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A B S T R A C T

The street view image (SVI) and the point of interest (POI) are data sources with different modalities and
representing different urban environments, respectively. These two types of data may not fully cover a city.
Inferring from one type of data to another will enrich our means of sensing cities and facilitate a deeper
understanding of the place. Intuitively, by analyzing visual elements of the urban built environment such as
buildings, roads, vehicles, and other features captured in photos of their surroundings, we can infer valuable
information about the most likely POI types. Traditional approaches are mainly based on probabilistic statistical
models. Such models lack a holistic understanding of the scenario and accurate modeling of the non-linear
relationship between the built and socio-economic environments. In response, a Seq2Seq framework is proposed
to ‘‘translate’’ and create a bridge between those two data. Experiments in Wuhan demonstrated the high
performance of our method (accuracy = 0.770, recall = 0.773, 𝑓1 = 0.771). And this work allows us to better
understand the ‘‘many-to-many’’ relationship between the two environments (data), effectively enriching our
means of perceiving cities. It also has potential applications in location awareness and visual navigation.
1. Introduction

With the comprehensive coverage of urban space by 5G networks,
sensors and digital information, a large amount of multi-source sensing
data recording human behavior and urban characteristics is generated
especially in cities (Salim et al., 2020; Wang et al., 2022c). These data
often exist in unstructured and multi-modal forms, are twin mappings
of the real physical environment and help us sense, describe and
understand the city.

The modal (O’Halloran, 2011) in this paper refers to the different
types of data, such as video, picture, voice, and text, etc. Location-
based services provide us with a lot of urban multimodal data with
detailed GNSS location information. For example, street view image
(SVI) (Zhang et al., 2023), point-of-interest (POI) data (Xue et al.,
2020), cell phone signaling data (Sotomayor-Gómez and Samaniego,
2020; Zhang et al., 2022b), geo-tagged flick data (Boeing, 2021), and
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mobile App data (Huang et al., 2021). They can be organized accord-
ing to location (Huang et al., 2021), and make us better recognize
places (Zhang et al., 2020b).

However, a single data source or a combination of data sources
could only reflect a specific problem and is difficult to interpret in
relation to each other (Chen et al., 2022). For example, we could easily
perceive the ‘‘visible’’ built environment around us (Qin et al., 2020),
whether dense trees or crowded buildings. More generally, we could
get the geographic entity of the location from the SVI, but that is all.
How to infer invisible attributes from visible scenes is still a problem
that has not been well solved (Khosla et al., 2014). For example, we
do not have access to the types of human activities that exist around
the location, which means that most socio-economic attributes are
missing (Yin et al., 2021; Chen and Biljecki, 2022). These data would
be more meaningful for location-based cognition, decision making, and
navigation services. Furthermore, given the possible cognitive bias of
unimodal data (Zhang et al., 2021c; Liu et al., 2021), the fusion of
vailable online 30 August 2023
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multisource data with multimodal data to understand ‘‘place’’ may have
a positive effect on this research (Zhang et al., 2018).

However, in the face of complex non-linear relationship between the
built environment and the socio-economic environment, traditional lin-
ear models (one-to-one or many-to-one method) lack a holistic under-
standing of the urban scene. It is difficult to fully map the multidimen-
sional attributes of urban places with a single data model, and it is not
possible to maximize the potential for data location alignment (Yang
et al., 2020; Zhang et al., 2020a). To address this problem, we intro-
duced the Sequence2Sequence (Seq2Seq) framework, which consists
of an encoder and a decoder. This structure has achieved great suc-
cess (Mohamed et al., 2021) in the fields of machine translation, speech
recognition, text summarization, question and answer systems, etc.
Compared to traditional statistical learning methods, it supports uncer-
tain length inputs and outputs, avoids complex probabilistic statistics
and rule modeling (Feng and Tong, 2020).

In this paper, our focus is on elucidating the translation of these
distinct modalities of urban data. POI serves as an abstract represen-
tation of locations with elements such as address descriptors, latitude
and longitude coordinates, names, and industry categories (Tingting
et al., 2020; Yue et al., 2017). It is imbued with human activity and
holds significance even beyond geographical context. In contrast, SVI
is a fine-grained intuitive expression of the real world (Zhang et al.,
2019). It is inexpensive and efficient enough and could be used to
obtain key elements and scenes of the city based on location, enriching
our approach to environmental sensing (Zhang et al., 2021a).

As mentioned above, POI and SVI both have location information,
where POI is considered to reflect socio-economic environment and
the other one is considered to be a representative of the built en-
vironment. We consider these two types of urban data as different
‘‘city language’’, and build training pairs based on geographical co-
occurrence relationships (Chen et al., 2021; Huang et al., 2021). To
parse the many-to-many relationships between them, we introduced a
cross-modal translation model leveraging the Seq2Seq framework. This
innovative approach grants us a fresh perspective for gaining deeper
insights into the essence of urban localities.

