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ABSTRACT This study addresses the challenge of accurately identifying tourists’ emotional states
from unstructured rural tourism videos under diverse environmental stimuli by incorporating multimodal
analysis of visual, acoustic, and textual information. To achieve robust and fine-grained emotion
recognition, a Multimodal Multi-Scale Attention Transformer (MMSAT) framework is proposed for
collaborative modeling of audiovisual and verbal signals. The framework employs an intra-modal attention
mechanism to adaptively fuse multi-scale visual representations while utilizing a three-layer Transformer
encoder to capture deep cross-modal interactions and complementary semantic information. The fused
representations are subsequently used to predict emotional valence and arousal with high precision.
Experimental results on a self-constructed rural tourism video dataset demonstrate that the proposed
MMSAT model achieves Concordance Correlation Coefficient (CCC) scores of 0.823 and 0.805 for
valence and arousal prediction, respectively, outperforming the strongest baseline model, Multimodal
Transformer (MulT), by 0.042 and 0.053. The proposed framework provides an effective solution for
objective emotion assessment in complex open environments and offers methodological insights into
multimodal information propagation and intelligent signal processing, with potential implications for
advanced electromagnetic information perception and cross-domain sensing applications.

INDEX TERMS multimodal emotion recognition, multiscale attention, cross-modal fusion, intelligent
signal processing, electromagnetic information perception

I. INTRODUCTION

H IGH-quality development of rural tourism is a vital
component of promoting rural revitalization and cul-

emotion state recognition in such uncontrolled environ-
ments has become a cutting-edge interdisciplinary topic
linking information technology and tourism management
disciplines. To address the limitations of single-modality
approaches, research on multimodal emotion recognition
has emerged. Early studies often employed simple fusion
strategies, such as feature-level concatenation or decision-
level weighting, which improved performance to some ex-
tent but neglected the deep interactions between modalities
[5,6]. To model more complex cross-modal relationships,
tensor fusion networks explicitly capture high-order in-
teractions between modalities through outer product op-
erations, but their computational complexity is high, and
they are prone to overfitting [7]. Subsequently, fusion
methods based on the low-rank assumption and modality-
invariant/specific representation learning models were op-
timized from the perspectives of computational efficiency
and representation decoupling, respectively [8]. In recent
years, the Transformer architecture [9,10] has shown signif-
icant advantages in multimodal sequence modeling due to

tural  tourism integration often achieved through the strate-
gic revitalization of local heritage industries. A critical fac-
torin achieving high-quality rural development is obtaining
an objective and accurate assessment of tourist experien-  
ces. Historically,subjective evaluation methods for assessing
thetourist experience,such as questionnaires and interviews
,have intrinsic limitations (e.g., recall bias and social de-
sirability bias) that hinder the effective evaluation of the
dynamic and real-time emotional responses of tourists [1].
With the growing trend of utilizing video data in tourism
contexts, emotion computing via computer vision provides
an alternative method for quantifying the emotional experi-
ences of tourists objectively [2,3]. However, the inherently
complex natural environment, diverse tourist behaviors, and
variable lighting and occlusion in rural tourism videos pose
a significant challenge to automated emotion recognitiont
echnology [4]. Achieving fine-grained and highly robust

its powerful self-attention and cross-attention mechanisms,
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becoming the current mainstream technical path. Despite
significant progress in multimodal fusion technology, its
application in the specific scenario of rural tourism still
faces many unresolved challenges. First, existing methods
focus primarily on intermodal fusion while neglecting the
hierarchical nature of features within a single modality
[11,12]. Tourist emotions are characterized by macroscopic
scene context, mesoscopic body language, and microscopic
facial expressions, but current research lacks collaborative
modeling of these multi-scale features [13]. Second, in
complex outdoor environments, audio and visual signals
are often contaminated by noise, and most models lack
the ability to dynamically perceive and adapt to modal
reliability, leading to a sharp decline in performance in
scenarios with low signal-to-noise ratios [14]. Furthermore,
current research is mostly focused on controlled labora-
tory environments or standard datasets. For complex and
unstructured video data in real rural tourism scenarios, the
generalization ability and robustness of existing models still
need to be systematically verified [15]. Previous research
has significant shortcomings in the scale adaptability of
feature extraction, the dynamic robustness of the fusion pro-
cess, and the generalization ability for real-world scenarios.
To systematically address the aforementioned challenges,
this paper proposes a Multimodal Multi-Scale Attention
Transformer (MMSAT) model for rural tourism videos.
The core innovations of this research lie in three aspects:
First, at the feature representation level, addressing the
hierarchical nature of emotional signals and the problem
of single-scale approaches in existing methods, this paper
innovatively constructs a “macro-meso-micro” visual multi-
scale extraction pathway. By separating the global scene,
human pose, and facial expression regions through object
detection, and applying an intra-modal attention mechanism,
dynamic adjustment and adaptive fusion of visual cues at
different scales are achieved. In addition, at the information
fusion level, to solve the problems of inflexible and difficult-
to-construct models for dealing with complex environmen-
tal interferences in traditional fusion methods, this paper
utilizes a Transformer-based cross-modal interaction frame-
work that uses cross-attention as the main data processing
mechanism, where features from each modality are used
as queries for the retrieval of the most relevant evidence
from other modalities for deep semantic alignment and
complementarity. Furthermore, at the paradigm validation
level, this paper provides a dedicated rural tourism video
dataset, validating the model’s generalization ability and
practical application, especially in accurately measuring
affective responses to cultural stimuli. This yields a high-
performing technical resource and a new perspective for
understanding the theoretical development of multimodal
emotion computing in complex open environments based
on multi-scale representation learning and dynamic attention
fusion, providing a solid scientific basis for connecting state-
of-the-art artificial intelligence technologies to the practice
of tourism management.

