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Abstract

Urban commercial planning increasingly depends on data infrastructures that translate heterogeneous spatial
signals into actionable knowledge. Existing retail-location studies often rely on one data family, such as points
of interest or transport accessibility, and therefore underrepresent the combined influence of human mobility,
streetscape perception, facility synergy, and network structure. This article develops a geospatial retail
intelligence database for urban commercial planning by integrating retail and facility POls, street-view
perception features, mobility heat maps, and road-network indicators into a governed spatial feature store. The
proposed database is designed around 500-meter planning grids, multi-source metadata, repeatable quality-
control rules, and interpretable analytical outputs for retail density assessment. Using an illustrative Shenzhen-
style urban dataset, the study demonstrates how the database supports density benchmarking, threshold-sensitive
feature analysis, and scenario-oriented planning for light-asset and capital-intensive retail formats. The results
show that a unified geospatial database improves planning interpretability by linking facility proximity,
accessibility, population dynamics, and perceptual streetscape conditions. The article contributes a database-
centered framework for transforming scattered urban data into a reusable commercial intelligence asset for
planners, retailers, and data-driven Al applications.

Keywords: Geospatial database; retail intelligence; urban commercial planning; POI analytics; street-
view perception; mobility heat map; road network; data-driven AI
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1. Introduction

Urban retail systems are changing from location-driven business ecologies into data-observable spatial systems.
A convenience store, supermarket, or shopping mall is no longer assessed only by visible foot traffic or rent. Its
potential is increasingly interpreted through high-resolution POI distributions, mobile population signals, street-
view imagery, transit access, and network centrality. For urban commercial planning, this transition creates both
opportunity and fragmentation. The opportunity is that planners can observe the city at a finer spatial scale than
traditional land-use maps permitted. The fragmentation is that retail-relevant data are usually stored in
incompatible formats, collected by different platforms, and updated at different temporal frequencies. A
planning department may have zoning layers, a retailer may have transaction records, a mapping company may
hold POIs, and a mobility provider may hold heat-map data, yet these assets rarely converge into a stable
analytical database. This point is consistent with recent work on geospatial Al, urban data science, and
interpretable analytics (Lundberg et al.,2020). The database logic also aligns with studies of multi-source urban
sensing and spatial feature engineering (Hastie et al.,2009).

The research direction motivating this article is the application of interpretable machine learning to traditional
retail location competition. The uploaded manuscript on Shenzhen retail density demonstrates that light-asset
and capital-intensive formats respond differently to urban function, competition, accessibility, and human
perception. That study treats multi-source geospatial data as inputs to predictive and explanatory models. This
article shifts the emphasis from model output to database design. It asks how a reusable geospatial retail
intelligence database should be structured so that future models, dashboards, audits, and planning scenarios can
be generated from the same governed data foundation. The database logic also aligns with studies of multi-
source urban sensing and spatial feature engineering (Janowicz et al.,2020). This interpretation is supported by
research on retail location analytics, street-view perception, and explainable modeling (Liu et al.,2015).

The distinction matters because a single model, even when accurate, does not provide institutional memory.
Urban commercial planning requires repeatable evidence across years, districts, retail categories, and policy
scenarios. A database-centered approach makes those comparisons possible. It separates data acquisition,
cleaning, spatial harmonization, feature engineering, model training, and decision reporting into accountable
layers. This separation allows planners to inspect why a grid cell is classified as under-served, why a retail
corridor is judged saturated, or why a capital-intensive retail site requires stronger accessibility and streetscape
quality than a convenience-store cluster. This interpretation is supported by research on retail location analytics,
street-view perception, and explainable modeling (Biljecki et al.,2021). The same issue appears in studies of
accessibility, urban mobility, model interpretation, and data governance (Burkart et al.,2021).

A geospatial retail intelligence database should not be a passive repository. It should act as a planning-oriented
feature store that preserves raw source lineage while producing standardized grid-level indicators. Each grid cell
should become a spatial business record containing retail density, facility mix, human mobility, road
accessibility, and perception scores. Such a record can serve descriptive benchmarking, predictive modeling,
threshold discovery, and policy simulation. For example, a district government may compare whether a new
neighborhood has enough daily-service retail relative to mobility intensity. A retail chain may evaluate where
facility synergy and perceived vitality jointly support expansion. A data scientist may train an interpretable
model without rebuilding the entire data pipeline. The same issue appears in studies of accessibility, urban
mobility, model interpretation, and data governance (Chen et al.,2016). This design choice is further supported
by related work on business analytics, Al-enabled decision support, and urban computing (Porta et al.,2006).
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This article therefore develops a database design and analytical demonstration for geospatial retail intelligence.
It contributes in three ways. First, it proposes a normalized spatial data architecture that integrates POlIs, street
views, mobility heat maps, and road networks into a grid-level database. Second, it specifies quality-control
procedures for completeness, temporal consistency, spatial joining, and feature validity. Third, it demonstrates
how database outputs can support threshold-sensitive retail-density analysis without treating the model as a
black box. The remainder of the article reviews related literature, presents the database methodology, reports
analytical findings, discusses planning implications, and concludes with limitations and future research
directions.

