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Abstract. Romance awakens fond memories of the city. Finding out 
the relationship between romantic scene and urban morphology, and 
providing a prediction, can potentially facilitate the better urban design 
and urban life. Taking the Yangtze River Delta region of China as an 
example, this study aims to predict the distribution of romantic 
locations using deep learning based on multi-source data. Specifically, 
we use web crawlers to extract romance-related messages and 
geographic locations from social media platforms, and visualize them 
as romance heatmap. The urban environment and building features 
associated with romantic information are identified by Pearson 
correlation analysis and annotated in the city map. Then, both city 
labelled maps and romance heatmaps are fed into a Generative 
Adversarial Networks (GAN) as the training dataset to achieve final 
romance distribution predictions across regions for other cities. The 
ideal prediction results highlight the ability of deep learning techniques 
to quantify experience-based decision-making strategies that can be 
used in further research on urban design. 

Keywords. Romance Heatmap; Generative Adversarial Networks; 
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1. Introduction 

1.1. RESEARCH BACKGROUND 
Urban design is essentially about place making, the creation of a distinct identity and 
memory for a place is an important attribute of successful urban design (Buchanan, 
1988; Adams & Tiesdell, 2012; Loring, 2014). Romance, as a special kind of place 
semantics, is often closely tied to the place identity and memory. Norberg-Schulz 
(1980) regarded romance as one of the four types of man-made environment and 
considered it to be inseparable from the urban morphology. Romance places may serve 
as carriers for urban social and economic activities that are critical to urban life. A 
typical example is “Made in Marxloh” in Duisburg, Germany, the highly romantic 
street in Europe evolved from a poverty-stricken area, where romantic place making 
has directly led to rising rents and vitality (Tissink, 2016). As a result, romance should 
be a more prominently cultivated feature in the construction of urban space, and 
supporting romance and love should be a goal of the urban designer (Zukin, 1998). 
However, with the huge impact of the information flood brought by the mobile internet 
on urban life, romance seems to be “hidden” in cities (Rahimi et al., 2017). People 
living in cities are increasingly expressing romantic relationships on the Internet, so 
data from the Internet is becoming more and more important in the construction of 
urban spaces. In addition, providing visual guidance through maps can also help people 
explore romantic places and enrich dating ideas (ESRI UK, 2019; VISIT LONDON, 
2021), which will encourage location-based scenario socialization. From this, the 
following research questions will be addressed in the paper: 1) How to express romance 
and love in cities? 2) What are the factors that affect the occurrence and distribution of 
urban romance? 3) In order to enhance the romance of cities through reasonable urban 
design, how to visualize and predict the distribution of urban romance? 

1.2. PROBLEM STATEMENT AND PROJECT GOAL 

Urban romantic relationship is still an understudied aspect of cities. Traditional 
methods such as questionnaires and interviews can help explore the public’s perception 
of romantic spaces, while they are time-consuming with only a small-scale sample 
investigated. Social media allows “individuals to communicate their impressions and 
interests to the general public” (Croitoru et al., 2013), which provides us with 
comprehensive insight into urban romance and love. Sina Weibo check-in data with 
user-generated content and geo-location coordinates enables the connection between 
user perception and city location, on this basis, urban romantic spots can be further 
screened by the matching of Weibo content and proposed romance dictionary. 
Combined with heat mapping, the distribution and aggregation of spatial romance can 
be visualized in a more intuitive way. However, the heatmap only serves as a 
visual analytic method based on historical or current data, which can neither predict the 
future romantic distribution, nor provide data supplement for suburbs or small cities 
with sparse check-in data. Therefore, the ability of visual analytics is too limited to give 
evidence-based recommendations for a more reasonable cross-regional urban planning 
or business location selection. The urban romance itself has dynamic attributes and is 
greatly affected by complex urban morphological features, which cannot be well 
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modeled through explicit programming and simple linear regression calculation. Such 
issues, can be addressed to a great extent, as the rise of artificial intelligence represented 
by deep learning techniques. Deep learning can cope with data-driven deep correlations 
modelling by multiple nonlinear transformations, which potentially provides a way for 
the efficient representation and accurate prediction of urban romance. 

In this paper, as a typical image-to-image translation method, Generative 
Adversarial Networks (GAN) are adopted (Goodfellow et al., 2014) to 
automatically learn the correlations between romantic places and urban space, so as to 
achieve visual predictions. GAN, a popular deep learning model, has been gradually 
applied in urban planning and design realm due to its powerful spatial information 
processing and generation ability (Shen et al., 2020; He & Zheng, 2021). However, the 
training of GAN is often associated with convergence difficulties and high uncertainty. 
To increase prediction accuracy and reduce training time, we incorporate a priori 
knowledge into the input heatmap of romance distribution, i.e., the environments and 
various functional architectures highly relevant to urban romance are labelled with 
different colors and shades of grey. Our model has achieved ideal prediction results. 