It could simulate the human visual perception and can recognize
the surrounding built environment, as well as the surrounding socio-
economic information with the pre-trained sensing enhancement mod-
els. Our research makes full use of cross-modal information compared
to existing research (Zhang et al., 2022a), which may be helpful in areas
such as city-augmented navigation, location-based recommendation,
etc.

The main research questions are as follows:
RQ1: What are the relationships between the urban built environ-

ment and socio-economic factors, and how are key entities distributed
within the city?

RQ2: How can multimodal data integration be harnessed within
based on location to facilitate a reciprocal ‘‘translation’’ between en-
vironments?

Our study is organized as follows: the second section is the related
research of this paper, which introduces the current research status,
the third section details our Seq2Seq based method, the fourth section
shows our experimental and validation process, and the last section
concludes this paper.

2. Literature review

SVI and POI are the most common data sources for urban dynamics
sensing and spatial analysis (Du et al., 2020; Deng et al., 2021). We
could explore the combination of different POIs to identify urban
function (Gao et al., 2017; Liu et al., 2020), and discover the poten-
tial function zone co-occurrence relationships (Chen et al., 2020; Tu
et al., 2017). It can also be fused with remote sensing image data to
obtain a better accuracy of land use classification (Bao et al., 2020;
Zhang et al., 2017, 2021b) and to interpret urban morphology (Qian
2

et al., 2020). Similarly, SVIs can also be applied to spatial analysis
domains, including 3D visual reconstruction (Cheng et al., 2018), urban
greening & urban planning (Cai et al., 2018; Biljecki et al., 2023),
soundscape (Zhao et al., 2023), residents’ health (Keralis et al., 2020),
and transportation (Stiles et al., 2022).

With respect to multi-modal data fusion or inference, we could
infer user locations based on semantic information of text (Chen et al.,
2021; Zheng et al., 2018); extract location address fused with geospatial
feature (Xu et al., 2020); fuse images, texts and geo-maps to implement
a holistic textual-visual-geo analysis framework (Shi et al., 2021; Fan
et al., 2020).

In addition to discussing multi-modal data, this paper also con-
structs a sequence based on POI and SVI data representing different
environments. Common sequence data are traffic trajectory data (Wang
et al., 2022a) and user location data (Stock, 2018). The standard ap-
proach is to use long short-term memory (LSTM) to deal with them for
classification or prediction (Zhang et al., 2021b). Since some sequences
are very long and LSTM will lose a lot of information, a common
approach is to introduce the attention mechanism to capture global
information (Huang et al., 2019). LSTM is a type of recurrent neural
network (RNN), which is computed sequentially (Wang et al., 2022b).
In other words, it can only be computed from sequence left to right
or from sequence right to left. The computation at time 𝑡 depends
n the computation results at 𝑡 − 1, which limits the ability of the
odel to parallelize. The transformer structure will also be discussed

n this study, which is entirely dependent on self-attention to compute
epresentations of its input and output without using sequence-aligned
NNs or convolution (Zhou et al., 2022).

Urban data is often captured by different sensors in different loca-
ions and with different modalities. The multisource, highly dispersed,
nd heterogeneous properties make them difficult to process, fuse, and
nalyze. Most studies focus on unimodal data and aggregated analysis
f multimodal data, which can lead to data waste and perception
ias (Zhang et al., 2021c). In addition, due to the use of simple statisti-
al models (e.g., least squares regression), these methods are inefficient
n transforming geographic data into geographic knowledge (Dimakis
t al., 2008). For complex urban built-up area scenario, a suitable
olution is urgently needed to process (Li et al., 2016; Xu et al., 2021).
n this paper, we try to solve ‘‘many to many’’ problem in order to use
rban multi-modal data more efficiently, expand the depth of human
nowledge about the built environment, and enhance the cognitive
bility of the social environment.

. Materials and methods

As we noted above, the data was obtained from two publicly ac-
essible, globally available datasets: SVI and POI. We sampled more
han 20,000 locations in Wuhan city, constructed training pairs, and
onducted a comparison experiment using different encoder&decoder
see Fig. 1).

