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Abstract

Spatial zooming graph attention networks (SZ-GAT)
is an emerging framework to improve the quality of
recommended places visualization on the map. With
the advent of location sharing on social networks
via mobile devices, the geographic characteristics of
the user’s points of interest (POls) contain the visit
history, map check-in positions, recommended places,
and route plans. In the context of user-preferred POI
prediction with map zooming SZ-GAT framework, we
propose a visualization for raster category exploration
that uses tweet user visit history to represent the POI
visit popularity of the raster units. We concentrate
on the performance of the POI data visualized map
layer zooming process and our results show that the
SZ-GAT framework has a better performance of raster
category regression with the baselines. Raster category
prediction will be used for urban area division, dynamic
category feature extraction with user visit history, and
government policy-making based on user behaviors
of map tiles. This study promotes the progress of
deep learning and data mining in the field of human
geographic information.

Keywords: Tweets, Map Zooming Prediction, Graph
Neural Network, Map Rasterization

1. Introduction

With the proliferation of mobile devices, the
users shared daily short text and social media data
with geolocation providing a rich record of visits to
placemarks in the city. With the help of Google Maps
Reviews and coordinates, text information in social
media data can be mapped to point of interest (POI)
features on the map. GPS coordinates within urban
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areas collected by geotagged social-media messages
help researchers understand dynamic spatially oriented
human activities and urban spatial patterns (Y. Wang
et al.,, 2016). Several studies used social media data
as POI dynamic description and user visit behavior, to
train the place (Zhang et al., 2019), travel (Gan and
Gao, 2019), or route (Jiang et al., 2015) model of
recommendation tasks.

The map zooming process is a dynamic visualization
based on changes in the number of POI displays and
changes in the visible extent of the map. Take an
example of the map after a zoom-out operation, there
are only a smaller number of POIs used to describe the
broader geographic regions. A study (Yan et al., 2019)
introduces a GNN model to analyze graph-structured
spatial vector data and focus on POI attributes. A
method for extracting features from POIs visited by
social media has become a much-needed technology
today. In this study, we propose the raster category
visualization, which is denoted by POI attributes and
social media data represented by Twitter check-in
logs. POI with tweet information training on the map
zooming process mainly focuses on the problems of:

1) Social media data mapping: Twitter check-in
logs contain the geolocation and short-text information,
but the position of the tweet does always not coincide
with the POI location. Inspired by a study (Y. Wang
et al,, 2016): a POI revisited-spatial interaction in
spatially embedded networks, introduces the location
based on users’ visit history records as the underlying
pattern of trips and spatial interactions in cities. For this
problem, we propose the raster statistics to collect each
tweet’s relevant POI attributes in the same raster. The
zoom characteristics of POI information also composed
the raster unit feature of the map tile zooming process.

2) POI extraction: POI attributes with tweet



information contain the user’s POI visit frequency and
denote the location-based user visit history records.
But for the wide map area, POIs only enriched in
the city centers and human settlements. The problem
of improving POI training efficiency and labeling the
POI zoom features are important in this work. To
characterize the dynamic map feature of POIs, we divide
the base map into a set of map tiles by roads that have
POI dense cores to improve training efficiency. We also
extract the POI geo-information at three map scales from
OpenStreetMap to contribute POI zoom feature.

3) Map scale of visualization: In our previous
work, the user’s zoom-in map operations are adopted
to represent increasing POI visit interest, and the
zoom-out denotes decreasing interest. But considering
the dynamic visualization with map zooming obey the
regular that the rich POIs are always displayed with map
zoom-in, the point information is no longer sufficient to
describe the visualization of zoom features. Particularly,
the results of the supervised training model must regress
the POI feature of each map tile. A study (Veli¢kovié
et al., 2017) proposed the self-attention mechanism
of a graph neural network (GNN) that aggregates the
neighbor nodes, which realizes adaptive matching of the
weights of different neighbors, thereby improving the
accuracy of the model. And another work (Y. Xia et al.,
2021) adopted the GNN with aggregation to process the
works on a map with a POI recommendation. In our
works, the raster feature contains multiple categories
from tweets and POIs, which required multilayer
attention for raster unit information. Therefore, we
propose the SZ-GAT framework with a global attention
mechanism that is improved from the spatial-temporal
graph attention networks (Huang et al., 2019). SZ-GAT
framework contains a new map dimension: Map
Zooming Level, which is utilized for raster feature
extraction. In this study, we expect to visualize the raster
feature at multiple map zooming levels and apply the
multi-layer raster categories to reflect the dynamic user
behavior of regional visiting.