 This paper proposes a GAN-based method to realize and verify the relationship 
between spatial romance and urban morphology, and provides a prediction for the 
future urban romance distribution across regions (Figure 1), which is of great value for 
inferring the implementation effect of various urban design plans on urban romance in 
advance, as well as the commercial site decision-making and space operations. 

Figure 1. Overall Workflow  

2. Methodology 

2.1. GENERATIVE ADVERSARIAL NETWORKS 
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Deep learning is often a synonym for deep neural networks, which are the neural 
networks consisting of more than three layers (including inputs and outputs), 
implementing computational models by simulating the neural central system of an 
organism. In this paper, according to the experimental objectives, Generative 
Adversarial Networks (GAN) based on image processing are selected in the 
experiment. An adversarial neural network is a special adversarial process in which 
two neural networks compete with each other. The first network generates the data; the 
second network tries to distinguish the real data from the fake data created by the first 
network. The two play against each other to achieve a balance in game theory. 

The first network is called the generator, G (z), and the generator network takes 
random noise as input and attempts to generate sample data that is provided to the 
second network. The second network is called the discriminator, D (x). The 
discriminator network takes real or generated data as input and tries to predict whether 
the current input is real or generated data. One of the inputs x is obtained from the real 
data distribution pdata (x), which next solves a binary classification problem and 
produces a scalar ranging between 0 and 1. At the equilibrium point, which is also the 
optimal solution of the minimax Game, the discriminator considers the probability that 
the data which the generator output is the real data to be 0.5: 

Moreover, GANs are the neural networks based on input images and output images. 
The amount of love messages studied in this paper is extremely large, and each map 
may contain hundreds of data points of love messages. Also, to accommodate the 
visualization design habits of architects and to facilitate further regional optimization, 
we visualize the geo-location of romance messages and present them in a more intuitive 
heatmap rather than inputs the numerous data directly. Thus, we try to train the GAN 
to recognize the relationship between the two sets of images by taking the city map as 
input and the romance heatmap as output. The trained neural network model will be 
able to predict the future local love heat situation based on the existing city situation. 

2.2. THE GENERATION OF ROMANCE HEATMAP 

We select the cities in the Yangtze River Delta region as experimental subjects: 
Shanghai, Jiaxing, Hangzhou, and Ningbo as the training dataset cities, and Shanghai 
new towns, Nanjing, and Suzhou as the test dataset cities. The cultural characteristics 
and the economic development level of them are similar. The situations have certain 
regularities. 

We first use Weibo data to create a romance heatmap. And use web crawlers to 
obtain web data. In this paper, we use Python+Selenium specifically for the Sina Weibo 
open platform API to receive data. Then we use a natural language processing model, 
WantWords Reverse Dictionary (Qi et al., 2020), to construct an emotion dictionary 
related to love messages. Love messages are applied to identify all synonyms related 
to romance, including 101 romance-related words such as dating, sweetness, and 
anniversary. 

In the content filtering stage, taking Shanghai as an example, 8445 tweets and geo-
located points are extracted from the original dataset whose dates are July-October 
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2021. We then use Rhino and Grasshopper to visualize the geospatial distribution of a 
large amount of data using colour shades(Figure 2).  The visualization of filtered Weibo 
data can clearly show the distribution of romantic places. 

Figure 2. Romance heatmap 

2.3. CORRELATION ANALYSIS AND THE COLLECTION OF CITIES LA-
BELLED MAPS 
We speculate that people’s behavior of posting romantic messages is related to some 
urban morphological features. In this regard, we apply a correlation analysis between 
the geo-location of romantic messages and building features and selected Shanghai as 
the analysis object. We use the following three kinds of data, the romantic message 
points, the graphic of the street administrative divisions, and points of interest (POI) 
with function information collected on AutoNavi Maps. We count romantic message 
points and city POI of different functional types in each street division by ArcGIS. 

Pearson correlation coefficient is used to conduct bivariate correlation analysis on 
them. The results show that the geo-location of romantic messages is strongly 
correlated with the features of 13 of the 16 categories (Table 1). Hotel and other 
accommodation services are most relevant to romantic messages, followed by 
shopping services and scenic spots. The commercial residences POI, which has the 
largest number, is extremely weakly related to romantic messages, which eliminates 
the interference of population concentration on the correlation results. The above 
results show that people’s romantic-like social-emotional expression is related to urban 
design. 
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Table 1. Pearson correlation coefficient results. 

After using statistical methods to preliminarily verify the correlation, we collect city 
maps as samples of the training dataset. The origin data is from AutoNavi Maps. We 
customize the color of green space, water body, and road in ArcGIS. Due to the lack 
of functional information in the building graphics, we connect the functional 
information of POI to the building graphics through the join tool to create building area 
of interest (AOI) graphics. Meanwhile, we sort the grey value of the building features 
graphic based on the correlation coefficient result. These labels serve as a supervisory 
signal to guide the network to process, extract, and transform visual information to 
achieve the maximum performance of the network on the required tasks (Figure 3).  

The degree of population concentration may affect the intensity of romantic 
messages, and the romance heatmap would show a more scattered state of suburban 
areas. Thus, we further delete the outside area of the inner ring of the cities. 