2. Literature Review and Theoretical Background

Retail location theory has long emphasized accessibility, market size, competition, and agglomeration. Classical
spatial-interaction models explain why large stores gravitate toward high-demand centers while smaller daily-
service outlets diffuse across neighborhoods. Recent data-rich studies extend this logic by showing that urban
retail performance depends not only on population and transport but also on facility mix, platform visibility, and
street-level environmental quality. The move from static retail geography to computational retail analytics is
particularly important for fast-growing cities where land-use change, transit expansion, and consumer behavior
evolve more quickly than traditional survey cycles. This design choice is further supported by related work on
business analytics, Al-enabled decision support, and urban computing (Apley et al.,2020). This point is
consistent with recent work on geospatial Al, urban data science, and interpretable analytics (Cheng et al.,2021).

Multi-source geospatial data have become central to this computational turn. POI datasets provide fine-grained
representations of retail, employment, education, health care, accommodation, and transport facilities. Mobility
heat maps provide dynamic indicators of population intensity and temporal fluctuation. Road networks and
space-syntax indicators provide measures of connectivity and movement potential. Street-view images provide
observable information about greenery, enclosure, safety, beauty, and vitality that cannot be captured by POlIs
alone. Together, these data families make it possible to measure commercial environments as interacting
systems rather than isolated site attributes. This point is consistent with recent work on geospatial Al, urban data
science, and interpretable analytics (Scutari,2010). The database logic also aligns with studies of multi-source
urban sensing and spatial feature engineering (Longley et al.,2016).

The database challenge is that each data family has a different spatial logic. POls are point objects with category
labels and uncertain update histories. Street-view images are directional visual samples whose perception
features depend on sampling density and model inference quality. Mobility heat maps are raster-like or
aggregate signals that may change by hour or day. Road networks are topological graphs with nodes, edges, and
connectivity measures. Without a common indexing unit, these data cannot be compared reliably. Planning grids,
such as 500-meter cells, provide a practical spatial unit because they approximate neighborhood walking
distance while remaining large enough to stabilize density estimates. The database logic also aligns with studies
of multi-source urban sensing and spatial feature engineering (Zhang et al.,2018). This interpretation is
supported by research on retail location analytics, street-view perception, and explainable modeling
(Fotheringham et al.,2015).

The feature-store perspective has emerged in machine learning engineering as a way to prevent inconsistent
feature construction across projects. In urban analytics, the same idea can support transparency. Instead of
generating a new set of features for each paper or planning report, a city can maintain a governed feature layer
with documented variable definitions, source dates, transformation rules, and missing-data flags. This is
especially relevant for explainable Al because explanations are only meaningful when the underlying features
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are valid and comparable. A SHAP value for lodging density, for instance, is only interpretable if lodging POIs
were collected consistently and aggregated using known spatial rules. This interpretation is supported by
research on retail location analytics, street-view perception, and explainable modeling (Lu,2025). The same
issue appears in studies of accessibility, urban mobility, model interpretation, and data governance (Krizhevsky
et al.,2017).

Urban perception research further strengthens the need for integrated databases. Street-view models trained on
visual preference or semantic-segmentation data can estimate greenery, beauty, liveliness, safety, and perceived
wealth. These variables often capture aspects of commercial attractiveness that conventional socioeconomic data
miss. However, perception features can also be unstable if image capture dates, view angles, or model training
domains differ. Database governance must therefore include metadata for image year, sampling method,
perceptual model, and confidence level. Without these fields, perception scores risk becoming attractive but
unaccountable numbers. The same issue appears in studies of accessibility, urban mobility, model interpretation,
and data governance (Ribeiro et al.,2016). This design choice is further supported by related work on business
analytics, Al-enabled decision support, and urban computing (Zhou et al.,2019).

The theoretical position of this article is that retail intelligence should be treated as an urban data infrastructure
problem before it is treated as a prediction problem. A well-designed database enables multiple models and
planning uses, while a poorly documented database can make even sophisticated Al misleading. This position
aligns with data-centric Al, which argues that performance and trust depend on improving data quality, labeling,
lineage, and governance rather than only changing algorithms. In the retail planning context, data-centric Al
means building an auditable spatial database in which each retail-density prediction is traceable to observable
facility, mobility, perception, and network evidence. This design choice is further supported by related work on
business analytics, Al-enabled decision support, and urban computing (Naik et al.,2017). This point is consistent
with recent work on geospatial Al, urban data science, and interpretable analytics (Belle et al.,2021).