II. METHODS

Overall Framework
To address the challenges of emotion recognition in

rural tourism videos, this paper proposes a MMSAT. It
constructs a “macro-meso-micro” visual pathway to achieve
hierarchical feature extraction and applies intra-modal and
cross-modal attention, dynamically adjusting and fusing
multi-scale and multimodal information. The overall ar-
chitecture of the model is shown in Figure 1, comprising
four core stages: multimodal multi-scale feature extraction,
intra-modal attention fusion, Transformer-based intermodal
fusion, and emotion regression.

As shown in Figure 1, the model first performs multi-
modal multi-scale feature extraction. For the visual modal-
ity, the original video frames are processed by an object
detector and deconstructed into image regions at three
scales: macro (global scene), meso (human body bounding
box), and micro (facial bounding box). Deep feature vectors
are then extracted from each region using a convolutional
neural network (CNN) backbone. Simultaneously, the origi-
nal audio waveform is converted into a Mel spectrogram,
and its temporal structure features are captured using a
temporal CNN. The text transcribed using automatic speech
recognition (ASR) technology is input into a pre-trained
Bidirectional Encoder Representations from Transformers
(BERT) model to obtain semantically rich text embedding
vectors. This stage transforms the original video data into
a set of structured, semantically rich deep features. Sub-
sequently, the architecture enters the hierarchical attention
fusion stage. The model does not treat all features equally,
but first filters them within the same modality: the three
scale features of the visual modality pass through an intra-
modal attention layer, which automatically learns and as-
signs weights through a feedforward neural network, dy-
namically fusing them into a weighted “visual essence fea-
ture vector”, thus achieving primary information purification
within the modality. Afterward, the essential feature vectors
from visual, audio, and text modalities are concatenated
into a sequence and input into a Transformer encoder. At
this stage, the intermodal attention mechanism begins to
function; its self-attention operation allows features from
each modality to serve as queries, retrieving and focusing
on the most relevant information from other modalities,
thereby achieving deep, context-aware cross-modal feature
collaboration and complementarity. Finally, the [CLS] token
output by the Transformer, as an aggregated representation
of the entire input sequence, is fed into a fully connected
layer to regress continuous sentiment valence and arousal
values.

Multimodal Data Preprocessing and Feature Extraction

Visual Modal Multi-Scale Feature Extraction
To accurately capture multi-layered emotional informa-

tion, from scene atmosphere to individual facial expressions,
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FIGURE 1. Overall model architecture

this paper constructs a three-layer visual feature extraction
pipeline, the process of which is shown in Figure 2.

Visual feature extraction begins with the object detection
stage. First, the raw video frames are fed into a pre-trained
YOLOv5 object detector [16,17] to simultaneously identify
human bodies and faces in the image. Based on the detection
results, the raw frames are divided into three levels of re-
gions of interest: a macroscopic global scene, a mesoscopic
maximum human body bounding box, and a microscopic
corresponding face bounding box. Each region image is
cropped and scaled to a uniform size to serve as input
for the subsequent feature extraction network. To ensure
the stability of facial features, keypoint-based alignment
preprocessing is applied to the face region. Given a video
frame I , an object detector produces three levels of regions:
a macroscopic region Ig , a mesoscopic region Ib, and a
microscopic region If . The images of these three regions
are then input into a shared-weights ResNet-50 backbone
network pre-trained on ImageNet to extract deep features.
The formulas for this process are given as follows:

Fg = ResNet(Ig), Fb = ResNet(Ib),

Ff = ResNet(If )
(1)

Fvisual = [Fg, Fb, Ff ] (2)

Audio Modal Feature Extraction
The mono audio stream is separated from the video

and resampled to a uniform sampling rate of 16 kHz to
normalize the input. For the audio signal x[n], feature
extraction begins with the calculation of the Mel spectro-
gram, which simulates the nonlinear perception of frequency
by the human ear [18,19]. A first-order high-pass filter

H(z) = 1 − αz−1 (α = 0.97) is applied to the signal to
enhance high-frequency components. The signal is divided
into frames with a frame length of 25 ms and a frame shift
of 10 ms, resulting in a series of overlapping short-time
frames xi[m]. A Hamming window is added to each frame
xi[m], and a short-time Fourier transform is performed. The
square of the modulus is then taken to obtain the short-
time power spectrum Pi[k], where the magnitude-squared
operation corresponds to the short-time power spectrum.

