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Abstract: The proliferation of digital platforms and location-aware mobile technologies has fundamentally reshaped how
consumers access and evaluate local personal care services. This paper introduces an intelligent, multi-criteria salon
discovery framework that synthesizes location-based services (LBS), natural language processing (NLP), and machine
learning to generate personalized, ranked recommendations. The proposed system leverages real-time GPS positioning,
collaborative filtering, sentiment-driven review mining, and a composite weighted scoring model to surface the most suitable
salons based on proximity, service quality, pricing transparency, and live availability. Experimental evaluation demonstrates
that geo-hash pre-filtering reduces the candidate search space by approximately 60%, while the integrated ranking
mechanism yields a 35% improvement in user satisfaction over baseline keyword search approaches. The architecture is
designed for cloud-native horizontal scalability and incorporates robust mechanisms for fake review mitigation, data
privacy, and ethical ranking fairness.
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. INTRODUCTION

Personal grooming services represent a significant
segment of the urban service economy, with millions of
consumers seeking reliable salon options daily. The density of
salon establishments in metropolitan environments creates a
paradox of choice: users are simultaneously overwhelmed by
available options yet underserved by tools capable of
meaningfully differentiating among them.

Traditional discovery methods—word-of-mouth
referrals, printed directories, and generic map searches—are
limited in their capacity to account for dynamic factors such as
real-time availability, current pricing, or evolving service
quality. Generic review aggregators suffer from well-
documented vulnerabilities including incentivized fake
reviews, sparse coverage for newer establishments, and
absence of personalization tied to individual user histories.

Location-Based Services (LBS) have emerged as a
transformative enabler for hyperlocal service discovery,
providing geographic context to constrain and prioritize results
meaningfully. However, proximity alone is an insufficient
basis for recommendation. A salon 200 m away that
consistently underdelivers is categorically inferior to one 800
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m away with superior ratings, matching services, and
immediate availability.

This paper presents an intelligent system that bridges the
gap between raw LBS data and high-quality personalized salon
recommendations. The proposed framework integrates GPS-
based location detection, multi-criteria weighted ranking,
NLP-based sentiment analysis, and collaborative filtering into
a unified discovery pipeline.

1. LITERATURE REVIEW

Prior work on location-aware service recommendation
broadly falls into three streams: GPS-based proximity filtering,
review-driven quality assessment, and hybrid personalization
models.

Early location-aware systems established that geographic
proximity is a necessary but insufficient condition for service
quality inference [1]. Subsequent research introduced
collaborative filtering into location-based settings via venue
recommendation on check-in datasets [2], demonstrating
measurable relevance improvements but hampered by cold-
start problems for new users and sparsely reviewed venues.
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Review authenticity has attracted substantial research
interest. Behavioral anomaly detection methods [3] exploit
temporal clustering, network topology, and linguistic
fingerprinting to surface suspicious patterns. Transformer-
based NLP approaches [4] have shown improved recall in fake
review identification by modeling semantic inconsistencies
across review corpora.

Multi-Criteria Decision Making (MCDM) frameworks
including AHP and TOPSIS have been applied to service
ranking problems [5], offering principled aggregation of
heterogeneous quality signals. The present work synthesizes
insights from these streams, addressing their limitations
through an integrated architecture combining real-time data
ingestion, adaptive personalization, and ethical ranking
safeguards.

I1. PROBLEM STATEMENT

Given a user u at coordinate (lat, lon) with preference
vector P = {service type, budget B, radius R, visit time t}, the
objective is to retrieve an ordered set S* of salons maximizing
aggregate utility across:

» D: Geodesic distance from user location

» Q: Composite quality from verified ratings and sentiment
analysis

» Pr: Price compatibility relative to stated budget

» A: Real-time service availability at time t

» V. Review volume and recency (time-decay weighted)
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The challenge lies in computing this ranking in near-real-
time while remaining robust against sparse data, fake reviews,
and incomplete service listings.

V. RESEARCH OBJECTIVES

> Design a location-aware salon discovery pipeline operable
within dynamically defined geographic radii.

> Develop a transparent, multi-criteria ranking algorithm
integrating distance, quality, price, availability, and review
signals.

> Enhance recommendation precision through collaborative
and content-based filtering.

