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Abstract: Parks are an important component of urban ecosystems, yet traditional research
often relies on single-modal data, such as text or images alone, making it difficult to com-
prehensively and accurately capture the complex emotional experiences of visitors and
their relationships with the environment. This study proposes a park perception and under-
standing model based on multimodal text–image data and a bidirectional attention mecha-
nism. By integrating text and image data, the model incorporates a bidirectional encoder
representations from transformers (BERT)-based text feature extraction module, a Swin
Transformer-based image feature extraction module, and a bidirectional cross-attention
fusion module, enabling a more precise assessment of visitors’ emotional experiences in
parks. Experimental results show that compared to traditional methods such as residual
network (ResNet), recurrent neural network (RNN), and long short-term memory (LSTM),
the proposed model achieves significant advantages across multiple evaluation metrics,
including mean squared error (MSE), mean absolute error (MAE), root mean squared
error (RMSE), and the coefficient of determination (R2). Furthermore, using the SHapley
Additive exPlanations (SHAP) method, this study identified the key factors influencing
visitors’ emotional experiences, such as “water”, “green”, and “sky”, providing a scientific
basis for park management and optimization.

Keywords: deep learning; park environment perception; multimodality; sentiment analysis;
attention mechanism

1. Introduction
As an important component of urban ecosystems, parks serve key functions in daily

leisure, recreation, and social interaction, fostering a connection with nature [1–8]. With the
acceleration of urbanization and the improvement of people’s demand for quality of life,
parks not only need to satisfy the basic ecological functions but also need to provide quality
emotional experiences [9], which poses new challenges to the design and management
of parks. Studies have shown that visitors’ emotional experience affects their satisfaction,
willingness to visit, and health and well-being in parks [1,10]. Therefore, it is very important
to accurately assess the emotional tendencies of park visitors to improve the quality of park
services and social values.

Public perception of a park environment is a complex cognitive process that is in-
fluenced by a combination of factors such as natural landscape, artificial facilities, social

Buildings 2025, 15, 1552 https://doi.org/10.3390/buildings15091552

https://doi.org/10.3390/buildings15091552
https://doi.org/10.3390/buildings15091552
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/buildings
https://www.mdpi.com
https://doi.org/10.3390/buildings15091552
https://www.mdpi.com/article/10.3390/buildings15091552?type=check_update&version=1


Buildings 2025, 15, 1552 2 of 19

interaction, and air quality [11–14]. Measuring environmental perception is challenging
because of its subjective and intangible nature [15,16]. Traditional assessment methods
mainly include questionnaire surveys [17,18], interviews [19,20], field observations [21,22],
and case studies [23–25]. These conventional methods have obvious shortcomings, such as
consuming more time and manpower, having a single source of data, and being suscep-
tible to subjective factors [26,27], which make it difficult to meet the needs of large-scale,
real-time, and objective park emotion assessment. Therefore, how to scientifically assess
the emotional experience of park visitors with the help of modern computing methods in
park operation and management has become an important issue to be solved.

With advancements in computer technology, deep learning has gradually become
an important tool for studying the perception of the park environment [16,28,29]. More
accurate analysis and automated assessment of affective tendencies are gradually becoming
a research hotspot. However, most existing research on park perception relies on single-
modal data, such as text or images. Studies based on textual data analyze textual content,
such as social media posts, user comments, etc., to infer the public’s emotional disposition
towards the environment [30–34]. Models such as RNN, BERT, and LSTM have been widely
used in recent years in textual sentiment disposition analysis [30,32,35]. Studies based on
image data utilize the visual features of environmental photographs to assess the potential
emotional impact of the environment on the public [36–38]. Models such as CNN, R-CNN,
and ViT (Vision Transformer) are able to detect the effect of images on people’s emotional
tendencies [39,40]. Notably, in recent years, Transformer models have demonstrated strong
capabilities in handling sentiment analysis and complex data patterns [41,42]. However,
single-modal data can only represent human perception from a particular perspective,
which not only makes it difficult to complete a full-picture description of complex emotional
experiences independently but also fails to accurately reflect the emotional fluctuations of
tourists in the changing park environment [43,44].

