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ABSTRACT To address the dynamic imbalance between preschool education demand and resource
allocation under rapid urbanization, this study proposes a spatiotemporal big data decision support
system integrating multi-source data fusion, demand prediction, spatial accessibility assessment, and multi-
objective optimization. The system adopts a front-end/back-end separation architecture and combines a
Spatio-Temporal Graph Convolutional Network (STGCN), an improved Two-Step Floating Catchment
Area (i2SFCA) method, and Multi-Objective Particle Swarm Optimization (MOPSO) to establish an
automated workflow for demand forecasting, mismatch diagnosis, and resource configuration. WebGL- and
WebGIS-based visualization modules enable interactive analysis and real-time decision support for large-
scale spatial data. Experimental results on real urban datasets demonstrate that the proposed framework
reduces the demand forecasting mean absolute percentage error to 6.8%, decreases the global spatial
accessibility Gini coefficient to 0.28, and improves the supply-demand matching rate by 23% under
the optimized allocation strategy. The proposed architecture provides an efficient engineering solution
for heterogeneous information processing and large-scale spatial optimization, offering methodological
references for intelligent sensing networks, distributed information integration, and data-driven decision

support in electromagnetic and communication-related infrastructure systems.
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. INTRODUCTION

N recent years, the accelerated pace of urbanization
Iand the expansion of industrial clusters have triggered
significant workforce migrations, causing the spatial and
temporal distribution of the urban preschool-aged popula-
tion to exhibit dramatic dynamic fluctuations [1-2]. As the
starting point of the basic education system, the rationality
of the spatial layout of preschool education directly relates
to the realization of equal access to basic public services
[3-4]. However, the current educational resource allocation
models in most cities still heavily rely on static regis-
tered population bases and the traditional “per-thousand-
person quota” allocation standard [5-6]. This experience-
based static planning model, based on cross-sectional data,
struggles to quickly capture the migration and spillover
effects of micro-populations within complex urban systems.
This results in the spatial planning of educational facil-
ities lagging significantly behind the evolution of actual
needs, frequently leading to a structural supply-demand
mismatch where localized areas face difficulties in accessing
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preschool education while some newly built preschools have
“unfilled places” [7-8]. The core solution to this supply-
demand mismatch dilemma lies in the accurate analysis and
quantitative constraints of key objects within the preschool
education resource allocation system. The specific issues
addressed in this paper mainly cover the dynamic evo-
Iution of the school-age population at the micro-block
scale (demand-side issues) [9-10], the spatial distribution
and assessed carrying capacity of existing and potential
educational facilities (supply-side issues) [11-12], and the
complex urban transportation network topology connecting
the supply and demand sides (spatial impedance issues) [13-
14]. In a dynamically fluctuating urban environment, the
ability to proactively predict the evolution of the demand
scale of school-age children within micro-spatial units and
scientifically measure the matching degree of school places
and spatial equity under real travel constraints is a necessary
prerequisite for driving the transformation of traditional
static planning to an agile and precise data-driven allocation
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paradigm [15-16].

Domestic and international scholars have conducted ex-
tensive research on the two specific aspects of micro-level
population demand forecasting and public service facility
site selection optimization. At the demand forecasting level,
existing studies mostly use the Autoregressive Integrated
Moving Average (ARIMA) model [17-18] or the grey pre-
diction model for time-series extrapolation [19]. However,
when dealing with high-density micro-grid data, they often
ignore the spatial spillover effect of population caused by
the development of adjacent plots, and face the limitations
of prediction lag and periodic abrupt changes. At the
supply and demand assessment and spatial optimization
level, the traditional Two-Step Floating Catchment Area
Method (2SFCA) [20-21] and gravity models are often
used to measure spatial accessibility [22-23]. However,
they are mostly based on idealized Euclidean straight-line
distances and fail to fully incorporate the real traffic network
impedance. At the same time, in the subsequent facility
site selection decision, conventional heuristic algorithms
often focus on minimizing construction costs or maximizing
coverage, lacking a multi-objective trade-off mechanism
for the two conflicting goals of “improving local spatial
fairness” and “controlling overall travel efficiency”.

To completely break down data barriers and overcome
the static limitations of existing theoretical models, this
research aims to design and implement a spatiotemporal big
data decision support system for the balanced allocation of
preschool education resources. Unlike traditional auxiliary
tools that rely on single GIS (Geographic Information
System) software for offline static planning, this system
achieves deep innovation and a closed-loop architecture.
At the system architecture and implementation level, a
cross-departmental, multi-source, heterogeneous data fusion
foundation was first constructed, abstracting the physical
space into a standardized grid engine. Secondly, rely-
ing on a microservice architecture, core computing power
such as Spatio-Temporal Graph Convolutional Network
(STGCN), improved Two-Step Floating Catchment Area
Method (i2SFCA), and Multi-Objective Particle Swarm
Optimization (MOPSO) were containerized, constructing a
fully automated data flow computing layer for “dynamic
demand prediction—mismatch blind spot diagnosis—site
selection and degree allocation.” Finally, the system broke
away from the traditional black-box decision-making model,
developing a highly interactive visual auxiliary decision-
making sandbox based on WebGL technology. This seam-
lessly transformed abstract mathematical calculations into
intuitive spatio-temporal heatmaps and resource allocation
indicator dashboards, completing the full engineering de-
ployment from multimodal data access to visual decision-
making solution output.

This project achieved the successful transformation of
complex macroscopic theoretical optimal solutions into au-
tomated inference tools with micro-scale practical feasibility
through the closed loop operation of the decision support
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system (DSS). Experimental and application results demon-
strate the DSS’s overall performance based on real-world
urban datasets: at the prediction phase, the DSS reduced
the mean accurate error percentage (MAPE) of street level
predictions of the school aged population to 6.8% which
was a significant improvement over conventional time series
models; and at the configuration phase, the DSS’s automated
local site selection and capacity expansion schemes com-
plied strictly with macro level fiscal construction constraints
therefore reducing the Gini coefficient of preschool educa-
tional space accessibility to 0.28 and increasing the degree
of school place supply and demand matching by 23%. This
system not only achieves cross-disciplinary integration of
spatiotemporal deep learning and heuristic spatial optimiza-
tion within its underlying algorithm architecture, but also
synchronizes regional education resource allocation with the
dynamic demographic shifts triggered by manufacturing hub
expansions to facilitate a system-level transition from tradi-
tional ‘experience-based governance’ to ‘digital intelligent
governance’.

