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ABSTRACT

India's premium ethnic wear segment has expanded rapidly over the past decade, yet in-store
conversion has not kept pace with footfall growth, and brick-and-mortar retailers continue to
lose a measurable share of purchase intent to trial-room bottlenecks, inconsistent styling
advice, and an inability to personalise the shopping journey across repeat visits. This paper
examines whether an integrated technology system - combining computer-vision-based
virtual try-on with a facial-recognition-enabled customer memory engine - can close this gap.
Drawing on a mixed-methods research design comprising a 1,200-respondent consumer
survey, sixty in-depth interviews, structured retail observation across eight stores, and
secondary market data, the study develops and tests five primary hypotheses relating to
conversion uplift, trial efficiency, average order value, customer retention, and staff
productivity. The findings indicate that trial-room congestion and the absence of systematic
personalisation jointly account for the majority of non-conversion among store visitors, and
that consumers report high willingness to engage with Al-mediated styling provided consent
and data-handling practices are transparent. A three-year financial model built on
conservative, base-case, and optimistic assumptions projects a base-case internal rate of
return of 67 percent and a payback period of fourteen months per store, with the downside
stress-test scenario still clearing the 18 percent hurdle rate typically applied to retail
technology investment. The paper concludes that the conversion deficit in this category is
structural rather than cyclical, and that a carefully governed, privacy-first deployment of
virtual try-on and customer memory technology represents a commercially and operationally

viable response.
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1. INTRODUCTION

Physical retail in India's premium ethnic wear category occupies an unusual position. The
segment is growing at a pace most apparel categories would envy, yet the stores selling into
that growth are, by most operational measures, underperforming. Average in-store conversion
for premium ethnic wear sits between 18 and 25 percent, a figure that looks unremarkable
until it is set against comparable luxury categories in Europe, where conversion routinely
reaches 35 to 45 percent. The gap is not explained by product quality, brand equity, or even
price sensitivity - Indian consumers spend heavily and repeatedly on ethnic wear, particularly
around weddings and festivals. It is explained, this paper argues, by a set of structural
frictions in how the store experience is delivered: long and unpredictable trial-room waits, a
heavy reliance on individual staff members whose styling competence varies widely, and a
near-total absence of systematic memory of what a returning customer has already seen,
liked, or tried.

These frictions matter more in ethnic wear than in most other apparel categories because of
how the category is actually shopped. A lehenga or sherwani purchase is rarely a solitary,
quick decision. It typically involves multiple family members, spans several store visits, and
requires the customer to evaluate not just a single garment but a complete ensemble - fabric,
drape, embroidery, jewellery, footwear, and dupatta styling in combination. Trial rooms
become the bottleneck precisely because the try-on process is so information-dense, and staff
become the de facto styling engine because no other system in the store captures or applies
what a customer has previously indicated she prefers.

This paper investigates whether these frictions can be meaningfully addressed by a combined
Al system: a virtual try-on smart mirror that renders garments photorealistically on a
customer's own body using computer vision, paired with a facial-recognition-based memory
engine that recalls a returning customer's preferences and prior interactions. The proposition
under test is not that such a system replaces staff or physical trial altogether, but that it
compresses the discovery phase of the shopping journey, so that the physical trial that does
occur is more targeted, faster, and more likely to convert.

The paper is organised as follows. Section 2 situates the problem within the broader literature

on retail technology adoption and the specific dynamics of the Indian ethnic wear market.
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Section 3 sets out the problem statement in operational terms. Section 4 describes the
research methodology, a mixed-methods design combining a large consumer survey,
qualitative interviews, and structured observation. Section 5 presents the resulting data and
analysis, including a summary table of consumer pain points and a comparative chart of
projected performance metrics. Section 6 develops the financial case for deployment. Section
7 discusses the findings in relation to the hypotheses developed from the literature, Section 8

acknowledges the study's limitations, and Section 9 concludes.

2. Industry Context and Literature

The Indian ethnic wear market, encompassing both men's and women's occasion and daily
wear, was estimated at roughly USD 19.8 billion in 2024, representing close to 38 percent of
the country's total apparel spend. Within this, the premium and luxury tier - garments priced
above INR 8,000 - constitutes a smaller but faster-growing slice of the market, expanding at a
compound rate in excess of 11 percent annually, well ahead of the mass and mid-market
segments. Growth of this kind is typically attributed to a widening upper-middle-class
consumer base, continued strength in the wedding and festival economy, and a broader
cultural re-engagement with ethnic dress among younger, urban consumers.

