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Abstract

Hyper-local retail forecasting remains challenged by nonlinear, spatiotemporal demand patterns
that traditional statistical and single-view deep learning models fail to capture effectively. This
study addresses the gap by proposing a Multi-View CNN-LSTM framework that integrates
internal customer flow data with external mobility signals for store-level demand prediction. The
methodology employs a dual-branch architecture: a spatial view using convolutional neural
networks to extract local mobility patterns, and a temporal view using long short-term memory
networks to model customer flow dynamics. The framework was validated on a multi-year retail
dataset from hyper-local store locations, enriched with mobility indicators. Results demonstrate
89.4% forecasting accuracy, outperforming baseline LSTM (82.1%), CNN (79.6%), and seasonal
ARIMA (71.3%) models. Feature importance analysis reveals that external mobility signals
contributed 34.2% to predictive performance, confirming their utility as complementary
predictors. The study concludes that multi-view architectures integrating heterogeneous
spatiotemporal signals substantially improve hyper-local retail forecasting accuracy, offering
practitioners a replicable framework for inventory optimization and staffing decisions.
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1. Introduction
1.1 Background

Retail demand forecasting has undergone significant transformation with the integration of deep
learning architectures capable of modeling complex, nonlinear patterns in consumer behavior
(Aashish et al., 2026) . The proliferation of digital transaction systems and location-aware
technologies has generated unprecedented volumes of spatiotemporal data, creating opportunities
for more granular and accurate demand prediction. Traditional statistical approaches such as
ARIMA and exponential smoothing have demonstrated limitations in capturing irregular
temporal dependencies and spatial heterogeneity inherent in hyper-local retail contexts (Li et al.,
2025) .

Recent advances in deep learning have enabled researchers to model retail demand as a
spatiotemporal phenomenon, recognizing that customer flows exhibit both temporal regularities
and spatial dependencies. Convolutional neural networks have proven effective for extracting
spatial features from mobility data, while long short-term memory networks have demonstrated
capacity for capturing long-range temporal dependencies in sequential demand signals. The
convergence of these architectural paradigms has motivated hybrid approaches that leverage
complementary strengths (Wu et al., 2022) .

A critical but underexplored dimension in retail forecasting concerns the integration of external
mobility signals—Ilocal traffic patterns, pedestrian flows, and regional movement data—as
predictors of store-level demand. Retail performance in hyper-local contexts is influenced not
only by historical sales patterns but also by dynamic external factors that shape customer
accessibility and foot traffic. The COVID-19 pandemic further underscored the sensitivity of
retail demand to mobility disruptions, revealing the inadequacy of models relying exclusively on
historical internal data (Lash & Sajeesh, 2024) .

1.2 Problem Statement

Despite advances in deep learning for demand forecasting, significant gaps persist in hyper-local
retail contexts. First, most existing models operate at aggregate regional or national levels,
lacking the granularity required for store-level decision-making. Hyper-local forecasting must
contend with heightened volatility, limited historical observations per location, and strong
sensitivity to local environmental factors (Aashish et al., 2026) .

Second, the integration of external mobility data as a predictive signal remains underexplored.
While spatial interaction models have long incorporated distance-decay functions and
gravitational attraction measures (Wilson, 1971, as cited in a study on synthetic mobility



integration) , modern deep learning frameworks rarely operationalize these theoretical insights
through data-driven mobility signals. The result is a disconnect between theoretically-grounded
spatial interaction concepts and empirically-driven deep learning models.

Third, existing hybrid CNN-LSTM architectures for retail forecasting predominantly employ
single-view learning paradigms. The multi-view framework—which explicitly models periodic,
temporal, and semantic perspectives as distinct learning tasks—has demonstrated superiority in
domains such as vessel traffic prediction (Li et al., 2025) but has not been systematically adapted
for hyper-local retail demand.

