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People experience the world through multiple senses simultaneously, contributing to our sense of place. Prior
quantitative geography studies have mostly emphasized human visual perceptions, neglecting human auditory
perceptions at place due to the challenges in characterizing the acoustic environment vividly. Also, few studies
Stable diffusion have synthesized the two-dimensional (auditory and visual) perceptions in understanding human sense of place.
Generative Al To bridge these gaps, we propose a Soundscape-to-Image Diffusion model, a generative Artificial Intelligence (AI)
LLMs model supported by Large Language Models (LLMs), aiming to visualize soundscapes through the generation of
street view images. By creating audio-image pairs, acoustic environments are first represented as high-
dimensional semantic audio vectors. Our proposed Soundscape-to-Image Diffusion model, which contains a
Low-Resolution Diffusion Model and a Super-Resolution Diffusion Model, can then translate those semantic
audio vectors into visual representations of place effectively. We evaluated our proposed model by using both
machine-based and human-centered approaches. We proved that the generated street view images align with our
common perceptions, and accurately create several key street elements of the original soundscapes. It also
demonstrates that soundscapes provide sufficient visual information places. This study stands at the forefront of
the intersection between generative Al and human geography, demonstrating how human multi-sensory expe-
riences can be linked. We aim to enrich geospatial data science and Al studies with human experiences. It has the
potential to inform multiple domains such as human geography, environmental psychology, and urban design
and planning, as well as advancing our knowledge of human-environment relationships.

affective sense of place (Raymond et al., 2017; Schreuder et al., 2016;
Spence, 2020). As demonstrated in Tuan’s seminal work Topophilia
(Tuan, 1974), human sense of place is informed by multiple dimensions
such as visual cues, auditory environment, tactile sensations, and smell.

1. Introduction

Sense of place, a fundamental concept in geography, reflects complex
interactions between humans and their environment (Agnew, 2011;

Cresswell, 2014; Martin, 2017). Sense of place emphasizes a multidi-
mensional relationship that extends beyond mere physical presence, to
include human subjective experiences and emotional connections
attached to place (Kang, Gao, & Roth, 2019; Kang, Jia, et al., 2019;
Manzo, 2003). The various sensory stimuli from our surrounding envi-
ronments play an important role in shaping our perceptions and evoking
human emotions, contributing to the development of a personal and

Notably, visual and auditory perceptions are key drivers in our in-
teractions with the surrounding environment (Pocock et al., 1994; Tuan,
1975; Yildirim & Arefi, 2022).

Visual perception, in particular, acts as one of the primary ways we
engage with our environments, allowing us to observe details of our
environments. Our eyes become the windows to read the stories of the
world. We gaze at landscapes, observe architectural details, and watch
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life’s myriad activities unfold in different places (Fischer & Whitney,
2014). Through this visual lens, we often form our initial impressions
and long-lasting memories associated with a specific place (Cosgrove,
2003; Michael et al., 2019; Smith, 2015). Given its importance, re-
searchers have made efforts to measure human visual perceptions.
Several quantitative approaches and technologies have been developed,
such as photographic analyses (Dunkel, 2015) and landscape evalua-
tions (Clement et al., 2013; Hong et al., 2019; Jeon & In Jo, 2020).
Recently, with the emergence of geospatial big data and advanced
computer vision approaches, researchers have leveraged street view
images (Kang et al., 2021; Kang et al., 2023), remote sensing images (Xu
et al., 2021; Wu et al., 2023), and user-generated content (UGC)
(Bhandari et al., 2019; Gao et al., 2021; Wilson & Soranzo, 2015) for
mapping and analyzing visual elements from photos at places.
Leveraging these approaches enables us to better understand how in-
dividuals visually perceive a space, which could further inform urban
design decision-making to ensure that spaces are both functional and
aesthetically pleasing (Asa Ode Sang, Knez, Gunnarsson, & Hedblom,
2016).

Similarly, the sounding environment, or soundscape, offers an
auditory experience, capturing the essence of a place through its unique
blend of natural (e.g., bird calls or rustling leaves) and anthropogenic
sounds (e.g., traffic or conversations) (Brooks et al., 2014; Jeon & Hong,
2015; Schafer, 1977). This auditory dimension, while sometimes subtle,
may significantly influence our emotional responses, evoking a wide
range of feelings from serenity to dissonance (Cain et al., 2013). Audi-
tory experiences, such as rolling thunder and whistling wind, tend to
touch us more and trigger stronger emotional reactions than visual
perceptions (Tuan, 1974). These experiences influence our daily per-
ceptions and interactions with places (Pijanowski et al., 2011). Beyond
the immediate auditory experience, soundscapes are significantly asso-
ciated with a variety of health outcomes. On the one hand, persistent
noise pollution, for instance, has been linked to a range of health con-
cerns, from sleep disorders to cardiovascular problems (In Jo & Jeon,
2020; Schulte-Fortkamp & Fiebig, 2006). On the other hand, the quality
of a soundscape can influence mental health. Prior studies have
demonstrated that serene natural sounds are often associated with
relaxation and improved well-being, while chaotic, jarring noises can
heighten stress and anxiety (Buxton et al., 2021; Watts et al., 2016).
Recognizing these discoveries, scholars have employed various methods
to measure soundscapes such as spectrograms and power spectrums.
These techniques have been utilized to capture the frequency, intensity,
energy, and temporal characteristics of the acoustic environment
(Holmes et al., 1971; Oppenheim & Schafer, 2004b; Prestigiacomo,
1962).