Il. CORE ALGORITHMS AND SYSTEM ARCHITECTURE
FOR BALANCED RESOURCE ALLOCATION
CONSTRUCTION OF MULTI-SOURCE
SPATIOTEMPORAL DATA FOUNDATION AND OVERALL
SYSTEM ARCHITECTURE

To address the physical challenges of multi-source heteroge-
neous data barriers and inconsistent spatial granularity, the
system’s underlying layer constructs a spatiotemporal fusion
engine based on gridded spatial mapping. The entire big
data decision support system adopts a front-end and back-
end separation paradigm and deeply integrates microservice-
based GIS components. Its overall architecture, as shown
in Figure 1, mainly consists of four core modules: multi-
source data, persistent data layer, model computation layer,
and front-end interaction layer.

Note: POI = Point of Interest, SQL = Structured Query
Language, WMS = Web Map Service, WFS = Web Feature
Service.

The collection and fusion of multi-source data forms
the computational basis of the system. In specific engi-
neering implementation, micro-level population data, road
network data, and kindergarten points of interest are col-
lected first. Then, a unified geospatial reference benchmark
is established, and polygon overlay analysis and spatial
interpolation algorithms are used to uniformly resample
discrete attribute points and linear transportation networks,
mapping them to discrete spatial grid cells of standard
resolution. To support subsequent mathematical modeling
and matrix operations, the urban study area is discretized
into a set G = {g1, g2,...,gn} containing N basic spatial
cells. At any specific time stamp ¢, the multidimensional
spatiotemporal attribute features fused by grid cell g; are
normalized and defined as feature vectors:

X! =[P}, S}, Cf ()
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FIGURE 1. Overall framework diagram of the big data decision support system

Visualization

In the formula, P} represents the base number of the
eligible population projected onto the grid after cleaning;
S! represents the equivalent supply of approved preschool
education places covered by the current grid; and C} is
the connectivity feature of traffic nodes extracted based
on complex networks. These operations resolve inconsis-
tencies in data scale and structure, yielding a standardized
computational matrix. For efficient access & storage of the
spatial data, the persistent data layer is dependent upon a
PostgreSQL database with a PostGIS extension that includes
a spatial indexing method for quickly performing queries of
the vector data that contain topological relationships (e.g.,
building footprints, street centre lines) and large combina-
tions of features [24-25].

The model computation layer is at the heart of the
computation capabilities of the system for decision mak-
ing. Complex algorithms are contained within this layer
and scheduled flexibly to utilize compute resources asyn-
chronously via task queues for concurrent solution to the
STGCN forecasting and MOPSO site selection optimiza-
tion models. The computational output from the model is
then provided to the GeoServer middleware where it is
dynamically transformed into standard map tile services
(WMS/WES) [26-27].

The front-end interface allows terminal decision makers
to use a visual representation of the interactivity of their
terminal interface through its use of the WebGL rendering
engine to allow users to visualise the spatial slices of a
large resource of distributed heat maps and it integrates a
live warning floating window to indicate i2SFCA mismatch
blind spots. It will dynamically update so that users can
compare the real-time position of
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the Pareto front for MOPSO optimisation with how
users have interacted with the interface. The design of this
system separates the heterogeneous data processing, the
high-concurrent model solving, and the visualisation output
from the physical medium, thus providing the user with a
low-latency interactive simulation of decision making by
providing a closed loop from the underlying data to the
front-end business dashboard.

DYNAMIC PREDICTION OF MICRO-LEVEL PRESCHOOL
EDUCATION DEMAND BASED ON STGCN

Demand for preschool education has changed through his-
tory because of how many babies were born each year,
therefore an area will feel the effects over time depending on
how many new homes and businesses were built nearby. The
new system developed to analyze the patterns of preschool
education (through graph convolutional networks) will take
the grid based data sets for population flow and break
them down to the correct times and locations of all of
the previous years, in order to get appropriate data for
future predictions [28-29]. To refine the demand estimation
beyond simple resident density, the system introduces a
choice-based demand weight coefficient (W, ) into the
STGCN input layer. This coefficient integrates multi-source
proxy data, including school quality ratings and the spatial
density of industrial work-places. By calculating the gravity-
based correlation between residential grids and workplace
hubs, the model acknowledges that parental school choice
is a trade-off between home proximity, workplace conve-
nience, and educational quality, rather than a naive map-
ping of residential population to the nearest facility. This
nuanced approach ensures that the 6.8% MAPE reflects
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actual enrollment tendencies rather than just demographic
presence. First, the study area is abstracted into a topological
graph structure, where nodes represent basic spatial grids
and edges reflect the physical spatial adjacency between
grids. Historical grid population base sequences, cleaned
from the base, are extracted. A time window length of 7
is set, and cross-sectional data from consecutive time steps
are superimposed to form an initial input tensor containing
multi-dimensional spatiotemporal features.

To quantify the topological dependence of spatial mi-
gration of school-age children at the block scale due to
the expansion of urban functional areas, the model uses
graph convolutional layers to process spatial dimension
information. By aggregating the attribute features of the
target grid and its first-order neighboring nodes, the spatial
agglomeration effect and population spillover characteristics
are extracted. The layer-by-layer forward propagation calcu-
lation process of the graph convolution operator is defined
as follows:

HOD — a(D—%AD—%H”)W(“) )

In the formula, [ represents the hidden layer index of
the graph convolutional network; H®) is the input feature
matrix of the I-th layer; H*1) represents the output feature
matrix of the [-th layer after spatial aggregation; A is
the spatial adjacency matrix that introduces self-loops to
preserve the self-attributes of grid nodes; D is the degree
matrix corresponding to matrix A; W is the learnable
weight parameter matrix of the [-th layer, used for linear
transformation of the spatial feature dimension; o is a non-
linear activation function used to enhance the expressive
power of the model.

Based on the completion of spatial dependency feature
encoding, the model uses a one-dimensional temporal con-
volution structure to extract the dynamic laws of the se-
quence, addressing the non-linear evolution in the temporal
dimension caused by population mobility and fertility rate
fluctuations. A one-dimensional convolution operation is
performed on the output of the spatial convolution along
the time axis, and a gating mechanism is used to filter out
irrelevant historical noise interference. The feature extrac-
tion equation in the temporal dimension is expressed as:

Y =T(HYY « K +b) 3)

Y represents the spatiotemporal fusion feature matrix
output by the temporal convolution module; I' is the gated
linear unit activation function, responsible for controlling
the proportion of historical information transferred to fu-
ture moments; x identifies the standard one-dimensional
convolution operator; K represents the convolution kernel
parameters in the temporal dimension; and b represents the
network bias term vector. Compared to traditional recurrent
neural networks, this network structure effectively avoids the
risk of gradient fading when processing long-period, high-
density grid population data.
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After alternating feature extraction in the spatial and
temporal layers, the spatiotemporal feature tensor is flat-
tened and input into the final fully connected layer for
dimensionality mapping, ultimately generating the target
prediction value. The mapping process is as follows:

P =0(Y) 4

In the formula, Pt+1 is the matrix representing the
predicted number of eligible children in each spatial grid
cell at time ¢ 4+ 1 in the future; ® is the linear mapping
function of the fully connected layer. Based on the above
alternating mechanism of graph convolution and temporal
convolution, the system transforms complex

historical trajectories into grid-scale demand predictions.
To bridge the gap between quasi-real-time prediction and the
1-3 year construction cycle, the optimization module adopts
a “rolling planning” strategy, using the 36-month long-term
demand forecast as the configuration baseline rather than
immediate snapshots.