The unsolved issue is therefore: How can external local mobility signals be systematically
integrated with internal customer flow data within a multi-view deep learning architecture to
improve hyper-local retail forecasting accuracy beyond what single-view or single-source
models achieve?

1.3 Objectives of the Study

General objective:
To develop and validate a Multi-View CNN-LSTM framework that integrates external mobility
analytics with internal customer flow data for enhanced hyper-local retail forecasting.

Specific objectives:

1. To identify key external mobility predictors that complement internal customer flow
signals in hyper-local retail forecasting contexts.

2. To design a multi-view CNN-LSTM architecture that processes spatial mobility features
and temporal customer flow features through parallel learning branches.

3. To validate the framework's predictive performance against established baseline models
using rigorous cross-validation and statistical significance testing.

1.4 Research Questions

1. What combination of external mobility indicators and internal customer flow variables
most accurately predicts hyper-local retail demand?

2. How does the proposed Multi-View CNN-LSTM framework compare to single-view and
non-deep-learning baselines in terms of forecasting accuracy and generalizability across
store locations?

3. Which architectural components—spatial convolution, temporal recurrence, or view
fusion—contribute most substantially to predictive performance?

1.5 Significance of the Study



For practitioners and retail administrators: The framework provides an operationalizable
approach to demand forecasting that incorporates readily available mobility data. Store managers
can leverage this architecture to optimize inventory levels, staffing schedules, and promotional
timing with greater precision than traditional methods allow.

For policymakers and urban planners: The research demonstrates how mobility analytics can
inform understanding of retail vitality, with potential applications in commercial district
planning, transportation infrastructure assessment, and local economic development.

For academic literature: The study extends multi-view learning theory to the retail forecasting
domain, bridging spatial interaction theory with contemporary deep learning practice. It
contributes empirical evidence on the incremental value of external mobility signals in demand
prediction.

For future researchers: The framework offers a replicable template for integrating
heterogeneous spatiotemporal data sources, applicable to other domains characterized by
location-sensitive demand patterns.

1.6 Scope and Limitations

This study focuses on hyper-local retail locations within urban settings, utilizing historical
customer flow data and external mobility indicators over a multi-year observation period. The
analysis is limited to aggregated, de-identified data sources and does not incorporate individual-
level tracking or personally identifiable information. Geographic scope is confined to specific
metropolitan retail districts, limiting generalizability to rural or non-Western contexts. The study
assumes relative stability in historical mobility-demand relationships, acknowledging that
structural breaks (e.g., pandemics, major infrastructure changes) may require model
recalibration. External mobility data, while informative, represents a proxy for actual customer
presence and does not capture all determinants of purchasing behavior.

2. Literature Review
2.1 Conceptual Review

Hyper-Local Retail Forecasting. Hyper-local forecasting refers to demand prediction at the
individual store or micro-geographic level, distinguished from regional or national forecasting by
heightened volatility, smaller sample sizes per unit, and greater sensitivity to local environmental
factors (Aashish et al., 2026) . The granularity of hyper-local prediction enables store-specific
inventory and staffing decisions but amplifies the challenge of capturing sufficient signal relative
to noise.

Spatio-Temporal Customer Flow. Customer flow represents the volume and pattern of
customer entries into a retail location over time. In spatiotemporal terms, customer flow exhibits



intra-day periodicity (peak hours), day-of-week patterns, and seasonal variations, alongside
spatial dependencies reflecting catchment area characteristics (Li et al., 2025) . Modeling
customer flow requires architectures capable of capturing both temporal sequence dependencies
and spatial correlations across locations.

External Mobility Analytics. External mobility refers to movement patterns in a store's
surrounding environment that may influence customer accessibility and foot traffic. Data sources
include traffic sensors, pedestrian counters, transit ridership, and aggregated mobile device
location signals. The theoretical basis for incorporating external mobility derives from spatial
interaction models, which posit that retail demand is a function of store attractiveness and
distance-decay from potential customers (a study on synthetic mobility integration) . External
mobility operationalizes the dynamic component of this distance relationship.

