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Abstract

Online apparel size recommendation remains difficult because consumers cannot physically
assess garment fit before purchase. It is a multi-dimensional fit evaluation problem, partic-
ularly for complex garments such as jackets, where multiple body areas jointly influence
perceived fit. Existing methods often rely on limited anthropometric measures, heuristic
rules, or behavioral data, restricting both accuracy and interpretability. To address this
issue, this study proposes an interpretable multi-dimensional fit evaluation framework
based on garment ease theory. The framework defines ideal ease as the target fit condition
and quantifies deviations through a segment-based weighting mechanism. Section-level
mappings between body and garment measurements are established, and differentiated
penalties are assigned according to the semantic fit interval of each body area. Section-
specific evaluations are aggregated into an overall fit score (OFS) for candidate size ranking
and Top-K recommendation, while also providing detailed fit feedback. Experiments in-
volving 270 female participants and two jacket styles show high recommendation accuracy,
achieving Top-3 accuracies of 99.6% for the regular-fit jacket and 98.9% for the tight-fit
jacket. Compared with traditional heuristic methods, the proposed approach demonstrates
clear advantages in both performance and interpretability, offering a practical solution that
balances accuracy, transparency, and deployability.

Keywords: apparel size recommendation; interpretability; garment ease; Top-K ranking;
online retail; fit evaluation

1. Introduction

The rapid expansion of online apparel retail has substantially reshaped consumer
purchasing behavior, yet accurate size selection remains a persistent challenge [1-4]. In
the absence of physical try-on, consumers must rely primarily on size charts and product
descriptions, which often provide insufficient information for a comprehensive assessment
of garment fit [5]. In essence, garment fit is a multi-dimensional compatibility problem
arising from the interaction between body measurements and garment structural parame-
ters. Inaccurate size selection frequently results in poor fit and high return rates, generating
considerable economic and environmental costs for retailers while undermining consumer
confidence in online shopping [6-12].

This challenge is particularly pronounced for structured garments such as jackets. Un-
like simple garments that can often be approximated by a single girth-related measurement,
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jacket fit depends on the simultaneous compatibility of multiple dimensions, including
bust girth, waist girth, shoulder width, and garment length. These dimensions jointly
determine both physical comfort and visual proportion. A size that appears appropriate
in one dimension may still perform poorly in another, which highlights the inherently
multi-dimensional nature of jacket fit evaluation. Therefore, effective size recommendations
for jackets should systematically integrate multiple body measurements rather than rely on
isolated dimensional matching.

To address the broader problem of online size selection, a variety of recommendation
approaches have been developed. The simplest and most widely adopted strategy matches
one or two body measurements, typically bust girth and height, to the corresponding
values in a brand’s size chart [13—15]. This heuristic size recommendation method remains
prevalent across e-commerce platforms because it is easy to implement and requires mini-
mal user input. However, its underlying simplification severely limits its effectiveness. By
neglecting dimensions such as shoulder width and waist girth, such systems may produce
recommendations that are acceptable in terms of bust girth but unsatisfactory at other
critical fit points. As a result, consumers may receive garments that are too tight in the
shoulders or too loose at the waist.

More advanced methods have been proposed to alleviate these limitations. Some
platforms employ detailed questionnaires that collect multiple body measurements together
with demographic information, body shape descriptors, style preferences, and prior brand
experiences [15-18]. Others use historical purchase records to infer size preferences from
past consumer behavior [19-22]. A third group of approaches relies on computer vision or
three-dimensional body scanning, enabling body dimensions to be estimated from images
or digital body models [23-25]. These approaches improve either the richness of input
information or the precision of body measurement acquisition. Nevertheless, most existing
methods still formulate size recommendations primarily as a predictive task aimed at
identifying a single optimal size. They rarely model the structural compatibility between
body measurements and garment dimensions in an explicit and systematic manner. In
addition, their decision processes often remain insufficiently transparent, making it difficult
for consumers to understand how specific body dimensions affect the final recommendation.
Consequently, users are given little information about section-specific fit deviations, such
as whether a garment is likely to be tight at the shoulders or loose at the waist.

The assumption that there is always a single objectively optimal size is also inconsistent
with the subjective nature of garment fit. The same consumer may prefer different sizes
across garment styles depending on how the clothing is intended to be worn, and even
within the same style, more than one size may be acceptable depending on individual
preference rather than objective correctness [26,27]. This issue is especially relevant in online
shopping contexts, where consumers often make size decisions under uncertainty and may
value a ranked set of interpretable alternatives more than a single deterministic output.

To address this gap, we propose an interpretable fit-oriented evaluation framework
that reconceptualizes apparel size recommendation as a structured multi-dimensional fit
assessment problem rather than a purely predictive matching task. Instead of attempting
to identify a single “correct” size, the proposed framework quantitatively evaluates the
compatibility between body measurements and garment dimensions across multiple key fit
areas. By modeling fit performance at the sectional level and aggregating these local assess-
ments into an overall fit score (OFS), the framework enables ranked size recommendations
while preserving interpretability. Specifically, the framework introduces the concept of
ideal ease to establish a quantitative mapping between body dimensions and garment
measurements. A segment-based weighting mechanism is further designed to capture the
non-linear influence of dimensional deviations on perceived fit quality. Sectional fit errors
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are then integrated into an OFS, which serves as the basis for ranking multiple candidate
sizes. In this way, consumers receive not only size recommendations but also explicit
feedback on potential tightness or looseness in specific garment regions.

The main contribution of this study is threefold. First, we formulate online apparel size
recommendation as a structured fit evaluation problem and propose a multi-dimensional
scoring framework that explicitly models the relationship between body measurements,
garment dimensions, and style-dependent fit targets. Second, we introduce an interpretable
mechanism based on ideal ease and segment-wise weighting, which allows the system to
reflect non-linear fit perception while preserving transparency at the sectional level. Third,
we construct a ranking-based recommendation strategy that supports Top-K outputs rather
than a single deterministic prediction, thereby offering more practical decision support for
consumers with heterogeneous fit preferences. The effectiveness of the proposed frame-
work is evaluated using real try-on data collected from 270 female participants and two
jacket styles, with analyses focusing on recommendation accuracy, ranking performance,
interpretability, and robustness.