As a cutting-edge technology in the field of deep learning, multimodal learning meth-
ods are able to provide more comprehensive and accurate results by fusing data from differ-
ent sources and forms [43–46]. In the research field of park environment perception, multi-
modal deep learning is still in the exploratory stage. Studies from Yang et al. and Liu et al.
suggest that integrating text and image data not only enhances the overall understanding
of spatial environments by the model but also improves the accuracy of emotional tendency
prediction [27,28]. However, despite the potential of multimodal learning methods to
integrate text and image data, existing research still faces two major challenges. First,
effectively fusing text and image features remains a critical issue. Text and images belong
to fundamentally different modalities [47], with distinct feature spaces and representational
structures. Developing models that seamlessly integrate these two types of information
is a key challenge in multimodal learning. Second, capturing the intricate interactions
between text and images presents another major challenge. Traditional multimodal fusion
techniques mostly rely on simple feature concatenation or weighted averaging [48], which
limits their ability to fully uncover deep connections between textual and visual data.

To overcome these challenges, this study proposes a park perception and understand-
ing method based on multimodal text–image data and a bidirectional attention mechanism.
Specifically, we developed a cross-modal framework that integrates a bidirectional encoder
representations from transformers (BERT)-based text feature extraction module, a Swin
Transformer-based image feature extraction module, and a bidirectional cross-attention fu-
sion module. Through the deep fusion of multimodal information, the framework enhances
the model’s ability to capture visitors’ emotional experiences. This technical framework
not only addresses the limitations of unimodal assessment methods but also overcomes
the technical obstacle of simple multimodal fusion that makes it difficult to capture deep
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semantic associations across modalities. The method is able to accurately assess the emo-
tional tendencies of visitors while capturing textual information and image features of the
park environment, which enhances the comprehensiveness of urban public space assess-
ment. This data-driven analysis framework not only provides actionable recommendations
for urban planning but is also versatile enough to be extended to a wide range of urban
public spaces.

The contributions of this paper are as follows:

1. The BERT model effectively captures semantic information in text using a bidirectional
encoder, whereas the Swin Transformer efficiently extracts visual features from images
through a local window self-attention mechanism. This study proposed a park
perception and understanding method based on multimodal text–image data to
effectively fuse text and image features and capture their interactions.

2. To better integrate BERT and Swin Transformer features, a bidirectional cross-attention
mechanism that enables mutual reinforcement of text and image information is intro-
duced in order to enhance the accuracy and robustness of sentiment analysis.

3. In addition, a method that enables an interpretability analysis of the model results
is employed, focusing on the significance of key terms, which allowed us to identify
key factors of the park environment that influence visitors’ emotional experience, for
optimization and providing suggestions for park management.

2. Materials and Methods
2.1. Overall Model Architecture

Parks provide important spaces for leisure and recreation. Their environmental quality
directly influences visitors’ emotional experiences. However, fully capturing these emo-
tional experiences by relying only on single-source data is difficult. Therefore, we propose
a cross-modal framework that integrates textual descriptions and corresponding image
data, to more accurately assess visitors’ emotional tendencies.

The overall model architecture consisting of a text feature extraction, an image fea-
ture extraction, and a multimodal cross-fusion module is depicted in Figure 1. First, the
input layer receives textual descriptions and associated image data. The text data are
processed by a BERT-based text feature extraction module, which captures deep semantic
information within the text. For image processing, the Swin Transformer effectively reduces
computational complexity and enhances the modeling of long-range dependencies by seg-
menting the image into multiple local windows and applying self-attention computations
within each window. Finally, the bidirectional cross-attention fusion module enhances
the interaction between text and image features through text-to-image and image-to-text
cross-attention computations. This ensures that the generated comprehensive feature
representation includes key information from both modalities, accurately reflecting the
emotional sentiment associated with the park.