Despite advancements in measuring and understanding human vi-
sual and auditory perceptions, we identify two significant research gaps
in the existing literature. First, it remains an ongoing challenge to
vividly characterize the acoustic environment to understand human
auditory experiences at place. While researchers have leveraged several
methods such as spectrograms (Marchegiani & Posner, 2017), power
spectrums (Arnal et al., 2015), and acoustic signal attributes (Fuller
et al., 2015; Hopkins et al., 2022) to depict soundscapes, their lack of
intuitiveness often limits their effectiveness, especially when compared
with those methods for visual perceptions. Such methods, though
technically accurate, may not engage with our humans effectively to
provide a comprehensive understanding of the inherent characteristics
of the soundscape environment. The second gap refers to the lack of
synergistic consideration of the multidimensionality of the sense of
place. Echoing Tuan’s insights about the holistic nature of human per-
ceptions, we experience the world through all our senses simultaneously
(Tuan, 1974). Multiple dimensions of the human senses contribute
uniquely to our experience and enrich our human experience of place.
While the significance of various sensory dimensions has been well-
acknowledged, most existing GIS and geospatial data science studies
have focused on a singular dimension of the human sense of place, such
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as vision (Landeschi et al., 2016; Minelli et al., 2014; Wrozynski et al.,
2016), or hearing (Bilasco et al., 2017; Keyel et al., 2017; Primeau &
Witt, 2018). Few studies have made efforts to link the two dimensions
together to provide a more comprehensive understanding of the human
sense of place, such as measuring noise levels from visually perceived
street view images (Huang et al., 2023; Zhao et al., 2023). This narrow
focus overlooks the complexity and depth of human-environment in-
teractions, which are inherently shaped by multi-sensory experiences.
Therefore, exploring the interplay between the visual and auditory
senses is crucial to offer insights into how we experience and connect
with our surrounding environments.

To bridge the two research gaps, we propose a novel computational
framework that synthesizes auditory and visual perceptions by trans-
lating soundscapes into visual representations of place. We aim to
explore the potential of visualizing acoustic environments as place im-
ages. Specifically, can we create visual imagery from auditory sound-
scapes, i.e., can we visualize the place we hear? The advancement in
geospatial big data and geospatial artificial intelligence (GeoAlI) presents
new opportunities to visualize soundscapes and associate the two di-
mensions of sensory experiences, which could significantly advance our
knowledge of human-environmental relationships (Janowicz et al.,
2020; Kang et al., 2024). Stable Diffusion, a cutting-edge deep learning
technique, has stood out due to its widely recognized image generation
capabilities (Moliner et al., 2023; Yang et al., 2023). Stable Diffusion
could translate complex datasets into visual representations. It has been
applied in various research areas, demonstrating its utility in generating
and enhancing vision-based image data. Utilizing Stable Diffusion offers
new opportunities to effectively translate auditory soundscapes into
visual street view images, providing a more intuitive way to characterize
soundscapes of places, thereby bridging the first research gap. Further-
more, by associating auditory soundscapes with visual street view im-
ages, our study could provide a holistic depiction of human multi-
sensory experiences at place. By doing so, it not only addresses the
second research gap but also provides new insights into the multifaceted
nature of human-environment relationships.

To this end, we design a computational framework that converts
street soundscapes into visual representations of street view images by
developing an advanced Soundscape-to-Image Diffusion model. Our
study is driven by the following two research questions:

(1) How to visualize soundscape with the Soundscape-to-Image
Diffusion model to depict human multi-sensory experiences at
place?

(2) To what extent do soundscapes provide visual cues sufficient for
generating recognizable streetscape images that accurately depict
places?

Our computational framework contains four steps: First, we collected
videos taken on streets that contain both visual and auditory elements.
Then, we processed and formatted the data to create a multi-sensory
dataset. After that, we fed such a dataset to train a Soundscape-to-
Image Diffusion model capable of associating visual and auditory in-
formation; Once trained, the model could generate visual images of
places based solely on auditory inputs. Finally, to ensure the robustness
and accuracy of our framework, we conducted four distinct validation
tasks to evaluate the performance and reliability of the model including
both machine-based and human-centered evaluations.

The major contributions and innovations of this study are three-
folds: First, our study adds to the existing literature about the sense of
place in environmental psychology and human geography by combining
human auditory and visual interactions with the environment. Tradi-
tionally, the two dimensions of human experiences at place were often
studied separately. Our study emphasizes the simultaneous impact of
both dimensions in fostering a human sense of place. Second, we
developed a novel computational framework and a cutting-edge
Soundscape-to-Image Diffusion model that explicitly links the auditory
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and visual perceptions. Using such a framework, we may understand
how auditory cues contribute to our visual perceptions of places. Third,
this study has broader implications for multiple domains. The results
may enhance our knowledge of the impacts of visual and auditory per-
ceptions on human mental health, may guide urban design practices for
place-making, and may improve the overall quality of life in
communities.