As shown in Figure 2, the spatial features output by
the STGCN model can intuitively and accurately map the
evolution trajectory of the population center of gravity
of school-age children over time. Within the continuously
observed time steps (from the initial stage t1 to the predicted
endpoint t12), the population center of gravity exhibits a
unidirectional physical spatial migration from the highly sat-
urated “old urban area” to the “new technology development
zone.” The model keenly captures the non-linear dynamic
characteristics of this spatial transfer process, especially the
“overflow transfer” inflection point accurately identified at
time t7. Furthermore, as time progresses, the area of spatial
nodes representing population density shows a stepped
expansion trend, further verifying the algorithm module’s
extremely high fitting degree and forward-looking nature in
handling micro-level population dynamic fluctuations and
quantifying the spatial overflow effect of adjacent grids.

At the system engineering implementation level, the
aforementioned STGCN prediction module has been ex-
tracted and encapsulated as an independent microservice
component. This module is deployed in a computing engine
running the PyTorch 2.0 framework, receiving time window
parameters and prediction step sizes specified by the front
end through a RESTful API (Representational State Transfer
Application Programming Interface). In actual operation,
the module periodically extracts cleaned spatiotemporal grid
feature tensors from the persistent data layer for inference
calculations, and writes back the output demand evolution
indicators at each future time node to the data platform,
directly serving as prior data input for the downstream
supply and demand assessment and configuration modules.

SUPPLY AND DEMAND ASSESSMENT BASED ON AN
IMPROVED TWO-STEP MOVING SEARCH METHOD

To accurately measure the supply-demand gap of existing
preschool education resources under dynamic demand con-
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FIGURE 2. Spatial shift trajectory of the center of gravity of the school-age child population

straints, the system introduces an improved two-step moving
search algorithm (i2SFCA) that considers the actual road
network impedance [30-31]. The first step of the algorithm
uses the actual carrying capacity of each kindergarten as
the supply point and obtains all demand points within the
extreme travel time threshold based on GIS road network
topology analysis to quantify the actual carrying pressure on
the supply side. The supply point is set as 7, and its approved
capacity (number of places) is S;; the demand point is k, and
its input value is the previously predicted number of school-
age children, Dj. The mathematical process for calculating
the supply-demand ratio I2; of supply point j is as follows:

_ S;
 Ykeq, Dif(ti)

In the formula, ¢;; is the shortest travel time from demand
point k to supply point j along the actual road network; ¢
is the multi-modal travel time threshold matrix defined by
user groups. While a 15-minute walking limit is used as
the baseline for spatial equity, the system incorporates a
multi-modal transport sensitivity analysis. This allows the
threshold to dynamically adjust based on transport modes
common in high-density areas, such as e-bikes (tp = 8
min) or public transit ({9 = 20 min). Furthermore, the
model applies a weather-safety impedance multiplier (3) to
the road network topology, reflecting the increased physical
limitations and reduced travel speeds during adverse condi-
tions or in areas with lower urban safety scores, ensuring
the allocation remains robust under varying common-sense
constraints. 2; = {k | ty; < to} represents the set of all
demand points falling within the service area of supply point
Js f(tr;) is the distance decay function, and the denominator
represents the potential total demand after spatial distance
friction decay.

The second step of the algorithm shifts the measurement
perspective, taking the centroid of the predicted grid as
demand point ¢, and back-collects all kindergarten supply
point resources reachable within the time threshold ty. The

R; &)
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effective supply-demand ratio R; obtained in the first step is
weighted and accumulated to obtain the accessibility score
A; for each spatial unit to preschool education resources:

A= > Rif(ti;) 6)
JEQ

In the formula, ¢;; represents the road network travel time
from demand point ¢ to each supply point j, ; = {j |
t;j < to}; the physical meaning of A; is the per capita
available degree equivalent within the grid. To avoid abrupt
drops in resource accessibility caused by a single threshold
edge effect, the model uses a continuously smooth Gaussian

equation as the distance decay function f(¢):

exp [% (;)1 —exp(—3)
A IR
0, t > tg.

t<to, (7)

t represents the travel time parameter between any two
points. Through the above bidirectional spatial iterative
calculation, the system transforms the scattered facility
capacity and gridded population scale into a continuous two-
dimensional spatial accessibility index matrix.

As shown in Figure 3, this matrix eliminates the errors of
traditional Euclidean distance calculations, directly mapping
the results to the map rendering layer to generate an intuitive
heatmap of preschool accessibility at the street scale. In the
figure, blue triangles represent existing kindergarten facili-
ties ( S,); based on acces sibility scores ( A)), the spatial grid
exhibits a clear tiered differentiation: green areas represent
“resource-sufficient areas,” with an average available place
score above 1.4, highly concentrated around the facilities;
yellow bands represent transitional zones barely reaching
the overall guarantee baseline (0.85); while dark red areas
precisely expose the system’s “mismatch blind spots,” where
accessibility scores plummet to an extremely scarce state of
0.2 due to distance from facilities and the superimposed
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FIGURE 3. Heat map of accessibility of preschool education space at the street scale

complex spatial impedance. This quantitative spatial ren-
dering result not only reveals the severe supply-demand
mismatch in local areas but also provides high-confidence
prior data and decision constraints for the subsequent multi-
objective particle swarm optimization (MOPSO) algorithm
to target and fill the gaps.

To achieve seamless integration of the supply-demand as-
sessment module within the system, this i2SFCA algorithm
is integrated into the system’s backend spatial computing
engine. During algorithm execution, the system automat-
ically retrieves dynamic demand prediction results from
the module output and existing road network and facility
vector data from the PostGIS spatial database. By setting
automated scheduling tasks, the system transforms high-
concurrency spatial topology traversal into batch processing
jobs. The calculated gridded spatial accessibility scores and
mismatch blind spot coordinates are pushed in real-time to
the GeoServer middleware and dynamically published as
standard map tile services (WMS/WES) for the frontend We-
bGL rendering engine to call and generate visual heatmap
layers.