2.2. BERT-Based Text Feature Extraction Module

BERT is a language model based on the Transformer architecture. It employs bidirec-
tional encoders to capture deep semantic information in text and conducts unsupervised
learning on large-scale text corpora [49]. Unlike traditional unidirectional language models,
BERT simultaneously considers both preceding and succeeding contextual information of a
word to capture not only the intrinsic meaning of words but also their relationships with
other words, resulting in a more comprehensive and precise text representation. In this
study, we utilized a pre-trained BERT model to extract deep semantic information from
park-related text. The model was fine-tuned on our dataset to enhance its understanding of
sentiment recognition in park perception tasks.
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BERT consists of multilayer bidirectional Transformer encoders, with each encoder
layer comprising a multi-head self-attention mechanism and a feed-forward neural net-
work (FFN). BERT first converts the input text into a corresponding word embedding
representation. Given a text T, BERT generates a series H of context-dependent embedding
vectors with dimensions [L, d], where L represents the text length and d is the hidden
layer dimension. Since the Transformer lacks recurrent or convolutional structures, explicit
positional information is added to capture the sequential order of words. Positional embed-
dings are fixed mappings that assign different vectors to words based on their position in
the sentence.

The self-attention mechanism captures dependencies between different positions by
applying three independent linear transformations to generate the query, key, and value
matrices. The scaled dot-product attention score is computed as follows:

Attention(Q, K, V) = Softmax
(

QKT
√

dk

)
V (1)

where Q, K, and V are the query, key, and value matrices, respectively, and dk is the
dimension of the key vector.

To capture information from various subspaces, BERT employs a multi-head self-
attention mechanism. Assuming that there are h attention heads, the output of the i-th
head is given as follows:

Headi = Attention
(

QWQ
i , KWK

i , VWV
i

)
(2)

where WQ
i , WK

i , and WV
i are the projection matrices of the query, key, and value of the i-th

attention head, respectively.
The outputs of all attention heads are concatenated and transformed linearly:

MultiHead(Q, K, V) = [Head1; Head2; . . . ; Headh]WO (3)

where WO is the output projection matrix.
Each Transformer encoder layer also includes an FFN, which is applied independently

to the output at each position:

FFN(x) = ReLU(xW1 + b1)W2 + b2 (4)
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where x is the data input to the FFN; W and b are the learnable parameters in FFN; and the
rectified linear unit (ReLU) is the activation function.

To prevent vanishing gradients and accelerate training, BERT employs residual con-
nections and layer normalization after each layer. Figure 2 illustrates the architecture of the
BERT-based text feature extraction module and its attention mechanism.
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To mitigate overfitting, a specific fine-tuning strategy was employed where only the
parameters of BERT’s final layer were fine-tuned, while the weights of the remaining layers
were frozen and not updated during the training process. During training, the maximum
sequence length was set to 512.

2.3. Swin Transformer-Based Image Perception Module

The Swin Transformer is a vision model based on the Transformer architecture that
integrates the concept of local connectivity of the traditional convolutional neural network
(CNN) with the self-attention mechanism of the Transformer, enabling the capture of
contextual information in images at multiple scales [50]. Traditional Transformers compute
self-attention across the entire image, leading to high computational complexity, especially
for high-resolution images. The Swin Transformer partitions the image into multiple
non-overlapping windows and performs self-attention calculations within each window.
Through the “shifted window” mechanism, it efficiently captures both local and global
self-attention.

As shown in Figure 3, the input image is first divided into non-overlapping windows,
and self-attention is computed within each window. In subsequent layers, the window
configuration shifts to facilitate cross-window information exchange, enhancing the model’s
ability to capture long-range dependencies while maintaining computational efficiency. The
Swin Transformer consists of four hierarchical stages, each comprising several Transformer
blocks. As the stages progress, the spatial resolution of the feature map decreases while the
number of channels increases accordingly.
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2.4. Bidirectional Cross-Attention Fusion Module

In this study, a bidirectional cross-attention fusion module was designed to enhance
the interaction and integration of text and image features, thereby improving the accuracy
of park emotion analysis. Text features are extracted using the pre-trained language model
BERT, and visual features are obtained from image data via the Swin Transformer. To
achieve efficient feature fusion, we employed a cross-attention mechanism to process
cross-modal information.