Pi[k] =

∣∣∣∣∣
N−1∑
m=0

xi[m]w[m]e−j2πkm/N

∣∣∣∣∣
2

(3)

In Formula 3, w[m] denotes the Hamming window, and N
represents the number of points in the fast Fourier transform
(FFT). The power spectrum Pi[k] is filtered through a set
of 40 triangular Mel-scale filters {Hm[k]}40m=1, and the
logarithm of the output energy of each filter is taken to
obtain the log-Mel spectrum:

S[i,m] = ln

(∑
k

Pi[k] ·Hm[k]

)
(4)

An audio segment of length T is transformed into a
time-frequency representation S ∈ RT×40, that is, a Mel
spectrogram [20,21]. This log-Mel spectrogram is input into
a temporal CNN for deep feature learning. The network
consists of three convolutional blocks, each containing a
one-dimensional convolutional layer, an activation function,
and a max-pooling layer. The one-dimensional convolution
is performed along the time axis, and its core operation is
formulated as follows:

hl[t] = ReLU(Wl ∗ hl−1[t] + bl) (5)
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FIGURE 2. Visual multi-scale feature extraction

In Formula 5, ∗ represents a one-dimensional convolution
operation; Wl and bl are the convolution kernel and bias of
the l-th layer; hl−1 is the feature map of the previous layer.
The width of the convolution kernel is designed to cover
multiple adjacent frames, thereby capturing local temporal
patterns. The output feature map is then processed by a
global average pooling layer to aggregate into a fixed-
dimensional feature vector Fa ∈ Rda , which serves as the
final representation of the audio modality. The formula is:

Fa = GlobalAveragePooling(hL) (6)

In Formula 6, L is the final convolutional layer. This vec-
tor Fa encapsulates key temporal patterns related to emotion
in the audio signal and can be fed into the subsequent cross-
modal fusion module.

Text Modal Feature Extraction
Textual modalities carry tourists’ direct emotional ex-

pressions and semantic content, providing high-level, inter-
pretable cues for emotion recognition. To extract and utilize
textual semantic information from raw videos, this work
constructs a text processing pipeline consisting of ASR and
a pre-trained language model, converting spoken language
into high-quality text semantic embeddings. The separated
audio stream is transcribed into the original text sequence
using ASR technology. The ASR system utilized is the
open-source Whisper medium model. To assess its reliability
in the target domain, the Word Error Rate (WER) was
evaluated on a held-out subset of the rural tourism dataset,

yielding a WER of approximately 15%. While this indicates
potential noise in the textual stream, the subsequent BERT
model is leveraged for its contextual understanding and
robustness to minor transcription errors. Nevertheless, the
performance drop observed when removing the text modal-
ity underscores its contributory role despite potential ASR
inaccuracies. Given audio features, the ASR system aims to
find the most likely word sequence W = {w1, w2, . . . , wN}:

Ŵ = argmax
W

P (W | S) (7)

In Formula 7, S represents the acoustic features of the
audio. This study directly models P (W | S) to generate
accurate transcribed text Ŵ with punctuation. The tran-
scribed text Ŵ is fed into a pre-trained BERT model to
extract deep context-sensitive word vectors. BERT uses a
Transformer encoder architecture, encoding the input text
through a multi-layer self-attention mechanism. The text is
first tokenized into sub-word units, and special [CLS] tokens
and sentence separators [SEP] are added to form the input
sequence CLS. The model processes this sequence through
multiple layers of Transformer blocks; the operations of
each layer can be summarized as follows:

Hl = TransformerBlock(Hl−1) (8)

In Formula 8, Hl is the sequence of hidden states of all
tokens in the l-th layer, and H0 is the input embedding.
The core computation of the self-attention mechanism is as
follows:
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Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (9)

In Formula 9, Q,K,V are the query, key, and value matri-
ces obtained by linear projection of the input H, respectively,
and dk is the dimension of the key vector. This paper takes
the hidden state hL

[CLS] ∈ Rdh of the [CLS] token output
by the last Transformer layer as the aggregate semantic
representation of the entire input text sequence:

Ft = hL
[CLS] (10)

Text feature vectors, along with visual and audio features,
are input into the subsequent cross-modal fusion mod-
ule, providing crucial semantic-level evidence for emotion
recognition.

Intramodal Multiscale Attention Fusion
Visual modalities comprise feature vectors Fg, Fb, Ff ∈

Rd at three scales: macro, meso, and micro. However, the
importance of these scales is not constant across different
emotional states and contextual situations. To address this
dynamic importance issue, this paper designs an intra-modal
multi-scale attention fusion module, enabling the model to
automatically learn and assign optimal weights to visual
features at different scales, thereby achieving intra-modal
information purification and adaptive fusion. The input to
this module is a set of features at the three scales of the
visual modality F = {Fg, Fb, Ff}. Its core is a content-
based multi-head attention mechanism. Each feature vector
Fi ∈ Rd (where i ∈ {g, b, f}) is linearly projected onto the
query, key, and value spaces:

Qi = WQFi, Ki = WKFi, Vi = WV Fi (11)

In Formula 11, WQ,WK ,WV ∈ Rd×dk are the learnable
weight matrices. To capture information from different
subspaces, multi-head attention is employed. For the j-th
head, different projection matrices WQ

j ,WK
j ,WV

j are used
to obtain the corresponding Qi,j ,Ki,j , Vi,j . The attention
score for each head is calculated using a scaled dot product.
For each scale i, the formula for its attention weights αj

i,k

with all other scales (including itself) is:

αj
i,k =

exp(⟨Qi,j ,Kk,j⟩/
√
dk)∑

m∈{g,b,f} exp(⟨Qi,j ,Km,j⟩/
√
dk)

(12)

In Formula 12, ⟨·,·⟩represents the dot product operation.
Afterward, the output of each head is a weighted sum of all
value vectors:

headi,j =
∑

k∈{g,b,f}

αj
i,kVk,j (13)

The outputs of all heads are concatenated and projected
through a linear layer WO to obtain refined features F ′

i at
that scale:

F ′
i = LayerNorm

(
Fi +Dropout(

WO[headi,1; . . . ; headi,H ])
) (14)

After further processing by a feedforward network, three
refined scale features F ′

g , F ′
b, F ′

f are obtained. To fuse
them into a unified visual representation, a learnable context
vector c ∈ Rdk is applied to compute the global importance
weight βi of each refined feature:

ei = cT tanh(WaF
′
i + ba), βi =

exp(ei)∑
j∈{g,b,f} exp(ej)

(15)
In Formula 15, Wa and ba are learnable parameters.