What is less often discussed is that this growth has occurred largely without a corresponding
improvement in the underlying retail experience. Ethnic wear remains a stubbornly offline
category - approximately three-quarters of premium purchases still happen in a physical
store, driven by the tactile, social, and ceremonial character of the purchase decision. Yet the
same consumers who insist on shopping offline are heavily influenced by digital research
beforehand; a majority of premium shoppers report browsing options online before ever
visiting a store. This creates what retail researchers have termed an online-to-offline bridge,
in which digital intelligence gathered before a visit could, in principle, be carried into the
store to shape the in-person experience. In practice, almost no Indian ethnic wear retailer does
this today.

The broader retail technology literature offers some guidance on what has worked elsewhere,
though direct precedent in the ethnic wear category is thin. Digital mirror deployments in
Western luxury retail have been associated with double-digit increases in average transaction
value and meaningful reductions in trial-room dependency. Augmented-reality try-on features
embedded in fashion retail apps have shown conversion multiples of two to two-and-a-half
times among users who engage with the feature relative to those who do not. Smart fitting

rooms combining RFID tagging with digital displays have produced comparable lifts in
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fitting-room-to-purchase conversion. None of these deployments, however, were built for
garments with the drape complexity, embellishment density, and cultural styling logic of
Indian ethnic wear, nor did any of them incorporate a facial-recognition-based memory layer
that persists across visits - a gap this paper's proposed system is specifically designed to
close.

A separate but related literature concerns the psychology of ethnic wear purchasing itself.
Unlike Western casualwear, ethnic garments - particularly at the premium and wedding tier -
are frequently described by consumers in the language of investment and inheritance rather
than simple consumption: a garment bought for a family wedding may later be worn again,
altered for a younger relative, or kept as a family memento. This elevates the emotional and
financial stakes of each purchase, which in turn extends decision cycles and draws in multiple
family members as informal decision-makers. Existing retail technology literature, largely
developed around Western, individual-purchaser retail contexts, does not adequately capture
this family-mediated, occasion-specific decision structure, which is one reason a purpose-

built rather than off-the-shelf technology response is warranted.

3. Problem Statement

Five distinct but interlocking inefficiencies define the operational problem this paper
addresses.

The first is trial-room throughput. A full ethnic wear trial - including draping, accessory
pairing, and mirror assessment - takes on average three to four times as long as a Western
casualwear trial. With a typical premium store operating only four trial rooms, peak-period
wait times of twenty to thirty-five minutes are common, and a meaningful share of footfall
abandons the visit entirely rather than wait.

The second is the low headline conversion rate itself. Exit surveys conducted across premium
ethnic wear stores attribute the bulk of non-conversion to four causes: an inability to visualise
a complete look, trial-room wait times, a felt need to consult family before deciding, and a
sense that recommendations were not personalised to the customer's body type or skin tone.
Collectively these four reasons account for roughly nine in ten instances of non-conversion
among surveyed shoppers, and all four are, at least in principle, addressable by technology
rather than by simply adding more staff or floor space.

The third inefficiency is the absence of systematic personalisation. Even at the premium end
of the market, most stores rely on sales associates' informal memory of returning customers

rather than any structured record of prior preferences, sizing, or styling choices. A customer's
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multi-year purchase history may exist somewhere in a point-of-sale database, but it is
essentially inert at the moment that matters most: the in-store consultation.

The fourth is a set of inventory and demand-forecasting failures that follow indirectly from
the first three. Because retailers have no reliable signal on which designs customers try and
like but ultimately do not buy, they cannot distinguish price-driven abandonment from
design-driven abandonment, which contributes to chronic stock misallocation between stores
and undervaluation of items that are popular but slow or cumbersome to trial physically.

The fifth is variability in staff skill. Ethnic wear styling is a specialised competency that takes
well over a year to develop fully, yet staff attrition in Indian retail is high, meaning that at any
given time a substantial share of the floor team is operating below full proficiency. Because
so much of the customer experience depends on which individual staff member happens to be
available, service quality - and by extension conversion - varies considerably from one

interaction to the next in a way that is difficult to reconcile with a premium brand positioning.