The text-to-image cross-attention computation maps key information from features
onto image features, capturing the associations between textual descriptions and visual
content. Next, the image-to-text cross-attention computation maps key information from
image features back onto text features, further reinforcing their mutual interactions. These
two stages not only enable deep interaction between text and image features but also
preserve the integrity of the original features. Moreover, residual connections enhance the
expressiveness of the model.

Finally, the text and image features processed through both cross-attention computa-
tions are concatenated to form a comprehensive feature representation. This representation
integrates information from both modalities, providing a more complete and accurate
reflection of the emotional information embedded in the park environment.

2.5. Data and Evaluation Metrics

In this study, the COCO Caption dataset (https://cocodataset.org) was the primary
data source (accessed on 3 February 2025). This dataset is widely used in image recog-
nition and natural language processing tasks. It contains a rich collection of images and
corresponding textual descriptions. The COCO Caption dataset has 82,783 samples in the
training set; 40,504 samples in the validation set; and 40,775 samples in the test set. Each
image is associated with 5 to 7 sentences of descriptive text. This dataset not only spans a
broad range of scenarios but also provides detailed annotations, making it highly suitable
for cross-modal analysis and research [51]. To focus on the emotional perception of the
park environment, we extracted a subset from the COCO dataset comprising image–text
pairs related to parks. By extracting samples containing keywords such as “park” and
“visitor” and filtering them, we ultimately obtained 30,682 valid samples. We preprocessed
and filtered these data, to ensure that the model focuses on learning features relevant to
the park environment. For the emotion tendency annotation, we first initially categorize
the text data according to “0” (negative), “1” (neutral) or “2” (positive). Then, the text was
rated by each of the five experts on its emotional tendency. Ultimately, we determine the
sentiment propensity score for each comment by calculating the average of multiple expert
ratings to obtain a more precise continuum value to ensure the scientific validity of the
data. This approach not only considers sentiment categorization but also quantifies the
intensity of sentiment, providing more detailed sentiment analysis results.

As shown in Figure 4, a word cloud analysis was conducted on the extracted park-
related texts. This analysis helps visualize key phrases and high-frequency words associated
with parks, providing an important reference for subsequent sentiment analysis. The word

https://cocodataset.org
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cloud highlights keywords such as “trees”, “play equipment”, and “roads”, which are
closely related to the park environment, indicating that the data selection process is both
effective and representative.
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where yi is the actual value; ŷi is the predicted value; 𝑦 is the mean of the actual values; 

and n is the sample size. 

3. Results 

In our experiments, we trained and evaluated the model using filtered data to verify 

its performance. The model was trained on a device equipped with a 4090 GPU graphics 

card, utilizing the PyTorch framework. During training, the learning rate was set to 0.0001; 

the batch size was 96; and a total of 4000 iterations were performed. This configuration 

ensured that the model could efficiently learn key features from the data within a reason-

able timeframe, thus improving its predictive accuracy. 

  

Figure 4. Word cloud statistics for data.

To comprehensively assess the model performance, we employed multiple evaluation
metrics to measure the differences between predicted results and actual values. Mean
squared error (MSE), mean absolute error (MAE), root mean squared error (RMSE), and
the coefficient of determination (R2) were used as evaluation metrics. The formulas are
as follows:

MSE =
1
n

n

∑
i=1

(c − ŷi)
2 (5)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (6)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (7)

R2 = 1 − ∑n
i−1 (yi − ŷi)

2

∑n
i−1 (yi − y)2 (8)

where yi is the actual value; ŷi is the predicted value; y is the mean of the actual values;
and n is the sample size.