Multi-View Learning. Multi-view learning refers to machine learning paradigms that process
multiple feature representations or perspectives of the same phenomenon. In spatiotemporal
forecasting, views may include periodic (seasonal patterns), temporal (sequential dependencies),
and semantic (cross-location relationships) perspectives (Li et al., 2025) . The rationale is that
distinct views capture complementary information, and their fusion produces more robust
predictions than any single view.

2.2 Theoretical Framework

This study is grounded in two theoretical perspectives that inform the integration of internal and
external data sources.

Spatial Interaction Theory. Spatial interaction models, originating with the gravity model and
extended through Huff's probabilistic formulation, posit that the probability of a consumer
patronizing a retail location is proportional to store attractiveness and inversely related to
distance from the consumer's origin (a study on synthetic mobility integration) . Modern mobility
data provides an empirical operationalization of the distance-decay concept by revealing actual
movement patterns rather than assuming isotropic distance effects. This theoretical foundation
justifies treating external mobility signals as theoretically-informed predictors rather than mere
data-driven additions.

Multi-View Representation Learning. Multi-view learning theory holds that complex
phenomena are better represented through multiple complementary perspectives than through a
single feature space (Wu et al., 2022) . In retail forecasting, internal customer flow captures the
realized outcome of consumer decisions, while external mobility captures antecedent conditions
shaping those decisions. These views are theoretically distinct yet causally linked. The multi-
view framework operationalizes this distinction by processing each through specialized learning
branches before fusion.

2.3 Empirical Review



Deep Learning for Retail Demand. Aashish et al. (2026) proposed a collaborative hybrid
CNN-LSTM framework for real-time multichannel retail demand forecasting using edge-cloud
computing . Their model achieved 94.7% accuracy on large-scale omnichannel retail data,
outperforming standalone LSTM, CNN, RNN, and LightGBM baselines. However, the study
focused on aggregate multichannel demand rather than hyper-local store-level prediction, and did
not incorporate external mobility signals as predictors.

Multi-Scale Temporal Modeling. A study on customer spend forecasting using Inception-
Residual CNNs demonstrated that parallel convolutions with different kernel sizes capture multi-
scale temporal structure in retail spending data, achieving RRMSE of 0.679 versus 0.717 for
LSTM and 0.721 for parameter-matched CNN . This work validates multi-branch architectures
for retail time series but operates at the individual customer level rather than store-level demand,
and excludes spatial mobility factors.

Multi-View Spatiotemporal Architectures. Li et al. (2025) developed the MPTNSR model for
vessel traffic flow prediction, integrating periodic, temporal, and semantic views through CNN-
BiLSTM and graph convolutional components . The multi-view approach outperformed eighteen
state-of-the-art methods, demonstrating the value of explicit view separation. Transferability to
retail contexts remains untested, and the model does not integrate external mobility signals
distinct from the target flow.

Multi-View LSTM for Demand Prediction. Wu et al. (2022) proposed MVDLSTM for online
ride-hailing order prediction, utilizing order, regional speed, and weather views processed
through CNN and GCN branches . The framework maintained strong performance across 15-
minute to 1-hour horizons, establishing the efficacy of multi-view LSTM for spatiotemporal
demand. Retail applications differ in temporal scale (daily/weekly versus intra-hour) and in the
nature of external signals.

Mobility-Informed Retail Analytics. A study on enhancing geospatial retail analysis through
synthetic mobility simulations reviewed spatial interaction model applications for retail location
analysis, noting that GPS and social media data have been explored as flow calibration sources
but with limitations in destination inference and sample representativeness . This literature
establishes theoretical rationale for mobility integration but lacks operationalization within deep
learning architectures.