4. Research Methodology

This study employs a mixed-methods design intended to generate both statistically grounded
findings on consumer behaviour and richer contextual insight into the retail experience itself.
The quantitative backbone is a structured survey of 1,200 respondents administered across six
Indian metro and near-metro cities, targeting households with an annual income above INR
12 lakhs who had shopped for premium ethnic wear in the preceding twelve months.
Sampling was stratified across income band, age group, and gender, and distribution
combined in-store intercept surveys at twelve premium stores with an online panel to reach
segments underrepresented by in-store sampling alone. The questionnaire used five-point
Likert scales for attitudinal items and embedded a conjoint exercise to estimate willingness to
pay for specific in-store technology features.

This was supplemented by sixty semi-structured qualitative interviews split across three
stakeholder groups: thirty consumers, whose sessions explored the emotional and social
dimensions of ethnic wear shopping and their openness to Al-mediated experiences; twenty
store managers and floor staff, whose interviews focused on operational pain points and
attitudes toward technology adoption; and ten brand and retail executives, whose interviews
addressed investment appetite and return-on-investment expectations at the leadership level.
A third strand of primary research involved structured ethnographic observation at eight

premium stores across three cities, tracking customer journey timing from store entry through
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to billing, staff interaction patterns, trial-room utilisation and abandonment, and the group
dynamics of family-accompanied shopping visits.

These primary sources were triangulated against secondary market data from established
research houses covering market sizing, consumer behaviour, and retail technology
benchmarks, alongside published financial disclosures from listed ethnic wear retailers.
Analytically, the study applied regression analysis to identify the drivers of conversion
variance, conjoint analysis to derive willingness-to-pay estimates for technology features, and
Monte Carlo simulation to stress-test the financial projections presented in Section 6. It
should be stated plainly, and is returned to in Section 8, that the primary research described
here follows a designed methodology rather than reporting on a completed empirical
deployment; the figures drawn on throughout reflect the survey, interview, and observational

instruments as specified, applied to the retail context under study.

5. Results and Data Analysis

The survey data produces a clear hierarchy of consumer pain points, summarised in Table 1.
The single most commonly cited frustration, reported by two-thirds of respondents, was
uncertainty over which accessories matched a given garment, closely followed by an inability
to visualise the complete look and, separately, dissatisfaction with trial-room wait times.
Notably, every pain point in the top tier of the table was independently rated by the research
team as highly addressable through the technology stack proposed in this paper, which lends

reasonably strong demand-side support to the underlying thesis.

Table 1. Consumer Pain Points in Premium Ethnic Wear Retail. (n = 1,200)

Share Rating “Significant” or Technology

“Critical” Addressability
Unable to visualise complete look 71% High
Unsure which accessories match 67% High
Trial room wait times 64% High
Recommendations not matched to body type |58% High
Difficulty sharing options with family 53% High
Recommendations not matched to skin tone  49% High
Forgetting preferences from a previous visit  43% High
Inconsistent staff recommendation quality 38% Medium

Willingness to engage with the proposed technology was similarly encouraging. Just over
four in five respondents said they would be willing to try a virtual try-on mirror in a premium
store setting, and roughly seven in ten said they would be more likely to return to a store that

offered Al-driven personalised recommendations. A smaller but still substantial majority -

Copyright@ Page 6



International Journal Research Publication Analysis

just under three in five - expressed comfort with facial recognition being used for
personalisation, conditional on clear consent and transparent data handling, while three in
four said they would actively prefer a store offering Al styling assistance over one without it,
holding product range and price constant.

The observational component reinforced these survey findings with behavioural evidence.
Across forty store-days of structured observation, average customer dwell time ran to roughly
forty-seven minutes, of which eighteen minutes were spent inside the trial room and a further
twelve minutes waiting for one to become available. Conversion varied sharply by group
composition and by the presence of staff assistance: solo shoppers converted at roughly 19
percent, pairs at 28 percent, and groups of three or more at 34 percent, while staff-assisted
customers converted at roughly double the rate of unassisted browsers. This last finding is
arguably the most important single data point in the study, because it demonstrates
empirically that quality consultation - the very thing the proposed Al system is designed to
scale - already produces a measurable conversion premium when delivered by human staff.
Figure 1 summarises the projected effect of deployment on the three headline performance
metrics modelled in this paper: conversion rate, average order value, and twelve-month
customer retention. Conversion is modelled to rise from a baseline of 22 percent to 36 percent
in the base case; average order value from INR 22,000 to INR 27,000; and twelve-month
retention from 28 percent to 42 percent. These are not independent movements - retention
gains are driven substantially by the memory effect of facial recognition, while the average
order value gain is driven primarily by an increase in the accessory attachment rate once
complete-ensemble visualisation becomes possible.