3. Results
In our experiments, we trained and evaluated the model using filtered data to verify

its performance. The model was trained on a device equipped with a 4090 GPU graphics
card, utilizing the PyTorch framework. During training, the learning rate was set to 0.0001;
the batch size was 96; and a total of 4000 iterations were performed. This configuration
ensured that the model could efficiently learn key features from the data within a reasonable
timeframe, thus improving its predictive accuracy.
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3.1. Experimental Results and Analysis

Figure 5 shows how the loss values and validation errors change during the itera-
tive training process. As the number of training steps increased, the loss value steadily
decreased. This continuous reduction in training loss indicates that the model gradually
optimizes its parameters to better capture the emotional features in the input data. Mean-
while, the validation error on the validation dataset also showed a steady decline and
eventually stabilized. This further demonstrates that the model not only fit the training
data well but also has a strong generalization ability for new data to some extent.
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To validate the effectiveness of the model, we compared it with models used in
previous urban perception studies. The residual network (ResNet), as a deep CNN, excels
in processing image data [52]. The recurrent neural network (RNN) was used by Hong
et al. for park environment perception analysis [53], and long short-term memory (LSTM)
was employed by Ren et al. in their study of urban park satisfaction [54]. As shown
in Table 1, significant differences exist in the performance of the various models in the
multimodal park affective tendency prediction task. ResNet has relatively higher error
metrics in this task, with an R2 value of 0.7992, indicating limitations in fitting complex
relationships. In contrast, traditional sequence models such as RNN and LSTM perform
better. The error metrics for RNN, including MSE, MAE, and RMSE, are 0.0278, 0.1325,
and 0.1764, respectively, outperforming ResNet. Moreover, the R2 value of RNN is 0.8174.
These results demonstrated its advantage in handling time series. LSTM further improved
RNN’s performance. Its error metrics of MSE, MAE, and RMSE are at 0.0199, 0.1163, and
0.1345, respectively, and its R2 value is 0.94.

Table 1. Comparison of different models on MSE, MAE, RMSE, and R2 metrics.

Method MSE MAE RMSE R2

ResNet 0.0352 0.1578 0.2216 0.7992
RNN 0.0278 0.1325 0.1764 0.8174
LSTM 0.0199 0.1163 0.1345 0.9424

Our method 0.0109 0.0781 0.1044 0.9819

The proposed model outperformed all other models across all evaluation metrics, with
an MSE of 0.0109, an MAE of 0.0781, an RMSE of 0.1044, and an R2 value of 0.9819 (Table 1).
Our model not only fits the training data more accurately but also excels in generalization.
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It effectively captures the complex relationships between text and images, thereby more
precisely predicting emotional tendencies. The results show that by integrating multi-
modal information and introducing the bidirectional cross-attention mechanism, our model
significantly enhances prediction performance.

In order to assess the consistency of the model predictions with subjective user experi-
ence, a small sample of manual evaluations was conducted. We first randomly selected
50 samples from the test set, each consisting of an image and its corresponding textual
description. Next, we invited 50 users to participate in the assessment process, and all
participants went through a short training to understand the process and criteria of the as-
sessment. During the evaluation process, each user will view 50 samples. Subsequently, the
user needs to evaluate the prediction results of the four models (our model, ResNet, RNN,
LSTM) for each sample, categorized as “Agree” and “Disagree”. “Agree” indicates that the
user believes that the model’s predictions are consistent with their emotional experience.
“Disagree” indicates that the user believes that the model’s predictions are inconsistent
with their emotional experience. Each choice will be recorded on a rating scale, which
results in an evaluation that includes each user, each sample, and each model. As shown in
Table 2, in the manual evaluation, our model has a higher percentage of agreement than
the other three models among all users. The evaluation indicates that our model achieves
better consistency in the subjective user experience, proving the validity of the model.

Table 2. Comparison of the consistency of users’ subjective experiences.

Method Satisfaction Rate of Manual Assessment of
Prediction Results

ResNet 0.74
RNN 0.82
LSTM 0.86

Our method 0.92

3.2. Theme Word Analysis

As shown in Figure 6, a heat map visualization of the input text was generated for
the model using the SHapley Additive exPlanations (SHAP) method. SHAP is a game
theory-based approach that explains the output of a complex model by calculating the
contribution of each feature to the prediction [55]. The SHAP value measures the marginal
contribution of a feature across all possible combinations of features, thus providing a
global and local framework for interpretation. This paper reveals which keywords have the
most significant impact on predicting the emotional tendencies of park visitors using SHAP,
helping intuitively understand the logic behind the model’s decisions. Figure 6 illustrates
four specific input text cases. Red represents positive sentiment polarity, while blue
represents negative sentiment polarity. The darker the color depth of the text vocabulary,
the more critical the park visitor’s emotional tendency embodied by the word.