The final visual essence feature vector Fvisual ∈ Rd is a
weighted sum of the three refined features:

Fvisual =
∑

i∈{g,b,f}

βiF
′
i (16)

Through this intra-modal attention fusion module, the
model can dynamically and selectively emphasize the visual
scales most relevant to the current emotional context, while
suppressing scales that may be affected by noise or have low
information content, thereby generating a more discrimina-
tive visual representation and laying a solid foundation for
subsequent cross-modal fusion.

Transformer-Based Intermodal Attention Fusion
After obtaining the refined features of each modality,

to achieve deep cross-modal interaction, this paper adopts
the Transformer encoder [22,23] as the core architecture
for inter-modal fusion. Its core parameter configuration is
shown in Table 1.

TABLE 1. Core parameters of the Transformer encoder

Parameter name Value Instructions

Encoder layers 3 Number of stacked Transformer blocks
Number of attention
heads

8 Number of heads in the multi-head
attention mechanism

Hidden layer dimen-
sion

512 Dimension of input/output features and
internal main path

Feedforward network
dimension

2048 Internal dimensions of feedforward
networks in each Transformer block

Attention dimension 64 Dimension of query/key/value vectors in
each attention head

Dropout 0.1 Dropout ratio used to prevent overfitting

The input to the fusion process is a sequence Z0 =
[Fvisual;Faudio;Ftext] ∈ R3×d, consisting of visual, audio,
and textual essence features, where d = 512. This sequence
is fed into a Transformer encoder consisting of N = 3 iden-
tical stacked layers. In each layer l, cross-modal interaction
is achieved through a multi-head self-attention mechanism.
First, the input Zl−1 is linearly projected into a query, key,
and value matrix:
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Qh
l = Zl−1W

Q,h
l ,

Kh
l = Zl−1W

K,h
l ,

V h
l = Zl−1W

V,h
l

(17)

In Formula 17, h ∈ [1,H] represents the attention head
index, WQ,h

l ,WK,h
l ∈ Rd×dk , and WV,h

l ∈ Rd×dv are
learnable parameters, and dk = dv = 64. Scaled dot product
attention is calculated for each head:

headhl = Softmax

(
Qh

l (K
h
l )

T

√
dk

)
V h
l (18)

The outputs of all heads are concatenated and projected:

MHAttention(Zl−1) = [head1l ; . . . ; head
H
l ]WO

l (19)

In Formula 19, WO
l ∈ RH·dv×d. Afterward, the atten-

tion output goes through a residual connection and layer
normalization:

Ul = LayerNorm(Zl−1 +Dropout(MHAttention(Zl−1)))
(20)

Next, Ul passes through a positional feedforward network,
which consists of two linear transformations and an inter-
mediate activation function:

FFN(Ul) = Dropout(W 2
l ·ReLU(W 1

l Ul + b1l )+ b2l ) (21)

In Formula 21, Ul ∈ Rd, W 1
l ∈ Rd×dff , W 2

l ∈ Rdff×d,
and dff = 2048. Similarly, applying residual connections
and layer normalization yields the final output of this layer:

Zl = LayerNorm(Ul +Dropout(FFN(Ul))) (22)

After N layers of such processing, the features at each
position in the sequence have been enriched and contextual-
ized by features from other modalities. This paper takes the
feature at the first position of the final output sequence ZN

as the fused multimodal joint representation Hfused ∈ Rd:

Hfused = ZN [0] (23)

This vector Hfused encapsulates complementary informa-
tion from all modalities through deep interaction and can be
fed into the final regression layer for sentiment dimension
prediction.

Output Layer and Loss Function
To map the fused multimodal joint representation to a

continuous dimensional emotion space, this paper employs
a simple fully connected layer as the output layer. The input
to this layer is the [CLS] token vector Hfused ∈ R512 from
the Transformer encoder, and its output is a two-dimensional
vector ŷ ∈ R2, corresponding to the predicted values of
emotional valence and arousal, respectively, as shown in the
formula:

ŷ = [v̂, â] = WoHfused + bo (24)

In Formula 24, Wo ∈ R2×512 and bo ∈ R2 are the
learnable weight matrix and bias vector, respectively. Dif-
ferent regions in the dimensional emotion space [24,25] are
associated with discrete descriptions of emotional states, as
shown in Table 2.