2. Related Works

Apparel size recommendation has been widely studied in both academic research and
industrial practice. Existing methods differ in data source and modeling strategy, but most
still formulate size selection primarily as a matching or prediction task aimed at identifying
a single optimal size. In contrast, garment fit is inherently a structured multi-dimensional
compatibility problem involving the interaction between body measurements and garment
dimensions. This section reviews prior work from the perspectives of measurement-based
recommendation, data-driven prediction, and fit-oriented evaluation.

2.1. Measurement-Based Size Recommendation

Measurement-based approaches remain the most widely used strategy in online ap-
parel retail because they are easy to implement and require relatively limited user input.
These methods typically match anthropometric measurements, such as bust girth, waist
girth, hip girth, height, or shoulder width, against standardized size charts or predefined
rules [10,13]. Some studies further incorporate theoretical ease allowances to account for
comfort and movement requirements [27,28]. To improve size assignhment, several studies
have refined the representation of body measurements through statistical or predictive
modeling [28,29]. Other work has applied regression or neural-network models to estimate
garment dimensions or sizes from a limited set of body measurements [30-33]. Despite
these developments, most measurement-based systems still focus on size assignment or
dimensional prediction rather than explicit modeling of fit compatibility across multi-
ple garment regions. As a result, they often return a single recommended size without
explaining sectional fit differences or ranking multiple acceptable alternatives.

2.2. Data-Driven and Machine Learning Approaches

With the expansion of e-commerce, data-driven methods have become increasingly
important. These approaches typically use purchase records, return behavior, user profiles,
or other behavioral signals to infer suitable sizes through Bayesian models, collaborative
filtering, embedding methods, and machine learning architectures [15,16,18-21,33]. In large-
scale retail settings, such models can capture latent relationships among users, products,
and fit outcomes more effectively than simple rule-based systems [19]. Other studies
extended predictive inputs beyond historical behavior [34-36]. Although these methods
often improve predictive performance, they also have clear limitations. Many depend
heavily on large-scale transaction data and are therefore affected by cold-start issues. In
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addition, they are typically optimized for prediction rather than explanation, which limits
transparency from the consumer’s perspective. Most importantly, they still tend to produce
a single optimal size output, even though an acceptable fit may reasonably span multiple
neighboring sizes depending on style and personal preference.

2.3. Fit Evaluation and Multi-Dimensional Modeling

A smaller body of research has examined garment fit as a structured evaluation prob-
lem rather than a direct prediction task. In apparel engineering and patternmaking theory,
ease allowance is widely recognized as a core determinant of fit, reflecting the dimen-
sional difference between garment measurements and body measurements at specific fit
points [37-40]. These studies emphasize that fit depends not only on absolute body or
garment dimensions, but also on how ease is distributed relative to intended style and
comfort requirements. However, ease theory has rarely been translated into an explicit
computational framework for online size recommendation. Existing studies often discuss
ease in descriptive or design-oriented terms, but do not formally model deviation from a
target ease condition as a ranking or optimization problem. Moreover, the relative impor-
tance of different body areas is seldom represented through explicit weighting mechanisms.
Some multi-criteria decision approaches have acknowledged the multi-dimensional nature
of fit. For example, Li et al. [41] proposed an objective multi-criteria model for protective
clothing size selection using criteria importance through inter-criteria correlation (CRITIC)
weighting. Nevertheless, such work is typically developed for specialized clothing contexts
and does not provide sectional interpretability or ranking-based recommendation output
for online retail settings.

Overall, existing studies tend to address isolated aspects of the problem, such as
anthropometric classification, size prediction, ease allowance, or satisfaction modeling,
instead of integrating them into a unified computational framework for interpretable
multi-dimensional fit evaluation. These limitations point to the need for a framework
that reconceptualizes size recommendation as a multi-dimensional fit evaluation prob-
lem. Such a framework should explicitly model deviation from an ideal ease reference,
allow weighted aggregation across body regions, and generate interpretable ranking-based
size recommendations.

3. Methodology

The proposed multi-dimensional fit evaluation framework is grounded in garment
ease theory and reformulates size selection as a structured fit assessment problem, rather
than a direct classification task. Instead of predicting a single size label, the method
evaluates the compatibility between an individual’s body measurements and the garment
dimensions of all candidate sizes across multiple key fit points. Local deviations are
quantified with respect to a style-dependent reference condition and then aggregated
into an OFS for ranking-based recommendation. The entire framework consists of four
main components: garment ease modeling, ideal ease definition, piecewise fit deviation
evaluation, and OFS aggregation.

3.1. Theoretical Basis: Garment Ease and Style-Dependent Fit

In this study, the concept of garment ease, defined as the dimensional difference be-
tween a garment and the corresponding body measurement at a given fit point, serves as the
theoretical basis for fit evaluation by comparing actual garment ease with style-dependent
ideal ease targets [42—44]. In apparel engineering, this relationship is commonly described
by garment ease, defined as the dimensional difference between garment measurements
and the corresponding body measurements [37,38]. Ease allowance plays a central role in
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size development and patternmaking because it influences both physiological comfort and
visual proportion. Classical studies generally distinguish among standard ease, dynamic
ease, and fabric ease [40,45]. Standard ease refers to the minimum allowance required for
basic activities such as breathing and standing [46], while dynamic and fabric ease account
for movement requirements and material properties. In practical pattern development,
ease may also involve additional components related to material thickness, fabric contrac-
tion, fit requirements, and technological or manufacturing considerations. These factors
are important in garment construction; however, they are not explicitly parameterized as
separate ease categories in the present study. Instead, their combined effects are assumed
to be implicitly embodied in the finished-garment measurements used in the subsequent
fit evaluation.

Theoretical ease ranges provide qualitative references for judging fit states, such as too
tight, tight, just fit, loose, and too loose [39,47]. These ranges are useful in patternmaking
practice, but they do not necessarily correspond to the optimal fit target for a specific
garment style. For example, a regular-fit jacket and a tight-fit jacket may both satisfy
general ease requirements while differing substantially in their preferred fit conditions.
Therefore, theoretical ease alone is insufficient for personalized size evaluation in online
retail. To address this limitation, the proposed framework introduces ideal ease, which
serves as a style-dependent target condition embedded within the broader theoretical
ease space.