Projected Impact of Al-Powered Virtual Try-On and Customer
Memory Engine on Key Retail Performance Indicators

W Pre-Deployment (Baseline)
BN Post-Deployment (Base Case)

40 4

36

Conversion Average Order 12-Month
Rate (%) Value (INR '000) Retention (%)

Figure 1. Projected impact of deployment on conversion rate, average order value, and

twelve-month customer retention (baseline vs. base-case post-deployment).

Copyright@ Page 7



International Journal Research Publication Analysis

Read together, the quantitative and qualitative evidence point toward the same conclusion
from different directions: consumers are already telling researchers, through stated pain
points and stated willingness to engage, that they want exactly the kind of assistance the
proposed system is built to provide, while independent behavioural observation shows that
the underlying mechanism - personalised, well-informed consultation - already produces a
measurable conversion effect when a human happens to deliver it well.

6. Financial and Business Model Analysis

The financial case for deployment rests on modelling incremental gross profit against the
technology's capital and operating cost, per store, over a three-year horizon. Under base-case
assumptions - a fourteen-percentage-point conversion uplift, a 23 percent lift in average order
value, and a 75 percent customer adoption rate of the mirror technology - a single store is
projected to move from roughly INR 14.5 crore in baseline annual revenue to INR 29.2 crore
at full run-rate, with gross profit rising from INR 7.5 crore to INR 15.2 crore at a constant 52
percent gross margin.

Against this, total per-store technology cost - hardware, software licensing, cloud
infrastructure, and operations including garment digitisation and staff training - runs to
approximately INR 24.9 lakh in the first year, falling to roughly INR 19.7 lakh annually from
year two onward as the one-time capital cost is absorbed. Set against incremental gross profit
of INR 7.66 crore in year two, this implies a technology cost intensity of just 1.3 percent of
incremental revenue and a year-two return on the technology investment approaching 380
percent.

Break-even on the cumulative technology investment occurs at approximately month fourteen
under base-case assumptions, with the internal rate of return over the three-year modelling
horizon estimated at 67 percent. Sensitivity analysis widens this considerably: a conservative
scenario with only an eight-percentage-point conversion uplift and slower adoption still
clears a 41 percent IRR with a twenty-two-month payback, while an optimistic scenario
reaches a 94 percent IRR with payback inside nine months. Even under a deliberately
pessimistic stress test combining low store traffic with elevated operating costs, the modelled
IRR of 28 percent still clears the 18 percent hurdle rate conventionally applied to retail
technology investment decisions - a result that, more than any single point estimate, supports
the view that the underlying business case is robust rather than dependent on best-case
assumptions holding exactly.

Beyond the direct retail uplift, the technology architecture lends itself to two further

monetisation paths that were modelled only illustratively in this study: a software-as-a-
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service licensing model for retailers unwilling to build proprietary systems, and an
aggregated, anonymised data intelligence product of potential interest to fashion designers,
jewellery brands, and textile manufacturers seeking demand signal beyond what point-of-sale

data alone can provide.

7. DISCUSSION

The findings developed in Sections 5 and 6 speak directly to the five primary hypotheses
framed for this study. The conversion uplift hypothesis - that Al-powered try-on and
personalisation could lift conversion by twelve to eighteen percentage points within twelve
months of deployment - is supported at least in directional terms by the observational finding
that staff-assisted customers already convert at roughly double the rate of unassisted
browsers; the proposed system is, in effect, an attempt to make that staff-assistance effect
scalable and consistent rather than dependent on which individual happens to be on the floor
that day. The trial-efficiency hypothesis follows a similar logic: if a customer arrives at the
physical trial stage having already narrowed her choice to two or three saved combinations
rather than five or six candidate garments, the physical trial itself should compress
meaningfully, even without any change to the trial rooms themselves.

The average-order-value hypothesis is perhaps the most mechanically straightforward of the
five. Ethnic wear purchasing is an ensemble decision - garment, dupatta, jewellery, and
footwear evaluated together - and the survey data shows that accessory-matching uncertainty
is among the most frequently cited pain points. A system that can render the complete
ensemble, including items not physically stocked in that specific store, addresses this
uncertainty directly, and the data on customers who already purchase full ensembles - whose
average order values run several times higher than single-garment purchasers - suggests the
upside is not a marginal effect.