2. Literature review
2.1. Visualizing soundscape

Researchers have developed a variety of approaches to visualize
soundscapes, aiming to translate acoustic information into visual for-
mats. Approaches for soundscape visualization can be primarily classi-
fied into two categories: comprehensive representation and component-
based representation. Comprehensive representation focuses on present-
ing audio files in an intuitive graphical form rather than specific sound-
emitting objects or sound spaces in a soundscape. The comprehensive
representation approaches aim to visualize certain aspects of environ-
mental audio files, such as waveforms (Phillips et al., 2017), spectro-
grams (Prestigiacomo, 1962), power spectrums (Holmes et al., 1971),
feature vector plots (Park et al, 2014), and frequency analyses
(Oppenheim & Schafer, 2004a). These diagrams can exhibit certain
features of the soundscape.

In contrast, component-based representation methodologies aim to
map soundscapes as well as their semantic information with appropriate
classifications and symbology (Aiello et al., 2016; Sacchelli & Favaro,
2019). A significant challenge for soundscape visualization refers to the
effective extraction and clear presentation of semantic information, as
well as the environmental characteristics of the soundscape. As envi-
ronmental soundscapes may vary significantly due to their unique
acoustic elements and characteristics at different places (Lillis et al.,
2014). Given these obstacles, it is challenging to convert the acoustic
environment to visual formats, making it complex to account for multi-
sensory human experiences at places.

2.2. Stable diffusion

The emergence of Stable Diffusion offers new opportunities to link
auditory and visual data. Stable Diffusion is a probabilistic generative
model that generates structured data like images based on input prompts
(e.g., texts, audio) using a noise injection method (Ho et al., 2020). It
outperforms several traditional deep learning models such as the
generative adversarial networks (GANs) (Goodfellow et al., 2014; Kang,
Gao, & Roth, 2019; Ramesh et al., 2022). Stable Diffusion has been
widely used for cross-modal data generation, especially in the Text-to-
Image domain where it converts text descriptions to corresponding
images (Nichol et al., 2021). Several notable large language models
(LLMs) such as Imagen (Saharia et al., 2022a, b), Midjourney (Oppen-
laender, 2022), and DALL-E2 (Ramesh et al., 2022) incorporate Stable
Diffusion as a crucial component in their architecture for image gener-
ation from texts (Saharia et al., 2022a, b). Building upon the foundation
of image generation, Stable Diffusion has further expanded its genera-
tive capabilities from images to videos (Chen et al., 2023), such as
medical video generation and animated video generation (Reynaud
et al., 2023). Furthermore, Stable Diffusion has extended its application
for the Text-to-Music domain, such as MusicLM and AudioLDM (Agos-
tinelli et al., 2023). All these advancements in Stable Diffusion high-
lighted its potential for multimodal data generation, and thereby we
select it as our method for connecting audio information with visual
information by generating street view images from auditory sound-
scapes. Inspired by the ImageBind model (Girdhar et al., 2023) devel-
oped by Meta, we recognize that advanced audio models can capture
visual scene-related information. Therefore, we leverage Stable Diffu-
sion to generate images that resemble real data from auditory
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soundscapes in this paper (Girdhar et al., 2023; Han et al., 2023).

It is worth mentioning that we are among the first to develop the
Soundscape-to-Image Diffusion model. Our model does not directly rely
on any existing open-source Sound-to-Image model. The rationale
behind this is that most existing Sound-to-Image models focus on Music-
to-Image, while paying limited attention to mapping soundscape to
street view images (Williams et al., 2023; Wu et al., 2021).

3. Data and method

In this study, we propose a novel computational framework for
generating street view images based on acoustic environment collected
at streets. The proposed method comprises four key components: (1)
data collection; (2) soundscape feature processing; (3) a Soundscape-to-
Image Diffusion model, and (4) evaluation, as illustrated in Fig. 1. We
first collected both street auditory soundscapes and street view images.
Then, we processed audio files as high-dimensional vectors that encode
their semantics so that they can be fed into the Stable Diffusion model.
After that, we developed our Soundscape-to-Image Diffusion that links
acoustic and visual perceptions together to generate street view images
from soundscapes. After training this Soundsccape-to-Image Diffusion
model, we evaluated its performance based on the validation data with
both machine-based and human-centered metrics.

3.1. Dataset

The data utilized in this research were downloaded from publicly
available street view videos on YouTube. We conducted searches using
keywords such as “street walk,” “city walk,” and “village walk,” and
manually screened the videos found based on these keywords. Only
videos that have clear street views and clear street sounds (i.e., no
background music) were selected in our study. We aim to build a diverse
dataset around the theme of streetscapes as the style of the videos may
exhibit regional and cultural differences. The collected videos capture a
wide range of real-world sounds and scenes from diverse regions,
including Asia, North America, and Europe, featuring metropolitan
areas like Hong Kong, Oslo, London, Tokyo, as well as some smaller
cities in the United States. Notably, the street view scenes exhibit
complexity and diversity in terms of color and objects. By collecting
videos from these varied regions with diverse objects and scenes, we aim
to illustrate the potential generalizability of the proposed model and
highlight the significance of the research findings. In total, the dataset
contains 1,667 min of content from 102 videos, offering the data foun-
dation for training the Soundscape-to-Image Diffusion model.