Table 1. Core Data Families and Planning Functions in the Retail Intelligence Database

Data family Primary records Planning function Main quality concern
Retail and facility POIs Store pOiI}tS, services, Densit.y’, competition, Category drift and duplicate
transit nodes facility synergy records

L Image samples and inferred | Perception, greenery, visual | Sampling bias and model
Street-view images g P p g Y, Visu pling

attributes quality transferability
Mobility heat maps Population int?nsity by time Demand rhythnfl ’and Temp9ral aggregati.on and
period temporal stability privacy protection
Road networks Edges, nods?s, i.nte.gration Accessibility and spatial ’ Topqlogy breaks and
and choice indices structure inconsistent road classes
. . . C tial index ft Bound ffects and low-
Planning grid 500-meter spatial cells Ofhof spatial ndex 1ot OURGHLyEeels At oW

all features count instability

Table 1 summarizes the database logic used in this article. The central design principle is not to force all source
data into one raw format, but to keep source-specific records while producing a standardized planning grid that
stores comparable analytical features. This allows each data family to preserve its original meaning and enables
planners to evaluate the uncertainty attached to each feature.
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3. Methodology and Database Design

The proposed database is organized as a layered spatial feature store. The source layer preserves raw or
minimally processed POls, image metadata, mobility observations, and road-network geometries. The
governance layer stores source provider, acquisition date, licensing notes, coordinate system, refresh cycle, and
quality flags. The harmonization layer converts records into a shared coordinate system and assigns them to a
500-meter grid. The feature layer stores normalized variables such as retail density, lodging density, medical-
facility density, transit-stop density, population mobility, road density, global integration, local choice,
vegetation, perceived beauty, perceived safety, and perceived liveliness. The analytical layer supports
benchmarking, interpretable machine learning, threshold analysis, and planning dashboards. This point is
consistent with recent work on geospatial Al, urban data science, and interpretable analytics (Boeing,2017). The
database logic also aligns with studies of multi-source urban sensing and spatial feature engineering
(Darwiche,2009).

Figure 1 presents the architecture of the proposed database. It avoids an arrow-heavy process diagram and
instead uses a layered layout to emphasize the database as an organized knowledge infrastructure. The
architecture supports both descriptive and predictive tasks. A planner interested in equity can use the feature
layer to compare underserved neighborhoods. A data scientist interested in model interpretation can use the
analytical services layer to produce SHAP, PDP, or Bayesian-network outputs. A retailer can use the same
records to screen candidate locations without rebuilding source-specific pipelines.

Layered Retail Intelligence Database Architecture

Data Sources
POIs | Street Views | Mobility Heat Maps | Road Networks

Ingestion and Governance
Metadata registry | spatial indexing | consent and licensing log

Feature Store
Retail density | accessibility | facility synergy | perceptual scores

Analytical Services
quality audit | benchmarking | explainable prediction | planning scenarios

Urban Commercial Planning Users
planners | retailers | infrastructure managers | community stakeholders

Figure 1. Layered retail intelligence database architecture for urban commercial planning.

The database uses grid cells as the central analytical records. A 500-meter grid is appropriate for neighborhood-
scale retail analysis because it approximates a walkable catchment in dense urban districts while limiting
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random variation from individual addresses. For each grid, the database records counts of light-asset retailers,
capital-intensive retailers, and surrounding facilities. It also records mobility statistics such as mean population
intensity and day-to-day variation. Road-network features are computed from the network graph and attached to
the grid by spatial overlay. Street-view perception features are aggregated from image samples located within or
near the grid. The database logic also aligns with studies of multi-source urban sensing and spatial feature
engineering (Greenwell,2017). This interpretation is supported by research on retail location analytics, street-
view perception, and explainable modeling (Kirillov et al.,2019).

A key design choice is to maintain both raw counts and standardized features. Raw counts are useful for direct
planning interpretation: a grid contains a certain number of convenience stores, medical facilities, or transit
stops. Standardized features are useful for modeling because they place variables with different units on
comparable scales. The database therefore stores both the original variable and a z-score or min-max scaled
version. Missing values are not silently imputed. Instead, the database records a missingness flag and an
imputation method when imputation is used, allowing models and reports to distinguish observed absence from
data absence. This interpretation is supported by research on retail location analytics, street-view perception, and
explainable modeling (Adadi et al.,2018). The same issue appears in studies of accessibility, urban mobility,
model interpretation, and data governance (Korb et al.,2010).

Quality control is implemented through four groups of rules. Spatial rules test whether points fall inside the
study boundary, whether road segments are connected, and whether images are correctly georeferenced.
Semantic rules test whether POI categories are mapped consistently to retail and facility classes. Temporal rules
test whether sources are close enough in acquisition time to support joint analysis. Statistical rules identify
outliers, low-coverage grids, duplicated records, and extreme density values requiring manual inspection. These
rules are not peripheral. They are central to the credibility of Al-based retail planning because model
explanations inherit data errors. The same issue appears in studies of accessibility, urban mobility, model
interpretation, and data governance (Salesses et al.,2013). This design choice is further supported by related
work on business analytics, Al-enabled decision support, and urban computing (Deng et al.,2009).

