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Abstract

Contactless and remote measurement technologies have recently been at the core of the digital
shopping experience, not only for their potential to provide better customization but to revolutionize the
way customers shop - from minimizing returns due to misfits to reducing environmental impact by
producing on-demand. For small-batch retailers, this is key in ensuring minimal waste and streamlining
the consumer journey. From the consumer’s point of view, fit is also an unaddressed issue. After
conducting user interviews on 60+ women, we identified 70% of respondents reported difficulties finding
proper fitting apparel by designers. Reports by Mintel [1] and Deloitte [2] also confirm that the issue of
fit is paramount in the industry. Here we introduce “PS for you”, our Al-powered solution to provide a
fast and scalable platform for designers to obtain reliable measurements and for shoppers to find the
right fit.

Our solution uses computer vision models paired with a proprietary layer of post-processing algorithms
to extract personalized measurements from photos that the user can upload from any device. The
solution is deployed on a serverless CPU using Amazon Web Services (AWS) for easier interoperability
and faster run times.

To test the effectiveness of this approach, we collected 40 images from 20 volunteers of different body
shapes and sizes (including petite, short-stature, and athletic). The system was able to detect
measurements for waist, hips, and bust with an average difference of less than 3% with respect to tape-
measured data. The median difference remained <1in, a significant improvement which is 3x more
reflective of true size than the current universal sizing methods [3].

Working on this technology allows us to foster a new connection between shoppers interested in
customization, sustainability, and comfort and designers who are interested in decreasing returns,
eliminating waste, and understanding more about their consumers. Technology will not just help but
can create opportunities to build new systems, without heavy manual support that connects and fosters
experiences anywhere in the World. By using the right technology and data, responsibly, we’re building
a product that will open up opportunities in connected markets as well as enhancing existing ones.

Keywords: Machine learning and artificial intelligence for 3D body modeling and processing, Portable
human body measurement systems, Apparel and fashion, Custom apparel, Digital anthropometry

1. Introduction

Computer vision applications are already pervasive in our daily lives: from the ability to unlock our
phones with our eyes to uploading credit card information by scanning technology [4]. Recent
advancements have allowed a number of applications to benefit from this technology, as seen in popular
use cases across remote surveillance and robotics [5]. As a general definition, computer vision is the
ensemble of mathematical and computational techniques to recover properties of the physical world,
such as shape, illumination, and color distribution, from images [6]. In retail, most advancements have
been focused on packaged goods with the goal of reducing inventory [7] and automating, both, shelf-
stocking [8] and checkouts [9]. When analyzing the more narrow sector of fashion and online shopping,
potential applications of computer vision range from item retrieval and suggestion, to style learning and
compatibility, to physical simulation and virtual try-ons [10].

All the above applications can be enhanced by layering on accurate sizing technology. The business
value of reducing returns in the industry has been estimated at a potential savings of up to $20B [11].
By developing a computer vision application focused on body measurement, brands can directly
address the number one issue leading to returns...sizing.
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Currently, mass-produced clothing still relies on statistical studies that started in the 1940s [12], with
the most recent updates in the 2010s [13]. This, in addition to vanity sizing, has contributed to the
unreliability of the sizing system today [14]. As bodies in the US are changing, standard apparel sizing
has become increasingly obsolete: with the indisputable rise of online shopping, this has become a
major barrier to the user experience. In addition, women of “diverse” sizing cohorts (plus-size, petite,
disabled, etc.), who are the majority of women in the US, are often left with a very limited selection of
clothing that doesn't fit or exude their style [15]. This, in turn, can affect confidence and, ultimately,
happiness as shown in multiple research studies [16], [17]. The current fashion environment forces a
majority of women to feel unseen, unheard, and less confident [18], [19], while more personalized
experiences, for instance through the use of avatars, have been shown to have a neutral effect [20].

In the US, custom or bespoke clothing is most commonly seen applied to wedding dresses or men’s
suits, as opposed to other countries where tailoring has deep roots entrenched in culture and even
symbolizes prosperity or luxury [21]. Despite this, the search for opportunities to provide value for
customers through customization, and using technology to manage realistic benefit-cost ratios for both
the producer and the customer, has been active and proven successful for some time now [22]. With
recent advancements in the field of Al, the issue has now become that of ensuring technology can
continue to support this transition to mass customization without the risk of perpetuating prejudice and
biases.