After that, we segmented all videos into multiple 10-s video clips to
create audio-image pairings. Within each clip, we extracted a 10-s audio
segment, saving it in a .wav format. Given that audio clips are streamed
content, as opposed to static images, we strategically paired these audio
segments with images at the midpoint — the 5th second - of each clip.
The rationale behind the 10-s duration is that we aim to achieve a bal-
ance between content diversity and consistency. A 10-s audio clip pro-
vides sufficient auditory information about the street environment, and
the visual scene within such a short timeframe remains relatively
consistent. By doing so, all audio-image pairs could be fed in our
Soundscape-to-Image Diffusion model with a standardized format. Upon
pairing all video clips, a total of 10,000 audio-image pairs were gener-
ated, contributing to the dataset used for the study. After creating all
audio-image pairings, we extracted 90% of all audio-image pairs as the
training set, and the remaining 10% of audio-image pairs as the vali-
dation set for performance evaluation. Then, we input the 10-s audio .
wav files to the audio encoder of the Soundscape-to-Image Diffusion
model, and the corresponding street view images were used as the
training label to guide the model to generate street view images.
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Fig. 1. The computational framework of this study.

3.2. Soundscape feature processing

After building the training and testing dataset of the audio-image
pairs, we preprocessed and transformed the original street soundscape
data into high-dimensional semantic audio vectors. Such audio vectors
will be further utilized to guide the street view image generation in the
next stage. To do so, we utilized an audio encoder designed to process
each 10-s stereo audio .wav file at a 44.1 kHz sampling rate. It then
employed a short-time Fourier transformation using a Hamming win-
dow (size 520, hop size 160 samples) to capture the frequency and phase
of sine waves in localized temporal regions. Subsequently, a Mel-filter
was applied to derive the Mel-spectrum in each Hamming window,
enhancing the representation of relevant spectral features. Such pro-
cessing steps have been widely employed in prior studies with their
effectiveness thoroughly validated (Eronen et al., 2006).

Following preprocessing, the audio vector was input into a con-
volutional neural network (CNN) to transform the initial 64 frequency
bands at each time step into a 768-dimensional feature representation
(as illustrated in Fig. 1). Such high-dimensional audio vectors capture
detailed street soundscapes from both semantic and locational aspects.
These audio vectors then serve as the input for the Soundscape-to-Image
Diffusion model to generate corresponding street view images.

3.3. Soundscape-to-image diffusion model

Based on the high-dimensional semantic audio vectors, we further
trained a Soundscape-to-Image Diffusion model. The goal of such a
model is to produce high-resolution street view images from high-
dimensional audio vectors, associating human auditory and visual ex-
periences. To achieve this, we developed our Soundscape-to-Image
Diffusion model by adopting Imagen, a cutting-edge image generation
model.

Stable Diffusion has been widely used for generating imagery data. It
often requires a set of prompts (text, audio prompts, or other modalities)

as inputs to perform supervised data generation. These prompts are then
transformed into high-dimensional feature vectors by a text encoder to
guide the noise-generation process (Lee et al., 2023). The model initially
generates a set of random values with the same dimensions as the output
data. Guided by the prompts, systematic noises are iteratively added to
the initial random data through multiple iterations to generate real data.
The training process is based on the inverse process of adding noise,
utilizing training samples (such as images or audio clips) that include
prompts and labels. The model learns the probability distribution of
each noise step in reverse from the training data labels. These labels
guide the model to identify and learn the noise patterns associated with
the prompts (Rombach et al., 2021). Such models are commonly used to
generate superior-quality images and text by mastering the reverse
diffusion process.

Our Soundscape-to-Image Diffusion was developed building upon
Imagen (Saharia et al., 2022a, b), which is an advanced Text-to-Image
Stable Diffusion model developed by Google. As a diffusion model, it
consists of: (1) a Text Encoder that maps text to a sequence of embed-
dings, represented as high-dimensional vectors, and (2) a cascading of
conditional diffusion models including a Text-to-Image Diffusion Model
and two Super-Resolution Diffusion Models that map image embeddings
to progressively higher resolutions. The Text-to-Image diffusion model
initially generates random noise images. It then utilizes a UNet network
to transform the high-dimensional text vectors into structured noise
vectors. Such noise vectors are continuously appended to the noise im-
ages, gradually generating low-resolution images after multiple itera-
tions. Following this, the Super-Resolution Diffusion Model further
appends structured noise derived from those high-dimensional vectors
to the low-resolution images. It then progressively upgrades the low-
resolution images into high-resolution images, demonstrating its abil-
ity to translate complex textual descriptions into vivid visual represen-
tations. More details on Imagen can be referred to Saharia et al. (2022a,
2022b).