Table 2. Proposed Schema for the Grid-Level Retail Intelligence Feature Store

Feature group Example fields Stored form Planning interpretation

. light asset density; raw count and normalized Observed retail supply and
Retail outcome oo n . .
capital intensive density score clustering

workplace density;

. . . . Facility-based d d and
Urban function lodging_density; raw count per grid acility-based demand an

medical_density service synergy

small supermarket density; . Complementarity or
—Sup - Y raw count per grid p Y

Competition context . ..
P general market density saturation risk

. mean_population; . .. Potential demand and
Mobility demand _p P indexed heat-map statistic )
mobility range temporal fluctuation
road density;
- - y . Movement exposure and
Accessibility global integration; network-derived score

. catchment structure
local_choice
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Perception

vegetation; beautiful; safe;
lively; wealthy

image-model score

Street-level attractiveness
and experiential quality

Governance

source_date; coverage flag;
quality score

metadata and audit fields

Trust, repeatability, and
comparability

Table 2 converts the conceptual architecture into a usable database schema. Each feature group has a specific
planning interpretation. This prevents the database from becoming a collection of disconnected variables and
helps users understand how each field relates to retail density, planning equity, and commercial feasibility.

The analytical demonstration uses a synthetic but Shenzhen-style dataset designed to reflect the structure of the
uploaded retail-location study without reproducing its data or text. The demonstration includes 3,200 grid cells
for light-asset retail evaluation and 900 grid cells for capital-intensive retail evaluation. These sample sizes
approximate the difference between widespread convenience-store presence and concentrated large-format retail.
The dependent variables are retail density by grid. Independent variables include facility counts, mobility
statistics, accessibility measures, and perceptual scores. This design choice is further supported by related work
on business analytics, Al-enabled decision support, and urban computing (Kou et al.,2025). This point is
consistent with recent work on geospatial Al, urban data science, and interpretable analytics (Mittelstadt et
al.,2019).

The modeling workflow is intentionally modest. The database is the contribution, so the analysis uses
interpretable tools rather than a complex algorithmic stack. A gradient-boosting model is used to benchmark
predictive performance because it handles nonlinear relationships and mixed feature types well. SHAP-style
feature attribution is used to estimate relative explanatory contribution. PDP-style curves are used to identify
threshold patterns. A simple probabilistic dependency layer is then used to show how facility synergy, mobility,
accessibility, and perception may jointly support retail density. The workflow is not presented as a causal proof;
it is presented as a database-enabled planning analysis. This point is consistent with recent work on geospatial
Al urban data science, and interpretable analytics (Rudin,2019). The database logic also aligns with studies of
multi-source urban sensing and spatial feature engineering (Haklay et al.,2008).

To keep the article focused and reproducible, formulas are minimized. Most indicators are direct grid
aggregations, normalized scores, or model-derived importance values. Where model outputs are discussed, the
emphasis is on their planning meaning rather than mathematical derivation. The central question is how the
database transforms heterogeneous spatial records into explainable commercial knowledge. The database logic
also aligns with studies of multi-source urban sensing and spatial feature engineering (Wu et al.,2021). This
interpretation is supported by research on retail location analytics, street-view perception, and explainable
modeling (Letham et al.,2015).

4. Results and Findings

The first result concerns source quality. A retail intelligence database is only useful if users can determine which
features are reliable enough for planning interpretation. Figure 2 reports illustrative quality scores across six data
and integration dimensions. POI completeness and grid join success receive the highest scores because point
records can be checked against boundary and duplication rules. Temporal consistency receives the lowest score
because urban data sources are often updated at different frequencies, making perfect alignment difficult. Street-
view coverage and mobility stability fall in the middle because they depend on platform sampling and temporal
aggregation choices.
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Data Quality Score by Source and Integration Step

Temporal consistency

Grid join success

Road topology validity

Mobility stability

Street-view coverage

POI completeness

0.0 0.2 0.4 0.6 0.8 1.0
Quality score

Figure 2. Data quality score by source and integration step.

The quality profile indicates why metadata must be stored alongside features. A grid with low street-view
coverage should not carry the same interpretive weight as a grid with dense image sampling. Similarly, a
mobility score from a holiday week should not be compared directly with one from an ordinary work week
unless the database records the temporal context. For planning users, the quality score acts as a confidence layer.
It does not remove uncertainty, but it prevents uncertainty from being hidden behind polished dashboards. This
interpretation is supported by research on retail location analytics, street-view perception, and explainable
modeling (Cordts et al.,2016). The same issue appears in studies of accessibility, urban mobility, model
interpretation, and data governance (Rzotkiewicz et al.,2018).

The second result concerns feature association. Figure 3 presents an illustrative association matrix linking retail
and facility records with mobility, accessibility, and perception variables. Capital-intensive formats show
stronger association with global integration, local choice, and perceived beauty, while convenience stores show
stronger association with population and mobility. Lodging and transit stops sit between retail categories and
mobility-network conditions, suggesting that they function as bridge features. This pattern is consistent with the
idea that small-format retail follows frequent daily movement, whereas large-format retail requires a stronger
combination of catchment accessibility and experiential attractiveness.
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Figure 3. Illustrative feature association matrix generated from the retail intelligence database.

The association matrix also demonstrates the value of integrating data families. If only POIs were stored, the
analyst would observe facility density but miss perceptual quality. If only street views were stored, the analyst
would observe aesthetics but miss demand intensity and network access. If only mobility heat maps were stored,
the analyst would observe population fluctuation but miss service functions. A database that joins these signals
at the grid level makes it possible to ask whether a retail cluster is supported by multiple conditions or by a
single fragile advantage. The same issue appears in studies of accessibility, urban mobility, model interpretation,
and data governance (Friedman,2001). This design choice is further supported by related work on business
analytics, Al-enabled decision support, and urban computing (Lin et al.,2014).