In the proposed framework, garment measurements refer to finished-garment specifi-
cation measurements used for fit-related evaluation, rather than arbitrary exterior contour
dimensions in a purely geometric sense. For structured garments such as women’s jack-
ets, these measurements may be influenced by silhouette design, material thickness, and
local layered construction in specific product areas. In the present study, such factors
are not explicitly modeled as separate physical variables. Instead, their combined effects
are treated as being implicitly reflected in the finished-garment measurements and in the
style-dependent ideal ease targets used for subsequent fit assessment.

Table 1 summarizes literature-based ease reference intervals used only for the initial
segmentation of the ease domain. These values are not intended to represent universally
standardized garment ease allowances or direct recommendation rules. The final segment
boundaries for each jacket were further adjusted according to garment style and calibrated
through the pilot study (Section 4.1.2).

Table 1. Literature-based ease reference intervals used for initial segmentation (unit: cm).

Dimensions Too Tight Tight Just Fit Loose Too Loose
Bust Girth (b) b<0 0<b<40 40<b<80 8.0<b<120 120<b
Waist Girth (w) w<0 0<w<40 40<w<8.0 8.0 <w<120 120<w
Neck Girth (n) n<-20 -20<n<0 0<n<20 20<n<4.0 40<n
Shoulder Width (s) §<—=3.0 —30<s<-1.0 -1.0<s<1.0 1.0<s5<3.0 3.0<s
Height-based
— — < — — < < <
Garment Length () h<—-10.0 100 <h<-5.0 50<h<50 50<h<10.0 100<h

3.2. Framework Overview

The proposed framework conceptualizes garment size recommendation as a multi-
dimensional fit evaluation problem. Rather than identifying a single “correct” size through
direct matching, it evaluates the structural compatibility between body measurements and
garment dimensions across multiple fit points and ranks all candidate sizes accordingly. As
illustrated in Figure 1, the framework consists of three sequential stages: (1) body-garment
mapping, in which user measurements are aligned with garment measurements at key fit
points; (2) fit deviation evaluation, in which the deviation between actual garment ease and
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style-dependent ideal ease is quantified; and (3) size ranking, in which local fit deviations

are aggregated into an OFS for all candidate sizes.

-

-

Map Body Measurements to Ease Modeling with Aggregate fit scorg rank sizes,
Garment Dimensions Segment-based Weighting and recommendation
Input: Body Measurements \ / Ideal Ease at Each Body Section \ / Aggregate to Overall Fit Score \
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Height Bust Girtl 844 Ideal Ease Error Error Fit Error Fit Error
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Shoulder Width 383 Shoulder Width 0.0 Overall Fit ———
Error Score Top—1 | Size M (OFS=6.5)
Height 169.0 Height Ideal Height 0.0 ——
a Top—2 | Size L (OFS=11.8)
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Garment Size Chart (cm) Top—3 | Size S (OFS=16.9)
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Girth Girth Width Length Fit Error at Each Section @
S
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XL 100.0 94.0 424 65.0 M Y~
4 ©
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v EEx18 |
FEX09 |
FE08 s L; {
3.0 0 40 80 13.0 - -
(Target Population) j K -~ | ) : - GE, (:my K Top-3 /

Figure 1. Framework of the proposed interpretable garment size recommendation method based on
garment ease and ideal ease.

A key distinction between the proposed framework and conventional measurement-
matching approaches lies in the role of the reference condition. Traditional methods often
compare body measurements directly with garment dimensions or size-chart thresholds,
without evaluating whether the resulting ease corresponds to an optimal fit state for a
given style. In contrast, the present framework defines fit quality by the proximity between
actual garment ease and ideal ease. This formulation transforms size recommendation from
a threshold-based matching problem into a deviation-minimization and ranking problem,
while preserving interpretability at the sectional level.

3.3. Body-Garment Mapping and Garment Ease Calculation

To quantify fit compatibility, a mapping is first established between body measure-
ments and garment measurements at each relevant fit point. Let I denote the set of fit points
considered in the recommendation task. In this study, the key dimensions include bust

girth, waist girth, shoulder width, and a length-related body reference derived from height.
(k)
i

denote the garment measurement at fit point 7 for candidate size k, where k € K and K is

For each fit point i € I, let BM; denote the body measurement of the wearer, and let GS

the set of available garment sizes.
The body-garment correspondence can therefore be represented as:

(BM;, GS™),ie Lkek )
Based on this correspondence, garment ease at fit point i for size k is defined as:
GEM = Gs™ — BM,i e Lke K @)

where GEZ.(k) represents the dimensional allowance between the garment and the corre-
sponding body dimension. A positive value indicates that the garment dimension exceeds
the body measurement, whereas a negative value indicates insufficient allowance. Since
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the present study focuses primarily on structured women’s jackets, fabric elasticity is not
explicitly considered in the current evaluation framework.

For most circumferential and linear fit points, this formulation is directly applicable.
Garment length, however, is evaluated differently: body height is used as a body-side refer-
ence index within the adopted size-chart framework to establish correspondence between
body size and garment specification, following common apparel sizing conventions [48,49].
In this context, height is not treated as a direct anatomical length comparable to garment
length, but as an indirect reference for assessing whether the garment length is appropriate
for the corresponding body size range.

Garment ease provides the quantitative basis for evaluating whether a specific size is
physically and visually compatible with the wearer. However, garment ease alone does
not indicate whether the resulting allowance is optimal for a given garment style. For this
reason, a style-dependent target condition is introduced in the next subsection.

3.4. Ideal Ease and Fit Error Modeling
3.4.1. Definition of Ideal Ease

The proposed framework introduces ideal ease as the target allowance associated with
a specific garment style. Unlike raw garment ease, which simply describes the dimensional
difference between a garment and a wearer, ideal ease reflects the preferred fit condition
implied by the correspondence between the human fit model and the garment fit model
embedded in the size chart.

For each fit point i, ideal ease is defined as:

(model)

i

(model)

GL = GS — BM{ 3)

where BMi(mOdel) denotes the body measurement of the human fit model underlying the

size chart, and GSI.(mOdgl)

denotes the corresponding garment measurement of the garment
fit model. Thus, GI; captures the style-dependent target allowance at fit point i.