.1. Location-based training pairs preparation

We obtained SVIs from Tencent Map1 and POI data from Baidu
ap.2 Both types of electronic map are widely used and equivalent to
oogle Maps in China. We collected 83,160 images (800*500 pixels)

rom four angles at 𝑛 = 20,790 locations, as shown in Fig. 2.
On the encoder side of the model, we employed the SSD (Single

hot Detection) network for SVI target detection.3 The SSD model
as trained on the Open Images V4 dataset, which contains 14.6M
ounding boxes for 600 object classes on 1.74M images, making it the

1 https://map.qq.com/
2 https://map.baidu.com/
3
 https://tfhub.dev/google/openimages_v4/ssd/mobilenet_v2/1

https://map.qq.com/
https://map.baidu.com/
https://tfhub.dev/google/openimages_v4/ssd/mobilenet_v2/1
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Fig. 1. Technical route of urban sensing enhancement (POI represent the socio-economy and SVI represent the built environment. The extracted urban physical entities are used
as the input of the encoder, the socio-economic entities composed of POI lists are used as the output of the decoder, then construct training pairs).
Fig. 2. The SVI sampling location in Wuhan (We choose the main urban area within the main city, including more than 80,000 SVIs in more than 20,000 locations and about
500,000 POI records).
largest existing dataset with object location annotations.4 Similarly, the
decoder side extracts the list of the closest POIs and decodes them by
the types.5

4 Entity classification for street view target detection, https://storage.
googleapis.com/openimages/web/index.html.

5 The classification reference links of the entities, including the primary,
secondary and tertiary classifications of the industry, 22 Basetypes (Caf/Tea,
RoadFac, Adr/loc, TourAtr, ShopMal, TrabsFac, Bank/Fina, Sci/Edu, MotServ,
3

To expedite model training and attain quicker outcomes, we concen-
trated on detecting the most evident 100 physical entities within each
scene. Moreover, we extracted the 100 closest neighboring POIs as.
To represent the location effectively, we extracted a feature sequence

CarServ, CarRepa, CarSale, Residen, LivServ, IndoFac, Spr/Rec, ComuServ,
Hospital, Gov/Pub, Factory), 220 SUBTYPE (We selected 154 categories that
frequently appear in urban for following analysis), and a more detailed 647
CATEGORY by attributes.

https://storage.googleapis.com/openimages/web/index.html
https://storage.googleapis.com/openimages/web/index.html
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Fig. 3. Seq2Seq with Attention model Schematic (Encoder — reads source sequence and produces its representation; Decoder — uses source representation from the encoder to
generate the target sequence.).
based on the highest frequency. This feature sequence, with an input
length/output length of 10, captures the most recurrent characteris-
tics. By doing so, we ensured that the model’s attention was directed
towards the most relevant and significant aspects of each location.

In addition, we construct a total of 𝑛 sequences 𝑆𝑒𝑞𝑆 scene pairs,
and tokenize them to build a corpus 𝐶𝑜𝑟𝑝𝑢𝑠𝑆 (in this paper, 139 built
environment entities in SVI, e.g., terrain, car, building, etc.). Similarly,
we get 𝑛 sequences 𝑆𝑒𝑞𝑃 on the decoder side, and then build the corpus
𝐶𝑜𝑟𝑝𝑢𝑠𝑃 . The smallest unit (token) in 𝐶𝑜𝑟𝑝𝑢𝑠𝑃 is POI type (in this
paper, POIs are categorized by industry, encompassing 22 BaseType
classifications and 154 SUBTYPE classifications,6 e.g., residential areas,
libraries, retail stores, etc.).

During the process of constructing Seq2Seq training pairs, we gath-
ered a total of 𝑛 (n = 20,790) SVI sampling locations and sought out
neighboring POIs. With a substantial 𝑚 (m = 500,634) POI records
available in the city, employing the traditional retrieval method would
require an overwhelming 𝑚 × 𝑛 distance queries. This could put a
significant strain on computer computing power.

So we construct KD trees to improve the efficiency of retrieval.
The computational complexity can be reduced to 𝑂

(

log2𝑚
)

+ 𝑛 ×
𝑂
(

𝑚1−1∕𝑑 + 𝑡𝑜𝑝𝐾
)

, where 𝑂
(

log2𝑚
)

is the computational complexity
when building the KD tree. 𝑛 ×𝑂

(

𝑚1−1∕𝑑 + 𝑡𝑜𝑝𝐾
)

is the computational
complexity of the query, 𝑡𝑜𝑝𝐾 is the number of nodes nearest to the
query.

Using KD trees, the burden of the retrieval process is significantly
alleviated, leading to more efficient and faster results. With 𝑑 taking the
value of 2 (representing longitude and latitude), this approach enables
us to effectively find and process the 𝑡𝑜𝑝𝐾 nearest nodes to the query
locations without compromising the accuracy of the retrieval.

6 https://lbsyun.baidu.com/index.php?title=open/poitags
4

3.2. Seq2Seq model

Seq2Seq is a versatile technology framework that has revolutionized
traditional fixed-size input and output approaches. It harnesses the
power of neural network models for various tasks; one of the most
prominent applications is machine translation, where it enables seam-
less conversion of text from one natural language to another. In this
paper, we introduce the encoder processes the input entities, creating
a context vector that captures the place’s meaningful representation.
The decoder then generates the output sequence one POI type at a
time, observing the context vector and previously generated POIs. To
achieve this, we utilize different encoder/decoder architectures within
the Seq2Seq framework, including RNN, RNN-Attention, LSTM, LSTM-
Attention, and Transformer. By conducting an accuracy comparison
among these variants (Kim et al., 2021), we can identify the most
suitable one for our task.

