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Abstract

As an important carrier of the spirit of place, soundscape lacks systematic quantitative evaluation tools.
The fundamental bottleneck lies in the lack of an accurate cross-modal alignment calculation framework
between soundscape temporal sequence signals and visual image spatial semantics. In this paper, we
propose a joint embedding model driven by cross-modal contrastive learning to realize the dynamic
coupling of acoustic physical-perceptual features and visual global-local semantic features. We
introduce a cross-modal attention forgetting gate to suppress modality-specific noise, design a
hierarchical contrastive loss function to embed spatial structure with both instance-level and category-
level constraints, and construct a spatio-temporal adaptive weight regulator to realize spatially
differentiated modulation of the modality fusion coefficient. Based on 8,432 groups of measured
multimodal data (including day-night differences) from four typical community types in Beijing’s old
city, our experiments show that the proposed model achieves a cross-modal retrieval mAP of 76.82%,
a perception score prediction RMSE as low as 0.318, and an intraclass correlation coefficient of 0.824
with manual scores, all of which are significantly better than those of the comparison methods (p <
0.001). Ablation experiments verify the independent contributions of the three innovations. Feature
response analysis reveals that the partial correlation coefficient between soundscape roughness and
visual building density exceeds 0.78, indicating a deep sensory coordination mechanism between
auditory texture density and visual spatial envelopment perception. The proposed model provides an
effective computational tool for quantitative diagnosis of multi-sensory quality in old city communities.
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1. INTRODUCTION

As an important carrier of historical and cultural heritage, the protection and renewal of Beijing’s
old city communities have long focused on the control and restoration of architectural style, street
texture, and visual landscape [1],[2]. However, as an important part of the spirit of place, soundscape
has long been absent from the protection practices of old city communities. Different from the logic of
sound environment management dominated by noise control in modern cities, the auditory experience
of old city communities carries richer cultural memory and daily life information—pigeon whistles in
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the morning, hawking calls in the afternoon, and neighborhood conversations in the evening [3]. These
sounds, with their distinct regional characteristics, constitute a unique urban auditory landscape.
However, with the iteration of commercial formats and the updating of infrastructure in the old city, the
traditional soundscape is being rapidly eroded by new sound sources such as loudspeakers, the hum of
outdoor air-conditioning units, and electric vehicle alarms [4],|5],[6]. Nevertheless, the current
protection policy lacks systematic indicators and control measures for auditory quality, resulting in the
one-sided situation of “only focusing on its form and not listening to its sound.” It has therefore become
aresearch proposition of both theoretical value and practical urgency to establish a computational model
that associates soundscape with visual imagery and provides a quantitative tool for multi-sensory
quality assessment in old city communities.

From a computational perspective, existing research on soundscape and visual imagery has
respectively formed relatively complete methodological systems—soundscape research relies on
psychoacoustic indicators and signal processing techniques to describe auditory perception, while visual
imagery research uses deep convolutional networks and scene understanding models to analyze spatial
semantics—but the two mostly develop in parallel as independent tracks [7],[8]. Cross-modal
association analysis is still in its infancy. The bottlenecks of existing cross-modal work are reflected in
two aspects. First, the mismatch of spatio-temporal granularity fundamentally limits the effective
alignment of soundscape and visual information [9],[10]. Soundscape is a continuously evolving
temporal signal with millisecond-level temporal sensitivity, whereas visual imagery is usually extracted
from still images and reflects a snapshot of the spatial scene at the sampling time. Traditional methods
often simply align the two on a coarse time scale, ignoring the asynchronous relationship between
acoustic events and visual scenes within a few seconds, and thus fail to establish accurate semantic
mappings [11],[12]. Second, modality alignment lacks a computational framework with physical
constraints and perceptual basis. Existing methods mostly adopt naive feature stitching or shallow
attention mechanisms, which fail to fully consider that not all components between soundscape and
visual imagery are associated—for example, lighting changes in vision and wind noise in soundscape
are modality-specific interference [13],[14]. If indiscriminate global fusion is performed, it will weaken
the shared semantics that truly reflect the commonality of places. As a result, the model accuracy in
cross-modal retrieval and perception prediction tasks remains far from practical levels.

To solve the above bottlenecks, this paper proposes a computational framework for joint
embedding of soundscape and visual image driven by cross-modal contrast learning, and its core
contributions lie in three aspects [15]. First, at the level of feature extraction, the physical-perceptual
dual-domain soundscape feature pool and hierarchical visual semantic feature extraction pipeline are
designed to completely describe the soundscape from the two dimensions of signal attributes and
subjective auditory experience, and at the same time, the visual image is analyzed from two granularities
of global scene and local element, providing high-quality heterogeneous input for subsequent cross-
modal modeling. Secondly, at the model architecture level, the cross-modal attention forgetting gate is
introduced to dynamically filter out the modality-specific noise, the hierarchical contrast loss function
is designed to simultaneously constrain the geometric structure of the embedding space at the instance
and category levels, and the spatio-temporal adaptive modality weight regulator is proposed to realize
the spatial differentiation regulation of the fusion coefficient. The three innovations work together to
improve the discriminability and robustness of the joint representation. Thirdly, at the level of
experimental verification, this paper constructs a large-scale measured data set covering four typical
communities in the old city of Beijing, completes the closed-loop evaluation from the three dimensions
of retrieval accuracy, regression error and human-machine consistency, and quantitatively reveals the
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strong coupling relationship between soundscape roughness and visual building density, which provides
an interpretable computational basis for the quantitative diagnosis of multi-sensory quality of the old
city community.