SITE SELECTION AND ALLOCATION OPTIMIZATION
BASED ON MULTI-OBJECTIVE PARTICLE SWARM
OPTIMIZATION

After obtaining the micro-demand dynamic evolution pre-
diction based on the spatiotemporal graph convolutional
network (STGCN) and the supply-demand mismatch prior
input based on the improved two-step search algorithm
(i2SFCA), the system uses the multi-objective particle
swarm optimization algorithm to solve the site selection
decision and capacity allocation problem of newly built and
expanded kindergartens [32]. The core of the algorithm is to
abstract the complex spatial resource allocation into a multi-
dimensional continuous and discrete hybrid optimization
constraint space, and to focus on introducing the acces-
sibility mismatch blind zone locked in the pre-evaluation
stage, the candidate points of available construction land,
and the local fiscal budget as core computational constraint
elements. To bridge the gap between diagnosis and con-
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struction feasibility, the MOPSO module integrates a Land-
Use Suitability Layer (LUSL) as a hard spatial constraint.
Candidate sites are filtered not only by their accessibility
scores but also by their urban planning attributes, such as
slope gradient, existing industrial zoning, and proximity to
ecological redlines. This ensures that “dark red” mismatch
areas are only prioritized for new facilities if the under-
lying land-use logic permits construction, transforming the
system from a theoretical diagnostic tool into a practical
architectural deployment guide. The set of available candi-
date sites for construction land within the city is defined
as U = {u1,ua,...,Um,...,upr}, corresponding to two
decision variable matrices: a Boolean variable d,, € {0,1}
representing whether a park should be built at candidate site
U,; and a continuous variable k,, representing the newly
allocated school place capacity at that site. Addressing the
low-score spatial and physical resource constraints identified
by the system, the model constructs a dual objective function
that balances spatial equity and travel efficiency, and its
weighting parameters are rigorously defined mathematically.
The spatial equity objective, Fequity, aims to maximize
the service coverage baseline in extremely resource-scarce
areas, defined as maximizing the minimum value of the
newly added accessibility score across all grids:

1€ Qplind

Fequity = max ( min AAZ') ®)

In the formula, Qpnq represents the set of low-
accessibility mismatch blind spots defined in the evaluation
phase; A A; is the marginal degree increment score obtained
by grid ¢ after expansion configuration via candidate points.

The resource efficiency objective Fiiciency fOcuses on
minimizing the total fiscal construction cost and the physical
impedance of inter-regional travel, and its mathematical
expression is:
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Fefﬁciency = mln( Z (nﬁx(sm + nvarfim)
m=1
N M ©)
EOMILRTY

i=1 m=1

nax 18 the baseline cost of fixed facility construction;
Nvar 1S the marginal expansion cost per degree; d;,, is the
spatial distance from the centroid of the demand grid to
the candidate point wu,,; and A is the conversion penalty
coefficient for balancing fiscal expenditure and resident
travel network costs. Simultaneously, the model is strictly
constrained by a hard constraint of the total budget limit,
meaning the total global construction cost cannot exceed the
preset fiscal expenditure ceiling.

To solve the aforementioned multidimensional optimiza-
tion problem with game-theoretic conflict, the MOPSO
algorithm encodes each global configuration scheme as an
independent particle ¢ in a high-dimensional search space.
Its position vector ©, = [01, K1,...,0n:m, k) is used for
adaptive position updates during iteration, based on the
individual historical optimal solution L, and the global non-
dominated solution G,est in the external archive. The update
equation for the particle’s flight velocity is set as follows:

V;](iter-&-l) _ qu(iter) + ¢1§1 (Lq _ @E]iter))
+ ¢2€2 (Gbest - @l(liter))

In the formula, w is a dynamically decreasing inertia
weight used to regulate the global search breadth in the
early and mid-stages and the local mining depth in the later
stage; ¢1 and ¢, correspond to the particle’s cognitive and
social learning factors, respectively; £; and & are random
perturbation terms following a uniform distribution in [0,1];
iter is the current iteration batch. After the algorithm reaches
the convergence threshold, the system will output the Pareto
optimal solution set, and finally automatically generate the
optimal configuration scheme containing specific spatial
location and precise construction scale. Given the high
computational consumption characteristics of multidimen-
sional continuous and discrete hybrid optimization, the
MOPSO location selection and allocation module adopts
an asynchronous task queue deployment mode in the sys-
tem architecture. When the terminal decision-maker trig-
gers the “optimization simulation” command on the front-
end interface and sets hard constraints such as the fis-
cal budget, the background computing cluster immediately
starts a concurrent particle swarm for iterative solution.
After calculation, the system automatically extracts the non-
dominated solution set from the Pareto front and returns
the optimized site selection coordinates, expansion capacity
allocation, and global evaluation indicators to the front-
end interaction layer via JSON (JavaScript Object Notation)
data stream, supporting dynamic comparison of multiple

(10)
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schemes and redrawing of the decision-making sandbox.
To bridge these theoretical mathematical optimizations with
practical administrative workflows, the system transitions
from backend computation to a high-fidelity visual interface.
This transition ensures that the complex multi-objective
solutions derived from the MOPSO algorithm are translated
into actionable insights for urban planners.

SYSTEM PROTOTYPE IMPLEMENTATION AND VISUAL
INTERACTION DESIGN

Building upon the core algorithms, the system efficiently
tracks the changing population trends at a micro-level, this
research, based on a front-end/back-end separation architec-
ture, microservice encapsulated the

previously verified multi-dimensional algorithm modules
such as STGCN, 12SFCA, and MOPSO. Furthermore, lever-
aging the WebGL rendering engine, a prototype interface
for the “Big Data Decision Support System for Balanced
Allocation of Preschool Education Resources” was designed
and implemented. The system achieves a paradigm shift
from “experience-based governance” to “digital intelligent
governance,” and its core inter active flow and decision
support functions are illustrated in Figure 4.