TABLE 2. Emotional descriptions of typical regions in valence–arousal (VA)
two-dimensional space

Valence (V) Arousal (A) Typical emotional descriptors

High High Excited, Awed, Delighted
High Low Relaxed, Content, Peaceful
Low High Frustrated, Anxious, Irritated
Low Low Bored, Tired, Disappointed
Neutral Neutral Neutral, Calm

Table 2 provides the sentiment semantic mappings for
typical quadrants in the VA model [26,27], offering a
conceptual framework for subsequent analysis. Given that
sentiment prediction is a regression task, this paper uses
mean squared error (MSE) loss as the optimization objective
of the model. This loss function measures the difference
between the model’s predicted values ŷi = [v̂i, âi] and
the true labeled values yi = [vi, ai]. For a training batch
containing N samples, the loss L is calculated as follows:

L =
1

N

N∑
i=1

[
(vi − v̂i)

2 + (ai − âi)
2
]

(25)

III. EXPERIMENTS

Dataset Construction
To evaluate the effectiveness of the proposed model, this

study independently constructs a dedicated rural tourism
video dataset. Data collection is conducted at several rep-
resentative rural tourist attractions, using a smartphone
(iPhone 14 Pro) and a portable action camera (DJI Osmo
Action 3) under natural light to ensure high-quality video
(1080p resolution, 30 FPS) and audio (48 kHz sampling
rate). The recording scenes cover a variety of typical sce-
narios, including rural scenery viewing, agricultural experi-
ence activities, participation in traditional folk customs, and
rural homestay leisure, to comprehensively capture tourists’
emotional responses in different contexts.

Table 3 provides the main statistics for this dataset,
which collects data from 89 participants who produced
1,285 videos. From these videos, 15,420 valid segments are
extracted for cross-modal video emotion (CVE) analysis.
Each segment is labeled for valence and arousal using a
continuous scale from 0–1 by five trained raters indepen-
dently. The final ground-truth label for each segment was
determined by taking the median of the five independent
ratings. The average valence for the dataset is 0.68, which
is above the neutral value of 0.5, indicating that, on average,

VOL. 15, NO. 3, AUGUST 20265643



Yang et al.

experiences of rural tourism are usually positive based on
expectations about the types of experiences that can result
in positive emotions. The dataset also contains standard
deviations, which present an additional challenge when
developing models.

TABLE 3. Statistical information of rural tourism video dataset

Statistical project Value/Description

Total number of videos 1,285
Total duration About 42.8 hours
Number of participants 89
Scene distribution Rural scenery viewing (42%), agricultural

experience activities (28%), traditional folk customs
participation (19%), rural homestay leisure (11%)

Number of annotated seg-
ments

15,420

Average duration of frag-
ments

10 s

Valence mean (standard de-
viation)

0.68 (0.22)

Arousal mean (standard de-
viation)

0.59 (0.25)

To ensure a fair and generalizable evaluation, the dataset
was partitioned following a speaker-independent protocol.
The 89 participants were randomly split into training, val-
idation, and test sets in a 7:1:2 ratio. Correspondingly, the
video segments were divided, resulting in 10,794 segments
for training, 1,542 for validation, and 3,084 for testing.
This partitioning ensures that the model is evaluated on
completely unseen individuals, providing a robust test of its
generalization ability to new tourists. All baseline models
and the proposed model were trained and tested using this
identical data split to guarantee a fair comparison. This study
was approved by the Ethics Committee of Handan Univer-
sity and was performed in accordance with the principles of
the Declaration of Helsinki. All eligible participants signed
an informed consent form.

A. EXPERIMENTAL SETUP
This experiment is implemented using the PyTorch 2.0 deep
learning framework. The model employs the AdamW opti-
mizer with an initial learning rate of 3× 10−5 and a cosine
annealing scheduling strategy. The weight decay coefficient
is set to 0.01, and the training batch size is 32. The model is
trained for 100 epochs on four NVIDIA RTX 4090 GPUs.
To improve training stability, all input features are layer-
normalized, and dropout with a ratio of 0.1 is applied before
each fully connected layer. To comprehensively evaluate
model performance, three complementary regression metrics
are used. MSE measures the squared deviation between
predicted and true values and is sensitive to outliers; the
formula is:

MSE =
1

N

N∑
i=1

(yi − ŷi)
2 (26)

Mean Absolute Error (MAE ) provides an intuitive mea-
sure of error, with the formula:

MAE =
1

N

N∑
i=1

|yi − ŷi| (27)

Concordance Correlation Coefficient (CCC) [28,29] con-
siders both relevance and accuracy and is the most crucial
metric in dimensional emotion recognition tasks. The for-
mula is:

CCC =
2ρσyσŷ

σ2
y + σ2

ŷ + (µy − µŷ)2
(28)

In Formula 28, ρ is the Pearson correlation coefficient,
and µ and σ are the mean and standard deviation, respec-
tively. To verify the advancement of the proposed model
(MMSAT), it is compared with six advanced multimodal
fusion models representing different technical approaches:
Tensor Fusion Network [30,31] (TFN, explicit high-order
interaction based on tensor outer product), Low-Rank Fu-
sion Network [32,33] (LFM, efficient implementation of
low-rank approximation of TFN), Modality-Invariant and -
Specific Representations for Multimodal Sentiment Analysis
(MISA, decoupling features into modality-invariant and
modality-specific components), Multimodal Transformer
[34,35] (MulT, a benchmark for cross-modal fusion based
on Transformer cross-attention), Self-Supervised Multi-Task
Multimodal (Self-MM, using multi-task self-supervised
learning to learn robust single-modal representations), and
Quality-Aware Multimodal Fusion (QMF, a fusion method
that explicitly evaluates modal quality). These baselines
cover the mainstream technological paradigms of current
multimodal emotion recognition, ensuring the comprehen-
siveness and fairness of the comparison.

IV. RESULTS

Tourist Emotional State Prediction Results
To evaluate the overall performance of the MMSAT

(proposed) model, this study conducts a comprehensive
comparison with six state-of-the-art baseline models on the
test set. The prediction results for valence and arousal are
shown in Figure 3.