The technical route of this paper is as follows: first, sound pressure level, panoramic images, and
GPS/IMU positioning data are synchronously collected using a mobile sensor array; after feature
extraction and dynamic time warping alignment, standardized soundscape and visual feature sequences
are constructed. Second, with the dual-stream encoder as the benchmark framework, we successively
embed the cross-modal attention forgetting gate, hierarchical contrastive loss, and spatio-temporal
adaptive weight regulator to train the cross-modal joint embedding model. Finally, model performance
is comprehensively evaluated through comparative experiments, ablation experiments, and subjective
perception verification, and the coupling relationships of key features are revealed based on significance
tests and visual analysis. Section 1 expounds the research background and problem boundaries; Section
2 details the data acquisition scheme and joint feature extraction method, Section 3 systematically
presents the core model architecture and algorithm innovation, Section 4 verifies the effectiveness of
the model and the contribution of each module through the complete experimental chain, and Section 5
summarizes the conclusions and points out limitations and future directions. A progressive logic from
data to features and from model to verification is formed among the sections. Within each section, a
self-consistent closed-loop of methodology and result analysis is proposed to support the overall
argument.

2. MULTI-MODAL DATA ACQUISITION AND JOINT FEATURE
EXTRACTION METHOD

This section focuses on the engineering acquisition strategy for raw soundscape and visual image
data from Beijing’s old city communities, and on the high-quality representation method for
heterogeneous features. The quality of data collection and feature extraction directly determines the
upper limit of subsequent cross-modal correlation modeling [16]. Therefore, targeted design is carried
out in this section in sensor layout, sampling protocol, feature engineering and spatio-temporal
alignment, so as to adapt to the special environmental constraints of high density, narrow streets and
strong spatial heterogeneity of old city communities.

The mobile sensor array acquisition system is composed of three parts: portable multi-channel
acoustic recorder, panoramic visual acquisition unit and high-precision integrated navigation and
positioning module. G.R.A.S. 46AE 1/2 inch free-field microphone was used for acoustic recording,
with NI 9234 data acquisition card. The sampling frequency was set to 44.1 kHz, the quantization bit
depth was 24 bit, and the frequency response range was from 20 Hz to 20 kHz, which met the
requirements of full frequency band recording of human hearing. The panoramic vision unit is installed
with four Flir Blackfly S industrial cameras in an orthogonal way, with a fisheye lens (field of view
Angle of 190°). The hardware synchronization trigger realizes simultaneous exposure of four channels
of images, and the panoramic image in isometric column projection format is output after splicing, with
a resolution of 4096x2048 pixels. The positioning and attitude module adopts NovAtel SPAN-IGM-S1
integrated navigation system, which integrates GPS L1/L2 dual-frequency signals with IMU three-axis
gyroscope and accelerometer data. The post-processing differential positioning accuracy can reach
centimeter level, and the heading Angle accuracy is better than 0.1°. The three subsystems are
synchronized through the same embedded industrial computer (supporting IEEE 1588 precise time
protocol) to ensure that each frame of visual image, each second acoustic segment and the
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corresponding spatial coordinates have a unified timestamp reference [17],[18]. The acquisition strategy
is carried out along the typical streets and lanes of the old city community, and the moving speed is
controlled between 0.8m /s and 1.2m /s. It takes into account the stability of sound field and motion
blur suppression of panoramic image. Data packaging and storage are automatically triggered every 5
meters, and auxiliary meteorological parameters such as ambient temperature and wind speed are
recorded for subsequent data screening.

Soundscape feature extraction is not simply a pile-up of acoustic physical quantities, but rather
the construction of a multi-dimensional feature pool covering the low-level attributes of signals and
the high-level attributes of auditory perception, so as to fully describe the complex mixing
characteristics of sound source composition of old city communities (such as human voice, traffic sound,
bird song, construction noise, etc.) [19]. The collected time-domain acoustic signal is set as x(t), and
the i-th frame signal x;(n) is obtained after Hamming window framing and windowing. The frame
length is 1024 sampling points, and the frame shift is 512 sampling points. Firstly, the basic physical
features are extracted from the time-frequency domain. The calculation process of Mel frequency
cepstral coefficient (MFCC) is as follows: The short-time Fourier transform is applied to x;(n) to
obtain the power spectrum | X;(k) 12, and the linear frequency is mapped to the Mel frequency scale
through a set of triangular Mel filter banks H,, (k) (the number of filters M = 26). After taking the
logarithmic energy, the 12-dimensional static MFCC coefficients are obtained by discrete cosine
transform. Together with the first-order and second-order differences, a 36-dimensional
dynamic feature vector is formed, and its calculation formula is as follows:

M

K
G = Z log <k=1 | X, (k) 12 Hm(k)> cos (j (m—3) %)1 =12,..,12 (1

m=1

Where K isthe number of FFT points and j is the order of cepstral coefficients. spectral centroid
measures the center of gravity of spectral energy and reflects the brightness attribute, which is defined
as:

k=1 fie | Xi () 12
Tk=a 1 X:0) 17

SC; = (2)

Where f; is the frequency value corresponding to the k frequency bin. loudness fluctuation
represents the time-varying intensity of sound pressure level. After calculating the instantaneous
loudness N'(z,t) in a specific frequency band according to the Zwicker model, the coefficient of
variation of loudness with time is calculated [20].

On top of physical features, perceptual psychoacoustic indicators are further introduced to bridge
the gap between physical signals and subjective auditory experience. Sharpness reflects the proportion
of high-frequency components in the total energy, and its calculation is based on the weighted integral
of a specific loudness spectrum N'(z). The typical weight function g(z) increases exponentially with
the critical frequency band rate z:

f24Bark

c—o11.0 N'(2)g(z) dz

3
f024-BarkN, (Z) dz ( )

In the formula, the integral interval covers 24 Bark critical frequency bands corresponding to the
whole audible frequency band of the human ear, and the unit of sharpness is acum. Roughness is used
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to quantify the auditory discomfort caused by fast amplitude modulation (modulation frequency
between 20 Hz and 300 Hz) in sound signals. The estimation is based on the nonlinear function
relationship between the modulation depthAL, and the modulation frequency f,,,q for each frequency
band. Tonality reflects the prominence of pure tone component relative to noise component in the signal,
which is obtained by calculating the significance of deviation between spectral peak of each frequency
band and the average value of adjacent spectrum. The above seven types of features (36-dimensional
MFCC, 1-dimensional spectral centroid, 1-dimensional loudness fluctuation coefficient of variation, 1-
dimensional sharpness, 1-dimensional roughness, and 1-dimensional sound schedule) together
constitute the 41-dimensional original feature vector of each frame acoustic signal, and then take the
statistics (mean, standard deviation, skewness, kurtosis) of each frame feature in a 5-second window
along the time series. Finally, the soundscape corresponding to each sampling point was compressed
into a fixed length representation vector of 164 dimensions (41 features x4 statistics).