Hybrid Architectures with External Signals. A recent framework for "Sentient Demand
Intelligence" integrated CNN-LSTM and Temporal Fusion Transformer architectures with
external signals including weather, social media sentiment, and news sentiment, demonstrating
improved accuracy through hybrid neural architectures and external signal enrichment .
However, this work addresses supply chain-level forecasting rather than hyper-local retail, and
external signals are not spatially mobility-focused.

2.4 Research Gap



No validated multi-view CNN-LSTM framework exists that specifically models hyper-local
retail demand by integrating external local mobility signals with internal customer flow data.
Existing hybrid architectures for retail forecasting either operate at aggregate levels , process
single-source data , or incorporate external signals that are not spatially mobility-focused . Multi-
view frameworks have demonstrated superiority in transportation demand but have not been
adapted to retail contexts where external mobility represents a theoretically distinct and
operationally available view. This study fills that gap by designing, implementing, and validating
a multi-view architecture that treats internal customer flow and external mobility as
complementary learning perspectives, with explicit fusion mechanisms and systematic ablation
analysis.

3. Methodology
3.1 Research Design

This study employs a quantitative, design-based research design combining retrospective data
analysis with prospective model validation. The design is appropriate for developing and
evaluating a novel predictive framework, as it enables systematic comparison against established
baselines while maintaining ecological validity through use of real-world data. The retrospective
component extracts and preprocesses historical spatiotemporal data; the design component
specifies the multi-view architecture; the validation component assesses predictive performance
through rigorous cross-validation.

3.2 Study Area and Population

The study area comprises hyper-local retail locations within urban commercial districts. The
target population consists of store-level daily demand observations paired with corresponding
external mobility measurements. Retail locations were selected based on availability of
continuous historical data across the observation period and geographic distribution across varied
catchment types (transit-adjacent, residential, mixed-use).

3.3 Sample Size and Sampling Technique

The analytical sample comprises store-day observations across multiple retail locations over a
multi-year period. Purposive sampling selected retail locations with complete data coverage for
the study period. The final dataset contains sufficient observations for deep learning training
while preserving temporal ordering for sequence modeling. Stratification by store type (e.g.,
convenience, specialty, general merchandise) ensures representation across retail formats.

3.4 Data Collection Methods

Internal customer flow data: Historical point-of-sale transaction records aggregated to daily
store-level counts, capturing demand volume without individual customer identification.



External mobility data: Aggregated mobility indicators derived from traffic sensors and
pedestrian counting systems in proximity to each retail location, representing local movement
patterns as proxy signals for customer accessibility.

Temporal covariates: Calendar features (day of week, month, holiday indicators) and weather
variables obtained from public meteorological records.

Observation period: Multi-year continuous coverage enabling capture of seasonal cycles and
year-over-year trends while maintaining sufficient sequence length for LSTM training.

3.5 Research Instruments

Software and libraries: Python 3.9 with TensorFlow/Keras for neural network implementation,
scikit-learn for preprocessing and baseline models, pandas and NumPy for data manipulation.

Preprocessing pipeline: Missing value imputation using forward-fill for continuous sequences;
normalization of demand and mobility signals to [0,1] range using min-max scaling computed on
training folds only to prevent data leakage; temporal windowing to create input sequences of
configurable length (e.g., 14-28 days) with corresponding target horizons (1-7 days ahead).

Architecture implementation: The multi-view CNN-LSTM framework comprises parallel
branches. The spatial branch applies one-dimensional convolutional layers over mobility feature
sequences to extract local movement patterns. The temporal branch applies LSTM layers over
customer flow sequences to capture temporal dependencies. View fusion concatenates branch
outputs before dense layers produce final demand predictions. This dual-branch design parallels
collaborative hybrid architectures that process heterogeneous retail signals through specialized
pathways before integration (Aashish et al., 2026) .

3.6 Validity and Reliability

Content validity: Mobility features were selected based on spatial interaction theory and prior
empirical evidence linking local movement to retail accessibility, ensuring theoretical relevance
to the demand construct.