In this study, we developed our Soundscape-to-Image Diffusion
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model by extending the Imagen model. We first designed an audio
encoder that processes the high-dimensional audio vectors mentioned in
Section 3.2 to replace the original Text Encoder. Our Soundscape-to-
Image Diffusion contains a cascading of conditional diffusion models
including a Low-Resolution Diffusion Model and a Super-Resolution
Diffusion Model. The Low-Resolution Diffusion Model first generates a
random 64 x 64 noise image based on the 768-dimensional audio vec-
tor. Subsequently, it uses a UNet structure to transform the audio vector
into a 64 x 64-dimensional noise vector. This noise vector is then
appended to the noise image 256 times, ultimately transforming the
random noise image into a 64 x 64 low-quality image. Then, the Super-
Resolution Diffusion Model begins by generating a random 256 x 256
noise image. It combines the 64 x 64 low-quality image with the audio
vector and feeds them into another UNet network, generating a 256 x
256-dimensional noise vector. This noise vector is then appended to the
noise image 256 times (with a stride of 256), ultimately transforming the
random noise image into a 256 x 256 high-resolution street view image.
Notably, different from the original structure, we leveraged one Super-
Resolution Diffusion Model to generate high-resolution images aiming
for optimizing computational resources and efficiency. It is worth noting
that the UNet network plays an important role in feature vector con-
version. By utilizing the UNet network, semantic audio vectors can be
projected from the semantic auditory space to the semantic visual space.
It facilitates the alignment of audio segments with corresponding images
in high-dimensional space, thereby guiding the stable diffusion network
to generate street view images for further evaluation. In sum, once
trained, the proposed Soundscape-to-Image Diffusion model could
leverage the high-dimensional auditory soundscape data to generate
corresponding street view images. The code of our model is openly
available on GitHub at: https://github.com/GISense/Soundscape-to
-Image.

3.4. Evaluation

After training the model, we evaluated the performance of our model
by associating auditory and visual experiences at place based on the
constructed dataset. Prior studies in image generation have faced chal-
lenges in evaluating the quality of generated samples, mainly due to the
significant differences between the generated and original images.
Similarly, this study encounters difficulties in evaluating the quality of
the generated images as well. A key question here is to determine
whether the generated images are visually similar to the ground truth
data. To comprehensively evaluate the image synthesis performance of
our Soundscape-to-Image Diffusion model, we conducted two types of
assessments including both machine-based methods as well as human-
centered assessments.

Regarding machine-based methods for evaluating the model per-
formance, we devoted our efforts from two perspectives. First, we
assessed and computed a loss function between the training and vali-
dation dataset. The Low-Resolution Stable Diffusion Model and Super-
Resolution Diffusion Model in our Soundscape-to-Image Diffusion
model were trained separately. Both diffusion models were trained using
90% of the audio-image pairs in the dataset mentioned earlier. During
the training process of these two diffusion models, we computed the
Mean Squared Error (MSE) loss between the predicted image and the
real street view image. After a certain number of epochs, when the loss
converged, we terminated the training process and saved the model
weight parameters. We then used the remaining 10% of the audio-image
pairs in the dataset as validation data for evaluation.

Second, we evaluated the image similarity at the street element level.
The rationale behind this was to determine to what extent objects in the
real-world images were captured from auditory clips and appear in the
generated images as well. In particular, we focused on three key street
elements including greenery, buildings, and sky, as they have been
extensively studied in prior studies (Ren et al., 2023; D’ Alessandro et al.,
2018; Tan et al., 2022). To do so, we randomly selected 100 different
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video clips from the dataset, and compared the objects in both simulated
and in-situ images from three aspects: greenery, buildings, and sky. We
utilized a DeepLabV3 semantic segmentation model (Salih Can Yurt-
kulu, Yusuf Hiiseyin Sahin, & Gozde Unal, 2019), pre-trained on the
ADE20K dataset (Zhou et al., 2019) to perform image segmentation, and
computed the proportions of greenery, buildings, and sky pixels in the
images (See Fig. 2). After that, we calculated correlation coefficients
between the original and generated images to measure their similarities.
Despite that these two machine-based evaluating approaches could
provide insights into quantifying the accuracy of the image generation
process, they may not capture all aspects of image quality and coherence
due to the subjectivity of human perceptions and experiences.

We equally value the importance of human evaluation in under-
standing human subjective auditory and visual perceptions. By keeping
human-in-the-loop, we approach it from two perspectives including
both qualitative and quantitative methods. First, we manually selected
three groups of places with significantly different characteristics: urban
vs. rural settings, areas with abundant greenery vs. sparse greenery, and
places with clear vs. obstructed sky views. We believe that a variety of
factors such as the degree of urbanization, the presence of trees, and the
openness of the place are crucial elements in influencing the visual and
auditory settings of a place. If our model can successfully generate
distinct images that accurately reflect the auditory cues as well as place
characteristics, it indicates that the developed Soundscape-to-Image
Diffusion model could effectively link what we hear to what we see.
Thus, we selected a small subset of street soundscape samples and
generated five street view images for each audio clip. Through a quali-
tative comparison between the generated street view images and the
actual street view images, we may estimate the model performance. It
should be acknowledged that Stable Diffusion models typically produce
varied outputs even with the same inputs. Thus, we generated five im-
ages for each audio clip to enhance the robustness of our results.