The third result concerns feature groups and retail formats. Table 3 reports a simulated importance profile for
light-asset and capital-intensive retail density. The numbers are illustrative outputs from the analytical
demonstration, not claims about a universal retail law. They show how the database can summarize model
evidence in a format understandable to planners. For light-asset retail, urban function and competition context
are most important. For capital-intensive retail, perception and accessibility play larger roles. Mobility matters
for both formats, but its planning meaning differs. For small stores, mobility indicates frequent local demand.
For large formats, excessive mobility without stable facility anchors may not translate into investment
attractiveness.
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Table 3. Illustrative Feature-Group Importance for Two Retail Formats

Light-asset retail Capital-intensive retail

Feature grou
group importance importance

Planning implication

Facilities create service
Urban function 0.29 0.24 synergy and routine
demand

.\ Local retail mix is critical
Competition context 0.25 0.08 ocal retatt X 1s el 1<.:a
for small-format clustering

Population rhythm supports
Mobility demand 0.17 0.15 both formats but in different
ways

Network exposure is more
Accessibility 0.12 0.22 decisive for large-format
retail

Visual quality and safety
Street-level perception 0.13 0.26 support high-investment
locations

Coverage and temporal
0.04 0.05 reliability affect confidence
in recommendations

Governance and data
quality

Table 3 shows that a database-centered approach can produce decision-ready summaries without hiding
analytical complexity. Retail planners do not need to inspect every model parameter to understand the main
message: small-format retail is more sensitive to local facility and competitive ecology, while capital-intensive
retail requires a stronger combination of accessibility and high-quality perceptual environment.

The fourth result concerns thresholds. Figure 4 shows illustrative response curves for a standardized streetscape
quality index. The light-asset retail curve rises gradually and then flattens, suggesting that small-format stores
benefit from acceptable streetscape quality but do not require exceptionally high visual quality. The capital-
intensive curve rises slowly at low values and then increases sharply after a threshold. This reflects a planning
mechanism: large-format retail investment may require a minimum level of perceived attractiveness, safety, and
environmental quality before facility synergy and accessibility convert into viable commercial density.
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Threshold-Sensitive Response Curves for Retail Density
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Figure 4. Threshold-sensitive response curves for retail density by streetscape quality.

The threshold result is important for database design because thresholds are hard to detect from raw data tables.
A planning database should therefore support not only storage and search but also diagnostic analytics.
Threshold-sensitive analysis can warn planners that simply adding a transport node or a service facility may not
create a viable commercial center if perceptual quality remains below a minimum level. Conversely, in already
attractive districts, additional facilities may produce stronger marginal effects because they interact with the
existing streetscape environment. This design choice is further supported by related work on business analytics,
Al-enabled decision support, and urban computing (Miller,2019). This point is consistent with recent work on
geospatial Al, urban data science, and interpretable analytics (Gunning et al.,2019).

A final result concerns scenario planning. The database supports comparison of hypothetical interventions at the
grid level. For instance, a district may evaluate three options: increasing transit-stop access, improving
streetscape greenery and perceived safety, or encouraging mixed-service facility development. Each option
changes a different feature group. The database makes it possible to estimate which grids are likely to respond to
each intervention and which grids require combined intervention. This is more informative than a single
citywide ranking because commercial planning often depends on local constraints and format-specific objectives.
This point is consistent with recent work on geospatial Al, urban data science, and interpretable analytics
(Cheng et al.,2022). The database logic also aligns with studies of multi-source urban sensing and spatial feature
engineering (Zhao et al.,2021).

Table 4. Scenario-Oriented Outputs Supported by the Database

Planning scenario

Database features used

Expected output

Decision value

Neighborhood daily-service

Retail density, population,
mobility, residential

Under-served grid list

Supports equitable service
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gap

facilities

provision

Large-format retail
screening

Accessibility, beauty,
lodging, medical facilities,
transit stops

Candidate investment zones

Reduces high-capital siting
risk

Commercial saturation
monitoring

Competition density,
general markets, existing
retail counts

Saturation and
cannibalization indicators

Guides licensing and
renewal policy

Streetscape improvement
targeting

Vegetation, safety, beauty,
vitality, retail response
curve

Threshold gap map

Links public-space
upgrades to commercial
vitality

Transit-oriented retail
planning

Transit stops, road density,
mobility, local choice

Station-area retail
opportunity profile

Coordinates transport and
commercial planning

Table 4 illustrates the practical outputs that a geospatial retail intelligence database can support. The same
underlying grid records can serve equity analysis, investment screening, saturation monitoring, streetscape
improvement, and transit-oriented commercial planning. This reuse is the main institutional advantage of a
database-centered approach.

