑗
.

As noted in the literature review, class imbalance is widespread in anomaly detection
datasets [13, 14]. Focal Loss proposed by Lin et al. [33] helps address this problem:

ℒ𝑓𝑜𝑐𝑎𝑙 = −
1

𝑁

𝑁∑︁
𝑖=1

𝜔𝑦𝑖(1− 𝑝𝑖)𝛾log (𝑝𝑖) ,

where 𝑁 is the mini-batch size, 𝑦𝑖 is the ground truth category label, 𝑝𝑖 is the predicted
probability, 𝜔𝑦𝑖 is the category balancing weight, 𝛾 is the focusing parameter. Regular-
ization is added:

ℒ = ℒ𝑓𝑜𝑐𝑎𝑙 + 𝜆
∑︁
𝜃∈Θ

𝜃22,

where Θ is the set of model parameters, 𝜆 is the regularization coefficient.
The main advantages of the proposed CAVN model are as follows. First, the cross-

attention mechanism enables learning dynamic semantic relationships between modalities.
Second, adaptive balancing automatically adjusts the relative importance of modalities
under different conditions. Third, the temporal context aggregation module effectively
models long-term dependencies. Fourth, the combination of SlowFast and AST extracts
high-quality features from visual and audio data. Model parameters and computational
complexity are presented in Figure 6.

Figure 6 CAVN model parameters and computational complexity
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(a) Number of parameters and FLOPs for each module. (b) Inference time comparison
for different configurations. (c) Effect of model size on accuracy. Experimental results are
presented in Figure 7. The proposed CAVN model demonstrated superiority over existing
methods across all metrics.

Figure 7 Experimental results

(a) Accuracy metrics of different methods. (b) ROC curves and AUC values com-
parison. (c) Confusion matrix. Ablation study results are presented in Figure 8. The
contribution of each module to the overall performance was analyzed.

Figure 8 Ablation study results

(a) Results by different module configurations. (b) Effect of adaptive balancing mech-
anism. (c) Effect of number of Transformer layers on accuracy. Model performance under
different conditions is presented in Figure 9. The increased importance of audio modality
was observed in dark and noisy environments.

3 Conclusion
In this research, a Context-adaptive Audio-Visual Neural Network (CAVN) model was

developed and experimentally evaluated for anomaly detection in public safety systems.
The main results of the research are as follows.

First, the proposed model introduced a bidirectional cross-attention mechanism for
effectively combining audio and visual modalities. This approach enables dynamically
learning complex semantic relationships between modalities, which demonstrates signifi-
cant superiority over simple fusion strategies (concatenation, addition).

Second, the adaptive modality balancing mechanism has the capability to automati-
cally adjust the relative importance of modalities under different conditions. Experimental
results showed that in dark conditions, the model assigns more weight to the audio modal-
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ity (𝛼𝑎 > 0.6), while in noisy environments, the visual modality dominates (𝛼𝑣 > 0.7).
This property ensures the robustness of the model in real-world conditions. Third, the
combination of SlowFast architecture and Audio Spectrogram Transformer enabled ex-
tracting high-quality features from visual and audio data. The dual-pathway structure of
SlowFast architecture captures both fast movements and semantic context. AST outper-
formed traditional CNN-based audio encoders.

Fourth, the temporal context aggregation module effectively modeled long-term de-
pendencies in video sequences. The Transformer encoder architecture enables learning
relationships between different time moments through self-attention mechanism. Ex-
perimental results confirmed the superiority of the proposed CAVN model over existing
methods across all metrics. Overall accuracy reached , which is higher than the baseline
method. Notably, in dark conditions, the model achieved accuracy, representing an im-
provement. Ablation studies proved that each module makes a significant contribution to
overall performance.

The limitations and future directions of the research are as follows. First, the model
currently works with only two modalities (audio and visual); in the future, it is possi-
ble to add text, temperature sensors, and other modalities. Second, model optimization
is needed to further improve real-time requirements. Third, creating and testing a spe-
cialized dataset adapted to Uzbekistan conditions is planned. In conclusion, the pro-
posed CAVN model makes an important scientific contribution to the field of audio-visual
anomaly detection and represents a promising approach for practical application in public
safety systems.
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УДК 519.6

МОДЕЛЬ И АЛГОРИТМЫ КЛАССИФИКАЦИИ
АНОМАЛЬНЫХ ЯВЛЕНИЙ НА ОСНОВЕ СХОДИМОСТИ

АКУСТИКО-ВИЗУАЛЬНЫХ СИГНАЛОВ
1Равшанов Н., 1*Боборахимов Б.И., 2Бердиев М.И.

*uzbekpy@gmail.com
1Научно-исследовательский институт развития цифровых технологий и искусственного

интеллекта,
100125, Узбекистан, г. Ташкент, Мирзо-Улугбекский р-он, м-в Буз-2, д. 17А;

2Национальная Гвардия Республики Узбекистан,
100017, Узбекистан, г. Ташкент, ул. Ш. Рашидова, дом 23.

В данной статье предлагается контекстно-адаптивная аудио-визуальная нейро-
сетевая модель (KMAVN) для обнаружения аномалий в системах общественной
безопасности. Существующие подходы в основном опираются на визуальные дан-
ные и используют простые стратегии объединения модальностей, что приводит к
ограничениям в охвате сложных семантических связей. Предлагаемая модель со-
стоит из четырёх основных компонентов: модуля извлечения визуальных призна-
ков на основе архитектуры SlowFast, модуля извлечения аудио признаков на основе
Audio Spectrogram Transformer (AST), модуля объединения на основе двунаправ-
ленного перекрёстного внимания и модуля агрегации временного контекста на ос-
нове Transformer encoder. Основное научное новшество модели заключается в ме-
ханизме адаптивной балансировки модальностей, который динамически регулиру-
ет относительную важность модальностей в различных условиях (тёмное/светлое,
шумное/тихое). Экспериментальные результаты показали, что предлагаемая мо-
дель KMAVN превосходит существующие методы на +4.4% по общей точности и
на +32.1% в условиях низкой освещённости. Исследования абляции подтвердили
вклад каждого модуля в общую эффективность.
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