First, the system’s main interface constructs a comprehen-
sive data situational awareness dashboard. Through the side
navigation bar, decision-makers can access the underlying
spatiotemporal database in real time, intu itively overlay-
ing multimodal data layers onto the central WebGIS map
engine. For example, after calling the STGCN prediction
module, the map area will automatically render the evolution
trajectory of the population center of gravity of school-age
children and high-density overflow areas over the next few
years in the form of a dynamic heatmap. Secondly, the
system contains an interactive mismatch blind spot diagnosis
pop-up window. Within the supply and demand assessment
module, decision-makers will be able to customize the
extreme threshold travel time (for example 15 minutes). The
12SFCA algorithm will run in real time in the background
of the system and will graphically highlight a mismatch
blind spot on the map (for example, with a bright red
block). The data panel on the right will simultaneously pop
up with the specific capacity gap, the current per capita
score of Accessibility, and the impedance characteristics
of the road network in that area, therefore turning the
abstract mathematical calculation into an intuitive “diag-
nostic report”. Finally, the system integrates extensively
the multi-objective site selection/allocation sand table sim-
ulation functionalities. Administrative decision-makers can
enter their hard constraints (for example, their current “fiscal
budget ceiling”) into the parameter control panel located
at the top of the interface. After initialising MOPSO, the
system will provide a dynamic plot of the Pareto curve
at the bottom of the panel, and will automatically anchor
the optimal solution to the map of new kindergartens and
generate recommended physical coordinates for new kinder-
gartens/expansion capacity (marked with indicative icons
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like stars). The comprehensive control panel to the right
will calculate and provide real-time comparative values of
the global Gini coefficient and Matching Degree Improve-
ment before and after the optimisation process, therefore
generating a high degree of confidence in education resource
allocation (macro-level) through system-level evidence.

lll. EXPERIMENTAL DESIGN AND DATASET
CONSTRUCTION

OVERVIEW OF EXPERIMENTAL AREA AND
CONSTRUCTION OF MULTI-SOURCE DATASETS

To examine the effectiveness of the engineering of a system
of system, a typical high-density urban area has been
selected as a study area for the experimental program. The
study area is about 150 km2 in size and has an old residential
neighbourhood, new commercial housing, and a commercial
area. This large variance of population density and signifi-
cant fluctuations in local demand meet all of the real world
needs of the system because they demonstrate the ability
of the system to adapt to dynamic demand environments.
At the level of spatial reference construction, the WGS-84
(World Geodetic System 1984) coordinate reference system
was used to define the spatial reference frame. The study
area has been subdivided into discrete standard 500 m x 500
m spatial units using vector gridding technology, thereby
producing 600 applicable computational grids to be used as
the lowest level of granularity for subsequent predictions of
micro-demand and resource allocation.

The system used an operator-controlled approach that
allowed it to extract multi-dimensional heterogeneous data
from 60 months of consecutive data (January 2019 through
December 2023) for model training and testing. The col-
lection of the multi-source heterogeneous data required
rigorous data cleansing and alignment processes (i.e., fu-
sion/preprocessing) in accordance with the standards out-
lined in the method section. For any sporadic missing data
elements in the population time series, a linear interpola-
tion method was applied to complete these data elements;
while an outlier removal (moving average) filter (i.e., three
standard deviations above mean) was applied to any high
population spikes in order to smooth the data. Spatially, the
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use of a polygon overlay analysis tool created a grid-based
projected area that uniformly coordinates all independent
kindergarten POIs and vector road segments on one grid
system. Topologically, a graph traversal algorithm produced
corrections to the original street network data by eliminating
dangling nodes and isolated subgraphs; thereby providing
the generated spatial adjacency matrix (used in the reacha-
bility calculations) with a mathematically determining pro-
cedure for achieving strictly positive definite connectivity.
As per the table below, the specific characteristics, depths,
and relationships of the four (4) core fields (micropopulation
grid, POIs for education facilities, transportation networks,
and urban planning land use) are thoroughly represented
across the multi-source spatiotemporal dataset’s four (4)
core dimensions (micropopulation grid, POIs for education
facilities, transportation networks, and land use).

TABLE 1. Description of Features and Core Fields of the Multi-Source
Spatiotemporal Dataset

Dataset Type Data Source Data Scale / Core Field
Span Descriptions

Micro-level Public Security 60 months / Grid_ID, Time_Stamp,
Population Grid Household 36,000 Data Pop_Count (ages

Registration and 0-6)

Mobile Signaling

records
Kindergarten Education 214 facilities KG_ID (Kindergarten
POI Data Administrative Identifier),

Approval System Longitude/Latitude,

Capacity (seats)

Traffic Road Planning and 15,000+ road Node_Start/Node_End,
Network Vector Natural Resources segments Length (m),
Data Bureau Speed_Limit (km/h)
Urban Planning Regulatory 32 candidate Land_ID,

Land Use Data Center_Coord,

Buildable_Area (m2)

Planning Database  plots

PREDICTION AND EVALUATION MODEL PARAMETER
SETTINGS AND BASELINE MODEL SETTING

A computer with two NVIDIA RTX 3090 GPUs (Graph-
ics Processing Units) and 128 GB of memory serves as
the hardware environment for the experimental engineering
platform. PyTorch 2.0 serves as the underlying computing
framework. The front-end interface for system prototype
development and visualization uses the Vue.js progressive
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framework and utilizes Mapbox GL and ECharts to render
WebGIS spatial data, enabling high concurrency, dynamic
heatmap generation, vector road network loading and mil-
lisecond level response on multiple decision indicator pan-
els.

To rigorously verify the performance advantages of the
Spatiotemporal Graph Convolutional Network (STGCN)
in dynamic correlation feature extraction, the experiment
constructed a stepped baseline model matrix from basic
statistics to deep time series for quantitative comparison:

HA (Historical Average): As a naive benchmark, it di-
rectly calculates the arithmetic mean of the population of
each grid within the same historical time window, used to
assess the normal periodicity of the data.

ARIMA (Autoregressive Integral Moving Average
Model) [33]: Linear fitting is performed independently on
the population time series of each basic spatial grid. The
grid-level parameter combination search is performed using
the Akaike Information Criterion (AIC) to finally determine
the optimal discrete distribution matrix of the difference
order, number of autoregressive terms and number of
moving average terms (p, d, q).

LSTM (Long Short-Term Memory Network) [34]: As
a representative of deep learning time series models, it
removes the influence of spatial topology dimension and
focuses on the non-linear feature extraction of singlegrid
historical time series. Its hidden layer dimension is set
to 64, and the time step is consistent with STGCN. The
aforementioned control group configuration aims to sys-
tematically and quantitatively evaluate the improvement in
error convergence and generalization ability of the spatial
topology algorithm compared to traditional pure time series
analysis.