To this end, using body scanning can provide a truly personalized solution that is fully tailored to the
customer. Body scanning technologies are currently being used in both research and commercial
settings. There is a variety of 3D scanners available at a wide range of prices, as well as mobile
applications such as MySizelD, 3DLook, and Me Three Sixty that can be used without the need for
hardware [23]. These technologies have the potential to revolutionize the customer experience,
however, they are often monolithic systems, have limited functionality, were developed with traditional
sizing methods as a baseline, or come at too high a cost for small businesses to utilize. We are focusing
on developing a solution that can easily be integrated into small businesses’ online stores and is not
dependent on traditional sizing methods: each size is fully personalized to the customer.

At The PS Collective, we are developing a modular technology using computer vision algorithms to
estimate body measurements used by businesses to create bespoke clothing. Our “PS for you” system
is built as an API that can be easily integrated into other platforms used frequently by our
designers/brands, such as Shopify. After users submit two photos, the core function, built using
computer vision models, recognizes the body shape and key points along the body, then applies post-
processing algorithms to extract 24 body measurements. In order to enable easy deployment of this
technology in current fashion designers’ websites, we packaged the system as a cloud API using
Docker, AWS Lambda, and Gateway.

In this paper, we describe the development of the solution: the method section outlines the product
ideation and development process, with a focus on the Al models and cloud infrastructure used; the
following section describes the process of data collection for testing with details on the demographic of
the sample used; the results section presents data on selected metrics used for this first validation of
the system, and finally, we conclude with key insights and future improvements.

2. Method
2.1. Background Research

In our discovery phase, we interviewed a sample of 60 individuals to assess the current demand for
body scanning technology for remote body measurement. Of the 57 individuals in the sample who
identified as women, 95% agreed that they would pay more for brands that fit and 71% are interested
in sizing tools to help ensure a proper fit.

2.2. Al Algorithms

Given interest in such a system to aid in the online shopping experience, we focused on finding existing
open-source algorithms that could be adapted and expanded for this purpose. The algorithms that
output key points and contours in our application are available on Tensorflow and PyTorch. To adapt
these technologies for our purpose, we developed a layer of post-processing functions working in
collaboration with designers using OpenCV and Python. This work resulted in an Al application able to
detect, from two input images, a range of reference measurements used in traditional tailoring and
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bespoke design, outlined in Figure 1. This selection of measurements was shortlisted after interviewing
30 sustainable designers who shared with us the measures they would normally take if preparing
custom pieces. For the purpose of this study, we are focused on the traditional bust-waist-hips
measurements for validation of the technique.
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Figure 1: Set of measurements detected by the PS for You system
using image segmentation, keypoint detection, and a proprietary
post-processing set of algorithms.

Currently, most size recommendation technologies use big data to infer customers’ size based on
historical purchases made by similar users [24]. The difficulty in this approach is that body shapes
present high variability, even when many data points are equal: customers of the same height, weight,
and age could have very different body shapes, other-abilities, preferences, and other factors that
contribute to wearing different sizes. Despite minute shifts in improved user experience, the difficulty in
generalizing audiences causes an even larger limitation [25]. Our approach targets full personalization,
made possible by the latest enhancements in mobile digital cameras and the development of accurate
computer vision techniques. Instead of inferring size based on data generated by the same flawed,
standardized system, we are using novel techniques that allow estimating the size based on actual
shoppers’ data.

2.3. Cloud System

The next step in the development of our solution was to ensure easy deployment and integration into
existing applications. In order to achieve good performance under these aspects, we developed a cloud
API. Using Amazon Web Services (AWS), we were also able to design a serverless solution that
provides a more cost-effective alternative to a setup that uses a computing instance running on the
cloud continuously. The system is a single-purpose application that leverages Lambda, Gateway, and
S3. Machine learning templates available within AWS SAM accelerated our development process. The
Al capabilities are achieved through the use of Python and relevant libraries (OpenCV, PyTorch, and
Tensorflow), all containerized in a Docker image. Despite having a heavy code base (450 MB), we were
able to deploy on Lambda using containerization with Docker. The full data pipeline is summarized in
Figure 2.
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Figure 2: Using AWS cloud services we implemented a cost-effective and
robust system to deploy the computer vision models that infer body
measurements from customers’ images.