Feature extraction of visual image follows a hierarchical and progressive strategy to capture the
potential modulation effect of visual environment on auditory perception from two granularities of
global scene semantics and local visual elements respectively. For the panoramic image collected
simultaneously at each sampling point, it is first cut into six perspective projection planes to eliminate
the adverse effect of spherical distortion on the convolution operation. The global scene semantic branch
uses ResNet-50 pre-trained on ImageNet-21K as the backbone network to extract 2048-dimensional
spatial feature maps, which are then flattened and input to a Transformer encoder module to capture
scene context dependencies in the global receptive field [21]. The Transformer encoder is composed of
four layers of multi-head self-attention (the number of attention heads is set to 8) and feedforward
network. Its core self-attention mechanism is described as follows:

: QK"

Attention(Q, K, V) = softmax \/d— %4 4)
k

Where Q, K and V are obtained from the input features by linear projection respectively, and

d;, is the dimension of the key vector, where dj = 256. The global features output by Transformer

encoder are reduced to 1024 dimensions after average pooling, and the vector contains higher-order
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scene semantics such as “narrowness of hutong,” “openness of square,” and “building density”. The
local visual element branch explicitly quantifies the fine-grained environmental elements unique to the
old city community. The semantic masks of roof shape, gable style, and door-window proportion are
obtained by semantic segmentation of the image (using DeepLabV 3+ network, fine-tuning on the self-
annotated dataset of Beijing old City buildings), and then compressed into 256-dimensional style vector
by convolutional autoencoder. The greening rate is calculated by the proportion of vegetation pixels in
the effective area of the panorama in the segmentation results, which is denoted as G,.. The skyline
openness is defined as the ratio of the Angle range of the sky region in the panoramic image to the total
Angle of 360°, which is measured after the sky region is extracted by the joint method of color threshold
and edge detection [22]. The final output dimension of the local visual branch is 512 (256 dimensions
of style vector + 128 dimensions of location coding + 128 dimensions of green rate and openness
concatenation).

In the process of mobile acquisition, the spatial interval between sampling points is constant but
the traveling speed fluctuates slightly, resulting in nonlinear offset between acoustic feature time series
and visual feature series on the time axis, and direct splicing according to the acquisition sequence will
introduce feature misalignment error. Therefore, dynamic time warping (DTW) algorithm is introduced
to preprocess the spatio-temporal alignment of the two types of feature sequences. Let the soundscape
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feature sequence be A = {aq,a,,...,ay}, visual characteristic sequence for B = {bq,b,, ..., by},
where each a; and b; are the fixed-length feature vectors extracted above. Sequence lengths M and
N correspond to the number of valid data frames in the same acquisition period. DTW finds the optimal
alignment path by constructing an M X N cumulative distance matrix D, and its recurrence relation is
as follows:

D(i,j) = d(a; b;) + min{D(i — 1,),D(i,j — 1),D( — 1,j — 1)} (5)

The initial conditions are set as D(0,0) =0, D(i,0) =oco (i > 0), and D(0,j) =00 (j > 0).
Where d(a;, bj) is the Euclidean distance between two feature vectors, that is:

P

d(aby) = | ) (ay = byp)? ©)

p=1

Here, P is the total dimension of feature vectors. In order to ensure the balanced contribution of
acoustic and visual features in distance calculation, independent Z-score standardization is carried out
on each feature dimension in advance. Through dynamic programming to solve the cumulative distance
minimum path ©w = {my,m,, ..., ™.}, Including m; = (i, j;) said it would first i; a sound landscape
characteristics and the first j; a visual feature matching alignment. The path must satisfy boundary
conditions (my = (1,1), m; = (M, N)), monotonicity (i;;1 = i;, ji+1 = Jj;) and continuity (adjacent
path point step length of at most 1). After the alignment is completed, the paired audio-visual features
are resampled to a unified time reference to form a one-to-one corresponding soundscene representation
vector and visual image representation vector at each spatial sampling point, which are used as standard
input data for subsequent cross-modal computational modeling. It is worth pointing out that, on the
basis of standard DTW, this paper adds a window constraint (Sakoe-Chiba band, the bandwidth is 10%
of the sequence length) to suppress excessive distortion and ensure that the alignment path is only active
within a physically reasonable timing deviation range, so as to eliminate the spurious misalignment
introduced by acquisition jitter while retaining the true delay relationship.

3. COMPUTATIONAL MODEL OF CROSS-MODAL
CORRELATION BETWEEN SOUNDSCAPE AND VISUAL
IMAGERY

In this section, a nonlinear mapping framework from heterogeneous multi-modal features to joint
semantic space is constructed. The core challenge is that there is a natural representation gap between
the one-dimensional temporal attributes of soundscape and the two-dimensional spatial attributes of
visual image, and the two modes in the old city community environment contain a large number of
interference information unrelated to each other (such as wind noise in acoustic mode and lighting
change in visual mode). Direct fusion will seriously weaken the activation strength of shared semantics.
Therefore, based on the benchmark structure of dual-stream encoder, this paper introduces three
progressive innovations, namely, cross-modal attention forgetting gate, hierarchical contrast loss
function and spatio-temporal adaptive weight regulator, to form a complete set of cross-modal
correlation calculation model.