The MMSAT model demonstrates superior performance
in the datasets used for valence and arousal predictions.
In terms of the main metric measured through the CCC,
MMSAT surpasses the baseline model (MulT) by 0.042
for valence prediction and 0.053 for arousal prediction,
with MMSAT exhibiting the least amount of error (lowest
MAE/MSE) compared to the baseline MulT model. The two
main strengths of the MMSAT model are outlined below.
First, multi-scale visual feature extraction and intra-modal
attention mechanisms allow MMSAT to flexibly concentrate
on key visual cues across multiple levels of visual presen-
tation (including face and scene context), providing more
complete visual representations with better performance
compared to single-scale or simple splicing. Second, us-
ing transformer-based intermodal fusion allows MMSAT to
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FIGURE 3. Emotional state prediction results: (a) Valence prediction results; (b) Arousal prediction results

dynamically model nonlinear interactions across modalities
and combine them, enabling MMSAT to better incorporate
complementary information than any other method of fusing
modalities, including tensor fusion and early/late modal
fusion. Therefore, MMSAT exhibits more robust emotion
recognition in complex rural tourism environments than any
other current method.

Ablation Experiment
To verify the effectiveness of each core component in

the MMSAT model, ablation experiments are systematically
conducted, and the results are shown in Table 4. Removing
any key module results in a significant decrease in model
performance, demonstrating the necessity of the overall
architecture design presented in this paper.

TABLE 4. Comparison of ablation test performance (evaluation index is CCC)

Model variants Valence (CCC) Arousal (CCC) ∆V ∆A

Complete model
(MMSAT)

0.823 0.805 – –

–Intra-modal attention 0.791 0.773 –0.032 –0.032
–Modal Transformer 0.768 0.749 –0.055 –0.056
–Text modality 0.801 0.789 –0.022 –0.016
–Multi-scale visual
features

0.780 0.762 –0.043 –0.043

Note: ∆V and ∆A represent the decrease in CCC relative
to the full model on valence and arousal. The “intermodal
Transformer” variant uses feature concatenation followed by
a fully connected layer for fusion. The findings from the
ablation studies quantifying the role of each component on
model performance show clearly that model performance
suffers the most when the intermodal Transformer is re-
moved from the model: the valence/arousal CCC drops by
0.055/0.056, respectively. This indicates that combining two
modalities through simple concatenation and fusion cannot
represent the complex nonlinear interaction between these
modalities, thus offering further justification for the need
to use a Transformer-based representation for deep cross-
modal modeling. The removal of multi-scale visual features
also results in significant drops in model performance: both
valence/arousal CCC drop by 0.043 with the removal of
these features. This illustrates the importance of modeling
the global scene, human pose, and facial expressions sepa-
rately and collectively, and how the model cannot account

for variations in emotional carriers across different contexts
without multi-scale visual feature inputs. There are also
significant performance drops when intra-modal attention is
removed: both valence/arousal CCC drop by 0.032. The in-
clusion of multi-scale visual features is not enough to over-
come the loss of a dynamic weighting mechanism for these
features. When intra-modal attention is not employed for the
fusion of visual data, there is less accuracy in the generated
visual representations. Removing the text modality only has
a small effect on performance (valence/arousal CCC drop by
0.022 and 0.016, respectively). This is expected for certain
emotions, such as joy and surprise, especially in a rural
tourism context. In these cases, strong visual and audio
signals convey enough of the emotional meaning without
needing the additional information from the text modality.
In conclusion, all components together constitute a powerful
and robust multimodal emotion recognition system. While
the most significant performance drop occurred upon re-
moving the intermodal Transformer, highlighting the critical
role of deep cross-modal interaction, it is important to
emphasize that the performance degradation resulting from
removing the core innovation—multi-scale visual feature
extraction with intra-modal attention fusion (0.043/0.043)—
is only marginally smaller. This demonstrates the substantial
effectiveness and necessity of the multi-scale features. The
Transformer, as a powerful fusion architecture, relies heavily
on the quality of its input features for optimal performance.
The proposed innovation provides precisely this: a more
discriminative and information-rich visual representation,
purified and adaptively weighted within the modality, which
forms a crucial foundation for the overall performance
gain. Therefore, the ablation results should be interpreted
as evidence that the proposed multi-scale feature extraction
and intra-modal attention mechanism work in effective
synergy with the cross-modal attention fusion architecture
to jointly achieve the model’s superior performance. While
the ablation study demonstrates the collective importance of
multi-scale features, it is acknowledged that a more granular
comparison against traditional single-scale baselines (e.g.,
using only macro-scale or only micro-scale features) would
further solidify the necessity of the proposed three-scale
design. Future work will include such direct comparisons
to explicitly quantify the advantage of hierarchical feature
extraction over conventional single-scale approaches.
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Attention-Based Analysis on Emotional Fragments
To explore the interpretability of the internal decision-

making mechanism of the MMSAT model, the dynamic
changes of intra-modal and intermodal attention weights
under different emotional segments are analyzed. Figure
4 shows the evolution of the three-scale weight allocation
within the visual modality and the cross-modal attention
score, revealing the model’s ability to adaptively focus on
key cues.