Formally, our input sequence 𝑆𝑒𝑞𝑆 consists of elements (𝑥1, 𝑥2,… ,
𝑥𝑚), while the output sequence 𝑆𝑒𝑞𝑃 contains elements (𝑦1, 𝑦2,… , 𝑦𝑛).
As depicted in Fig. 3, the Seq2Seq model is essentially a combination
of two RNN/GRU/LSTMs: one for data encoding and the other for
data decoding. At each timestep 𝑡, the encoder’s output is fed into the
decoder, and following the softmax classifier, the model predicts the
probability distribution of all tokens.

𝑝(𝑡) = 𝑝(∗ |𝑦1,… , 𝑦𝑡−1, 𝑥1,… , 𝑥𝑚) (1)

The token with the highest probability is used as the output of the
decoder (𝑦𝑖). The loss function of the model is:

𝐿𝑜𝑠𝑠(𝑝∗, 𝑝) = − log(𝑝𝑦𝑡 ) = − log(𝑝(𝑦𝑡|𝑦<𝑡, 𝑥)) (2)

The LSTM is a specialized type of RNN that incorporates three
crucial gates: the forgetting gate, the input gate, and the output gate.

https://lbsyun.baidu.com/index.php?title=open/poitags
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This unique architecture has gained widespread recognition for its
effectiveness. The LSTM’s key strength lies in its ability to regulate
the flow of information, enabling the network to selectively retain or
discard information as needed. At the core of an LSTM cell, the input is
composed of three essential components: the hidden state ℎ𝑡−1 and the
cell state 𝐶𝑡−1 from the previous time step, as well as the input 𝑥𝑡 at
he current time step. These components are combined using specific
athematical formulations, as shown in Eq. (3):

𝑡 = 𝜎(𝑊𝑖𝑖𝑥𝑡 + 𝑏𝑖𝑖 +𝑊ℎ𝑖ℎ𝑡−1 + 𝑏ℎ𝑖)

𝑓𝑡 = 𝜎(𝑊𝑖𝑓𝑥𝑡 + 𝑏𝑖𝑓 +𝑊ℎ𝑓ℎ𝑡−1 + 𝑏ℎ𝑓 )

𝑔𝑡 = tanh(𝑊𝑖𝑔𝑥𝑡 + 𝑏𝑖𝑔 +𝑊ℎ𝑔ℎ𝑡−1 + 𝑏ℎ𝑔)

𝑜𝑡 = 𝜎(𝑊𝑖𝑜𝑥𝑡 + 𝑏𝑖𝑜 +𝑊ℎ𝑜ℎ𝑡−1 + 𝑏ℎ𝑜)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑔𝑡
ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡)

(3)

where employs the sigmoid activation function 𝜎 and the Hadamard
product ⊙. It comprises weight matrices, such as 𝑊𝑖𝑖, representing the
weights from the hidden state to the hidden state, and 𝑊ℎ𝑖, representing
the weight matrix between the input and the hidden state. The primary
parameter learned by the LSTM model is 𝑊ℎ𝑖, which plays a crucial role
in the network’s ability to learn and capture sequential patterns.

In order to capture long-term dependencies more effectively, atten-
tion mechanism was also introduced. It enables the model to focus on
more relevant parts of the input sequence, rather than compressing the
entire source into a single vector. It provides representations for all
source tokens, and takes all RNN states into consideration instead of
just the last one. In the case of the self-attention-based Transformer,
at each decoder step, the model determines which source parts are
more important for generating the output. This allows the encoder
to provide representations for all tokens at different time steps. The
attention mechanism then considers all encoder states at the 𝑡 moments,
automatically filtering and assigning weights to important information,
which yields attention scores for all encoder states. These attention
scores are computed as follows:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄,𝐾, 𝑉 ) = 𝑠𝑜𝑓𝑡max

(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 (4)

where 𝑄 refers to the query, which corresponds to the content ℎ𝑡 of the
decoder at the time step 𝑡; 𝐾 refers to the key, which corresponds to
the embedded representation 𝑠𝑘 of the output of the source sequence
after encoding; 𝑉 represents the original representation of the source
sequence; 𝑑 denotes the vector dimensions 𝐾 and 𝑉 . Softmax operation
ensures that the attention scores sum up to 1, allowing the model to
attend to relevant information effectively while generating the output
sequence.