The benchmark model adopts dual-stream encoder architecture to perform independent high-order
abstraction of soundscape features and visual image features [23]. The soundscape encoder takes the
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164-dimensional soundscape representation vector s € R'* extracted in Section 2 as the input, and
the timing coding backbone is formed by stacking three layers of gated recurrent units (GRU). The
number of hidden units in each layer is 256, 512 and 256 in turn. Residual connections are introduced
between layers to alleviate gradient degradation. The core update mechanism of GRU is as follows:

zy = 0(Wx¢ + Uzhe—q + b,) (7)

Ry = o(Wix¢ + Urhe—q + byp) (8)

H, = tanh(Wx; + Uy, (ry © he_;) + by) 9
Ho=(1-2z) Qhey +2. O hy (10)

Let x; be the input feature vector at time t, h,_; for the first time the hidden state, z; and r;
update and reset the door vector, respectively, a(-) is the Sigmoid activation function, () represents
the element-by-element product, and W, U and b are learnable parameter matrices and bias terms.
The final hidden state of GRU output is mapped to the soundscape embedding vector e, € R% with
dimension d = 512 by the linear projection layer. The visual encoder takes the visual image feature
vector v € R3¢ (composed of 1024-dimensional global scene semantics and 512-dimensional local
visual elements) output in Section 2 as input, and adopts the four-layer Transformer encoder structure.
Each layer contains multi-head self-attention (8 heads) and feedforward network (hidden dimension
2048), and LayerNorm is used to connect the residual between layers. Multi-head self-attention
performs parallel projection of input features:

MultiHead(Q, K, V) = Concat(heady, ..., headg)W©° (11)
Head; = Attention(QWS, KWK, vw}) (12)

Where Q,K,V are all obtained from the same input sequence through different linear
transformations. WiQ,WiK, W/ € R1536x192 = WO g R1536X1536  Afier four layers of coding, the
output corresponding to the [CLS] token is taken as the overall visual representation, and then the visual
embedding vector e, € R? is obtained through the projection layer, which maintains the same
dimensional space as the soundscene embedding. In the benchmark model, e, and e, are
concatenated to output the joint association score through the two-layer fully connected network.

Based on the benchmark dual-stream structure, this paper firstly proposes the Cross-modal
Attention Forget Gate (CM-AFG), which aims to solve the noise amplification problem caused by
"excessive attention" in the traditional cross-modal attention mechanism. The soundscape of the old
city community contains a large number of transient sound events that have nothing to do with the
visual scene (such as the distant car whistle and the friction sound of the kite line), and there are also
dynamic light and shadow changes in the visual mode that have nothing to do with the hearing. If these
interference components participate in the cross-modal interaction without inhibition, the real co-
occurrence semantic signals will be diluted. The core idea of CM-AFG is to introduce a learnable
forgetting gate vector to “gate” the source modality features the source modal features before
calculating the cross-modal attention weight. Specifically, when the soundscape feature e; queries
attention from the visual feature e, the forgetting gating coefficient is first calculated:

sy = U(WgSeS+Ugev+b3) (13)
Where W§,U5 € R¥*¢, by € R? are learnable parameters, Each element in g, € (0,1)%
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controls whether the information on the corresponding dimension is allowed to participate in the
subsequent attention calculation. Then the soundscene embedding is gated and modulated to obtain the
filtered query vector & = g5_,,, © e5. The weight of cross-modal attention is:

(ésVVQ)(evVVK)T>

NEn

Type WQ WK € R%*4k for projection matrix (take d, = 64), as_, is the d-dimensional
attention weight vector. A similar forgetting gating process is applied in reverse to the attention direction

(14)

Asy = softmax(

from vision to soundscape, and g, ,; and &, are obtained. The design of the gating coefficient enables
the model to dynamically judge which feature dimensions have cross-modal correlation according to
the current input sample, and the interference dimension whose inhibition gate coefficient tends to 0 is
cut out from the attention calculation, thus forcing the model to focus on the part of real semantic co-
occurrence in the two modes. CM-AFG does not change the embedding dimension, but only inserts a
soft screening mechanism before attention calculation, and obtains significant anti-noise gain with a
minimal number of parameters (an increase of about 4d?).

After obtaining the embedded representation screened by the forgetting gate, the core link of model
training lies in the design of loss function. In this paper, Hierarchical Contrastive Loss (HCL) function
is proposed. Based on the instance level alignment of traditional contrast learning, category-level
prototype constraints are introduced [24],[25]. In order to cope with the dilemma that there is a large
variance in the audio-visual correlation mode of the same scene in the old city community (like the
historical reserve), while there may be accidental similarity between different scenes [26]. Let a training
batch contain N samples for each sample by sound scene embedded egi) and visual embedded el(,i),
There are N positive sample pairs and N(N — 1) negative sample pairs in the batch. The instance-
level contrastive loss takes the InfoNCE form which encourages positive sample pairs to approach each

other and negative sample pairs to move away from each other in the joint embedding space:

) exp sim (egi), ef,i))

1
Ly = =3 ) log — (15)
N sim (eg), e,(,J ))

i=1

The sim(u,v) =u'v/(llullll v 1) is the cosine similarity function, and 7 is the temperature
coefficient (0.07 in this paper). According to the spatial location and functional attributes of the
collection points, all samples are pre-divided into C scene categories (such as traditional residential
type, mixed commercial and residential type, historical protection type, etc., € = 5), and the centroid
embedded by all samples in each category is calculated online:

1 : 1 ;
=N e =y el (16)
! Pk |iEPk ! Pk liEPk

Here P, represents the sample index set belonging to the k class, | P, | is the number of
samples of this category. Category-level contrast loss aligns the centroid of the same soundscene
category with that of the corresponding visual category, and at the same time increase the distance
between the centroids of different categories:
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exp sim (c{‘), cl(,k))

c

1

Lo = __Z log 17)

¢ =1 c sim (cgk), cl(f))
=8P | ——

Eventually layered contrast loss of two weighted array Lycp, = AL + (1 — 1)L, The weight
coefficient A is set to 0.7 to retain the dominance of instance level fine-grained alignment, while
introducing category level macro constraints. This design enables the model not only to distinguish the
subtle acoustic-visual correlation differences between individual samples within the same category, but
also to ensure that samples from different scene categories form a separable structure in the embedding
space, effectively avoiding the problem of "pushing the similar samples away by mistake" in the
instance level comparison learning.