This definition is important because fit quality is not determined by the magnitude of
garment ease alone. A larger ease value is not always better, and a smaller ease value is not
always worse. Instead, the most appropriate fit is achieved when the actual garment ease

approximates the style-specific target condition.

3.4.2. Fit Error

To measure the deviation between actual garment ease and the target condition, a fit
error term is introduced. For candidate size k at fit point i, the fit error is defined as:

FEY = |GEY — 61,

,iel,keK 4)

The absolute difference is used to reflect the assumption that both insufficient ease
(k)
i

therefore indicates better agreement between the candidate size and the ideal fit condition

and excessive ease represent deviations from the optimal fit state. A smaller value of FE

at fit point i.

With the introduction of fit error, the recommendation framework moves from direct
comparison of garment dimensions to minimizing the absolute deviation between actual
garment ease and style-dependent ideal ease. This provides a more meaningful quantitative
descriptor of fit quality than garment ease alone.
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3.5. Piecewise Fit Evaluation
3.5.1. Ease Segmentation

Although fit error captures the distance between actual and ideal ease, the perceptual
impact of this deviation is not uniform across the entire ease domain. The same numerical
deviation may be perceived differently depending on whether it occurs near an optimal
fit zone or within an extremely tight or loose interval. In addition, different fit points
may contribute unequally to overall size perception. To capture these characteristics, the
garment ease domain for each fit point is partitioned into a set of predefined segments:

P;={Pu,Pp,..., Py} 5)

where P;; denotes the jth ease interval for fit point 7, and #; is the total number of segments
defined for that dimension. The segmentation boundaries are constructed with reference
to theoretical ease ranges, the position of GI;, and the fit characteristics of the target
garment style.

3.5.2. Segment-Based Weighting

For each segment P;;, a weighting coefficient W; is assigned to reflect the severity of
deviation within that interval. The sectional fit score for fit point i and candidate size k is
then defined as:

Fs® = w;; - FEX, if GE® € by (6)

The weighting coefficients follow three principles. First, the segment containing or
closest to GI; receives the smallest weight. Second, weights increase progressively as seg-
ments move farther away from the ideal ease region. Third, extreme tight or loose intervals
are assigned larger penalties to reflect their greater negative impact on fit perception.

This piecewise design enables the framework to capture the non-linear relationship
between dimensional deviation and perceived fit quality. It also provides a direct basis for
interpretable fit labels, since each candidate size can be associated with both a numerical fit
score and a semantic fit interval.

3.6. OFS and Size Ranking

To evaluate the suitability of each candidate size comprehensively, the sectional fit
scores across all fit points are aggregated into an OFS. For candidate size k, the OFS is
defined as:

ors® =Y rs® ke k 7)
i€l

A smaller value of OFS®) indicates better overall compatibility between the candidate
size and the individual’s body measurements. All candidate sizes are ranked in ascending
order of OFS®), and the top-ranked sizes are returned as the recommendation set. In this
study, the top three sizes are reported in order to provide users with both a best match
and nearby alternatives that may better reflect subjective preferences for tighter or looser
wearing styles.

This ranking-based formulation is particularly suitable for apparel recommendation
because fit is not always a single-solution problem. Neighboring sizes may all be acceptable
under different wearing preferences, and a ranked output provides more practical decision
support than a single deterministic label.

3.7. Interpretable Fit Output

Beyond size ranking, the proposed framework provides an interpretable description
of fit at the sectional level. For each recommended size, the following information can be
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reported for each fit point: (1) actual garment ease GE l.(k), (2) ideal ease GI;, (3) fit error FE i(k) ,

and (4) the corresponding ease segment Pj;. These outputs allow the recommendation

)

result to be translated into intuitive fit interpretations. If GEZ.(k is lower than GI;, the

(k)

garment is relatively tighter than the target condition at fit point ; if GE;"’ is close to

GIj, the fit is near optimal; if GEl(k)

exceeds GI;, the garment is relatively looser than the
target condition. Because the segment-based weighting mechanism is explicitly linked
to semantic fit intervals, the system can further generate qualitative labels such as tight,
just fit, or loose for each body region. This interpretability mechanism distinguishes the
proposed method from opaque recommendation models that output only a size label. By
exposing region-specific fit conditions, the framework supports more informed consumer
decision-making and provides a transparent basis for understanding why one size is ranked
above another.

Taken together, the proposed framework converts apparel size recommendation into a
multi-dimensional fit evaluation problem grounded in garment ease theory. By combining
body-garment mapping, style-dependent ideal ease, piecewise deviation weighting, and
OFS aggregation, the framework produces ranking-based recommendations that are both
quantitative and interpretable. This methodological structure also provides a clear basis for
subsequent parameter calibration, ablation analysis, and robustness evaluation, which are
presented in the following sections.

4. Experimental Verification

4.1. Experimental Setup
4.1.1. Data Preparation

To validate the effectiveness of the proposed size recommendation framework, two
female jackets with different fit characteristics were selected as test garments. The first
garment was a regular-fit jacket (Jacket A), available in nine sizes ranging from XS to 5XL.
The second garment was a tight-fit jacket (Jacket B), available in seven sizes ranging from S
to 4XL. The two jackets differed in style, sizing structure, and ease distribution, as shown in
Figure 2, providing an appropriate basis for examining whether the proposed framework
remains effective across different garment-fit conditions.

(a) Jacket A (b) Jacket B

Figure 2. Two jackets used in this study: Jacket A and Jacket B.

A total of 270 female participants were recruited for the study, and all participants
completed the fitting trials for both jackets. Anthropometric measurements were obtained
using a 3D body scanner to ensure measurement consistency and precision. Four body
dimensions were extracted for the experiments: height, bust girth, waist grith and shoulder
width. Here, shoulder width was defined as the biacromial breadth, i.e., the linear distance
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between the left and right acromion landmarks. These four dimensions were selected
because they correspond directly to the measurement items provided in the size charts of
both jackets and constitute the key fit points used in the proposed framework. Table 2 sum-
marizes the descriptive statistics of the participants. The participant sample thus provided
a sufficiently broad anthropometric range for evaluating the proposed recommendation
framework across different size conditions.

Table 2. Basic body measurements of the participants (unit: cm).