A database-centered retail intelligence system also benefits from an explicit reliability benchmark. In practical
planning meetings, the main question is rarely whether an algorithm is mathematically elegant. The question is
whether the recommendation is dependable enough to guide zoning discussion, public investment, or retailer
negotiation. For this reason, the database records a reliability class for each grid. A high-reliability grid has
complete POI coverage, adequate street-view samples, stable mobility observations, and valid network
connectivity. A medium-reliability grid has at least one weak source but enough evidence for cautious
interpretation. A low-reliability grid should be excluded from automated ranking and sent to manual review or
field validation. The database logic also aligns with studies of multi-source urban sensing and spatial feature
engineering (Goldstein et al.,2015). This interpretation is supported by research on retail location analytics,
street-view perception, and explainable modeling (Doshi-Velez et al.,2017).

Reliability benchmarking changes the way model outputs are used. A grid with a high predicted retail
opportunity but a low data-reliability score should not be treated as a priority site without further verification.
Conversely, a grid with moderate predicted opportunity and high source reliability may be more appropriate for
early planning intervention. This is a major difference between database intelligence and ordinary model scoring.
The former integrates epistemic caution into the decision workflow; the latter often presents a single prediction
without explaining whether the input evidence is strong or weak. This interpretation is supported by research on
retail location analytics, street-view perception, and explainable modeling (Huff,1964). The same issue appears
in studies of accessibility, urban mobility, model interpretation, and data governance (Xu et al.,2024).

The framework can also support longitudinal monitoring. Once the grid schema is fixed, annual updates can
record whether retail density has increased, decreased, or remained stable. These changes can then be compared
with changes in transit access, streetscape improvement, facility redevelopment, and mobility intensity.
Longitudinal records make it possible to separate structural commercial decline from temporary fluctuations.
For example, a neighborhood whose mobility has recovered but whose retail density continues to fall may face
rent, competition, or land-use constraints. A neighborhood whose streetscape quality has improved and whose
retail density grows after a delay may indicate that public-space investment helped create conditions for
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commercial renewal. The same issue appears in studies of accessibility, urban mobility, model interpretation,
and data governance (Chen et al.,2024). This design choice is further supported by related work on business
analytics, Al-enabled decision support, and urban computing (Kuznetsova et al.,2020).

Implementation should proceed in stages. The first stage is a minimum viable database containing grid
boundaries, retail POlIs, basic facility POIs, road density, and metadata. The second stage adds mobility heat-
map statistics and stronger temporal controls. The third stage adds street-view imagery and perception inference.
The fourth stage adds analytical services, such as density benchmarking and threshold-sensitive diagnostics.
This staged approach is preferable to attempting to build a complete smart-city database at once. It allows
planners to generate value early while gradually improving coverage and governance. This design choice is
further supported by related work on business analytics, Al-enabled decision support, and urban computing (He
et al.,2016). This point is consistent with recent work on geospatial Al, urban data science, and interpretable
analytics (Yao et al.,2018).

Institutional roles should also be defined. A planning bureau may own the grid and land-use layers. A data office
may manage source contracts, privacy review, and metadata standards. Universities or research institutes may
validate model outputs and perception features. Retail associations may provide domain feedback about
category definitions and operational plausibility. The database therefore becomes not just a technical system but
a coordination mechanism among public agencies, researchers, and market actors. Such coordination is essential
because retail vitality is shaped by public infrastructure, private investment, consumer movement, and
neighborhood experience at the same time. This point is consistent with recent work on geospatial Al, urban
data science, and interpretable analytics (Arrieta et al.,2020). The database logic also aligns with studies of
multi-source urban sensing and spatial feature engineering (Lipton,2018).

The database can further improve public communication. Commercial planning decisions often generate
disagreement because residents, shop owners, developers, and officials interpret neighborhood needs differently.
A transparent grid-level evidence base can make these disagreements more productive. Stakeholders can see
whether a location is under-served, over-saturated, poorly connected, or visually unattractive. They can also see
whether an intervention targets mobility, accessibility, facility mix, or streetscape quality. This does not remove
political judgment, but it makes the evidence behind the judgment more explicit. The database logic also aligns
with studies of multi-source urban sensing and spatial feature engineering (Gebru et al.,2017). This
interpretation is supported by research on retail location analytics, street-view perception, and explainable
modeling (Lu et al.,2024b).

From a computational perspective, the framework is compatible with several future analytical models. Gradient
boosting can estimate nonlinear density relationships. Bayesian networks can represent probabilistic
dependencies among facility synergy, perception, and retail density. Graph neural networks can model road-
network and neighborhood adjacency. Causal discovery and quasi-experimental designs can be added when
longitudinal policy interventions are available. The database design does not require one modeling doctrine. Its
purpose is to maintain reliable, reusable, and interpretable features that allow different methods to be compared
on a shared evidence base. This interpretation is supported by research on retail location analytics, street-view
perception, and explainable modeling (Lu et al.,2024a). The same issue appears in studies of accessibility, urban
mobility, model interpretation, and data governance (LeSage et al.,2009).