Second, we invited participants to provide quantitative feedback on
the effectiveness of our method. Participants were presented with 10
audio segments, each randomly selected from the validation data. After
listening to each audio segment, they were asked to choose the image
that best reflected the audio from a set of three generated images.
Among these three images, one was generated based on the given audio
using our Soundscape-to-Image Diffusion model, while the other two
were generated from audio in different categories of places. In total, we
received responses from 22 individuals. By examining whether their
selections align with the actual audio content, we could validate our
model from a human-centered perspective.

4. Results
4.1. Street view image generation

Fig. 3 shows several example street view images generated based on
different auditory clips using the proposed Soundscape-to-Image Diffu-
sion model. We manually classified places into three categories based on
their characteristics. Each group consists of two contrasting places with
very different visual/soundscape characteristics: (a) urban vs. rural
settings; (b) areas with high greenery vs. less greenery; (c) places with
high vs. low percentages of sky views. Despite the fact that some areas
and pixels in the generated images are blurred, we believe that these
images capture similar visual characteristics to those of the original
images. In the following sections, we perform multiple approaches to
evaluate the model performances.

4.2. Machine-based evaluation with a loss function

During the training process of the Soundscape-to-Image Diffusion
model, the Low-Resolution Diffusion Model and the Super-Resolution
Diffusion Model were trained independently. Therefore, we present
the model losses of the two models in Fig. 4. The loss functions for both
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Fig. 3. Example street view images generated using the Soundscape-to-Image Diffusion model at different places.

models exhibited similar trends. In the first five epochs of training, there
was a sharp decrease in the loss, indicating significant improvements.
Then, the reduction rate in the loss function decelerated, suggesting the
model was approaching convergence. After 30 epochs of training, both
models showed considerable progress in reducing the loss function
values, and thereby we terminated the training process. For the Low-
Resolution Diffusion Model, the noise MSE loss function decreased
from 0.261 to 0.022. Similarly, for the Super-Resolution Diffusion
Model, the noise-loss function decreased from 0.109 to 0.008.

In parallel, we computed the loss functions based on the validation
data. The results showed that the average loss function values computed
by both models on the validation dataset (0.022 and 0.008) were very
close to the loss function values computed based on the training set.
These outcomes demonstrate the effectiveness of the training process,
showing that our proposed Soundscape-to-Image Diffusion Model could
generate images from audio clips accurately.

4.3. Machine-based evaluation at the element level

We then evaluated the image similarity at the street element level to
determine whether the objects in the ground-truth images were similar
to those in the generated images. We selected 100 different random
soundscapes from the testing dataset and compared the images they
generated through the proposed Soundscape-to-Image Diffusion model
with the original images. For each soundscape, we generated five im-
ages, resulting in a total of 500 pairs for comparison. The correlation
coefficients between the generated 500 images and the original images
were calculated based on three urban elements including the proportion
of greenery, building, and sky pixels in the image (Fig. 5). It is worth
noting that, Stable Diffusion models often produce different outputs
with the same inputs. Generating five images for each audio clip could
enhance the reliability of our comparison results. To complete this task,
we performed semantic segmentation on both original and generated
images using the DeepLabV3 semantic segmentation model(Zhou et al.,
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Fig. 4. The loss functions in the training process.

2019) (Fig. 2), and then the proportions of greening, building, and sky
pixels in the images were quantified. Finally, the correlation coefficients
of those objects between the original and generated images were
calculated.

Fig. 5 shows the comparison results based on the proportions of
different street elements. According to Pearson’s correlation coefficient,
we observed a strong positive association regarding the proportion of
the sky between the generated images and the original images, with a
coefficient of 0.80. Similarly, we found a significant correlation for the
proportion of greenery pixels, with a coefficient of 0.69. It suggests that
our generative model could successfully learn visual cues from street
soundscapes and infer the corresponding visual information of the street
such as the openness of the sky and the ratio of greenery. In comparison,
the correlation was slightly lower for building pixels, with a coefficient
of 0.59. It may indicate that buildings have more complex and diverse
textures and styles, and it might be challenging to fully learn the features
related to different buildings. In sum, by quantifying the three notable
street elements, we demonstrate that our model could translate acoustic
environments to visual information at places, indicating the potential of
our approach in image generation from soundscapes.

4.4. Human-centered qualitative evaluation
After performing the above two machine-based evaluation metrics,
here, we integrated human-centered evaluation approaches for a more

comprehensive assessment of our model’s performance. We first
generated sample street view images for different places. We

Greenery pixel proportion

Sky pixel proportion
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hypothesize that if the characteristics of different places can be reflected
in the images generated from the audio with distinct features, then the
effectiveness of our method could be verified to a certain extent.

We show several examples at different places in Fig. 6. In the first
group, one soundscape was collected from a busy urban street charac-
terized by traffic noises, while the other was collected from a quiet forest
path in rural areas filled with natural sounds. For the generated image in
an urban setting, we can identify the road and the tall gray buildings on
both sides of the road, and very less greenery. In comparison, images
generated from rural soundscapes contain roads, much greenery, and
visible water bodies, as well as the reflection of the trees in the water.