Gender Number Dimensions Mean + SD
Height (h) 1629 + 4.4
F 1 270 Bust Girth (b) 85.2+5.5
emaie Waist Girth (w) 70.7 £ 6.1
Shoulder Width (s) 395+1.8

For each jacket, every participant tried on all available sizes in a random order to
reduce potential order effects. After trying on each size, participants evaluated the overall
fit and wearing comfort, and then identified the most suitable size as their preferred option.
This preferred size was treated as the ground-truth label in the validation experiments. All
fitting trials were conducted in a controlled laboratory environment with a temperature
of 22 £ 1 °C and a relative humidity of 50 &= 5%. To minimize external variation, each
participant wore a standardized close-fitting undergarment provided by the research team.
The recommendation performance of the proposed framework was then evaluated by
comparing the ranked output with the participant’s preferred size.

4.1.2. Determination of Ease Segments and Segment-Based Weighting Coefficients

Before the main evaluation, two categories of parameters required by the proposed
framework were specified in advance: (1) the ease segment boundaries for each body
dimension, and (2) the segment-based weighting coefficients used to convert fit error into
sectional fit scores. These parameters were not estimated from the main dataset of 270 par-
ticipants. Instead, they were determined through a combination of garment patternmaking
principles [37-40], theoretical ease knowledge [42—44], and an independent pilot study, so
that the subsequent evaluation could be conducted on a fully fixed parameter setting.

The initial ease segments, including categories such as too tight, tight, just fit, loose,
and too loose, were derived from the theoretical ease segmentation defined in Table 1
of Section 3. These intervals describe the general relationship between ease magnitude
and perceived fit. Because the two test jackets were designed with different fit intentions,
the theoretical intervals were further adjusted according to garment style. This style-
dependent refinement ensured that the final segment boundaries remained consistent
with the intended fit characteristics of each jacket rather than being applied as a single
uniform standard.

To further validate the segment definitions and calibrate the weighting coefficients, an
independent pilot study was conducted with 30 additional female participants who did not
take part in the main experiment. Their anthropometric characteristics were comparable
to those of the main sample, with mean values of 163.5 + 4.4 cm in height, 84.7 7.1 cm
in bust girth, 74.2 + 7.6 cm in waist girth, and 39.3 £ 2.0 cm in shoulder width. This
design ensured that the pilot sample was representative while remaining fully independent
from the evaluation dataset. In the pilot study, each participant tried on all available
sizes of both jackets. For each size, the participant rated the fit satisfaction of the bust
girth, waist girth, shoulder width, and overall length using a five-point Likert scale, where
value 1 indicated very dissatisfied and value 5 indicated very satisfied. In addition, each

https:/ /doi.org/10.3390/ textiles6030075


https://doi.org/10.3390/textiles6030075

Textiles 2026, 6, 75

11 of 21

section was qualitatively judged as too tight, tight, just right, loose, or too loose. These
categorical evaluations were used to examine whether the proposed segment boundaries
were consistent with actual subjective fit perception, while the satisfaction scores provided
the basis for calibrating the segment-based weighting coefficients.

The weighting coefficients were determined by maximizing the Spearman rank corre-
lation between the framework-computed OFS and the corresponding overall satisfaction
rating. During this process, an ordinal constraint was imposed so that the penalty increased
as the garment ease deviated further from the ideal range. The calibration was performed
separately for Jacket A and Jacket B in order to preserve style-specific fit characteristics.
To examine the stability and generalizability of the calibrated coefficients, leave-one-out
cross-validation (LOOCYV) was applied to the pilot dataset. In each fold, the coefficients
were recalibrated using 29 participants and then evaluated on the remaining participant.
The mean absolute Spearman correlation across the 30 folds reached 0.86 + 0.04 for Jacket
A and 0.84 £ 0.05 for Jacket B, with fold-wise values ranging from 0.78 to 0.93. These
results indicate that the calibrated weighting coefficients were stable and generalized well
across pilot samples. However, this generalizability should be understood within the scope
of the present pilot setting only. The weighting coefficients are not intended to represent
universally quantified constants, as their appropriate values may vary with garment type,
fabric properties, wearer characteristics, and usage context. Therefore, when the framework
is applied to other garments or target populations, additional recalibration is required. The
pilot sample size of 30 was determined based on a power analysis targeting a correlation of
0.7 with « = 0.01 and 8 = 0.02, which indicated that at least 21 participants were required.
A slightly larger sample was adopted to provide a margin against possible data-quality
loss and to improve calibration reliability.

4.2. Experimental Implementation
4.2.1. Implementation Procedure

The experimental implementation comprised five steps: (1) determination of the fit
model, (2) calculation of garment ease, (3) computation of fit error, (4) assignment of
segment-based weighting, and (5) calculation of OFS and final size ranking. The same
computational procedure was applied to both jackets. However, the fit model, ideal
ease values, ease segmentation, and segment-based weighting parameters were specified
separately for each garment according to its style and fit characteristics.

4.2.2. Experiment 1: Regular-Fit Jacket A

All 270 participants tried on Jacket A, and the preferred size of each participant was
recorded. Table 3 summarizes both the garment size specifications and the corresponding
human fit model sizes for Jacket A. Garment ease was calculated for each participant-
size pair according to Equation (2) defined in Section 3. Based on the difference between
the human fit model and the garment fit model, the ideal ease values for Jacket A were
determined as follows: bust ideal ease GI? = 6.0 cm, waist ideal ease GI£ = 13.0 cm,
shoulder ideal ease GI* = 0.0 cm, height ideal ease GI* = 0.0 cm.