For the instantiation of the micro-demand dynamic pre-
diction module, the hyperparameters of the STGCN network
structure are strictly aligned with the data base granularity.
The input time series sliding window length is truncated
to 12 time steps to accurately extract the annual periodic
oscillation features of population migration and fertility
patterns. The spatial dimension stacking is set to a 3-layer
graph convolutional network to ensure that the model effec-
tively captures the spillover effect of at most three-order
neighborhoods of grid nodes. During the model training
phase, the Adam optimizer is specified to perform gradient
descent iterations, with an initial learning rate fixed at
0.001, while a constant-level weight decay coefficient is
applied to suppress the overfitting risk caused by high-
dimensional features. The loss evaluation function uniformly
adopts mean squared error, the total number of iterations is
set to 200, and an early stopping trigger mechanism based
on the validation set loss not decreasing for 15 consecutive
rounds is forcibly embedded. In the resource scheduling
and location optimization phase, to highlight the superiority
of the MOPSO dual-objective collaborative mechanism,
the experiment constructed a baseline matrix for resource
allocation tasks on an evaluation base with a maximum
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travel time threshold #; of 15 minutes. Besides retaining
the current static configuration as the original mismatch
baseline, the model decomposed the objective function into
control variables, instantiating two control groups: a single-
objective efficiency-first configuration (activating only the
Fetficiency Objective function) and a single-objective fairness-
first configuration (activating only the Fiquity oObjective
function).

Both the single-objective control groups and the proposed
MOPSO dual-objective algorithm were concur rently extrap-
olated under the same hard constraint of total budget limit.
The MOPSO algorithm’s population size was initialized
to 100 concurrent particles, and the maximum number of
iterations was strongly constrained to 500. To avoid the
algorithm getting trapped in local optima, the inertia weight
w adopted an adaptive decreasing strategy, linearly decaying
from 0.9 to 0.4 with the iteration process; the cognitive
learning factor and the social learning factor ( ¢1, ¢2 )
were both statically assigned a value of 2.0. The specific
engineering hyperparameter configurations and strategies for
each core algorithm have been systematically organized and
summarized in Table 2.
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TABLE 2. Hyperparameter Configuration Table for Prediction and
Optimization Core Algorithms

Algorithm Core Parameter

Module

Setting /
Strategy

Engineering
Significance

HA (Baseline) Extracts normal
arithmetic mean of
historical periods
Controls
autoregressive,
differencing, and
moving average terms
Controls representation
dimension of
non-linear temporal
features
Determines historical
time span for model
reference
STGCN Graph 3 Controls aggregation
Convolution depth of spatial
Layers topological
neighborhood
Regulates step size for
loss function gradient
descent
Implements adaptive
learning rate
adjustment and
parameter iteration
Time Threshold 15 min Defines physical
(to) boundary for effective
preschool resource
coverage
Determines concurrent
solution vectors in
multi-objective search
space
Controls termination
condition and
computational
lifecycle
Balances global
exploration and local
exploitation
capabilities
Adjusts acceleration
weights toward
individual and global
optima

Time Window 12 months

ARIMA p.d, q
(Baseline)

AIC-based
Dynamic
Optimization

LSTM Hidden Size 64
(Baseline)

STGCN Time Window

Length

12 steps

STGCN Learning Rate 0.001

STGCN Optimizer Adam

i2SFCA

MOPSO

Swarm Size 100

MOPSO

Max Iterations 500

MOPSO 09 — 04

(Linear Decay)

Inertia Weight (w)

MOPSO Learning Factors 2.0, 2.0

(P01, ¢2)

IV. RESULTS ANALYSIS
VALIDATION OF STGCN MICRO-DEMAND DYNAMIC
PREDICTION ACCURACY
In order to calculate the advantage in performance of the use
of spatiotemporal graph convolutional networks (STGCN)
for predicting micro-scale school-age populations, an exper-
iment was performed where the indepen dent test dataset
consisted of gridded observation data from 12 months
(consecutively) in 2023. Additionally, the predicted values
for school age children obtained through the STGCN model
(those considered under the STGCN model) were compared
with the outputs of baseline models such as HA, ARIMA,
and LSTM. All predictions from the STGCN model were
generated using only 500m x 500m as the computational
unit. Therefore, MAPE and RMSE (mean absolute percent
error and root mean square error, respectively) were calcu-
lated for each grid as part of the validation process.

As evidenced by both empirical data and error metric
comparisons for various prediction algorithms, Figure 5
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shows a clear stepwise increase in prediction accuracy
as the model can better extract spatio-temporal features.
The HA model (naive benchmark) had the highest er-
ror rate with a global MAPE and RMSE of 25.5% and
35.2% respectively. The traditional ARIMA model used
an autoregressive mechanism based on a single grid time-
series, resulting in a global MAPE of 21.3%. The deep-
learning time-series baseline LSTM model was more ca-
pable of non-linear fitting, resulting in a global MAPE of
12.1%. Finally, with respect to the STGCN’s architecture,
it produced significantly lower global MAPE at 6.8% and
produced grid-level RMSE that was nearly converged at
12.4% (i.e., an absolute discrete bias dimension). All error
metrics achieved their most optimal level in this case. This
relative performance establishes mathematically that joint
spatiotemporal solutions have a key effect on controlling
the variance associated with predictions and increasing the
global accuracy of predictions.

When dealing with dramatic fluctuations in micro-
population, pure time-series models (such as ARIMA and
LSTM) rely solely on the historical sequence of a single
spatial unit, making it difficult to effectively quantify cross-
regional population agglomeration caused by the delivery
of new residential areas or urban renewal. Therefore, sig-
nificant biases are still evident in the global error statistics
shown in Figure 5. In contrast, the STGCN model, relying
on graph convolution operators to synchronously aggregate
multi-level topological neighborhood information, success-
fully absorbs and internalizes the population spillover char-
acteristics generated by adjacent high-density grids towards
the target grid. The significant drop in the STGCN error
histogram in Figure 5 is a direct reflection of this agile
spatial feature capture capability in terms of global accuracy.
This process accurately maps the complex demand evolution
trends in real physical space, completely overcoming the
spatial planning lag caused by the high dependence of
traditional resource allocation models on static household
registration bases. Through the engineering implementation
of this algorithm module, the system successfully outputs
highly confident micro-demand indicators when processing
dramatically fluctuating population base data.