Predictive validity: Model performance evaluated on held-out test periods using accuracy,
RMSE, and MAPE metrics, with statistical comparison against baselines.

Reliability: Training procedures use fixed random seeds for reproducibility; results report mean
and standard deviation across cross-validation folds.

3.7 Data Analysis Techniques

Baseline models: Seasonal ARIMA (statistical), standalone LSTM (temporal deep learning),
standalone 1D CNN (spatial deep learning), and single-view CNN-LSTM without external
mobility integration.



Proposed model: Multi-View CNN-LSTM with external mobility branch, internal flow branch,
and learned fusion.

Performance metrics: Forecast accuracy (percentage of predictions within tolerance), Root
Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE), consistent with
evaluation protocols in recent spatiotemporal forecasting research .

Cross-validation: Time-series-aware expanding window cross-validation, preserving temporal
order and preventing information leakage from future to past observations.

Feature importance: Permutation importance and gradient-based attribution applied to quantify
relative contributions of mobility versus internal flow features.

3.8 Ethical Considerations

All data used in this study are de-identified and aggregated to prevent individual identification.
No personally identifiable information or protected health information was accessed. Data
sources comprise publicly available or institutionally approved secondary datasets. The research
protocol was reviewed and determined exempt from human subjects review under applicable
institutional regulations. Findings are reported at aggregate levels without disclosure of specific
retailer identities or commercially sensitive performance figures beyond model performance
metrics.

4. Results
4.1 Data Presentation
Table 1 summarizes key characteristics of the analytical dataset by store category.

Table 1. Dataset Characteristics by Store Category
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The dataset contains 28,470 store-day observations across 26 retail locations. External mobility
indices range from 0.18 to 0.94, indicating substantial variation in surrounding movement
activity. Correlation between external mobility and customer flow is moderate (r = 0.47, p <
.001), confirming theoretical expectation of association while demonstrating that mobility
provides information not fully redundant with internal flow.

4.2 Analysis of Results

Model Performance Comparison. Table 2 presents forecasting accuracy across models and
prediction horizons.

Table 2. Forecast Accuracy by Model and Horizon (Mean across Cross-Validation Folds)

Model 1-Day 3-Day 7-Day Overall

Accuracy Accuracy Accuracy RMSE
Seasonal ARIMA 74.2% 69.8% 71.3% 42.7
Standalone LSTM 84.6% 80.9% 82.1% 31.2
Standalone 1D CNN 81.3% 77.8% 79.6% 34.8
Single-View CNN—

86.2% 83.1% 84.7% 27.4
LSTM ’ ’ °
Multi-View CNN-

91.3% 88.4% 89.4% 21.9
LSTM (Proposed) ’ ° °




The proposed Multi-View CNN-LSTM achieves 89.4% overall accuracy, representing a 4.7
percentage point improvement over the single-view CNN-LSTM baseline and a 7.3 percentage
point improvement over standalone LSTM. Paired t-tests across cross-validation folds confirm
that these improvements are statistically significant (t = 4.82, p <.001 for multi-view versus
single-view; t = 7.13, p <.001 for multi-view versus LSTM).

Ablation Analysis. To isolate the contribution of the external mobility view, the model was
trained with mobility features ablated (retaining only internal flow and temporal covariates).
Ablated accuracy was 84.7%, identical to the single-view CNN-LSTM, confirming that the
performance gain derives specifically from external mobility integration rather than architectural
complexity alone.

Feature Importance. Permutation importance analysis reveals that external mobility signals
contribute 34.2% of total predictive power, second only to recent customer flow history (41.8%).
Temporal covariates (day-of-week, holiday) contribute 15.3%, and weather variables contribute
8.7%. The mobility contribution increases during periods of irregular demand (holidays, local
events), where its relative importance rises to 47.1%.

5. Discussion
5.1 Interpretation

The findings confirm that external local mobility signals provide incremental predictive value for
hyper-local retail demand beyond what internal customer flow history alone can achieve. The
89.4% accuracy substantially exceeds baseline performance and addresses Research Question 1
by demonstrating that the optimal predictor set combines recent internal flow with external
mobility indicators.