The fit error at each fit point was then computed, and the resulting values were
mapped to the corresponding ease segments. The segment-based weighting coefficients
shown in Tables 4 and 5 were then applied to obtain the sectional fit scores. Finally, the OFS
for each candidate size was computed by aggregating the sectional scores, and all available
sizes were ranked in ascending order of OFS. The top three sizes were reported as the final
recommendation output.
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Table 3. Garment size chart and human fit model sizes for Jacket A (unit: cm).
Garment Human Fit Model
Size Bust Waist Shoulder  Garment Bust Waist Shoulder Heioht
Girth Girth Width Length Girth Girth Width &
XS 84.0 78.0 37.6 61.0 78.0 65.0 37.6 160.0
S 88.0 82.0 38.8 62.0 82.0 69.0 38.8 160.0
M 92.0 86.0 40.0 63.0 86.0 73.0 40.0 165.0
L 96.0 90.0 41.2 64.0 90.0 77.0 41.2 165.0
XL 100.0 94.0 424 65.0 94.0 81.0 424 170.0
2XL 104.0 98.0 43.6 66.0 98.0 85.0 43.6 170.0
3XL 108.0 102.0 44.8 67.0 102.0 89.0 44.8 175.0
4XL 112.0 106.0 46.0 68.0 106.0 93.0 46.0 175.0
5XL 116.0 110.0 47.2 69.0 110.0 97.0 47.2 180.0
Table 4. Derived garment ease segments for Jacket A (unit: cm).
Dimensions Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6
Bust Girth (b) b<0.0 0.0<b<30 3.0<b<80 8.0<b<11.0 11.0<b<14.0 140<0b
Waist Girth (w) w<—2.0 —20<w<20 20 <w<10.0 100 <w<15.0 15.0 <w<20.0 200 <w
Shoulder Width (s) s<—4.0 —40<s<-20 —-20<s5<00 0.0<s<20 20<s<4.0 40<s
Height-based
Garment Length (h) h<-5.0 —5.0<h<0.0 00<h<5.0 5.0<h<10.0 10.0 <h<15.0 150<h
Table 5. Segment-based weighting coefficients for Jacket A.
. Ease Segment
Dimensions Fit Score &
Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6
Bust Girth (b) FSy, FE, x 3.8 FE, x 3.5 FE, x 1.0 FE, x 0.2 FE, x 1.2 FE, x 1.8
Waist Girth (w) FSy FE, x 3.0 FE, x 2.1 FE, x 0.6 FE, x 0.9 FE, x 1.2 FE, x 1.5
Shoulder Width (s) FSg FE; x 1.0 FE; x 0.8 FE; x 0.6 FE; x 0.2 FE; x 1.1 FE; x 1.5
Height-based
Garment Length (h) FS;, FE;, x 1.0 FE;, x 0.2 FE;, x 0.8 FE;, x 0.9 FE;, x 1.1 FE, x 1.2
OFS

It should be clarified that the term “segment” in this study refers to an ordered
ease interval within the evaluation range of a given body dimension. The numbered
labels 1-6 are used only as interval indices rather than fit scores. They are arranged from
lower-ease regions corresponding to relatively tighter fit conditions to higher-ease regions
corresponding to relatively looser fit conditions. In this study, six segments were adopted as
an application-specific modeling choice to provide sufficient resolution for representing fit
variation while maintaining interpretability for the two jacket styles investigated. Therefore,
the six-segment structure should not be interpreted as a universal requirement, but rather
as a practical setting defined for the present framework.

4.2.3. Experiment 2: Tight-Fit Jacket B

To examine the generalizability of the proposed framework, the same procedure was
applied to Jacket B. The garment size chart and corresponding human fit model sizes of
Jacket B are summarized in Table 6. The ideal ease values for Jacket B were determined as
follows: bust ideal ease GIE = 4.5 cm, waist ideal ease GIE, = 5.0 cm, shoulder ideal ease
GIB = 0.0 cm, height ideal ease GIP = 0.0 cm.
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Table 6. Garment size chart and human fit model sizes for Jacket B (unit: cm).
Garment Human Fit Model
Size Bust Waist Shoulder  Garment Bust Waist Shoulder Heioht
Girth Girth Width Length Girth Girth Width &
S 86.0 73.0 37.5 65.0 81.5 68.0 37.5 155.0
M 90.0 77.0 38.5 65.0 85.5 72.0 38.5 160.0
L 94.0 81.0 39.5 66.0 85.5 76.0 39.5 160.0
XL 98.0 85.0 40.5 66.0 93.5 80.0 40.5 165.0
2XL 102.0 89.0 41.5 67.0 97.5 84.0 41.5 170.0
3XL 106.0 93.0 42.5 67.0 101.5 88.0 42.5 170.0
4XL 110.0 97.0 43.5 68.0 105.5 92.0 43.5 175.0
All calculations followed the same protocol as in Experiment 1, with the corresponding
ideal ease values and the pre-calibrated segment boundaries and weighting parameters
given in Tables 7 and 8. The final recommendation for each participant consisted of the top
three sizes in ascending order of OFS.
Table 7. Derived garment ease segments for Jacket B (unit: cm).
Dimensions Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6
Bust Girth (b) b<0.0 0<b<20 20<b<6.0 6.0 <b<10.0 10.0<b<14.0 140<b
Waist Girth (w) w< —5.0 —50<w<5.0 50<w<10.0 100 <w<15.0 15.0 <w<20.0 20.0 <w
Shoulder Width (s) s<—4.0 —4.0<s5<20 —20<s<0.0 00<s<20 20<s5<4.0 40<s
Height-based h<-100  —-100<h<00 00<h<50  50<h<100 100<h<150 150<h
Garment Length (/)
Table 8. Segment-based weighting coefficients for Jacket B.
Ease Segment
Dimensions Fit Score
Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6
Bust Girth (b) ESy, FE, x 2.5 FE, x 1.8 FE, x 0.2 FE, x 0.9 FE, x 1.2 FE, x 1.4
Waist Girth (w) FSy FE, x 3.0 FE, x 0.5 FE, x 0.8 FE, x 0.9 FE, x 1.2 FE, x 1.5
Shoulder Width (s) FSs FEs x 1.0 FEs x 0.5 FEs x 0.2 FE; x 0.4 FEs x 0.7 FEs x 1.5
Height-based
Garment Length (1) FS), FE, x 1.0 FE, x 0.2 FE, x 0.8 FE, x 0.9 FE, x 1.1 FE, x 1.2
OFS

4.3. Evaluation Metrics

To evaluate the recommendation performance of the proposed framework, three
ranking-based metrics were used: (1) Top-1 accuracy, the proportion of participants whose
preferred size exactly matched the first-ranked recommended size; (2) Top-2 accuracy, the
proportion of participants whose preferred size appeared within the first two recommended
sizes; (3) Top-3 accuracy, the proportion of participants whose preferred size appeared
within the first three recommended sizes. These metrics are particularly appropriate for
garment size recommendation because consumers may often accept more than one size
depending on personal preference for silhouette, comfort, and looseness. Accordingly,
assessing whether the preferred size appears within the top-ranked candidate set provides a
more practically meaningful measure than evaluating only a single deterministic prediction.