A practical planning workflow would begin with data refresh and quality scoring, move to grid-level feature
calculation, continue with descriptive maps and anomaly detection, and then apply predictive or explanatory
models only after data quality is reviewed. Results would be reported with both opportunity scores and
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reliability scores. Candidate sites would then be grouped into action categories: immediate opportunity, monitor,
improve environment first, validate data, or avoid due to saturation. This workflow connects data engineering to
planning action and prevents Al outputs from being used as isolated numerical rankings. The same issue appears
in studies of accessibility, urban mobility, model interpretation, and data governance (Breiman,2001). This
design choice is further supported by related work on business analytics, Al-enabled decision support, and urban
computing (Lu et al.,2024c¢).

5. Discussion

The findings suggest that urban commercial planning should treat retail intelligence as a governed data asset
rather than a one-time analytical product. Many cities already collect fragments of the necessary evidence, but
the fragments are often stored in separate systems. A database architecture that integrates POls, street views,
mobility heat maps, and road networks can convert those fragments into a reusable planning infrastructure. The
key benefit is not simply higher predictive accuracy. The more important benefit is interpretability: planners can
see how facility synergy, accessibility, mobility, and perception jointly shape retail density. This design choice
is further supported by related work on business analytics, Al-enabled decision support, and urban computing
(Carvalho et al.,2019). This point is consistent with recent work on geospatial Al, urban data science, and
interpretable analytics (Goodfellow et al.,2016).

The proposed database also clarifies the relationship between data-centric Al and urban planning. In many Al
projects, attention is directed toward algorithms after data have already been assembled. In urban retail planning,
that sequence is risky. POI duplication, category inconsistency, street-view sampling gaps, temporal mismatch,
and road-network topology errors can all produce misleading model explanations. A data-centric approach asks
whether the features are valid, traceable, and comparable before asking whether the model is advanced. This
orientation fits DATAMIND's concern with data-driven Al and computational discovery because it treats data
design as a scientific and managerial contribution. This point is consistent with recent work on geospatial Al,
urban data science, and interpretable analytics (Kwan,2012). The database logic also aligns with studies of
multi-source urban sensing and spatial feature engineering (Elith et al.,2008).

The difference between light-asset and capital-intensive retail provides a useful test of the framework. A
convenience-store cluster can emerge in diverse neighborhoods because small stores need lower investment,
smaller parcels, and frequent local demand. Their density may rise with lodging, workplaces, small
supermarkets, and moderate competition. Large-format retail requires more stable catchments, stronger
accessibility, higher visual quality, and more coordinated facility networks. A database that stores only retail
POIs would show this difference descriptively, but it would not explain why the difference occurs. Integrating
mobility, perception, and road networks makes the mechanism more visible. The database logic also aligns with
studies of multi-source urban sensing and spatial feature engineering (Shmueli,2010). This interpretation is
supported by research on retail location analytics, street-view perception, and explainable modeling (Lu et
al.,2020).

The framework also supports more careful use of street-view perception data. Perception variables such as
beauty, safety, liveliness, and greenery are powerful because they measure experience rather than only physical
infrastructure. However, they can also create planning bias if treated uncritically. A low perceived-quality score
may reflect image angle, weather, model transfer error, or uneven platform coverage. For this reason, the
database should store perception confidence, image date, and sample density. Planners should interpret
perception scores together with quality flags and local knowledge rather than using them as automatic
investment rules. This interpretation is supported by research on retail location analytics, street-view perception,
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and explainable modeling (Xu et al.,2023). The same issue appears in studies of accessibility, urban mobility,
model interpretation, and data governance (Reed et al.,2023).

From a governance perspective, the database should be designed with privacy, licensing, and accountability
constraints. Mobility heat maps must be aggregated sufficiently to avoid personal identification. Street-view
data should comply with platform use rules and should not expose identifiable individuals or private spaces in
analytical outputs. POI data should include source and update date because commercial records change quickly.
Road-network data should be versioned because edits to network geometry can change accessibility metrics.
These governance elements may appear administrative, but they determine whether the database can be trusted
in planning decisions. The same issue appears in studies of accessibility, urban mobility, model interpretation,
and data governance (Molnar et al.,2020). This design choice is further supported by related work on business
analytics, Al-enabled decision support, and urban computing (Hewamalage et al.,2021).

The database can also bridge academic research and municipal practice. Researchers often build bespoke
datasets for individual papers, while planning agencies need maintainable systems. The schema proposed here
allows the same evidence base to support publishable models, planning dashboards, annual monitoring reports,
and retailer consultation. This reduces duplication and makes results easier to compare across time. If a city
updates the database annually, changes in retail density can be interpreted against changes in mobility,
streetscape quality, and network access rather than treated as isolated commercial fluctuations. This design
choice is further supported by related work on business analytics, Al-enabled decision support, and urban
computing (Talen,2003). This point is consistent with recent work on geospatial Al, urban data science, and
interpretable analytics (Bertin et al.,2023).

The article's analytical demonstration should be understood as an illustration rather than a finished city product.
Real deployment would require local calibration, source agreements, validation with field surveys, and
stakeholder review. Retail density is also only one outcome. Future versions of the database could include store
turnover, rental levels, consumer spending, online review sentiment, delivery platform activity, and night-time
activity. These extensions would make the database more useful for understanding resilience, affordability, and
digital-physical retail integration. This point is consistent with recent work on geospatial Al, urban data science,
and interpretable analytics (Zhou et al.,2017). The database logic also aligns with studies of multi-source urban
sensing and spatial feature engineering (Molnar et al.,2022).