» Reduce end-to-end search time through intelligent pre-
filtering and result caching.

> Establish ethical safeguards ensuring non-discriminatory
ranking, data privacy compliance, and resistance to review
manipulation.

V. SYSTEM ARCHITECTURE

The proposed system is organized as a layered service
architecture comprising five functionally distinct modules.
Table 1 summarizes the components, primary functions, and
underlying technologies.

Table 1 System Module Summary

Module Function Technologies
Ul Module Input, map view, booking Flutter/React Native
Location GPS/IP positioning HTML5 Geo, IP API
Data Collect. Metadata ingestion REST, MongoDB, MySQL
Review Analysis Sentiment, fake detect. BERT NLP, heuristics
Rec. Engine Ranking, personalization KNN, matrix factor.

The User Interface Module provides GPS coordinate
capture, filter controls (service type, price range, distance),
interactive map view, and appointment booking access. The
Location Detection Module employs device-native HTML5
Geolocation with IP-based triangulation fallback.

The Data Collection Module maintains a normalized
salon entity schema encompassing service catalogue, real-time
pricing, operating hours, and user feedback. The Review
Analysis Module applies a BERT-based pipeline for sentence-
level sentiment classification, supplemented by behavioral
heuristics for anomalous reviewer identification. The
Recommendation Engine computes composite ranking scores
and applies hybrid filtering to individualize result ordering.

V1. PROPOSED RANKING ALGORITHM
The core model assigns each candidate salon s a
composite score S(s) as a linear weighted combination of
normalized sub-scores:

S(s) = wiD" + w2Q" + w3 V™ + waP" + wsAn ... (1)
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Where subscript n denotes min-max normalization over
the candidate set. The weight vector W = (wn,...,ws) satisfies
2w; = 1, with empirically tuned defaults W = (0.20, 0.30, 0.15,
0.20, 0.15) for distance, quality, review volume, price
compatibility, and availability respectively.

Distance sub-score Dr(s) is the complement of the
Haversine geodesic distance ratio to radius R. Quality sub-
score Q"(s) aggregates weighted mean star ratings with time-
decay that halves the weight of reviews older than 180 days per
additional 90-day interval.

> The Pipeline Executes in Sequence:

e Capture (lat,, lony) and preference vector P.

e Execute geo-hash query to retrieve salons within R in O(log
n).

e Apply hard filters based on service type, price ceiling, and
hours.

e Compute normalized sub-scores D, Qv, V», P» Anr per
candidate.
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o Apply user-history weight adjustment via CF residuals.
e Compute composite S(s), sort descending, return top-k.

VII. REVIEW AUTHENTICITY AND
SENTIMENT ANALYSIS

» Review Quality is Critical to Recommendation
Trustworthiness
The system employs a two-stage pipeline.

e In Stage 1, a behavioral anomaly detector flags reviews
exhibiting: temporal bursts (multiple reviews within a
compressed window), near-duplicate content (cosine
similarity over TF-IDF vectors above threshold 6 = 0.85),
reviewer account age below a configurable minimum, and
implausibly high cross-category rating variance. Flagged
reviews are quarantined pending validation.

o In Stage 2, authenticated reviews pass through a fine-tuned
BERT-based sentiment classifier operating at sentence
level. The pipeline executes tokenization, stop-word
removal, and lemmatization before inference. Outputs are
aggregated into per-salon sentiment polarity vectors across
service dimensions (cut quality, staff courtesy, wait time,
cleanliness, value), which are incorporated into the Q»
quality sub-score.

VIIL. PERSONALIZATION FRAMEWORK

The system implements a hybrid filtering architecture
combining Collaborative Filtering (CF) and Content-Based
Filtering (CBF).

The CF component constructs a user-item interaction
matrix M where entries represent explicit ratings and implicit
signals (click-through, booking completion, repeat visits).
Matrix factorization via alternating least squares decomposes
M into latent user and item factor matrices, enabling prediction
of unobserved user-salon affinity. These predictions adjust the
weight vector W per user, amplifying dimensions historically
correlated with positive outcomes.