In addition to the proposed framework, a comparative evaluation was conducted
using traditional heuristic size recommendation rules commonly used in online apparel
retail. These baseline methods were based on direct matching between body measurements
and garment size-chart intervals. In practical online shopping scenarios, height is often
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used as the primary reference and combined with another measurement such as bust girth,
waist girth, or shoulder width. Specifically, three two-measurement heuristic rules were
considered: height-bust, height-waist, and height-shoulder. For each rule, a participant
was assigned to the garment size whose corresponding size-chart interval contained the
participant’s two measurements. If more than one size satisfied the rule, the nearest size in
the ordered size chart was selected; if no size fully satisfied the rule, the closest available
size was determined according to minimum interval deviation.

For the heuristic methods, Top-1 accuracy was defined as the proportion of partici-
pants whose recommended size exactly matched the preferred size identified in the wear
trial. To enable comparison under the same ranking-based metrics, Top-2 and Top-3 ac-
curacies were computed by extending the heuristic recommendation to include adjacent
neighboring sizes in the ordered size chart. All heuristic baselines were evaluated on the
same participant sample, garment size charts, and preferred-size labels as those used for
the proposed framework.

5. Results and Discussion
5.1. Recommendation Accuracy

The recommendation performance of the proposed framework on the two jackets with
distinct fit characteristics is summarized in Table 9, which reports the Top-1, Top-2, and
Top-3 accuracy across all 270 participants.

Table 9. Recommendation accuracy of the proposed framework.

Garment Top-1 Accuracy Top-2 Accuracy Top-3 Accuracy
Jacket A 77.8% 97.8% 99.6%
Jacket B 73.0% 95.2% 98.9%

For Jacket A, the Top-3 accuracy reached 99.6%, with only one participant’s preferred
size falling outside the top three recommendations. For Jacket B, the Top-3 accuracy
reached 98.9%, with only three participants’ preferred sizes falling outside the top three
recommendations. These results indicate that the proposed framework can effectively
narrow the size search space to at most three options for the overwhelming majority of
consumers, regardless of garment style. The slightly lower performance observed for Jacket
B is likely related to its tighter fit profile. Compared with regular-fit garments, tight-fit
garments provide less tolerance in ease allowance and are therefore more sensitive to small
anthropometric variation and individual preference differences. As a result, the preferred
sizes for Jacket B showed slightly greater variability.

5.2. Interpretable Fit Information

A major advantage of the proposed framework is that it provides section-specific
interpretable fit feedback in addition to ranked size recommendations. For each candidate
size, the framework characterizes the fit at each body section as too tight, tight, just fit,
loose, or too loose, based on garment ease relative to the theoretical and style-adjusted ease
segments. This information is presented together with the ranked size list, enabling con-
sumers to select a size not only according to the recommendation order but also according
to their personal fit preferences. For example, a user may prefer a slightly looser bust or a
more fitted waist, even when multiple sizes are all acceptable. This form of interpretability
is difficult to obtain from conventional size-chart matching or black-box predictive mod-
els. An illustrative example from Experiment 1 is provided in Table 10, which shows the
detailed fit analysis for Participant I across nine candidate sizes of Jacket A.
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Table 10. Size recommendation results and section-specific fit analysis for Participant L.

Size GE, GE, GEs GE, FE, FE, FEs FE, FS, FS, FSq FS, OFS
M 76 125 07 —40 16 6.5 07 40 16 3.9 0.1 0.8 6.5
L 116 165 19 —40 56 105 19 4.0 1.1 95 0.4 08  11.8
S 3.6 85 —05 —90 24 25 05 9.0 2.4 53 03 90 169
XS  —04 45 —17 —90 64 15 17 90 242 45 1.0 90 387
XL 156 205 3.1 1.0 96 145 3.1 1.0 173 174 35 08  39.0

2XL 196 245 43 1.0 136 185 43 1.0 245 222 65 08  54.0

3XL 236 285 55 60 176 225 55 60 317 338 83 54 792

4XL 276 325 67 60 216 265 67 60 389 398 101 54 942

5L 316 365 79 110 256 305 79 110 461 458 119 121 1159

For this participant, the top three recommended sizes were M, L, and S. Among them,
size M achieved the best overall fit, with the main deviation concentrated at the waist. Size
L was generally looser, especially at the waist, whereas size S produced a tighter fit at the
bust and shoulder and a noticeably shorter length. Figure 3 presents the section-specific
fit interpretation of the Top-3 recommended sizes for Participant I. Among them, size
M achieved the most balanced overall fit, size L was generally looser, particularly at the
waist, and size S was tighter at the bust and shoulder with a shorter effective length. This
case illustrates that the proposed framework can explain recommendation results through
localized fit characteristics rather than only outputting a final size label.

Bust Girth Waist Girth Shoulder Width Length
fank M st (125 o) st i
fonk Lo (165 om 15 e tyem)
Rl (5o st e e

I:‘ Tight Ij Just fit ‘:\ Loose :I Too loose

Figure 3. Section-specific fit interpretation of the Top-3 Recommended Sizes for Participant I.

5.3. Influence of Input Indicator Selection

In the proposed framework, the selected body measurements function as the primary
input indicators for fit evaluation. For jackets, bust girth, waist girth, shoulder width,
and height together reflect both circumferential fit and longitudinal body proportion. To
investigate how the choice of indicators affects recommendation performance, additional
experiments were conducted using different combinations of these measurements for
both Jacket A and Jacket B. Based on the structure of the jacket size charts, the tested
combinations were organized into three groups: four-indicator, three-indicator, and two-
indicator combinations. The corresponding recommendation accuracies are illustrated
in Figure 4.
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Figure 4. Recommendation accuracy for different indicator combinations. (b: bust girth, w: waist
girth, s: shoulder width, h: height).