The ability of the model to adaptively shift its visual
focus depending upon the type of emotion is shown clearly
in Figure 4(a). For example, high-arousal emotions such
as Excited (mesoscale weight 0.50), Frustrated (mesoscale
0.45), and Anxious (mesoscale 0.40) all place significant
importance on mesoscale (human posture) features; this
is because, during the presentation of these high-arousal
emotions, large-scale body movements are used as the
most direct and clear external expression of those emo-
tions. In contrast, low-arousal emotions such as Relaxed
(macroscale 0.55), Peaceful (macroscale 0.60), and Bored
(macroscale 0.65) rely primarily on the macroscale (scene
context) for cues; calm emotional states are therefore more
fully defined by the overall context of their environment.
Furthermore, there is a distinctly greater contribution to the
model by the microscale (face) feature for the emotions of
Delighted (microscale 0.35) and Disappointed (microscale
0.35), demonstrating that the model is capable of capturing
more subtle emotional expressions. Through adaptive weight
allocation, the intra-modal attention mechanism effectively
integrates multi-scale visual information. Multimodal data
can be merged, and a neural network can be trained to
identify the most reliable data for a particular emotional
context, similar to how a human would do this, as shown
in Figure 4(b). The visual modality consistently receives
the majority of the attention weight (normally above 0.45).
This is also supported by psychological research, which
states that the perception of another’s emotions is primarily
mediated through their visual presentation. When there are
instances of high levels of negative arousal, like Frustrated
(0.40) or Anxious (0.45), the audio (tone of voice) modality
is more heavily weighted than the visual modality. This
can be explained by the fact that, in everyday interactions,
when people are frustrated or anxious, their tone of voice
(complaints, sighs) often expresses their true emotional state
more than their facial expression, which may be misrepre-
sented or hidden. The model has successfully captured this
phenomenon. In addition, the audio and text modalities are
equal (0.30) for the Disappointed segment, indicating that
the model appears to seek support through semantic context
(i.e., genuine disappointment) for the emotional context.
Overall, this indicates that the model can dynamically
evaluate how to weight different modalities based on the
most valid source of information in a specific context.

Visualization of Sentiment Prediction Results
To visually compare the prediction accuracy of each

model over time, this paper selects a representative video
clip containing 50 consecutive time points, which fully
demonstrates the dynamic change of tourists’ emotions from
Calm to Excited. Figure 5 shows a comparison between the
prediction curves of each model and the actual values in the
valence and arousal dimensions.

All models generally seem able to predict the overall
movement of emotion transitioning from Calm to Excited
from a valence point of view, as can be seen in the figure
below, but there are large discrepancies in their accuracy
of prediction and the timing of when those predictions are
correct (timeliness). The baseline model has a pronounced
lag effect when predicting the transitional phase of emotions
to Excited and exhibits significant smoothing effects, indi-
cating that this model is not able to track rapid changes in
the actual value as effectively as the MMSAT model. The
MMSAT model’s predictions are the closest to the actual
values, not only exhibiting the general upward trend of
the transitional process of emotion but also capturing the
variations in emotions that occur between the two states
(between Calm and Excited). This is due to the MMSAT
model’s multi-scale visual feature extraction mechanism,
which allows the model to simultaneously gather different,
yet complementary, emotional data from facial expression
cues, body movement cues, and the atmosphere created by
the scene. In doing so, this model can provide an accurate
representation of the overall changes in emotional states.
When analyzing and comparing the performance of the
models based on the arousal dimension (see Figure 5b),
it becomes increasingly clear that the differences between
model performances in this dimension are even larger than
those in the valence dimension. For example, the traditional
models exhibit substantial prediction bias during the peak
segments of emotional arousal, or frames 30 to 40. This
indicates that traditional models are not very good at rec-
ognizing high-arousal emotions (i.e., recognizing emotions
that are highly excited). The MMSAT model’s predictions
closely match the true peak values in this area due to its
cross-modal attention mechanism. Specifically, this cross-
modal attention mechanism integrates audio, visual, and
text data in real time and automatically increases the at-
tention weights to those modalities when an excited state is
detected. As a result, the MMSAT model can accurately
identify high-arousal emotions. In addition, the MMSAT
model continues to provide good tracking across the full
time series and, therefore, exhibits consistent performance
across different levels of emotional intensity. To assess the
consistency between the predicted and actual values in the
overall distribution of the emotion space, a scatter plot of
the actual values and model predictions is drawn in the VA
two-dimensional space, as shown in Figure 6.

Figure 6 shows the differences in how each of the three
labels distributes within the VA emotion space. The actual
(solid circle data) represents an ideal distribution based
on emotion theory, as they are all located within the four
quadrants (i.e., strong positive, weak positive, weak nega-
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FIGURE 4. Attention analysis based on emotion segments: (a) Multi-scale attention weights within the visual modality; (b) Intermodal
attention weights

FIGURE 5. Visualization of sentiment prediction: (a) Valence; (b) Arousal

FIGURE 6. Two-dimensional spatial distribution analysis of VA space

tive, strong negative). The predicted emotion distributions
from the MulT model (triangle data points) generally agree
with the actual distribution; however, there are notable
spatial deviations around several specific emotion points.
This indicates that the MulT model is not able to as precisely
identify the dimensional features of the strongest emotions.
On the other hand, the predicted emotion distributions from
the MMSAT model (pentagon-shaped data points) are highly
overlapping with the actual distribution, showing very little
variation even at the micro-level, thus indicating superior
precision in its predictions. This high correlation between
the predicted distributions and their actual counterparts
can be attributed to the convention for multi-scale feature
extraction used for the MMSAT model and the cross-
modal attention mechanism it uses to extract features from
visual, acoustic, and textual information. As a result, this

model accurately learns about the subtle differences between
different emotions in the dimensional space and allows for
accurate localization of emotions and reliable prediction of
emotional states.