The API takes the following inputs: URL links to two full-body images (front and sideways) of the
customer, height and bra size. Through AWS Gateway, the API calls the models that are stored on
AWS Lambda and run on serverless CPU, taking approximately 7 minutes to complete. The results are
saved on AWS S3 and can be accessed from any application.

AWS Lambda provides a cost-effective, scalable, and robust system to deploy computer vision models
that can run on CPU for inference [26].

3. Data

In order to test our system, we collected full body front and sideways input images, along with height,
bra size, and bust-waist-hips measurements for 20 volunteers who self-identified as female and gave
informed consent to the use of their anonymized data (a total of 40 images was collected with
corresponding tabular data). A summary of the data collected for each volunteer is shown in Figure 3.
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Figure 3: Example of the data collected. Only the two images, height and bra
size are requested to the customer, while the bust-waist-hips measurements
are used for validation.
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Eighty percent of the data (16 data points) was collected through the platform prolific.co [27], while the
remaining was gathered in person. Prolific is a platform used for research that lets researchers select
the profile sought for a certain survey or data collection, and reaches out to thousands of contributors
online. The average height was 164.85cm, with a minimum 150cm (4ft 11in) and a maximum of 178cm
(5ft 10in). In comparison, the average height of an American woman is a few centimeters shorter than
in the sample used for this study, at 161cm (63.5in) [28].

As shown in Figure 4, the height of the participants was skewed towards the petite size, while the bust,
waist, and hips measurements generally gravitate around what would be considered a size Small.
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Figure 4: histograms of the data collected from 20 volunteers. From top left to bottom right: a) height of the
participants in feet (1ft = 30.48cm) b) bust, c) waist, and d) hips measurements in inches (1in = 2.54cm).

4. Results and Discussion

Images and height were used as input data to the algorithm, while measurements provided by
volunteers for bust, waist, and hips were used for evaluating the algorithm’s performance. We selected
bust, hips, and waist measurements as these are the most commonly used in traditional sizing systems.
The average difference between Al-generated measurements and tape measurements was less than
3% and less than 1in. A summary of the results is shown in Table 1.
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Table 1: summary of the differences between Al-generated and tape-measured data
for the 20 volunteers included in this study.

Bust Waist Hips
Median Difference (in) 1.00 0.70 1.00
Average Difference (in) 0.91 0.99 1.05
Average Difference (%) 2.54% 3.28% 2.69%
Max Difference (in) 2.60 2.40 2.29
Min Difference (in) 0.00 0.10 0.10

It is worth mentioning that the maximum differences occurred when the user was wearing clothing that
had creases, when the lighting was not well diffused (creating shadows around the main image), when
the background was extremely cluttered, and that we excluded low-quality images from the study.

The tests performed in this study have shown the importance of good quality images being uploaded
by the users. Current mobile devices, generally, have cameras producing images of 3000x4000 pixels,
which is a good resolution for this type of application.

On the user experience front, this means the risk of lower image quality is mainly linked to external
factors, such as clothes worn, type of lighting, body pose, and position of the phone. A good user
interface for this type of application will ensure that customers are given enough information to enable
them to take quality photos. User experience is paramount when introducing novel digital technologies,
as highlighted in previous research studies [29].

From the designers’ point of view, the ability to capture measurements that are within one inch from the
customer’s body shape enables a more efficient process going from purchase to finished product.
Compared to traditional sizes, which can be misleading and result in up to 3 inches difference to the
actual measurements [3], this method can be a much better enabler of remote systems for clothing
production.

5. Conclusions

At The PS Collective, we are creating an inclusive marketplace that wants to highlight women'’s
individuality and style by connecting them with designers who manufacture bespoke and small batches.
To achieve this, we are using “PS for you”, our inclusive computer vision and Al technology that
identifies body measurements designers can use to create custom pieces. This solution is built as an
API that can be easily integrated into other platforms, making it highly customizable and available on
the cloud at a reduced cost.

By addressing size inconsistency and reliability with online marketplaces, we aim to promote inclusive
design and sustainability: the introduction of innovative sizing methods that are adaptable to each
individual will reduce the issue of returns, consequently reducing waste.

In the future, we not only want to further improve the accuracy of our models, we'd also like to partner
with 3D design software to further automate the process for the designer. This will limit room for human
error in manipulating patterns for different body measurements. We will then also be able to use those
digital renderings to create a truly immersive and personalized experience for the customer.
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