The results reveal a clear overall pattern. For both Jacket A and Jacket B, the full
four-indicator combination achieved the best or near-best performance, suggesting that
incorporating all body measurements corresponding to the garment size chart leads to
more reliable recommendations. This confirms that fit evaluation benefits from a more
complete representation of body shape and proportion, rather than relying on only a
limited subset of measurements. At the same time, the relationship between the number
of indicators and recommendation performance was not strictly monotonic. Although
reducing the number of inputs generally lowered Top-1 accuracy, several three-indicator
and two-indicator combinations still maintained relatively high Top-3 accuracy. This
suggests that different body measurements contribute to recommendation performance to
different extents, and that their influence depends on garment style and fit characteristics.
A closer comparison between the two jackets further illustrates this point. For Jacket A,
which follows a relatively regular fit, combinations involving bust and shoulder tended
to produce stronger performance, indicating that these dimensions play a particularly
important role in recommendation. For Jacket B, which has a tighter fit, waist-related
combinations showed greater importance, implying that waist measurement becomes more
critical under a more body-contoured style. These observations are consistent with the
style-dependent design of the proposed framework and support the use of garment-specific
indicator selection in fit evaluation.

To further assess the effectiveness of the proposed framework, a comparative evalua-
tion was conducted against the traditional heuristic baseline rules defined in Section 4.3.
The comparison results are presented in Figure 5, which reports the results of three heuristic
measurement combinations: Top-1 Accuracy (height-bust), Top-2 Accuracy (height-waist),
and Top-3 Accuracy (height-shoulder).
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Figure 5. Comparison between the proposed framework and the traditional heuristic method.

As shown in Figure 5, the proposed framework consistently outperformed the tra-
ditional heuristic method for both garments across all three ranking-based metrics. For
Jacket A, the proposed method achieved 77.8% Top-1 accuracy, 97.8% Top-2 accuracy, and
100.0% Top-3 accuracy, compared with 40.4%, 64.1%, and 84.8% for the heuristic method.
A similar advantage was observed for Jacket B, where the proposed framework reached
73.0%, 95.2%, and 98.9%, substantially exceeding the heuristic results of 30.7%, 47.0%,
and 66.7%. These results indicate that simple measurement matching is insufficient for
garments with complex fit requirements. Unlike heuristic rules, which rely only on interval
inclusion, the proposed framework explicitly models body-garment correspondence, ideal
ease deviation, and section-specific fit quality. This enables a more robust ranking of candi-
date sizes and improves recommendation accuracy. The two methods also differ in terms
of interpretability. The heuristic approach provides only a direct size output and does not
explain where local misfit may occur. In contrast, the proposed framework generates a
ranked list of candidate sizes together with interpretable fit feedback for each body section.
This additional information gives users more practical guidance when selecting among
acceptable sizes and better reflects the multi-dimensional nature of garment fit.

The results show that the proposed framework can provide accurate size recommen-
dations for jackets with different fit characteristics while also offering section-specific fit
feedback. This suggests that fit evaluation benefits from combining size ranking with
interpretable local fit information, rather than relying only on a single overall size output.
Another important observation is that fit evaluation is style-dependent. The differences
between Jacket A and Jacket B, together with the indicator-combination results, show that
the relative importance of body measurements varies across garment styles. In particular,
tighter garments are more sensitive to deviations in critical sections, whereas regular-fit
garments allow greater tolerance in some dimensions. This supports the use of style-
specific ease settings and weighting strategies in the proposed framework. The remaining
mismatches are likely related to factors not fully captured by body measurements alone,
including individual fit preference, measurement uncertainty, garment manufacturing tol-
erance, and fabric characteristics. These factors may explain why a small number of cases
still differed from the observed size choices. Overall, the proposed framework achieves a
useful balance between recommendation accuracy and interpretability. Compared with
traditional heuristic methods, it provides more reliable size ranking while also giving more
detailed fit information for practical decision-making.
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6. Conclusions

This study proposed a multi-dimensional fit evaluation framework for automatic size
recommendation in online apparel retail. Unlike existing methods that simply output a
single size without explanation, the proposed framework provides interpretable, section-
specific fit feedback together with a ranked list of size options. Specifically, the framework
identifies the key body measurements that significantly influence jacket fit, quantifies fit
errors by comparing actual garment ease with ideal ease allowances, and assigns dimension-
specific, segment-based weights to reflect the varying importance of different body areas.
Based on these components, an overall fit score is calculated, and the top three most suitable
sizes are recommended along with detailed fit information.

Experimental validation on two jacket styles involving 270 female participants pro-
duced several important findings. First, the proposed framework achieved top-three
accuracies of 99.6% for the regular-fit jacket (Jacket A) and 98.9% for the tight-fit jacket
(Jacket B), substantially outperforming traditional heuristic methods, which achieved 84.8%
and 66.7%, respectively. Second, for each recommended size, the framework generates fit
feedback for each body area, enabling consumers to make informed trade-offs according to
their personal preferences. Third, the full combination of bust girth, waist girth, shoulder
width, and height yielded the highest accuracy for both jackets. However, the relation-
ship between the number of indicators and recommendation accuracy was not strictly
monotonic, suggesting that the relevance of each dimension to garment style is more impor-
tant than the sheer number of measurements included. Finally, the proposed framework
consistently outperformed simple measurement-matching approaches across all evalua-
tion metrics, demonstrating that a multi-dimensional weighted approach is necessary for
garments with critical fit requirements.

In the context of the rapid development of apparel e-commerce platforms, the pro-
posed framework also shows strong potential for practical implementation in online apparel
retail. In a real-world size recommendation module, consumer body measurements can
be matched with garment specification data for each size, and garment ease can then
be compared with style-dependent ideal ease targets to generate sectional and overall
fit scores. Instead of returning only a single size, the system can provide multiple can-
didate sizes together with interpretable fit feedback, thereby supporting more informed
purchase decisions, improving satisfaction with online size selection, and helping to reduce
fit-related returns.

Nevertheless, there are still some limitations that should be acknowledged. The
study focused exclusively on female jackets, and therefore, its generalizability to other
garment categories and male populations requires further validation. Moreover, the pro-
posed framework does not explicitly model the effects of material thickness, local layered
construction, or silhouette-related variation, which are only implicitly captured through
the finished-garment measurements and the style-dependent ideal ease targets. Future
research should extend the framework to a wider range of garment categories, incorporate
individual fit preferences, and develop more robust parameter calibration strategies for
different garment styles.
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