The Transformer model, while also employing the encoder–decoder
structure, diverges from the RNN-based architecture depicted in Fig. 3.
Instead, it leverages attention mechanisms to effectively capture and
retain semantic information over longer distances. The transformer’s
encoder and decoder components consist of multiple layers, with each
layer incorporating two sublayers: the Multi-Head Attention Layer and
the Feed Forward Layer. Furthermore, both sublayers utilize Residual
Connections and Normalization to facilitate smoother information flow
and alleviate the problem of vanishing gradients. The final output of
the sublayer can be expressed as:

Sublayer𝑖+1 = LayerNorm(𝑥+ (SubLayer (𝑥))) (5)

where 𝑆𝑢𝑏𝐿𝑎𝑦𝑒𝑟 (𝑥) denotes the output of each sublayer. Indeed, the
Transformer model introduces a significant improvement in computa-
tional efficiency compared to traditional RNNs because of its parallel
computation capabilities. RNNs process input sequences sequentially,
but the Transformer can simultaneously attend to all positions within
a sequence, resulting in faster training and inference times. However,
one challenge is the lack of inherent positional information for tokens
5

within a sequence. Since attention mechanisms do not consider token
positions, it becomes essential to incorporate positional information
into the model. To address this, positional encoding is introduced as
part of the training parameters. The positional encoding formula is as
follows:
⎧

⎪

⎨

⎪

⎩

𝒑𝑘,2𝑖 = sin
(

𝑘∕100002𝑖∕𝑑
)

𝒑𝑘,2𝑖+1 = cos
(

𝑘∕100002𝑖∕𝑑
) (6)

Where 𝑝𝑘,2𝑖, 𝑝𝑘,2𝑖+1 are the 2𝑖, 2𝑖+ 1 components of the encoding vector
at position 𝑘, respectively, and 𝑑 is the dimension of the position vector.
The input sequence is summed by the word embedding and positional
embedding and input to the encoder for semantic encoding represen-
tation. The Multi-Head Attention layer in the Encoder part maps the
input content to different feature spaces to extract different semantic
information. All is summed and normalized by Add&Norm, then passed
to the full linked feedforward neural network, which outputs the final
semantic vector matrix. The output of the 𝑙th structure in the encoder
is calculated as follows:

ℎ(𝑙)𝑠 = 𝑁𝑜𝑟𝑚
(

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑
(

𝑄(𝑙), 𝐾 (𝑙), 𝑉 (𝑙)) +𝑄(𝑙)) (7)

ℎ(𝑙)𝑒𝑙 = 𝑁𝑜𝑟𝑚
(

𝑃𝐹𝐹
(

ℎ(𝑙)𝑆
)

+ ℎ(𝑙)𝑆
)

(8)

𝑃𝐹𝐹 =
(

Re 𝑙𝑢
(

ℎ(𝑙)𝑠 𝑤(𝑙)
𝑠
)

ℎ(𝑙2)𝑠 + ℎ(𝑙)𝑠
)

(9)

where ℎ(𝑙)𝑆 is the result of Multi-Head Attention and residual concate-
nation, 𝑁𝑜𝑟𝑚 (·) denotes the normalization operation, the output of
Encoder 𝑙 is ℎ(𝑙)𝑒𝑙 , the input of the first structure of encoder is 𝑄(𝑙) =
𝐾 (𝑙) = 𝑉 (𝑙) = 𝐸, and the input of the rest of structures is 𝑄(𝑙) = 𝐾 (𝑙) =
𝑉 (𝑙) = ℎ(𝑙−1)𝑒𝑙 , 𝑤(𝑙)

𝑠 are the training parameters of the model, and 𝑃𝐹𝐹
denotes the feedforward network layer. The decoder part of the model
also consists of a 6-layer structure, and the structure of each layer is
similar to the encoder part, which is not repeated here (Vaswani et al.,
2017).

3.3. Result accuracy evaluation

For model accuracy evaluation, manual inspection is time-consuming
and expensive. So we use the Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) (Lin, 2004), which is commonly used in machine
translation. The rouge-score is calculated with the following formula:

ROUGE (candidate, reference)

=

∑

𝑟𝑖∈ reference
∑

1−gram∈𝑟𝑖 ∈ reference Count(1-gram, candidate)
∑

𝑟𝑖∈ reference num1-gram
(

𝑟𝑖
)

(10)

where 𝑟𝑖 represents the sentence in the reference document (true value),
𝐶𝑜𝑢𝑛𝑡 denotes the number of times a particular token appears in the
candidate document (predicted value); 𝑛𝑢𝑚1−𝑔𝑟𝑎𝑚 denotes the number
of times the token (1-gram) appears in the reference document sentence
𝑟𝑖. Depending on the needs of the experiment, the rouge metric also
calculates accuracy in the form of token pairs (two tokens, 2-grams);
in this paper we use 1-gram rouge, i.e., one token as the smallest unit,
to perform the calculation through 𝑓1, 𝑅𝑒𝑐𝑎𝑙𝑙, and 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛.