The third innovation addresses the dynamic change of modal contribution caused by spatial
heterogeneity within old city communities. In the areas with different community densities, the
contribution weight of soundscape and vision to the overall image should be different -- in the open
square area, vision is more dominant; In narrow hutong, the spatial indication of soundscape is more
prominent. Therefore, a Spatio-Temporal Adaptive Modality Weighting (STAMW) is designed to
dynamically calculate the fusion coefficient according to the spatial-temporal density of GPS
coordinates of sampling points [27]. First for each sampling point location p; = (lat;, lon;), calculate
the local neighborhood density p; :

N
1
o =ﬁzﬂ(" pi —p;j I, <7) (18)
=1

Where r is the spatial bandwidth (25 meters), 1(-) is the indicator function, and the unit of p;
is sample point/square meter, reflecting the sampling density of this area, that is, the spatial complexity.
At the same time, the time stamp t; is introduced to calculate the time factorn; = sin(m - t;/T), T is
the interval between day and night (12 hours), and n; € [0,1] represents the time difference between
day and night. Then the density p; and the time period factor n; are input into a lightweight multi-
layer perceptron (hidden layer 32 dimensions) to output the modal weight:

WS = exp (fmr ([01 1:])s) (19)
b exp(fuee (oo miD)s) + exp(fuce (i 1D w)
wl =1-w/ (20)

Where w; and w; are the fusion weights of soundscene and vision at the sampling point
respectively, and the sum of the two is always 1. The final joint embedding vector is obtained by
weighted splicing:

€joint = Concat (Wls e wp eI(,i)) (21)

€joint 18 the feature representation ultimately used for downstream association score prediction.

The regulator design introduces no additional hyperparameters, and all parameters are trained end-to-
end with the main model, so that the model has the adaptability to automatically adjust the modal
contribution degree according to the actual spatio-temporal properties of the collection environment.
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We used the AdamW optimizer for model training, the initial learning rate was set to 5 X 1074,
and the cosine annealing attenuation strategy was dynamically adjusted. Aiming at the joint training of
dual-stream encoder and three innovation modules, the we introduce a gradient clipping strategy to
suppress gradient explosion:

g
gl

Ifllgl,>0,g<06- (22)

Where g is the gradient splicing vector of all trainable parameters, and the clipping threshold 6
is 1.0. The early stop mechanism monitors the mean accuracy (mAP) of cross-modal retrieval on the
validation set. If there is no improvement in 15 consecutive training rounds, the training is terminated
and the optimal model parameters are rolled back. For the convergence discussion, Model of L, =
Lyc, +y I W I3 (y = 10™* is L2 regularization coefficient) decreases rapidly in the initial stage of
training and enters a stable period after about 80 rounds. Because we use exponential moving average
(EMA) to smooth category fluctuations when the category centroid in hierarchical contrast loss is
updated in each round, the training curve shows no signs of shock and divergence. Among the three
innovation modules, the forgetting gate parameter introduced by CM-AFG is initialized to a bias close
to 1 (by is initially positive), so that the model is similar to standard attention in the early stage of
training, and the gating value distribution is gradually acquired with the progress of training. This
initialization strategy effectively avoids the cold start problem. The total number of model parameters
is about 28 million. A single training epoch on an NVIDIA RTX 4090 takes about 12 minutes, which
meets the computational efficiency requirements for practical applications.

4. EXPERIMENTAL DESIGN AND RESULT VERIFICATION

In order to comprehensively evaluate the effectiveness of the cross-modal association calculation
model proposed in this paper, a complete closed-loop experimental chain from data construction,
quantitative comparison, and module ablation to subjective perception verification is designed in this
section. The experiment covers four typical community types in the old city of Beijing. Based on large-
scale measured data, the model performance is strictly tested from multiple dimensions such as retrieval
accuracy, regression error and man-machine consistency. All the experimental results are verified by
statistical significance to ensure the reliability of the conclusion.

The experimental data were collected in the core area of the old city of Beijing, and four types of
typical communities with distinct spatial morphology and functional differences are selected: Historical
protection area (represented by the surrounding area of Shichahai, with complete hutong texture and
concentration of traditional courtyards), mixed commercial and residential area (represented by the
main street of Nanluoguxiang, with dense commercial forms and noisy people flow), hutong micro-
renovation area (represented by the Baitasi area, which has been gradually renovated and improved in
space quality in recent years), traditional residential area (represented by the inside of Anding Men, The
daily living function is dominant and the environment is relatively quiet). Collection routes were set up
along the main streets and alleys of each type of community, with the length of each route being about
1.2 to 1.8 kilometers. The mobile collection speed was uniformly controlled at 1.0 m/s, and an effective
sampling point was recorded every 5 meters. The collection time covers two periods of day (9:00-11:30,
14:00-17:00) and night (19:00-21:30) to capture the systematic differences of day and night soundscape
and visual imagery. After feature extraction and DTW spatio-temporal alignment using the method in
Section 2, a total of 8,432 valid sample pairs are obtained, including 1987 groups of historical
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conservation areas, 2156 groups of mixed commercial and residential areas, 2143 groups of hutong
micro-renewal areas, and 2146 groups of traditional residential areas. According to the ratio of 7:1.5:1.5,
the samples were randomly divided into training set (5902 groups), validation set (1265 groups) and
test set (1265 groups) to ensure that the proportion of all kinds of samples was balanced in the division.
All features were independently Z-score standardized before input to the model. Standardization
parameters were computed only from the training set and then applied to the validation and test sets.