Figure 3. City labelled map. 

After aligning the two images and removing the extra part, we divide the two large 
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images. So far, we have got 795 pairs of samples in the training dataset of city labelled 
maps and romance heatmaps that correspond to each other. 

2.4. NEURAL NETWORKS TRAINING 

Based on the data type of the experiment and the characteristics of the generative 
adversarial networks, high-resolution image-to-image translation with conditional 
adversarial networks (Wang et al., 2018) is used as the main operating algorithm. The 
training process was done on a computer with a GeForce RTX 2080 graphics card. 

Figure 4. Generator loss (G_LOSS) and Discriminator loss (D_LOSS) during training 

The loss values of the generator and discriminator are recorded during the training 
process. Figure 4 compares the loss values of the generator and discriminator. Training 
is a process in which the generator and the discriminator ‘compete’ with each other. 
Relatively, a higher discriminator loss value and a lower generator loss value represent 
a successful training process. We use a constant learning rate training gradient for the 
first 200 epochs and a decaying learning rate gradient for the next 200 epochs, which 
facilitates a more accurate fitting of the data to achieve better convergence. After 370 
epochs, discriminator loss and generator loss tend to be stable, which means the 
training successes gradually. Meanwhile, according to the saved temporary results 
from the monitoring website (Figure 5), it can be found that at the initial epochs, the 
synthesized images are more blurred, while as the training proceeds, the synthesized 
images have stabilized after 370 epochs and can effectively respond to the city map, 
which means the accuracy of prediction increases. Hence, we decide to use the model 
trained after 400 epochs as the final prediction model.  

Figure 5. Predicted results for each training epochs. 
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3. Results 

3.1. TRAINING ACCURACY 
To ensure that our prediction model can be accurate in practical applications, we decide 
to calculate the similarity of the trained maps in epoch 400 and the counterpart ground 
truth maps through the average hash algorithm. 

We use the average hash algorithm to compare the difference between generated 
images and real heatmap images, and then calculate their hamming distance (Figure 6).  

When the hamming distance is less than 5, the generated image is regarded to be 
particularly similar to the ground truth map; when the hamming distance is greater than 
or equal to 5 and less than or equal to 10, the generated image is considered to be quite 
similar to the ground truth map; and when the hamming distance is greater than 10, the 
two maps are considered to be unrelated. Thus, we divide the generated images into 
three categories: the particular like images, the very like images and the different 
images, and counted the number of these three categories of the generated images 
(Figure 6). z 

Figure 6. Hamming distances between trained maps and ground truth maps and Percentage of 
trained images with different levels of accuracy. 

We find that 164 of the images are particular like images, 24 of them are very like 
images, and the remaining 22 images are different images. It means that the training 
result in epoch 400 has an accuracy rate of 78%, which shows that the result is reliable. 

3.2. ROMANCE HEATMAPS PREDICTION 
We make city labelled maps of Shanghai’s new towns, Nanjing, Suzhou as the input 
to the neural network and provide suggestions of the possible romance occurring place 
on the output romance heatmap(Figure 7). Through the direct observation and 
comparison, we find that in most cases, the density of distribution of predicted romantic 
places is related to three urban morphological features: green space, water bodies, and 
building features (with high Pearson correlation coefficient), and their influence on the 
density of romantic places is: water bodies > green space > building functions. 

The result also shows a superimposed effect of these three elements. The high-
mixed areas with water bodies, green space, and buildings with commercial, hotel, or 
catering functions attract more urban romance than individual elements do. This also 
illustrates the positive impact of high-mixed areas on urban vitality.  
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In addition, the commercial area along the street is relatively more likely to have 
romance heat in areas with similar grey values, which shows that romance contains a 
certain degree of commercial value. Block commercials may be more effective than 
box commercials. 

Figure 7. Generated results for predicting romance heatmap. 

However, we find that some areas where there is a high distribution of buildings 
with a high Pearson correlation show a low heat of romance. We speculate that the 
relationship between urban romance and urban morphology is still complicated and 
disturbed by many factors. 

4. Conclusion 

With the rapid development of urbanization, the relationship between urban design and 
citizen life has received more and more attention. Romantic places gradually become 
the infrastructure of cities. This research is based on the geographic location of 
romantic information on the common social media platform, and the text content is 
filtered by keywords related to romance, and the complex relationship between 
romantic places and urban morphology is predicted. We take the city map of the 
Yangtze River Delta region of China as the input of the GAN model, and present the 
output data in the form of a romance heatmap. The trained GAN model can also predict 
where romance will occur in other cities. 

This research proves that deep learning can complete the analysis and prediction of 
urban romantic places, and gradually replace the old empirical methods. The next 
research project will improve the input data, add sematic information and train more 
accurate machine learning models. The successful prediction of love maps shows that 
embracing deep learning can draw knowledge in a wider range of urban perception and 
cognition scenarios, which empowers the construction of sustainable city and 
communities in the age of AI with data support. 
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