In this study, we apply the spatial zooming graph
attention model (SZ-GAT) to extract raster features
on the map tiles. We concentrate on the dynamic
visualization of the raster category from POI data
and Twitter record with geolocation. Raster features
are represented as 5-dimensional categories from 160
Google basic map tiles. A study (Shi and Rajkumar,
2020) introduces the effectiveness of the rasterized
statistical method with GNN, which is adopted in the
training model at multiple zoom levels in this paper.
We collect 609,152 tweets with geolocation data on
100 map tiles as the training sets, and the remaining
230,255 tweets on 60 map tiles construct as the test

set. A demo of our collected POIs and Tweets on the
map tile 496 are shared on Google map with the URL
. We adopt the attention mechanism (Froehlich and
Krumm, 2008) to improve the aggregation efficiency
of geographic records in zoom dimensions, and our
framework promotes raster visualization at different
zoom levels. The main contributions of this paper are
as follows,

1. POI and Twitter data are collected on the base
map and mapped to the relative raster units at 3
zoom levels.

2. Rasterization statistics for map tiles, which is a
significant contribution to POI data analysis is
completed.

3. We propose a graph attention framework for raster
category and placemark training, including the
training sets with different sizes for testing.

2. Related Work

Raster map studies are based on the fixed distance or
fixed position between POIs and are always discussed
on a basic map with a fixed scale and zoom level.
Such as the efficient destination retrieval for a query
to POIs (Yuan et al.,, 2020), incremental POI nodes
mapping between large graph structures (Y. Xia et al.,
2021), and traffic flow prediction (X. Wang et al., 2020)
are all adopted spatial-temporal frameworks with a
learnable positional attention mechanism. However, the
geographic information in these studies is aggregated
from a priori maps with fixed zoom levels. The map
zoom level as a controlled variable is currently only
introduced in the geographic information systems field.
POI attributes generalization technique changes the
degree of abstraction of map content. Content zooming
provides the user with the capability to change the
amount and the granularity of foreground information
presented while keeping the geometric map scale the
same (Bereuter et al., 2012). Content zooming allows
overriding the effects of standard map generalization,
focusing on optimized content representation to aid the
information-seeking task of a mobile user.

For POI filtering, we focus on recommending
a ranked set of POIs for a user where the POI
after map zooming should be the user highly
preferred. A model proposed to learn content-aware
POI embeddings through user visit sequences and
POI textual information (Chang et al, 2018). A
category-aware gated recurrent unit model is proposed
to mitigate the negative impact of sparse check-in

Uhttps://github.com/AllureChristin/Kyoto_Geo-Tweets_Demo
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Figure 1. Overview of SZ-GAT framework contains Input Block, Graph Attention Block, and Visualization Block.

data, capture long-range dependence between user
check-ins and get better recommendation results for
the POI attributes (Liu et al., 2021). An interactive
multi-task learning framework is proposed to exploit the
interplay between activity and location preference with
a temporal-aware activity encoder (Li et al., 2021).

The applied model exhibits several significant
differences. First, we focus on learnable POI
graph representations through a graph attention
network (GAT) and zooming process analysis.
The dynamic-location-space changes in the POI
attributes are described by the map-zooming process.
Therefore, the proposed method exhibits differences
in the optimization goals of the algorithm and
zooming dimensions. Second, the graph structure
in the applied framework was improved for the POI
attributes attention. Third, the learnable POI label was
imported from a different resource, and the predictive
results of the SZ-GAT framework concentrate on the
user-preferred POI attribute visualization.

3. Overview

Figure 1 shows the overall framework of ST-GAT. It
consists of three components namely input block, graph
attention block, and visualization block.