Model Generalization Ability and Robustness Testing
To evaluate the model’s adaptability in unknown sce-

narios, a leave-one-out validation method is used to test
the model’s generalization performance in four typical rural
tourism scenarios. The results are shown in Figure 7.

The cross-scenario generalization test results clearly
demonstrate that the MMSAT model outperforms the MulT
baseline in all test scenarios, exhibiting superior generaliza-
tion ability. Specifically, in the valence dimension, MMSAT
improves the CCC value by an average of 0.046 compared
to MulT across all scenarios; in the arousal dimension, the
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FIGURE 7. Cross-scenario generalization performance comparison

average improvement reaches 0.048. Notably, both models
show relatively the lowest performance in the “farm expe-
rience activity” scenario, possibly due to the more dynamic
and complex body movements involved, increasing the diffi-
culty of emotion recognition. However, MMSAT maintains
a more stable performance advantage in this challenging
scenario, primarily due to its multi-scale visual feature
extraction mechanism, which effectively captures multi-
level information ranging from subtle facial expressions to
macroscopic body movements. Furthermore, the model’s
dynamic information fusion through cross-modal attention
allows it to adapt to the characteristics of different scenarios,
thus maintaining stable emotion recognition performance in
unfamiliar environments. This result proves that the MM-
SAT model possesses strong scene adaptability and practical
value. To evaluate the stability of the model under real-world
environmental disturbances, this paper systematically tests
the robustness of the model under visual noise, audio noise,
and visual occlusion conditions. The results are shown in
Figure 8.

FIGURE 8. Noise and occlusion robustness test results: (a) Visual noise
robustness test; (b) Audio noise robustness test; (c) Visual occlusion

robustness test

In the visual noise test (Figure 8a), as the Gaussian
noise intensity increases (signal-to-noise ratio decreases
from 30 dB to 10 dB), the performance of both mod-
els declines, but MMSAT shows stronger anti-interference
ability. Under the extreme condition of a signal-to-noise
ratio of 10 dB, MMSAT’s valence CCC remains at 0.708,
significantly higher than MulT’s 0.632. This is due to
MMSAT’s multi-scale attention mechanism, which allows
the model to automatically adjust the weight distribution of
each visual scale when image quality deteriorates, reducing

reliance on features in noise-sensitive areas and instead
utilizing relatively clear macroscopic scene information and
mesoscopic body movement features for emotion infer-
ence. In the audio noise test (Figure 8b), MMSAT also
demonstrates superior robustness. When background wind
noise interference increases (signal-to-noise ratio decreases
from 30 dB to 10 dB), the CCC value of MMSAT in
the arousal dimension decreases from 0.805 to 0.685, a
decrease of 14.9%, while MulT’s decrease reaches 16.9%.
This advantage stems from the adaptive capability of the
cross-modal attention mechanism: when the audio signal
is severely contaminated, the model automatically reduces
the weight of its dependence on the audio modality while
increasing its attention to the visual and textual modalities,
thereby maintaining the accuracy of emotion recognition
through multimodal information complementarity. In the
visual occlusion test (Figure 8c), as the occlusion ratio
increases from 0% to 60%, the performance degradation
of MMSAT is significantly slower than that of MulT. At a
30% occlusion ratio, MMSAT’s valence CCC is 0.762, while
MulT’s has dropped to 0.698; even at a 60% occlusion ratio,
MMSAT maintains a CCC value of 0.668. This indicates
that the multi-scale feature extraction mechanism plays a
crucial role: when certain regions of the image are occluded,
the model can obtain compensatory information from other
unoccluded scales. For example, when the face is partially
occluded, it can still make emotion judgments based on body
posture and scene context, thereby maintaining relatively
stable recognition performance. The analysis in Figure 4(b)
indicates a primary reliance on the visual modality, which
aligns with psychological findings. However, the robustness
tests (Figure 8c) reveal that performance degrades under
severe visual occlusion, highlighting a practical limitation.
This underscores the importance of the model’s inherent
adaptive mechanism, facilitated by cross-modal attention,
which dynamically redistributes attention weights towards
more reliable modalities (audio, text) when visual evidence
is compromised, as evidenced by the slower performance
decline compared to the baseline.
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V. CONCLUSION
This paper proposes a MMSAT model for rural tourism
videos, addressing three major challenges in emotion recog-
nition under complex environments through structured de-
sign, which facilitates the nuanced analysis of tourist reac-
tions to local cultural elements. In the feature extraction
stage, the model deconstructs the visual modality into
macro, meso, and micro scales to capture scene atmosphere,
body movements, and facial expressions, respectively; audio
and text modalities are modeled with paralinguistic and
semantic information using temporal CNN and BERT. In the
fusion stage, an intra-modal attention mechanism achieves
adaptive weighting of multi-scale visual features, while the
Transformer encoder dynamically integrates heterogeneous
information through cross-modal attention, ultimately out-
putting a continuous emotion dimension prediction. Experi-
ments demonstrate that the model significantly outperforms
existing methods in accuracy, robustness, and generalization.
This research proposes a hierarchical multimodal multi-
scale emotion recognition framework, validated through a
dedicated rural tourism video dataset that includes diverse
stimuli relevant to local cultural features. This provides a
practical technical tool for optimizing rural tourism manage-
ment and services, based on enhanced emotion recognition
stability under complex real-world conditions.
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