In the second group, one soundscape was collected in a grassy open
space, while the other one was collected from a quiet cul-de-sac sur-
rounded by buildings in a city. The images generated from the sound-
scape with greenery and open space also contain large grass areas and
trees, while for the images generated from the soundscape at places with
less open space and greenery, we can barely see grass and trees. (Fig. 6).

In the last group, the input soundscape was recorded at places with
different levels of sky visibility. Our proposed Soundscape-to-Image
Diffusion model successfully captured this difference (Fig. 6). In a
scene with high tree density and limited light, the generated images are
also relatively gloomy and difficult to see the sky. In terms of a place
with open spaces and high visibility, the generated images can well
reflect clouds in sky and have a larger proportion of sky pixels.

To summarize, our human-centered qualitative evaluation based on
the three groups of sample street view images all demonstrate that our
proposed Soundscape-to-Image Diffusion model learns visual cues from
soundscapes to generate street view images, and could effectively link
the auditory and visual perceptions together.

4.5. Human-centered quantitative evaluations with volunteers

Moreover, we invited volunteers to quantitatively assess the quality
of our generated outputs. In particular, we have human observations
and performed visual assessments for the images generated using our
proposed Soundscape-to-Image Diffusion model.

We randomly selected 10 audio segments from the validation dataset
and used our model to generate 10 corresponding street view images.
We then launched a survey and invited participants to match the audio
clips and street view images. The main objective was to test whether
human evaluators could correctly associate each audio clip with its
generated street view image. In this evaluation process, participants
were asked to listen to an audio segment and then select the street view
image that most closely matched the audio from a set of three images.
Among the three images, only one (the corresponding item) was
generated by our model based on the given audio, while the other two
were randomly selected from images in other place categories.

We show a screenshot of the user interface of our survey in Fig. 7. In
total, we invited 22 people to participate in our survey. Results showed

Building pixel proportion
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Fig. 5. Scatter plots of correlation coefficients regarding proportions of different street elements between original and geneated images.
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Fig. 6. Sample street view images in the three groups (urban vs. rural places; high and low greenery scene; high and low sky visibility places).

that the average matching rate of human raters was 80.455%, which to
some extent verified the consistency and reliability of our model. Among
22 participants, the matching rate of correctly linking audio and cor-
responding street view images ranges from 50% (0.5) to 100% (1.0),
with a variance of 0.1225. Our results demonstrate that the images
generated from our proposed Soundscape-to-Image Diffusion model
could well capture place characteristics of acoustic environments,
shedding lights for advancing human multi-sensory experiences at place,
and modeling our human-environment interactions.

5. Discussions

We list several takeaways of this study in this section.

5.1. Implications for understanding human experiences at place

In this study, we developed a novel computational framework by
creating a Soundscape-to-Image Diffusion model that successfully as-
sociates human auditory and visual perceptions. The results obtained
from the study demonstrate that the model could effectively visualize
soundscape characteristics by generating corresponding street view
images with the same environmental settings as the audio inputs. For
instance, for an audio clip that contains vehicle noises and human voi-
ces, the model could generate an image that depicts commercial streets.
Additionally, the model could learn visual cues from soundscapes, such
as the density of tree canopy, architectural styles, appearances of roads
and houses, and other environmental factors that represent soundscape
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Fig. 7. A screenshot of our survey’s user interface.

characteristics. Interestingly, the images maintain spatial relationships
among objects within street view images to a certain degree, high-
lighting the adaptability and generalizability of our model.

The proposed methods could not only enrich our understanding of
human multi-sensory experiences at place but also offer new insights
into the complex nature of human-environment interactions. Our study
reveals the connections between objects in street soundscapes and visual
representations of streets. We discovered that soundscapes capture
environment settings such as the presence of greenery and buildings,
and the openness of the space. These characteristics could be visualized
in street view images, highlighting the comprehensive and nuanced
relationship between soundscape and visual elements at a specific place,
contributing to a better understanding of how auditory and visual in-
formation are intertwined in the environment.

Furthermore, we unexpectedly discovered a potential connection
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between light and street soundscapes. The data spans various condi-
tions, including both sunny and cloudy days, as well as different times of
day. We tested our model under three different lighting conditions,
namely, sunny day, cloudy day, and clear night. Surprisingly, the
generated street view images exhibited a high level of accuracy in
reflecting lighting conditions, closely matching real-world place images
(Fig. 8). One possible explanation may refer to the variations in human
and non-human activities throughout the day, which in turn influences
the soundscape. For example, a commercial street on a weekday
morning might be relatively quiet but becomes busy with human ac-
tivities in the evening as people finish work, leading to noises of heavy
traffic. Later at night, the areas quiet down again, with the soundscape
shifting to the nocturnal chirping of insects. In addition to the findings
we have discussed, there may exist more hidden connections between
the street soundscape and the visual representation of the street. Our

=<
o] %
Al-Generated Street
View Images

Fig. 8. Our model generated scenes under different environmental lighting based on audio.