We used three core evaluation metrics to quantify model performance from different dimensions.
Cosine similarity measures the alignment degree of soundscape embedding and visual embedding
output by the model in the joint space. For the i-th test sample pair, it is defined as:

eg)_eg)

(23)

CosSim; = . .
e q1,0 @,

The reported value is the average cosine similarity over the entire test set CosSim =

1 . . . . .
N—Z?’:j‘ CosSim;, The closer the value is to 1, the better the semantic alignment between modes is.
test

The mean accuracy of cross-modal retrieval (mAP) is used to evaluate the performance of the model in
bidirectional retrieval tasks, that is, the ranking accuracy of the true matching samples in the returned
results when querying visual images with soundscape (or vice versa). The average accuracy (AP) is
calculated for each query sample, and then the average is taken for all queries:

K
1 1

mAP = — — Z Precision, (k) - Rel, (k) (24)
Q Rq k=1

q=1

Where @ is the total number of queries, R, is the total number of relevant samples for the g-
th query, K is the length of the return list (50 in this paper), Precisiong (k) is the precision in the first
k returned results, Rel,(k) is a binary label indicating whether the k-th result is relevant (1 is
relevant, 0 is irrelevant). RMSE of perception score prediction is used to quantify how well the model
approximates subjective joint audio-visual perception. The soundscape and panoramic images collected
at each sampling point were submitted to five pre-trained raters, and the joint image score ¥; was given
according to the five-point Likert scale from “very congruent” to “very coordinated”. The average of
the five people was taken as the real perception score of this point. The model outputs the prediction
@

score y; for e through the linear regression head, and the RMSE is calculated as follows

‘joint
[281,1291, 1301131
1 Niest
RMSE = [~— " (3 = 9)? (25)
test =1

The smaller the index is, the closer the joint representation of the model is to people's real
subjective experience.

Table 1 summarizes the performance of the three indicators of each comparison method on the test
set. The methods used to participate in the comparison include: Single-mode acoustic reference (using
only the soundscape encoder, with the visual part zeroed), single-mode visual reference (using only the
visual encoder, with the soundscape part zeroed), simple Concatenation fusion (Concatenation, with the
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dual-stream output directly cascading followed by the full connection layer), multi-mode bilinear
pooling (MFB, Outer product compression fusion of dual-stream features), standard cross-modal
attention (without forgetting gate mechanism), and the complete model of this paper (Ours). It can be
clearly observed from Table 1 that the mAP of the single-mode acoustic reference is only 39.27%,
indicating that it is difficult to uniquely identify the visual scene only by acoustic information. Although
mAP of single-mode visual benchmark increased to 51.83%, RMSE of perception prediction was as
high as 0.521, reflecting that there is still a nonlinear gap between visual features and subjective joint
feelings. In the classical multi-modal fusion method, MFB is better than simple Mosaic due to its
second-order interaction ability (mAP 62.35% vs. 58.91%), while the standard Cross-attention further
pushes mAP to 68.14% by virtue of two-way attention mechanism, which verifies the necessity of cross-
modal interaction. The complete model in this paper achieves the optimal results in the three indicators:
mAP reaches 76.82%, which is 8.68 percentage points higher than the Cross-attention of the optimal
comparison method; The average cosine similarity is 0.847, which is 0.056 higher than 0.791 of Cross-
attention. RMSE decreased to 0.318, 17.4% lower than 0.385 of Cross-attention. This comprehensive
advantage shows that CM-AFG effectively eliminates the interference of irrelevant noise between
modes, HCL simultaneously constrains the embedding space at both instance and category levels to
make the retrieval ranking more accurate, and STAMW dynamically allot the modal weight according
to spatial density to avoid the under-adaptation problem of static fusion in heterogeneous environments.

Table 1. Performance comparison of different methods on the test set

The Method Average cosine similarity mAP (%) Perceived RMSE
Single-modal acoustic baseline 0.582 39.27 0.647
Single-modal visual baseline 0.674 51.83 0.521
Concatenation 0.703 5891 0.472
MFB 0.735 62.35 0.443
Cross-attention 0.791 68.14 0.385
Ours (full model) 0.847 76.82 0.318

In order to verify the actual contributions of the three innovations in this paper, four groups of
ablation experiments are designed: Cross-modal attention forgetting gate (-CM-AFG) was removed,
hierarchical contrast loss was removed but only instance level InfoNCE was retained (-HCL), spatio-
temporal adaptive mode weight controller was removed and fixed equal weight fusion was adopted (-
STAMW), and all three innovations were removed simultaneously and only benchmark dual-stream +
instance contrast loss was retained (-All). Each variant is run under the same training configuration, and
the results are shown in Table 2. After removing CM-AFG, mAP decreases by 3.91 percentage points
and RMSE increases by 0.034, which proves that the forgetting gate plays an irreplaceable role in noise
suppression, especially in the environment with frequent acoustic interference in the mixed commercial
and residential areas. After removing HCL, mAP decreases by 4.63 percentage points, which is the
largest among the three, indicating that the category-level prototype constraint makes the most critical
contribution to improving the quality of retrieval ranking. After removing STAMW, the mAP decreases
by 2.74 percentage points, and the decrease is the largest in the historical protected areas and the mixed
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commercial and residential areas (by 1.8% and 4.1% respectively), which indirectly proves that
STAMW plays a more prominent role in the weight adjustment in the areas with strong spatial
heterogeneity. When all the innovations are removed at the same time, mAP drops to 61.37%, which is
still lower than the MFB method (62.35%), indicating that the three innovations are not simply
superimposed, but work together.