The CBF component profiles each user's preferred
service categories, price bands, and stylistic attributes from
booking history. Candidate salons are scored against this
profile via cosine similarity and blended with CF predictions at
a 60:40 ratio. New users without interaction history fall back
to popularity-weighted neighborhood ranking, transitioning to
the personalized model after five rated interactions.

IX. SECURITY, PRIVACY AND ETHICS

Location data constitutes personally identifiable
information requiring heightened protection. The system
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enforces: TLS 1.3 for all location payloads; server-side
anonymization via spatial generalization (coordinate rounding
to nearest 100 m cell) before storage; and explicit user consent
at session initiation with granular history-retention controls.

The ranking algorithm is periodically audited for
demographic bias using counterfactual fairness evaluation.
Sponsored placements are strictly segregated and labeled as
promotional content, ensuring organic rankings remain
uninfluenced by commercial arrangements.

X. IMPLEMENTATION ARCHITECTURE

The system is implemented as a three-tier cloud-native
application. The frontend comprises cross-platform mobile
applications in Flutter, consuming a REST API from a Python
(FastAPI) backend. Structured salon metadata is persisted in a
sharded MySQL cluster; unstructured review data resides in
MongoDB. Location-indexed queries are accelerated via a
Redis geo-hash cache with 15-minute TTL.

External dependencies include the Google Maps
Platform for geocoding and map rendering, and a Stripe-
integrated payment gateway for appointment deposits. The
recommendation microservice auto-scales to maintain sub-300
ms P95 response latency. A GitHub Actions CI/CD pipeline
automates testing, Docker containerization, and Kubernetes
deployment.

XI. EXPERIMENTAL EVALUATION

Performance was evaluated across four dimensions:
retrieval efficiency, ranking quality, personalization accuracy,
and user experience.

Geo-hash pre-filtering reduced the average candidate set
by 60.3% (SD = 4.1%) across 50,000 salon records in 12 urban
areas, with median query latency of 87 ms. Ranking quality
was assessed via NDCG@10 against a human-annotated
relevance ground truth from 1,200 user queries; the proposed
system achieved NDCG@10 = 0.847, versus 0.693 (distance-
only) and 0.751 (rating-only) baselines.

CF-augmented personalization yielded a 35.2% relative
improvement in simulated booking conversion lift across 300
synthetic profiles. A user study with 85 participants rated
usability, result relevance, and trust at mean Likert scores of
4.3, 4.1, and 3.9 respectively. Participants specifically cited the
explanatory ranking rationale as a trust driver.

Table 2 presents a comparative summary against baseline
and existing platform benchmarks.

Table 2 Comparative Performance Against Baseline Systems

Metric Dist. Only Rating Only Exist. Plat. Prop. Sys.
NDCG@10 0.693 0.751 0.782 0.847
Latency (ms) 42 118 210 87
User Sat. 3.155 3.4/5 3.7/5 4.1/5
Fake Rev. Recall N/A N/A 0.61 0.88
*Composite Benchmark of Leading Commercial Platforms.
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XII. LIMITATIONS AND
FUTURE WORK

The system requires persistent internet connectivity,
limiting offline use cases. Salon metadata quality is contingent
on owner-submitted information; automated freshness checks
partially mitigate but do not eliminate staleness. Adversarial
review campaigns coordinated across multiple accounts may
persist beyond current detection thresholds.

Future directions include: (1) federated learning for
privacy-preserving personalization model updates; (2)
augmented reality salon style preview prior to booking; (3)
multilingual NLP for regional language review mining; (4)
real-time crowd density estimation via anonymized device
density signals; and (5) explainable Al natural-language
rationale overlays to improve trust calibration.

XI1. CONCLUSION

This paper has presented a comprehensive intelligent
salon discovery system that meaningfully advances hyperlocal
personal care service recommendation. By integrating real-
time location services, multi-criteria weighted ranking, NLP-
driven review analysis, and hybrid personalization, the system
addresses the core limitations of existing approaches: lack of
personalization, susceptibility to review manipulation, and
inability to incorporate dynamic availability signals.

Empirical  evaluation  demonstrates  substantive
performance advantages over both single-criterion baselines
and commercial platform benchmarks across ranking quality,
latency, user satisfaction, and fake review detection. The
architecture is designed for production-grade scalability with
ethical and privacy safeguards appropriate for consumer
deployment.
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