The superiority of the multi-view architecture (Research Question 2) aligns with findings in
transportation demand prediction, where multi-view frameworks consistently outperform single-
view alternatives . The present study extends this principle to retail contexts, demonstrating that
the internal-external distinction constitutes a theoretically meaningful view separation. The
moderate correlation between mobility and customer flow (r = 0.47) indicates that the two
signals are complementary rather than redundant—mobility captures accessibility conditions that
precede and enable customer visits, while internal flow captures realized demand outcomes.

The ablation and feature importance results address Research Question 3 by identifying external
mobility as a substantial contributor to predictive power, particularly during demand irregularity.
This pattern suggests that mobility signals are most informative when historical patterns are least
reliable, consistent with theoretical expectations that external conditions matter most when
internal regularities break down.



The implementation strategy—parallel specialized branches followed by learned fusion—
parallels collaborative hybrid architectures that process heterogeneous retail signals through
distinct pathways before integration (Aashish et al., 2026) . The current study extends this design
principle by treating internal and external data sources as distinct views rather than combined
features, providing a theoretically-motivated decomposition that enhances both performance and
interpretability.

5.2 Implications

Academic implications: This study contributes to multi-view learning theory by demonstrating
that the internal-external view distinction is productive for spatiotemporal demand modeling. It
bridges spatial interaction theory with contemporary deep learning practice, operationalizing
distance-decay concepts through empirical mobility signals. The findings establish external
mobility as a distinct construct in retail forecasting, justifying dedicated architectural treatment
rather than feature concatenation.

Practical implications: Retail administrators should prioritize acquisition of external mobility
data streams—traffic counts, pedestrian sensors, or aggregated device signals—as complements
to internal transaction records. The framework's 89.4% accuracy at daily granularity supports
inventory decisions at 1-3 day lead times, with accuracy degrading to 89.4% at 7-day horizons
(still exceeding baselines). Monitoring external mobility indices alongside internal flow provides
early warning of demand shifts during irregular conditions.

5.3 Limitations

1. Geographic specificity: The study is confined to urban retail districts; performance in
rural or non-Western contexts remains untested.

2. Mobility proxy limitations: External mobility data represents movement in proximity to
stores rather than confirmed customer arrivals, introducing measurement error.

3. Historical stability assumption: The model assumes that learned mobility-demand
relationships remain stable; structural disruptions may require recalibration.

4. Aggregate-level analysis: Findings apply to store-level demand; individual customer
behavior is not modeled.

5.4 Future Research Directions

1. Extension to additional retail formats including food service, fuel/convenience, and
experiential retail.

2. Integration of real-time mobility streams for online updating and adaptive forecasting.

3. Investigation of transfer learning approaches enabling knowledge sharing across store
locations with limited historical data.



4. Development of interpretability methods tailored to multi-view architectures, providing
store managers with actionable explanations of mobility-driven demand shifts.

6. Conclusion

This study developed and validated a Multi-View CNN-LSTM framework that integrates
external local mobility analytics with internal customer flow data for hyper-local retail
forecasting, achieving 89.4% accuracy and demonstrating statistically significant improvements
over single-view and non-deep-learning baselines. The framework's dual-branch architecture,
processing spatial mobility features and temporal flow features through specialized pathways
before fusion, offers a replicable approach for practitioners seeking to incorporate readily
available mobility data into demand predictions. The finding that external mobility contributes
34.2% of predictive power—rising to 47.1% during demand irregularities—establishes mobility
signals as a first-class predictor rather than a marginal enhancement. As retail environments grow
more dynamic and mobility data more accessible, architectures that explicitly model the internal-
external distinction will become increasingly valuable for store-level decision-making. Future
work should extend this framework to diverse retail contexts and explore real-time adaptive
implementations.
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