Table 2. Comparison of the performance of each variant in the ablation experiment

Variant configuration Average cosine similarity mAP (%) Perceived RMSE
-All (benchmark + instance-level contrast only) 0.694 61.37 0.456
-CM-AFG 0.809 7291 0.352
-HCL 0.801 72.19 0.365
-STAMW 0.821 74.08 0.337
Ours (full model) 0.847 76.82 0.318

Figure 1 presents the fine-grained mAP performance on the four community types. The bar chart
shows the retrieval accuracy differences of each method on different types of communities. The
complete model keeps the lead in the four types of communities, but the improvement in different
communities shows gradient differences: in the mixed commercial and residential areas, mAP reaches
79.34% (10.27 percentage points higher than Cross-attention), and the improvement is the largest,
which confirms that the anti-noise effect of the forgotten gate is the most significant in the area with the
most serious acoustic interference. In the traditional residential area, mAP was 74.51% (6.55 percentage
points higher than Cross-attention), which showed the smallest increase but still had practical
significance. The historical protection area and hutong micro-renewal area reached 77.28% and 76.15%
respectively.

It is worth noting that the single-modal visual baseline achieves 54.67% mAP in the historical
reserve, while the single-modal acoustic reference is only 36.82% in the MAP of the historical reserve,
indicating that the historical reserve is dominated by the high identifiability of the visual form, and the
acoustic information is relatively homogeneous. However, in the commercial-residential mixed area,
the gap between the gap between the acoustic baseline and the visual baseline narrows to 8.16
percentage points (42.53% vs. 50.69%), reflecting that the gain of acoustic information in scene
recognition in this area is more obvious, which also explains the reason why STAMW has a larger
adjustment range in this area.
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Figure 1. Bar graph of cross-modal retrieval mAP comparison of each method on the four types of

communities

In order to further investigate the performance differences of the model in different perceptual
intensity intervals, Figure 2 shows scatter density plots of predicted versus ground-truth perception
scores. The predictions of the full model cluster tightly around the diagonal (y=x), with a Pearson
correlation coefficient of 0.873, indicating that there is a strong positive correlation between the joint
image score output by the model and human subjective evaluation. The scatter distribution reveals that
the aggregation of prediction points is better than that of the middle interval [2.5, 4.0] at both ends of
the scoring interval [1.0, 2.5] (low coordination area) and [4.0, 5.0] (high coordination area). This
phenomenon suggests that the model is more sensitive and accurate to the extreme "uncoordinated" and
"very coordinated" scenes. However, there is still some uncertainty in the perception prediction of the
middle fuzzy zone, and the prediction error in this region mainly comes from the large variance of
manual scoring itself (the standard deviation of scoring of different subjects in the same scene is 0.43).
In contrast, the Cross-Attention method shows a noticeable fan-shaped deviation from the diagonal,
with systematic overestimation (by 0.32 on average) in the low-score region (<2.0) and underestimation
(by 0.28 on average) in the high-score region (>4.5). It reflects the deficiency of standard attention
mechanism in the ability of information screening between modes.
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Figure 2. Scatter plot of perception score prediction: The left panel shows the full model and the right

panel shows the Cross-attention method

We invited 30 subjects (16 male, 14 female) aged 23—45 (mean 31.2) to participate in the subjective
perception validation. All had normal hearing and normal or corrected-to-normal vision, and possessed
basic familiarity with Beijing’s old city communities. We randomly selected 150 sampling points from
the test set, along with their corresponding 10-s acoustic segments, and asked each subject to
independently provide a joint impression score on the five-point scale for each audio-visual pair. To
quantify consistency between model outputs and human judgments, we computed the intraclass
correlation coefficient (ICC) using the two-way mixed model, absolute agreement definition, [CC(2,1):

MSB - MSW

ICC = (26)

MS; + (k — )MSy, +%(MSS — MSy)

Where MSp is the mean square between samples, MS;, is the mean square within samples,
MS; is the mean square between scorers, k = 30 is the number of subjects, and n = 150 is the
number of samples. The human-model ICC was 0.824 (95% CI: [0.778, 0.861]), indicating excellent
consistency (ICC > 0.75). We further divided the 30 subjects into two groups based on professional
background in architecture or urban planning (12 professionals, 18 non-professionals). The ICC with
the model was 0.851 for professionals and 0.809 for non-professionals, though the difference was not
significant (p = 0.087). However, the slightly higher value for professionals suggests that the learned
audio-visual association pattern is closer to the perceptual logic of trained observers. Table 3
summarizes the corresponding relationship between RMSE of model perception prediction and manual
rating variance in each community type. It can be seen that RMSE and manual rating variance are
positively correlated (Pearson r = 0.76), that is, in communities with large differences between subjects
(such as mixed commercial and residential areas), the prediction accuracy of the model also decreases
accordingly. This is in line with the law of expectations-subjective perceived uncertainty directly
constitutes a ceiling on the predictive ability of the model.
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Table 3. Comparison of RMSE and manual score variance of perception prediction for each community

type
Type of community Sample size The perceived prediction RMSE Standard deviation of manual score
Historic reserve 302 0.297 0.358
Mixed commercial and residential areas 318 0.351 0.427
Hutong micro Renewal Area 324 0.316 0.389
Traditional residential area 321 0.305 0.376

For significance testing, we used paired-sample t-tests to compare the mAP differences between
the full model and each comparison method. For each test sample, we computed the AP values for the
full model and the comparison method, then formed paired differences to test the null hypothesis
Hy: ugire = 0. against the alternative Hy: gy > 0 (full model better). The paired t-test versus Cross-
Attention gave t(1264) = 6.73, p < 0.001 ; versus MFB, t(1264) = 9.14, p < 0.001; and versus
the unimodal visual baseline, t(1264) = 14.28, p < 0.001. All p-values were far below 0.05,
indicating highly significant improvements. We also performed one-way ANOVA on the mAP
differences across the four community types, yielding F(3,1261) =8.52 , p < 0.01 . Post-hoc
Tukey HSD tests revealed a significant difference between the mixed commercial-residential area and
the historical reserve (adjusted p = 0.008). However, differences among other community pairs did
not reach significance, this statistically confirms that community spatial form has a modulating effect
on model performance.