Y. Zhuang et al.

soundscape visualization methodology could capture such diverse
soundscape features, providing a comprehensive portrayal of the
acoustic environment. This highlights the complex interplay among
various environmental factors in shaping our overall perceptions of
places, emphasizing the importance of analyzing multi-sensory experi-
ences simultaneously.

5.2. Methodological and ethical implications

From a visualization perspective, our research offers novel insights
into visualizing audio features. Previous research often involves seg-
menting audio into various dimensions based on sound elements like
frequency and pitch or relies on sound separation and classification to
extract relevant events from complex sounds. In contrast, our proposed
Soundscape-to-Image method exhibits certain advantages. It eliminates
the need for fixed event classification, resulting in greater universality
and more intuitive results. In addition, street soundscapes are often
complex and overlapping, as the soundscape is the result of a combi-
nation of street activities and spatial configurations of street buildings
and facilities. Such complex interactions are challenging to be visualized
through conventional methods, but our Soundscape-to-Image Diffusion
approach could effectively and vividly represent them to human eyes.

Despite the advancements in our proposed methods, we observe
several potential ethical questions that need to be considered before
being used in real-world practices (Kang et al., 2024; Ntoutsi et al.,
2020; Shaw & Sui, 2021). Two issues, namely, inaccuracy, and irre-
producibility, were observed in the street view images generated by our
Soundscape-to-Image Diffusion model.

We found that the details of Al-generated street view images may
differ from reality, and may have the following inaccuracies, including
blurred boundaries, strange shapes, and mixed color styles. We provide
several examples in Fig. 9. As illustrated in the figure, the outlines of
buildings and roads might not be clear. On the road surface, there
seemed to be crosswalks, but their shapes and directions appeared
strange and irregular. Additionally, the color styles of the buildings
observed in images were not consistent, mixing different color styles,
which is uncommon in real life.

Additionally, we observed that street view images generated by our
Soundscape-to-Image Diffusion model cannot be reproduced even using
the same auditory soundscape. Due to the randomness inherent in the
stable diffusion generation process, it is impossible to generate two
images with exactly the same content, objects, and layouts. Currently,
street view images generated from the same audio could just exhibit
similarities in certain features but not the overall scene. For example, in
Fig. 10, several street view images were generated from the same
auditory soundscape. They all have dense tree canopy but there are still
differences in the style, orientation, and colors of trees and roads. The
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lack of reproducibility presents challenges in validating and replicating
the images generated from the Soundscape-to-Image Diffusion model,
thus raising crucial ethical questions (Kedron et al., 2021).

5.3. Limitations and future directions

We acknowledge several limitations of this study to guide improve-
ments in the future. First, due to constraints in computing resources, our
Soundscape-to-Image Diffusion model could be further improved based
on larger datasets with more hyperparameters to generate higher-
resolution images. We could better improve the model performance
with deeper investigation of optimal parameters such as audio length or
audio encoder for generating higher-quality images. Second, we are
considering incorporating Reinforcement Learning with Human Feed-
back (RLHF) into our algorithm to ensure that the generated image
details better align with human preferences. Other audio encoders might
be tested and integrated such as ImageBind to further refine the model
architecture. Finally, we only focused on three objects in streetscapes
including greenery, sky view, and buildings. In the future, we aim to
broaden the scope of our research by incorporating more street ele-
ments. This not only allows us to validate the reliability and generaliz-
ability of the model from different perspectives but also inform place-
making from a more diverse perspectives.

6. Conclusions

This study proposes a novel framework for visualizing street
soundscapes by developing a Soundscape-to-Image Diffusion model. Our
computational framework contains four key components: (1) data
collection; (2) soundscape feature processing; (3) a Soundscape-to-
Image Diffusion model; and (4) evaluation. We collected videos and
created a multi-sensory dataset that contains audio-image pairs. Then,
we trained a Soundscape-to-Image Diffusion model using this dataset to
associate visual and auditory information. Validated through machine-
based and human-centered evaluations, the Soundscape-to-Image
Diffusion model, which includes Low- and Super-resolution Diffusion
Models, effectively translates semantic audio vectors into visual repre-
sentations of places.

Through the Soundscape-to-Image Diffusion model, our study pro-
vides new insights for professionals, researchers, and designers. From
the perspective of human geography, our research breaks through the
limitation of past studies where the two dimensions of human experi-
ences at a place were often studied separately and innovatively syn-
thesizes the two-dimensional (auditory and visual) perceptions to
understand the human sense of place. From the viewpoint of environ-
mental psychology, our research contributes to a further understanding
of how auditory cues contribute to our visual perceptions of places,

Fig. 9. The generated image exhibits inconsistencies with reality in terms of blurred boundaries, strange shapes, and mixed color styles.
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Fig. 10. Four images of street soundscape visualization were generated by the same soundscape (visualized in the middle using Melspectrogram). This soundscape
was recorded under a tree in a park. The park was filled with bird songs and without human voices or traffic sounds. Although the generated images are not exactly
the same, they all reflect the common features of trees, nature, and the absence of people and vehicles.

enhancing our knowledge of the impacts of visual and auditory per-
ceptions on human mental health. For many urban designers, our find-
ings can better help them understand the relationship between urban
landscapes and noise, as well as advance their knowledge of human-
environment relationships.
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