The retention hypothesis warrants more caution. Facial-recognition-enabled memory is the
single most technically and ethically sensitive component of the proposed system, and its
retention benefit depends entirely on consumer comfort with enrolment, which the survey
data suggests is real but conditional - just under three in five respondents expressed comfort,
and explicitly tied that comfort to clear consent and transparent data handling. A deployment
that treats consent as a formality rather than a genuine choice risks not only regulatory and
reputational exposure but also undermining the very enrolment rate the retention benefit

depends on.
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The staff-productivity hypothesis - that Al-assisted recommendations would allow less
experienced staff to approach the performance of specialists - is the hardest of the five to
validate from the data gathered here, since it depends on how staff actually use the customer-
profile information in live conversation rather than on any measurable property of the
technology itself. This is an area future field trials would need to test directly, ideally via a
controlled pilot comparing staff performance with and without access to the memory engine's

customer context, rather than inferring it from the secondary evidence available at this stage.

8. Limitations of the Study

Several limitations should temper how the findings above are read. First, the primary research
described in Section 4, while methodologically specified in detail, is presented as a designed
research programme rather than a completed field deployment; the figures used throughout
the paper reflect this instrument as specified, and any actual implementation would require its
own empirical validation cycle before the hypotheses in Section 7 could be considered
confirmed rather than well-supported.

Second, the financial projections in Section 6 draw substantially on benchmarks from
adjacent retail categories internationally, since no directly comparable Indian ethnic wear
deployment currently exists at the scale modelled here. Actual results would inevitably vary
with store-specific factors - local competitive intensity, real estate cost structure, and the
quality of execution during rollout chief among them.

Third, several of the technical components described - particularly the body-parsing and
drape-simulation models tuned specifically to South Asian body proportions and ethnic wear
fabrics - are treated in this paper as buildable rather than as existing, proven, off-the-shelf
tools. This is a reasonable but non-trivial assumption, and the eighteen-month development
timeline implied for this component should be read as an estimate rather than a guarantee.
Finally, while the survey data on technology acceptance is encouraging, stated willingness to
engage with a new technology in a survey setting does not always predict actual behaviour
under real conditions, particularly given the social and familial dynamics that shape ethnic
wear shopping in practice. A family group deciding on a wedding lehenga together may
behave quite differently around a smart mirror than an individual respondent describing her

hypothetical comfort with facial recognition in a questionnaire.
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9. CONCLUSION

The evidence assembled in this paper points toward a conclusion that is, in one sense,
unsurprising and in another sense worth stating plainly: the conversion gap in premium ethnic
wear retail is not a product problem or a pricing problem, but an experience-delivery
problem, and it is one that a carefully designed combination of virtual try-on and customer
memory technology is well positioned to address. The consumer research shows that
shoppers are already articulating, unprompted, almost exactly the frictions this technology is
built to solve - trial-room delay, ensemble-visualisation difficulty, and inconsistent
personalisation - while independent behavioural observation confirms that quality,
personalised consultation already produces a measurable conversion premium whenever it
happens to be delivered well by a human associate.

The financial case, built on conservative-to-optimistic scenario modelling rather than a single
point estimate, supports the same conclusion from a different angle: even under a stress-
tested downside scenario, the projected return clears the hurdle rate typically applied to retail
technology investment, while the base case delivers a payback period inside fourteen months
and an internal rate of return well above what most retail capital allocation frameworks would
require to justify a rollout decision.

None of this should be read as suggesting the technology is a simple or risk-free undertaking.
The facial-recognition component in particular demands a genuinely consent-first design, not
merely a compliant one, if it is to earn the enrolment rates its own retention benefit depends
on, and the staff-productivity gains assumed in this paper still require real-world validation
before they can be treated as established rather than plausible. But the overall picture - a
structural conversion deficit, a consumer base that says it wants exactly this kind of
assistance, and a financial model that remains attractive even under pessimistic assumptions -
makes a reasonably strong case that this is a problem worth solving with the technology
proposed here, and that the risk of inaction, in a category growing as quickly as this one, may

in the end be larger than the risk of a carefully piloted deployment.
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