Figure 7 is the analysis of term importance, which compares the overall word frequency
in the entire dataset with the word frequency related to specific sentiment polarity themes.
The horizontal axis represents the frequency of occurrence of words. The vertical axis lists
the different words. Light blue represents the overall word frequency of the term in the
entire dataset, while red represents the frequency of the term related to specific sentiment
polarity themes.
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As shown in Figures 6 and 7, the theme words “water”, “driveway”, “sky”, “green”,
and “near” show relatively high heat values in the input text, indicating that these words
have a significant effect on the model’s prediction of park visitors’ emotional tendencies.
For instance, the high heat values of “water” and “green” reflect the importance of natural
landscapes to visitors’ emotional experiences, whereas the high heat values of “driveway”
and “near” suggest the influence of external environmental factors on visitor satisfaction. In
addition, red words such as “grass” and “car” indicate positive affective tendencies towards
the park. Blue words such as “dirt” and “lone” indicate negative affective tendencies
towards the park. This analysis not only helps identify key emotional drivers but also
provides a scientific basis for subsequent park management and optimization. By focusing
on these high-impact keywords, park managers can make targeted improvements to
the park’s overall environmental quality, thus enhancing visitors’ emotional experiences
and satisfaction.
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3.3. Saliency Analysis

Saliency analysis plays a key role in image understanding, especially when combining
text and image data. Saliency refers to certain areas of an image or specific words in a text
having a particularly significant impact on the overall emotional experience. By identifying
these salient elements, the emotional tendencies of visitors and their interaction with the
environment can be captured more accurately.

As shown in Figure 8, salient region analysis helps us identify the parts of the image
that attract the most attention from visitors, such as kites, animals, and landscapes in the
park. These regions are often closely related to visitors’ emotional experiences, and an
in-depth analysis of these regions can reveal visitors’ points of focus and preferences in
the park.
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4. Discussion
4.1. Methodological Contributions

The proposed park perception understanding method, which is based on multimodal
text–image data and the bidirectional attention mechanism, performed well in experiments.
Compared with traditional methods such as ResNet, RNN, and LSTM, our method excels
in several evaluation metrics, including MSE, MAE, RMSE, and R2. This advantage is
mainly attributed to the model’s ability to effectively integrate text and image features,
thereby capturing the complex interactions between them through the bidirectional cross-
attention mechanism. The design of the bidirectional attention mechanism allows textual
and image information to mutually enhance each other, generating more comprehensive
and representative feature representations. The introduction of the attention mechanism
effectively handles the multimodal fusion of textual and visual features [56]. This approach
demonstrates a strong adaptability for processing multimodal data.

4.2. Theoretical Reflections Based on Phenomenological and Neuroscientific Perspectives

In the study of public space perception, theories from phenomenology and neuro-
science provide a deeper conceptual foundation for our research. Phenomenology empha-
sizes that humans perceive the world through multiple senses, and these perceptions are
closely linked to emotions [57]. Our model comprehensively evaluates emotional experi-
ences in parks by integrating both textual and visual sensory information. Neuroscience
theories suggest that the integration of emotional cues is primarily driven by multisensory
processes, where the brain synthesizes information from multiple senses [58]. Our model is
capable of simultaneously analyzing both textual and visual information, similar to how
the brain processes these types of data. Furthermore, research has shown that factors such
as sound and odor can also influence an individual’s emotional state [59]. Future research
will further explore the incorporation of multisensory factors into park perception models.
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4.3. Key Factors Influencing Visitors’ Emotional Experiences