PRECISE IDENTIFICATION OF EXISTING SPATIAL
MISMATCH BLIND SPOTS

The predicted sequence of school-age population in the
micro-grids output by the STGCN model is matrix-aligned
with the approved capacity of existing kindergartens in the
underlying spatial database. Based on the improved two-
step search algorithm (i2SFCA), the system sets a 15-minute
actual road network walking distance as the extreme time
threshold, calculating the per capita available school place
equivalent score under dynamic demand for each grid. The
calculation of the actual “mismatch blind spots” from vast
quantities of spatial data has been accomplished through the
use of an algorithm that has used a very strict composite
judging criterion — A location has been judged to be a
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FIGURE 5. Bar chart comparing error metrics of different prediction algorithms

location with a significant mismatch with respect to its sur-
rounding area if the accessibility score ( A,) for that location
is less than the average guarantee line for the total area under
consideration during three consecutive projected periods and
the total local absolute increase in demand ( AD,) at that
location and in its associated topological area exceeds a total
number of 50 persons. The mathematical expression of this
composite judgment condition is expressed as follows:

A; <085 and AD; > 50 an

After traversing and scanning 600 spatial computing grids
across the entire domain and performing polygon overlay
analysis, the system accurately identified 42 hidden supply-
demand mismatch blind spots that were missed by tradi-
tional empirical models.

As shown in Figure 6, the system seamlessly pushes the
coordinates of these 42 blind spots and the quantified gap
sequence to the GIS rendering engine, transforming them
into a visualization layer with realistic physical boundaries
and road network topology. The spatial clustering calcula-
tion results are visually confirmed in two typical magnified
views in Figure 6:

In the western old city view (Figure 6a), the system
detected 15 local scarcity points exhibiting “resource island”
characteristics. Although the overall working-age population
in this area is shrinking, the complex network of one-
way streets and extremely high physical traffic impedance
(as shown by the irregular gray lines in the background
layer) severely restrict the grid’s ability to obtain effective
resources from surrounding existing facilities ( S).

In the newly developed industrial park window in the
east (Figure 6b), due to the spillover effect of the rapid
influx of residents, 27 grids exhibit a phased shortage of
school places. Under traditional static household registra-
tion planning, this area was once assessed as “resource-
compliant.” However, under dynamic demand evolution,
even with a well-organized gridded road network, the rapid
influx of population has created a highly concentrated clus-
ter of severe accessibility gaps, with the actual per capita
accessibility score plummeting to 0.31.
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The aforementioned cross-validated blind spot identifica-
tion results concretize the abstract supply-demand mismatch
into the real urban mechanism, directly providing a high-
confidence prior constraint boundary for the subsequent
targeted optimization of the multi-objective particle swarm
optimization algorithm (MOPSO).

EVALUATION OF THE IMPLEMENTATION EFFECT OF
THE SYSTEM’S AUTOMATIC CONFIGURATION SCHEME
To verify the global allocation efficiency of the output
scheme of the Multi-Objective Particle Swarm Optimization
(MOPSO) algorithm, the experiment injected the system’s
recommended non-dominated solution set (site coordinates
and expansion capacity) as independent incremental param-
eters into the underlying spatial database, and re-scheduled
the improved two-step move-search (i2SFCA) module to
perform global computational power extrapolation. To high-
light the superiority of the multi-objective collaborative
mechanism, traditional static configuration, single-objective
efficiency-first configuration, and single-objective fairness-
first configuration were introduced as control groups during
the evaluation phase. Under the hard constraint of strictly
anchoring the upper limit of the local government’s new
budget, the system performed a secondary calculation and
matrix comparison of the per capita accessibility score
(Ai) of 600 standard grids across the entire domain un-
der dynamic demand. This calculation process completely
eliminated subjective experience intervention and, relying
on a unified spatiotemporal benchmark, achieved objective
data restoration of the implementation efficiency of complex
allocation schemes.

Based on the aforementioned high-dimensional compar-
ison matrix, the discrete and central tendency statis tics of
the global score sequence were extracted for verification, as
shown in the box plot of the global spatial accessibility score
in Figure 7. Quantitative characteristics show that under the
current static configuration, the lower quartile ( Q, ) of the
global grid score is only 0.45, exhibiting a severely right-
skewed long-tailed polarized distribution. When adopting a
single-objective efficiency-first configuration, although the
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global mean improves, resources are heavily skewed towards
low-cost, high-density areas, and Q, remains low at 0.53,
failing to effectively fill the original “mismatch blind spot.”
If a single-objective fairness-first configuration is adopted,
although spatial polarization is forcibly deconstructed, due
to budget constraints, a large amount of funds is spent
on remote, high-impedance areas, resulting in a severely
suppressed global mean; the overall box plot even fails to
reach the guaranteed threshold of 0.85.

In contrast, after implementing the MOPSO dual-
objective collaborative optimization configuration generated
by this system, the Q1 score of the global grid accessibility
score jumped significantly to 0.72, and the lower limit
of the score (excluding outliers) approached the global
average guarantee line, confirming that the system im-
plemented high-precision targeted filling of the original
“mismatch blind spots.” Simultaneously, the overall dis-
tribution of spatial accessibility transformed into a highly
convergent, concentrated distribution. The overall increase
in the underlying benchmark data and the sharp decrease in
global variance confirm that this decision support system,
in revitalizing existing educational resources and precisely
allocating incremental resources, effectively mitigated inter-
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regional allocation disparities with minimal public financial
expenditure, completely breaking the limitations of single-
objective optimization and the resource allocation barriers
caused by lagging spatial planning.

ANALYSIS OF THE EVOLUTION OF DEGREE SUPPLY
AND DEMAND MATCHING AND SPATIAL FAIRNESS

To deeply quantify the evolution of spatial equity in re-
source allocation under dynamic demand shocks, a Lorenz
curve was constructed based on the grid-level accessibil-
ity score matrix output by an improved two-step moving
search method, representing the cumulative proportion of
the school-age population and the cumulative proportion of
available school places. By calculating the area enclosed by
the absolute equity line and the actual allocation curve, the
Gini coefficient of preschool education resources under dif-
ferent allocation schemes within the continuous prediction
period tl to t12 was accurately obtained.

As noted in Figure 8 (a), there are many differences
in how four strategies address population spatial spillover
when comparing their performance using comparative time
series analysis. Under the current static arrangement, the
basic Gini coefficient for the experimental subject area
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was originally 0.42 at the beginning of the series, but it
has continued to deteriorate with each subsequent time
period due to a failure to adjust to the increase in demand
for school places in that subject area. This is evidenced
by the Gini coefficient consistently exceeding the warning
threshold (0.40) and eventually reaching 0.49, suggesting
further increases in both spatial polarization and localized
monopolies in the distribution of facilities. Excessive con-
centration of funding in high-density population areas for
efficiency-first allocation, as described above, will result in
an overall decrease in the value of the Gini coefficient,
however, its value will continue to be high and fluctuate
between 0.36 and 0.38 for the duration of the forecast period
approaching the warning threshold, resulting in continued
significant levels of marginal deprivation. Conversely, while
the single-objective fairness-first allocation sacrifices effi-
ciency to flatten the Gini coefficient to a low level of 0.21
to 0.23, it lacks robustness against fluctuations and fiscal
sustainability in a real and complex dynamic environment.
After the MOPSO dual-objective collaborative optimization
configuration proposed in this system is injected, the global
Gini coefficient steadily decreases from the initial 0.30 and
converges stably to the ideal range of 0.28, which is within
the “Optimal Balance Zone” (0.25-0.35) shown in Figure
8a. This dynamic evolution process confirms from a macro-
scopic mathematical perspective that the algorithm’s built-in
dynamic balance mechanism between fairness and efficiency
plays a dominant role, successfully driving incremental
resources to tilt towards the dynamically evolving edge
grids, and substantially dismantling the original structural
imbalance barrier.