4. Results

4.1. Spatial and frequent correlation analysis

To investigate the possible spatial correlation between POI and SVI,
to assess the feasibility of enhanced sensing, we performed a frequent
item extraction and spatial cluster analysis on various environmental
entities. The word cloud map presented in Fig. 4 reveals interesting

patterns. The categories of socio-economic entities appear to be more
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Fig. 4. Word cloud diagram of key entities in the urban built environment and socio-economic environment.
Table 1
Distribution of urban physical entities and socio-economic entities in different urban topics. (By calculating the perplexity, we identified 11 topics. The five entities with the highest
probability in each topic were extracted, and their frequency of occurrence was also calculated).

Topic topic0 topic1 topic2 topic3 topic4 topic5 topic6 topic7 topic8 topic9 topic10

Token Porch dormitory Accommodation
services company Cold drink

shop
Automobile
maintenance

famous
scenery Tree Street Company

enterprise
Government and

social organizations
Prob 0.222 0.123 0.194 0.135 0.083 0.127 0.197 0.066 0.073 0.156 0.275
Frequency 1245 2743 1395 6738 801 2409 1306 20692 7873 6357 1153

Token Flowerpot Colleges and
Universities

Hotel Guest
House

Company
enterprise

Internet
Bar

Automotive
service

comfort
station

Living service
place

Entr and exit
of parking lot

Sci,edu and
cultural sites

Business
housing

Prob 0.077 0.112 0.083 0.113 0.065 0.109 0.102 0.062 0.069 0.121 0.212
Frequency 397 2274 2081 6357 798 2013 1323 18258 1006 2566 882

Token Houseplant Building
door Hotel Front gate of

street yard Clothing Automobile
maintenance

Public
Parking Window Intersection

name company Entr and exit
of parking lot

Prob 0.061 0.105 0.068 0.084 0.063 0.101 0.085 0.061 0.062 0.121 0.167
Frequency 306 2286 1933 1757 1893 1768 7339 18066 1466 6738 761

Token Palm Scientific
institution company Plant Catering

related
Auto parts

sales
scenic
spot Building Public

Parking lot
Financial

institutions Swimming

Prob 0.058 0.078 0.066 0.054 0.058 0.079 0.069 0.059 0.058 0.091 0.101
Frequency 921 1728 6738 13523 4537 1332 455 17512 7339 1299 259

Token Door school driver’s
school

Logistics
Express Footwear Automobile

maintenance
Parking

lot Car Bus
station

Business
office

Government
agencies

Prob 0.042 0.064 0.060 0.052 0.053 0.076 0.054 0.059 0.055 0.047 0.075
Frequency 1486 1408 1812 4994 5004 2347 820 17223 4011 709 372

Note: Socio-Economic Environment Entities ; Built Environment Physical Entities .
evenly distributed, as depicted in Fig. 4b. On the other hand, the
categories of physical entities show more concentration, with numerous
scenes featuring common visual elements often found in cities, such
as buildings, cars, windows, pedestrians, etc., as illustrated in Fig. 4a.
This suggests that physical entities tend to exhibit certain visual char-
acteristics that are more prevalent across various locations in the city.
In contrast, socio-economic entities seem to display a more diverse
distribution, possibly reflecting a broader range of factors and attributes
associated with different urban areas.

To perceive the spatial distribution state of urban entities, we
plotted the street-visible density of skyscrapers, cars and pedestrians. As
shown in Fig. 5. Skyscrapers are detectable in 7281 sampling locations
and pedestrians in 9361 sampling locations in the study area. We
interrupt the OSM (Open Street Map) road network of Wuhan into
55,032 small segments, each of which is assigned a line density value.

The spatial distributions of skyscrapers, cars, and pedestrians ex-
hibit noticeable differences. To investigate the existence of spatial
dependencies between these entities, we employ the Latent Dirichlet
Allocation (LDA) Word-Topic-Document toolkit (Sievert and Shirley,
2014) developed by Stanford University. With this toolkit, we conduct
frequent co-occurrence term mining of physical and socio-economic
entities.

As mentioned earlier, we have gathered 𝑛 entity pairs, each compris-
ing two sequences. We treat each pair as a ‘‘sentence’’ and analyze the
dependencies, or topics, between the entities. By identifying frequent
terms that co-occur between different environment entities, we can
verify if one type of data can be inferred from the other. Conversely,
the absence of frequent co-occurring terms would indicate that the two
6

types of data are independent and cannot be reliably inferred from each
other.

Through this analysis, we aim to uncover any potential relationships
and dependencies between different types of urban data, shedding
light on the interactions and interplay of physical and socio-economic
entities within the urban landscape.