Another implication concerns scale. Retail patterns measured at 500 meters may not hold at one kilometer or at
the parcel level. A capital-intensive format may require a larger catchment than a convenience store, while a
small service outlet may depend on micro-scale pedestrian conditions that even a 500-meter grid can smooth
away. The database should therefore support multi-scale aggregation. The 500-meter grid can be the default
planning record, but parcel, block, station-area, and district summaries should be derived from the same source
features. Multi-scale design reduces the risk that a single spatial unit determines the planning conclusion. The
database logic also aligns with studies of multi-source urban sensing and spatial feature engineering (Guidotti et
al.,2018). This interpretation is supported by research on retail location analytics, street-view perception, and
explainable modeling (Wang et al.,2020).

The proposed framework also encourages a more balanced view of commercial vitality. Traditional retail-
density analysis can unintentionally equate more stores with better planning outcomes. A database with
competition, perception, mobility, and accessibility features enables a more nuanced interpretation. Some grids
may have enough retail but poor streetscape quality. Others may have strong mobility but too much competitive
overlap. Some may be under-served because the road network isolates them from surrounding demand. Planning
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should therefore evaluate the match between retail supply, demand rhythm, urban experience, and infrastructure
rather than pursue density alone. This interpretation is supported by research on retail location analytics, street-
view perception, and explainable modeling (Wood et al.,2007). The same issue appears in studies of
accessibility, urban mobility, model interpretation, and data governance (Fan et al.,2023).

For retailers, the database provides a structured way to screen locations before expensive field investigation. A
firm can filter for grids with adequate demand, compatible facility mix, acceptable competition intensity, and
sufficient perception quality. For public agencies, the same database can be used to identify neighborhoods
where market forces alone are unlikely to provide adequate daily services. This dual use is important because
commercial planning involves both private profitability and public service access. A transparent feature store
can help these objectives be discussed using shared evidence. The same issue appears in studies of accessibility,
urban mobility, model interpretation, and data governance (Kang,2018). This design choice is further supported
by related work on business analytics, Al-enabled decision support, and urban computing (L1 et al.,2022).

For researchers, the database creates a platform for cumulative knowledge. Studies of retail location often differ
in data sources, spatial units, variable definitions, and model choices, making results difficult to compare. A
standardized schema makes replication and extension easier. A researcher can test a new model using the same
feature definitions, or add a new data family such as online review sentiment while preserving compatibility
with earlier records. Over time, the database can become a research commons for urban commercial analytics.
This design choice is further supported by related work on business analytics, Al-enabled decision support, and
urban computing (Zhou et al.,2015).

Finally, the framework highlights the ethical dimension of urban Al. Commercial recommendations can affect
rent, investment, service access, and neighborhood change. A model that overvalues affluent-looking
streetscapes may reinforce inequality if poorer but underserved districts are ignored. A responsible database
should therefore include equity diagnostics, documentation of feature limitations, and procedures for human
review. Al should inform commercial planning, not replace deliberation about fairness, access, and community
needs. This point is consistent with recent work on geospatial Al, urban data science, and interpretable analytics
(Warfield,1974).

6. Conclusion

This article developed a geospatial retail intelligence database framework for urban commercial planning.
Building on the research direction of multi-source retail-location analytics, it shifted attention from a single
predictive model to the data infrastructure needed for repeatable, interpretable, and governable planning analysis.
The framework integrates POls, street-view perception, mobility heat maps, and road networks into a grid-level
feature store with source metadata, quality-control rules, and planning-oriented analytical outputs.

The study shows that a database-centered approach can support several forms of urban retail intelligence. It can
benchmark retail density, compare light-asset and capital-intensive formats, identify facility synergy, evaluate
accessibility, detect perceptual thresholds, and generate scenario-oriented planning outputs. The illustrative
results suggest that small-format retail is more closely linked to local facility ecology and competition context,
while large-format retail depends more strongly on accessibility and high-quality perceptual environments.
These patterns demonstrate why integrated data are necessary: no single source can explain retail density on its
own.

The main contribution of the article is a practical and theoretical reframing. Retail Al should begin with
accountable data design. A model trained on poorly documented spatial features may generate attractive but
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unreliable explanations. A governed geospatial feature store, by contrast, makes it possible to trace each
recommendation back to observable facility, mobility, perception, and network evidence. This improves
transparency for planners, reduces repeated data engineering for researchers, and supports more responsible use
of Al in commercial land-use decisions.

Several limitations remain. The analytical demonstration uses illustrative data rather than a full operational
municipal database. Real implementation would require data-sharing agreements, annual update procedures, and
validation against field observation and retail performance records. The framework also focuses on grid-level
density rather than individual store revenue or consumer choice. Future research should connect the database to
longitudinal retail survival data, rental markets, online platform activity, and public-service equity indicators.
Despite these limitations, the proposed framework offers a clear path for transforming fragmented urban data
into a reusable intelligence asset for sustainable and evidence-based commercial planning.
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