Thematic word analysis and significance analysis demonstrated the key elements
that may influence the affective tendencies of park visitors. The theme words “water”,
“driveway”, “sky”, and “green” have a significant impact on the model’s prediction of park
visitors’ affective tendencies. Managers can prioritize improving water systems and vegeta-
tion coverage based on the significant influence of “water” and “green”. Popular urban
green spaces need to incorporate favorable natural elements and facilities that meet user
needs [60]. The type of park elements can influence the importance of visitors’ perceptual
indicators. “Water” and “green” are both among the more significant perceptual indicators
in the park environment [61]. Meanwhile, the faunal elements identified by the saliency
analysis suggest that urban parks may need to focus on enhancing biodiversity. Urban
green spaces with rich biodiversity can improve the attention levels of respondents after
they are in close contact with such environments [62]. Managers and researchers should
monitor the dynamic changes in visitors’ perceived satisfaction with the environment and
make timely adjustments to the perceived elements as required [63,64]. As a theme word,
“sky” has a high level of heat in the input text. It has not received as much attention as
“water” and “green” in previous park perception factors. Understanding that “sky” may
be an important perceptual factor for park visitors, park managers, and designers can
optimize park activity areas and landscapes for weather and seasonal changes to enhance
the emotional experience of visitors. The practical application of the above analysis re-
sults may be influenced by the representativeness of the data and the accuracy of model
interpretation. Their reliability can be further validated through field research in the future.

4.4. Practical Applications of the Model

The model can provide decision support for future smart park planning. Designers
can use the model for emotional simulation assessment and feature sensitivity analysis.
During the park design phase, designers can evaluate the emotional effects of different
scenarios by inputting renderings and associated text of park design options and allowing
the model to predict the emotional responses of potential visitors. Additionally, designers
can identify key environmental elements that affect visitors’ emotions through theme word
analysis based on the SHAP methodology and then reinforce important positive elements
in the design.

The model can be used as a real-time monitoring system to dynamically assess the park
environment and visitor experience, providing a feedback system for city managers. The
model is integrated with a Geographic Information System (GIS) to generate an “emotion
map” using pictures and comments uploaded by visitors, which visualizes the distribution
of emotions in different areas of the park. Managers can use the model to identify emotional
hotspots and cold zones, providing a basis for resource allocation in the park. In addition,
park environments may change seasonally, producing different emotional effects on visitors.
The model is able to analyze this seasonal variation and assist managers in developing
seasonal park environment optimization strategies.

4.5. Limitations and Future Work

The model has high computational complexity, particularly that the bidirectional
cross-attention mechanism and windowing computations of the Swin Transformer require
high-performance hardware (e.g., 4090 GPUs). This may limit its deployment in resource-
constrained environments. Future research may consider further exploration around model
lightweight, efficient computation, and hardware co-optimization.

The experiment utilized a park subset of the COCO Caption dataset. Although it
provides high-quality images and corresponding descriptive texts, these contents were
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not generated by real users in natural interaction scenarios. As a result, these data may
lack the nuance, naturalness, and complexity of sentiment expression found in real social
media data. This discrepancy implies that although our model performs well on the COCO
Caption dataset, its generalization ability may be somewhat compromised when applied
directly to analyze real social media graphic data, especially in terms of capturing nuanced
sentiment or understanding specific cultural contexts. Future research will further explore
the effectiveness of the model in real-world social media data assessment tasks to improve
the reliability and usefulness of its application.

The applicability of the model in different types of park environments has to be
evaluated and validated. Urban parks contain a variety of types, such as urban pocket
parks, forest parks, coastal parks, and community green spaces. Different types of parks
exhibit variations in spatial scale, functional positioning, and landscape features. Visitors’
emotional responses may vary depending on the type, scale, or function of the park. For
example, people may be more concerned with natural elements such as vegetation and
landscape in forest parks [65]. At the same time, users in urban pocket parks may be more
concerned with the facilities and social interactions within the site [66]. The ability of the
model to generalize for different types of parks requires more testing and validation in
the future.

The research model focuses on experimental validation based on the COCO Caption
dataset, with no case validation studies or consideration of the effects of differences in
geographic patterns, environmental factors, and socio-cultural backgrounds. Differences in
the above factors may also affect the adaptability of the model. Therefore, future research
will further assess the generalizability and validity of the model by incorporating diverse
case studies covering different park geographic, environmental, and cultural contexts.