Input Block: The POIs and tweet geolocation on
the Google base map are divided by the given categories:

Restaurant (brown), Shops (green), Transportation (red),
Hotels (purple), and Travel Attractions (blue). To
prevent confusion in the description, we define the
5-dimensional raster attribute hr called “category” for
map visualization. Raster category is constructed from
“POI attributes” hp which contaigs the input POI
attributes P as a set of POI vectors P with coordinates
Pc and raster unit information Py. POI attribute
Pa is denoted by tweet visit information, such as
tweet, contributing a positive value of POI attribute:
“Restaurant”. POI graph structure that contains spatial
feature Pa; Pc and zooms feature Pa; Py is embedded
into the SZ-GAT training model. And the input graph
structure is defined as a set of raster units.

Graph Attention Block: The global attention
mechanism generates the rasterized geographical
awareness with raster unit spatial information, user
preference zooming aware representation embeddings
based on the raster unit attributes and the user’s
preferred raster categories denote at multiple zoom
levels. Subsequently, each raster unit feature with
zoom levels T, ; T,,; T, retains the map tile zooming
characteristics with user preference POls.

Visualization Block: Raster units visualization
block computes the matching scores between users’
favorite raster categories and zoomed grids on different
scale map tiles.
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Figure 2. The collected POI data structure denotes the raster feature POI attributes, coordinates, and raster
unit information.
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Figure 3. An example of data preprocessing with
POI and tweet records map to the raster feature hg.

4. Approach

In this section, we present the spatial-zoom graph
attention network (SZ-GAT). Specifically, we first
present the data preprocessing in Figure 3 and represent
the raster feature with POI attributes in Figure 2.
Subsequently, we discuss the raster feature processing
with map zooming analysis in Figure 4. Finally, the
details of the SZ-GAT framework are presented in
Figure 5.

4.1. Raster Statistics

In this subsection, we introduce the data processing
of the raster statistics method. Figure 3 introduces
an example of data preprocessing, where the POI
record contributes the attributes and coordinates of
POIl;. Combining tweet geolocation information and
POI position, tweet visit history is mapped to the POI
as the value of Pa. “Tag: zoom level” is used for the
map display of POI, where z = 0;1 represents this
POI displayed on the base map (z = 0) and the first

zoom level (after once tile zoom-out) respectively. An
adjacency matrix Py is utilized to denote the relation of
POI on the raster unit containing map zoom level z.

Figure 1 introduces the process of data input, each
user’s post-tweet is matched to POI by coordinates and
short text analysis. In the next step, POI attributes with
tweets are mapped to raster units and they contributed
to learnable raster graph structures. We introduce a set
of graph structure slices Gr on the rasterized map tiles
Rp, in which the raster with POl mapping comprises
the node set and the edges are fully connected with the
neighboring grids as the input (as shown in Figure 4).

The POI constructed graph of each raster unit G =
(P; E) comprises a placemark set P and an edge set E.
The vector of POIs is imported into the raster units, and
the POIs are fully connected with neighboring grids to
compose the graph structure Gp. For the rasterization
map tile shown in Figure 2, R is denoted by a set
of basic raster units Ry. Raster units are the basic
POI statistics grids and are composed of 50 meters side
squares. Merging and separation of raster units compose
the map zooming process.

For the data processing, we match the tweets into
5 POI attributes of each raster unit, where the attribute
is denoted by A (A 2 A1;Az;Az;As;As). Each
tweet record is divided into 3 parts: Text, Location, and
Coordinate. The 3 parts of tweet attributes are matched
to the POI name, location, and coordinate in the same
raster at multiple zoom levels. About 70% tweets are
mapped by short text with coordinates, 25% tweets are
mapped by check-in location with coordinates, and 5%
tweets are removed with no valuable attributes. In this
work, the POI-matched Twitter data is denoted as the
positive tweets for data processing. And the attribute of
each user post-tweet Tweet(P) is

>
Tweet(P)= A i(positive) (1)

where i is the number of tweets, A is an augmented
vector shown in Figure 2. Combine with the POI