We determined the optimal number of clusters (11 topics) using
perplexity calculation, as referred in the literature (Gao et al., 2017).
The training results are summarized in Table 1. For each topic, we listed
the five tokens with the highest probability of occurrence, along with
their corresponding probability and frequency values.

In the case of considering only the first five feature tokens, Topic
0 contains only physical entities, and Topics 1, 2, 5, 6, and 9 contain
only socioeconomic entities. In addition, there are some other topics
including both types of entities, which is our concern.

In addition, we identified 11 different location types. For instance,
Topic 0 is indicative of a home residence, with the feature ‘‘Porch’’
having the highest occurrence probability of 0.222, which is the most
prominent characteristic of this topic. Topic 1 seems to represent a
scientific institution, possibly a university. Meanwhile, Topic 2 is asso-
ciated with urban hotels and accommodations. Topic 3 conveys a gath-
ering place for companies. Topic 4 may be related to catering services.
Topics 5 and 6 are respectively related to car repair and sightseeing
tourism themes. The tokens under Topic 7 have approximately equal
weights of around 0.06 and lack distinctive characteristics, mainly
encompassing physical entities commonly found in urban areas such
as roads. Topics 8 and 10 appear to be closely linked to parking lots
and streets, respectively. Topic 9 is more focused on companies in the



International Journal of Applied Earth Observation and Geoinformation 123 (2023) 103458Y. Zhang et al.
Fig. 5. Sensing the road visible density of skyscraper, person and car through Street View images (We use the OpenStreetMap road network as the base map).
tertiary sector (e.g., finance) than Topic 3. Finally, Topic 10 represents
government and administrative agencies.

In this section, we used mostly unsupervised methods. In the next
section, we will use the pairs for data translation training and mine
many-to-many relationships.

4.2. Training and comparison

To enhance the multi-modal sensing capability, we designed a data
translation model mimicking machine translation, and connects the
semantic information of POIs to the image features of SVIs.

The SSD is used as a feature extractor of the streetscape images to
identify the physical entities and get the sequence 𝑆𝑒𝑞𝑆 . On the other
hand, POI constructs a KD tree to quickly query the socio-economic
entities around the sampled location, and constructs the sequence 𝑆𝑒𝑞𝑃
based on the distance.

The experiments were conducted on an NVIDIA Tesla K80 Graphics
Processing Unit (GPU) using the Pytorch framework. We set the pa-
rameters similar to the settings in the paper (Vaswani et al., 2017),
with 8 Self-Attention heads (similar to the convolution kernels in CNN
networks, to capture different features of the data).

For the comparison test, we selected common RNN, LSTM, RNN
with attention, and LSTM with attention as encoder/decoder compo-
nents to construct the Seq2Seq models. Two sets of experimental data
were created based on the BaseType (base industry type) and SubType
(further subdivided industry type) of POIs.

To evaluate the model efficiency, we used three indicators: Rouge-1
𝑓 score, Rouge-1 recall, and Rouge-1 precision. These metrics provide
7
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Table 2
Comparison of model accuracy results in SubType and BaseType training data. (We
used two scales of data, and five different Encoders & Decoders to compare).

Encoder&Decoder Rouge-1 Rouge-1 Rouge-1 Data
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 𝑓1 Type

LSTM-ATTE 0.476 0.470 0.473
RNN-ATTE 0.408 0.408 0.408
RNN 0.466 0.396 0.417
LSTM 0.509 0.461 0.484
Transformer 0.499 0.500 0.499
LSTM-ATTE 0.718 0.662 0.688
RNN-ATTE 0.705 0.706 0.705
LSTM 0.760 0.690 0.723
RNN 0.720 0.704 0.709
Transformer 0.770 0.773 0.771

Note: represents SubType; represents BaseType.

a comprehensive assessment of the model’s performance in generating
accurate and the results are presented in Table 2.

In summary, the Transformer-based model achieved the best results,
outperforming the LSTM-based model by 5% in terms of accuracy (𝑓1
score). Surprisingly, the addition of the Attention layer did not have
a significant improvement (LSTM-ATTE), which could be attributed to
the simplicity and shorter length of the ‘‘urban language’’ data. The
Transformer could capture complex patterns and dependencies within
sequences, making it highly effective in urban environments.



International Journal of Applied Earth Observation and Geoinformation 123 (2023) 103458Y. Zhang et al.
Fig. 6. Street view images of the selected location from four different viewing angles (30.620 N,114.263 E).
Fig. 7. Results of attention heatmap calculation for this scene (The attention score
between entities changes in different scenarios).

4.3. Model application

To further illustrate the correlation between those two environ-
ments, we generated an attention heat map(Fig. 7). For this demon-
stration, we chose a specific location (30.620 N, 114.263 E) and used
the model to automatically resolve the sequence of physical entities
(street view entities) associated with that location, such as Window,
Tree, Building, Car, Skyscraper, Wheel, Street Light, House, Vehicle,
and Land Vehicle. These entities are shown in Fig. 6.