Finally, to provide intuitive qualitative insight, we selected eight typical scenes from the test set,
those with the highest (>0.92) and lowest (<0.45) cosine similarity—for visual inspection. The high
correlation scenes mainly present the following commonalities: hutong segments with a moderate sense
of enclosure (aspect ratio ~0.6—1.2); visual content featuring traditional grey brick walls and greenery;
acoustic background composed of bird songs and distant indistinct human voices; a flat noise spectrum
without prominent peaks. This combination suggests a semantic resonance between the “softness” of
the soundscape and the “traditional tranquility” conveyed by the visual scene. Low-similarity scenes
fall into two categories. The first exhibits traditional visual features but contains continuous low-
frequency mechanical vibrations in the soundscape (e.g., underground construction, outdoor air-
conditioner clusters), which cause a sharp increase in psychoacoustic roughness (>2.3 asper) while the
visual image remains “traditional” — leading to conflicting emotional information. The second
category involves visually strong modern elements (e.g., neon signs) co-occurring with traditional street
cries in the soundscape. These two modalities point to completely different temporal eras, canceling
each other in the joint embedding space and resulting in low similarity.

5. CONCLUSION AND FUTURE WORK

Focusing on the cross-modal correlation between soundscape and visual imagery in Beijing’s old
city communities, this paper has constructed a complete computational modeling framework covering
data collection, feature extraction, model architecture, and experimental verification. Through
synchronous acquisition with a mobile sensor array and DTW-based spatio-temporal alignment
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preprocessing, we effectively solve the problem of accurately matching heterogeneous modal data in
dense street environments. On this basis, we propose three core innovations—the cross-modal attention
forgetting gate, the hierarchical contrastive loss, and the spatio-temporal adaptive modality weight
regulator—which systematically enhance cross-modal correlation modeling from the perspectives of
noise suppression, semantic alignment, and spatial adaptation. Experimental results demonstrate that
the proposed model achieves a cross-modal retrieval mAP of 76.82%, outperforming the best
comparison method by 8.68 percentage points; the RMSE of perception score prediction is as low as
0.318, and the intraclass correlation coefficient with human scores reaches 0.824, fully validating its
effectiveness and practicality. In the quantitative feature response analysis, the model is most sensitive
to the coupling between psychoacoustic roughness and visual building density, with a partial correlation
coefficient exceeding 0.78 in the joint embedding space. This finding reveals a deep sensory
coordination mechanism between auditory texture density and visual spatial enclosure in old city
communities. As visual building density increases and space narrows, rapid modulation components in
the soundscape tend to intensify simultaneously, together forming a multi-sensory expression of
“crowdedness.” This effect is particularly pronounced in the contrast between historical reserves and
mixed commercial-residential areas.

Although this paper has made systematic progress in methodology and experimental validation,
several limitations remain. First, data collection was conducted under relatively stable weather
conditions (wind speed below Beaufort force 3, no precipitation); the model’s robustness to multimodal
data under extreme weather (e.g., microphone wind noise, acoustic attenuation, and degraded visual
contrast due to heavy rain) has not been fully tested. Wind noise significantly raises low-frequency
energy, interfering with accurate MFCC and roughness computation, while rain streaks occlude
panoramic images and weaken visual feature extraction. The current model lacks specific
countermeasures for such simultaneous modal degradation. Second, although our spatio-temporal
adaptive weight regulator incorporates GPS spatial density and day-night factors, it does not account
for long-term temporal variations (e.g., seasonal changes) or accidental transient events (e.g.,
construction impacts, festival loudspeakers), so the model’s temporal generalization capability requires
further expansion.

Future work will focus on the following directions. First, to address data degradation under extreme
weather, we plan to propose a multi-modal data augmentation strategy using generative adversarial
networks to simulate wind noise, rain, and fog effects, thereby enriching training samples and improving
robustness in low SNR scenes. Second, the current model treats each sampling point independently,
neglecting the spatial topology of old city communities—adjacent points exhibit natural smooth
transitions and spatial dependencies in both soundscape and visual imagery. We will introduce graph
neural networks, abstracting street networks as graphs with sampling points as nodes and edges defined
by street connectivity and spatial distance. Graph convolution will aggregate neighborhood information,
enabling the model to capture the propagation and attenuation patterns of audio-visual associations
along street topologies, thus achieving a more macroscopic image understanding at the community level.
Additionally, we are planning a data collection scheme combining long-term fixed monitoring nodes
with mobile acquisition, to enable continuous tracking of the dynamic evolution of soundscape and
visual imagery in old city communities, providing a more timely computational tool for multi-sensory
quality assessment in urban renewal.
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DTW, Dynamic Time Warping;

GPS, Global Positioning System;

IMU, Inertial Measurement Unit;

MFCC, Mel-Frequency Cepstral Coefficients;

FFT, Fast Fourier Transform;

GRU, Gated Recurrent Unit;

Transformer, Transformer;

ResNet, Residual Network;

DeepLabV3+, DeepLab version 3 Plus;

CM-AFG, Cross-Modal Attention Forget Gate;
HCL, Hierarchical Contrastive Loss;

STAMW, Spatio-Temporal Adaptive Modality Weighting;
InfoNCE, Information Noise-Contrastive Estimation,;
MLP, Multilayer Perceptron;

MFB, Multi-modal Factorized Bilinear Pooling;
mAP, mean Average Precision;

AP, Average Precision;

RMSE, Root Mean Square Error;

ICC, Intraclass Correlation Coefficient;

ANOVA, Analysis of Variance;

Tukey HSD, Tukey Honest Significant Difference;
SNR, Signal-to-Noise Ratio;

GNN, Graph Neural Network;

ReLU, Rectified Linear Unit;

AdamW, Adaptive Moment Estimation with Weight Decay;
GPU, Graphics Processing Unit;

CPU, Central Processing Unit;

EMA, Exponential Moving Average.
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