In our approach, we used expert ratings for the emotional tendency labeling of texts.
In the emotion classification system, Plutchik’s wheel subdivided emotions into a variety
of basic emotions, and by refining the emotion labels, it is possible to capture the diversity
of emotions in a text [67]. The valence–arousal model, on the other hand, is able to quantify
the positive and negative affectivity as well as the degree of activation, which can enrich
the dimensionality of affect analysis [68]. In future research, we plan to further explore
park visitors’ emotion assessment studies by refining emotion labels and emotion intensity
in conjunction with the emotion classification system.

As part of this work, we analyzed the contribution of the input text to the prediction
results through the SHAP tool, which enhances the interpretability of the text part. At the
same time, we investigated the distribution of visual elements through the significance
analysis in the experiment and explored the visitors’ points of interest in the visual elements
of the park, which further improved the interpretability of the model. Future research
could incorporate statistical data and utilize visualization tools from machine learning
models such as XGBoost (XGB) and LightGBM (LGB) to further explore the impact of
various features, such as the number of park visitors, types and quantities of infras-
tructure, and other numerical characteristics, thereby providing more comprehensive
interpretability analysis.

5. Conclusions
To address the challenges of multimodal feature fusion and cross-modal interaction,

this study developed an innovative cross-modal framework that effectively integrates
textual and image data using a bidirectional attention mechanism to improve the under-
standing and prediction of visitors’ emotional tendencies in a park environment. The main
conclusions are as follows:
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1. The combination of BERT-based text feature extraction and Swin Transformer-based
image feature extraction, along with the bidirectional cross-attention mechanism,
enables the model to capture the deep interaction between text and images, thereby
improving the accuracy of emotional tendency prediction.

2. Compared with traditional methods such as ResNet, RNN, and LSTM, our method
excels in several evaluation metrics, including MSE, MAE, RMSE, and R2. This
confirms the advantages of the model in handling complex sentiment analysis tasks.

3. The theme word analysis conducted using the SHAP method identified key factors,
such as “water”, “green”, and “sky”, that significantly impact visitors’ emotional
experiences. These findings not only contribute to a deeper understanding of the
emotional drivers of visitors but also provide park managers with concrete directions
for enhancing the park environment.

This study has limitations in terms of model computational complexity, data charac-
teristics, scenario applicability, and case validation. First, the computational complexity of
the model is high and requires high-performance hardware support, limiting its ability to
be deployed in resource-constrained environments. Second, the COCO Caption dataset
used in the study, while containing high-quality image–text pairs, may lack the nuance and
sentiment expression found in real social media data, which may affect the generalization
ability of the model. Further, the validation of the model’s applicability in different types
of park environments has not yet been undertaken, and differences in park types may
influence visitors’ affective responses. Finally, the current study does not take into account
differences in geographical patterns, environmental factors, and socio-cultural contexts,
and there is a need to assess the generalizability of the model in more real-world cases.

Future research can be further developed in terms of model weights, the application
of real social media data, different park types, and geo-cultural adaptations. Specifically,
future work will explore how to make the model run efficiently in environments with
limited computational resources and validate the model’s effectiveness in real-world social
media data, as well as conduct in-depth tests of the effects of differences in park type and
cultural context. In addition, the study plans to further improve the emotion assessment
and interpretability of the model by refining the emotion labels, introducing an emotion
classification system, and combining other interpretability methods, among other things.

In summary, this study offers an efficient solution for park emotion perception and
understanding through an innovative multimodal framework and bidirectional attention
mechanism. This technical framework not only addresses the limitations of unimodal
assessment methods but also overcomes the technical obstacle of simple multimodal fu-
sion that makes it difficult to capture deep semantic associations across modalities. The
method is able to accurately assess the emotional tendencies of visitors while capturing
textual information and image features of the park environment, which enhances the
comprehensiveness of urban public space assessment. With future technological optimiza-
tions and expanded applications, this method is expected to play an even greater role in
environmental management and design optimization.
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