Following the identification of the physical entities, the model
then inferred the most likely surrounding socioeconomic environment,
producing an output sequence (predicted geographic entities). This
analysis and visualization provide valuable insights into the relation-
ship between the built environment and the socio-economic environ-
ment at the selected location. By leveraging the attention mecha-
nisms, the model can effectively capture and highlight the relevant
features that contribute to the multi-modal sensing and translation
capabilities, enriching our understanding of urban landscapes and their
interconnectedness.

Actual socio-economic environment sequence: company, living
service, residential area, Chinese restaurant, clinic, agriculture, forestry
and fishery base, traffic vehicle control, street gate, government office,
food service.
8

Predicted socio-economic environment sequence: company,
street gate, residential area, living service, Chinese restaurant, gov-
ernment office, parking lot, agricultural, forestry and fishery base, bus
station, <EOS> (identifier representing the end of the sequence).

It can be seen that the model captured some connections between
the two environments. After manual comparison and verification, there
are actually parking lots and bus stops in the region as well. It is
limited by the feature probability and the length of the sequence. The
model does not learn the feature sufficiently and does not output all
the entities.

As a comparison, we also provided the co-occurrence frequency of
physical entities and socio-economic entities in this scene, as shown in
Table 3, while Fig. 7 reveals the attention scores learned by the model
for each entity. Skyscraper has a high attention score with restaurant
and bus station, and the model believes that there is a strong correlation
between them (Zhu et al., 2017b,a). In contrast, this strong correlation
is not evident in the Table 3. This proves that the model learns the
features in the scenario and performs a personalized computation.
Similarly, higher attention scores are observed between Cars and street
gates, government agencies, and parking lots. The model also assigns
higher attention scores between windows and residential and living
service areas, which aligns with our common sense understanding.

The section’s research demonstrates that changes in the built envi-
ronment lead to diverse socio-economic scenarios, but reality is much
more intricate. There exists a complex interplay between this two
urban environments, characterized by intricate nonlinear relationships
that transcend a simple cause-and-effect paradigm. Understanding this
relationship is of paramount importance, as it enriches our perception
of cities and contributes to a more comprehensive analysis of urban
socio-economic patterns.

5. Discussion and conclusion

In this paper, we establish many-to-many relationships between
different data sources at the same location and develop a Seq2Seq
based sensing enhancement model. It could encode data from two
modalities, enabling perception of both environments separately. Users
can capture photos of their surroundings to obtain comprehensive
location information, independent of electronic maps and navigations.
This approach can also be utilized in urban analysis, parsing geo-
tagged Twitter or Flickr images to gather socio-economic attributes.
The calculated information can be applied to various fields, including
urban planning and social computing. Moreover, the model allows the
retrieval of similar visual scenes based on surrounding POIs.

In other words, this approach aligns well with advances in founda-
tional models (Mai et al., 2023; Bommasani et al., 2021). By utilizing
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Fig. 8. Schematic diagram of the neural network structure of the Seq2Seq framework (total number of parameters is 2,189,896 and 155 indicates the number of prediction classes).
Table 3
Entity co-occurrence frequency across the dataset. (The horizontal axis represents the socio-economic entity and the vertical axis represents the
physical entity).

Frequency Window Tree Building Car Skyscraper Wheel Street House Vehicle Land

Companies 15422 17659 15007 14783 6548 13151 7064 12677 3837 7076
Street gates 17244 19715 16721 16495 7023 14582 7529 14326 4210 7740
Residential areas 5066 5738 4956 4866 2411 4297 2214 4118 1268 2309
Living service places 17770 20254 17237 16922 7190 15012 7748 14732 4316 7944
Chinese restaurants 16814 19095 16310 16003 6833 14183 7177 13959 4045 7495
Government agencies 2569 3091 2523 2594 1052 2261 1347 2183 642 1314
Parking lots 15264 17433 14858 14629 6595 12897 6725 12548 3749 6834
Agricultural forestry
and fishery market

398 606 360 401 175 313 298 323 119 210

Bus stations 10088 11955 9983 9928 4704 8734 5405 8316 2586 5111
extensive urban data for self-supervised learning, we can engage in a
‘‘chat’’ with SVIs and leverage the model to assist in understanding
the surrounding environment. This has the potential to bring about
revolutionary breakthroughs in the GIS discipline.

Although the method shows promise, some limitations remain, such
as using general training data for object detection instead of urban-
specific data, and imbalanced entity distributions in the city. In future
work, we aim to enhance the feature extraction method by considering
9

the biases of different sampling angles and improving the accuracy of
model prediction (Beaucamp et al., 2022).
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