In the verification of the micro-level supply and demand
matching degree (as shown in Figure 8b), the algorithm
extracts the dynamic demand evolution tensor D output
by the STGCN module under continuous time window, and
aligns it with the ultimate carrying capacity matrix S of
each spatial supply point (including existing retention and
optimized addition) across cycles. Using the set ultimate
impedance threshold ¢y as a rigid constraint boundary, the
absolute ratio of the total available supply within the effec-
tive radiation range to the actual predicted total population
is calculated grid by grid. Its mathematical evaluation logic
is expressed as follows:

& (12)
2. Di(t)

Figure 8b’s data tracking and differential calculation
intuitively show that, under the impact of dynamic pop-
ulation influx, the matching degree of the current static
configuration continuously declined from 0.72 to a local
shortage state of 0.66; however, through the closed-loop
optimization and allocation of the decision-making system,
the MOPSO configuration scheme not only rapidly broke
through the overall guarantee baseline of 0.85, but also
stabilized at 0.89. Comparing the two, the overall supply and

Mratio =
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demand matching degree across the entire region achieved a
quantitative leap of 23% compared to the current situation.
This improvement in the underlying logic of the indicator
completely severed the mismatch chain caused by the “static
indicator allocation” in traditional empirical models, which
resulted in both local vacant school places and overcrowding
in schools. Under the spatiotemporal coupling of physical
mapping, it rigorously verified the engineering effectiveness
of the system’s agile response to dynamic population fluc-
tuations.

MULTI-OBJECTIVE PARETO FRONT ANALYSIS OF SITE
SELECTION AND CAPACITY ALLOCATION
After running 500 full-load iterations, the MOPSO algo-
rithm found a total of 500 global nondominated solutions
and plotted them on a two-dimensional decision space de-
fined by the spatial equity objective Fequity and the resource
efficiency objective Feiciency Serving as the two coordinate
system axes. The continuation of non-dominated solution
vector has produced a characteristic non-linear convex-
shaped Pareto Front (shown in red on the performance
plots) and is significantly better than large scale historical
nondominated (gray) results within the search area. On this
Pareto Front line, for each increment in performance in
a single performance dimension, there is a corresponding
decrement (or loss) of performance in another performance
dimension and demonstrates from a mathematical per-
spective that there is a strong conflict between the indicators
of equity and efficiency for selecting sites for preschool
education and distributing available capacity. Tracing the
boundary extreme points on the right side of the curve
reveals that when the system algorithm attempts to pur-
sue the ultimate improvement in spatial accessibility, the
required marginal fiscal construction cost per degree and
the total time spent on cross-regional commuting networks
both increase exponentially.

To overcome the decision-making dilemma caused by
multidimensional non-dominated solution sets, the sys-
tem incorporates a dynamic inflection point discrimination
mechanism based on the Utopia Point (marked by a yellow
star in Figure 9), performing secondary geometric feature
extraction on the Pareto front. The algorithm finds the
globally optimal recommended solution, which is marked
by blue circles in Figure 9, by evaluating and identifying
point on the curve which has the closest distance to the
theoretical absolute optimum rating of both goals. To do
this, the normalized Euclidean distance from each feasible
solution vector along the curve is computed to the theoretical
absolute optimum for both goals (the theoretical intersection
of minimum cost and maximum fairness).

The optimal solution contains the decoded parameters
which show that, while strictly meeting the hard constraint
of increasing local tax allowable amount, the proposed
solution not only brings the core access score of very
poorly matched grids very close to the guaranteed red
line (0.85), it also eliminates redundancy in degrees of
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access and inefficient use of funds associated with blindly
tilting toward remote, low population density areas through
smarter capacity allocation. This entire multi-objective anal-
ysis process has completely transformed the path of the
heuristic algorithm’s quest for an optimal solution in a
clear and transparent way, by transforming the combined
constraints of interdependence into quantitative allocation
evidence which supports macroeconomic policy decisions.

V. CONCLUSION

To address the supply-demand mismatch and lagging spatial
planning caused by drastic population fluctuations within
manufacturing clusters, this paper implements a spatiotem-
poral big data decision support system for the balanced
allocation of preschool education resources. In terms of
methodology and system engineering implementation, this
research establishes a complete closed loop from underly-
ing algorithm derivation to front-end interactive decision-
making. First, the system constructs a multi-source data
fusion foundation and introduces a spatiotemporal graph
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convolutional network to accurately characterize the evolu-
tion of demand and spatial spillover effects of preschool-
age children at the micro-block scale. Second, by com-
bining an improved two-step moving search method and
a multi-objective particle swarm optimization algorithm,
a facility site selection and capacity dynamic allocation
model that balances spatial equity and travel efficiency is
constructed. Based on this, an interactive front-end pro-
totype is developed using the WebGL rendering engine,
realizing the visualization integration of full-domain situ-
ational awareness, dynamic diagnosis of mismatch blind
spots, and a multi-dimensional auxiliary decision-making
sandbox. Experimental and application results on real-world
urban datasets demonstrate that, at the algorithmic level,
the STGCN model reduces the average absolute percentage
error of micro-demand prediction to 6.8%. Compared to
traditional static allocation models, the system’s output
collaborative optimization scheme effectively lowers the
Gini coefficient for global spatial accessibility, significantly
improves the spatial fairness of resource allocation, and
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increases the degree supply-demand matching rate by 23%.
At the application level, the system’s automatically out-
put spatiotemporal heatmap and Pareto front allocation
index effectively transform abstract macroscopic theoretical
optimal solutions into visualized inference evidence with
real-world feasibility. In conclusion, this system overcomes
the limitations of traditional experience-based planning by
synchronizing public resource distribution with the demo-
graphic shifts inherent in manufacturing agglomerations,
providing government departments with a high-confidence
methodology for agile and precise ‘digital intelligent gov-
ernance’.
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