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Abstract

Augmented Reality (AR) has been heralded as the next
frontier in retail, but so far, has been mostly used to ad-
vertise or market products in a gimmicky way and its true
potential in digital marketing remains unexploited. In this
work, we leverage richer data coming from AR usage to
make re-targeting much more persuasive. Based on the
user’s purchase viewpoint visual, we identify existing ob-
jects/products and recommend products which are stylisti-
cally similar to those identified objects and color compat-
ible with the background in the viewpoint. We also embed
the recommended products in the viewpoint at the identified
objects’ location with similar pose and scale. This makes
the recommendations much more personalized and relevant
which can increase conversions. Evaluation with user stud-
ies show that our system is able to make better recommen-
dations than tag-based recommendations, and targeting us-
ing the viewpoint is better than that of usual product cata-
logs.

1. Introduction

Embedding reality in consumers’ online shopping expe-
rience has been heralded as the “next frontier for retail” and
the coming of “v-commerce”. V-commerce enables a con-
sumer to overlay a virtual product on the real-world envi-
ronment to judge its compatibility prior to purchase. Exam-
ples include the use of hand-held devices to virtually “try
on” furniture/shoes before purchase1. AR applications have
drawn significant attention in academics [4] and industry1.

However, these works ignore consumers’ preferences
necessary to enhance user experience in AR [9]. The pro-
posed approach introduces a robust framework to model vi-
sual data generated by AR-based retail apps for targeting.
Prior targeting approaches only use information from users’

1www.tinyurl.com/ycvydl89, www.tinyurl.com/yca5krvm

profiles [6], and textual description (content-based model)
[11].

A typical AR-based v-commerce app would enable a
customer to “tryout” the desired product like chair on a
background of her living room. She can either (i) place
different chairs on the background, or (ii) move the back-
ground around to check the compatibility from different
viewing angles. We define viewpoint, to represent the vi-
sual at which the consumer judges the compatibility of the
virtual product with the surrounding real world environ-
ment. The viewpoint holds information previously unavail-
able from the web-based browsing data, and provides the
basis to identify existing products and suggest products sim-
ilar to the existing ones but with better color compatibility
with the background. Also, for enhanced targeting, images
of recommended products embedded in viewpoint replacing
the identified product/object can be sent.

This paper makes contributions in advancing targeting
through AR applications data by:

• Creating persuasive recommendations based on ob-
jects/products already present in the user’s surround-
ings represented by the viewpoint.

• Creating personalized catalogues by embedding rec-
ommended products in the viewpoint at the location of
identified objects with similar pose and scale.

2. Related Work
The deployment of AR in v-commerce enhances con-

sumer experience, as well as provides rich interaction data.
The source of AR-based data could be eye-tracking [14],
head tracking [15], hand gestures [17] or GPS locations
[12]. There has also been significant investment by in-
dustry2 in AR apps. While the IKEA AR catalog app al-
lows customers to have a virtual preview of furniture, Ray-
ban’s Virtual Mirror enables the consumer to try virtual sun-

2www.ikea.com, www.ray-ban.com
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Figure 1. Screenshot frame (left), Camera frame (middle), Identified relevant objects (right). We use only the black armchair for the purpose
of recommendations.

Figure 2. Some of the embedded images.

Figure 3. Final Retargeting Images having Embedded Recommen-
dations.

glasses. The rich visual data collected by these apps would
help in enhancing consumer experience [7].

In particular, customer viewpoint during an AR app ses-
sion offers several insights into her preferences. The metric
for viewpoint has varied definitions in the literature across
different contexts. Vazquez et al. [20] define viewpoint
entropy to compute good viewing positions automatically,
while [3] shows how to automatically select the most rep-
resentative viewpoint of a 3D model. An evaluation of the
view selection algorithms has been conducted in [5]. How-

Figure 4. Baseline Recommendations.

ever, none of these methods use data from AR-enabled sys-
tems for viewpoint selection. [7] is one such work that uses
a statistical model to select the viewpoint with the highest
likelihood of influencing the consumer’s purchase.

The customer viewpoint provides a unique advantage to
the proposed system over the traditional recommendation
systems [2]. The contextual recommendation in [18] ex-
ploits users ratings and ontology-based content categoriza-
tion schemes. Wroblewska et al. [21] rely on images and
extract color and texture information to find visually similar
items. Our approach can ingest all such data, when avail-
able. In addition, the novelty lies in the ability to use view-
point information to enrich the recommendation.

3. Methodology
The proposed method consists of two stages: (a) View-

point Selection (b) Catalog Creation.

3.1. Viewpoint Selection

In Section 1 we defined viewpoint as the visual (image)
at which the consumer judges the compatibility of the vir-
tual product (3D model) with the real world surroundings.
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There are two challenges that make viewpoint selection dif-
ficult: (i) the high volume of images that result from a
consumer’s session, and (ii) identification of augmented vi-
sual(s) from among these sequentially viewed images that
the consumer prefers. We use the method employed in [7]
to uncover the preferred viewpoint for the consumer. It se-
lects the preferred augmented visual by analyzing the in-
teraction of the consumers and the time stamps at which
images (frames) are rendered on the app during a session.

3.2. Catalog Creation

After obtaining the viewpoint, the second step is the cat-
alog creation. For illustration purposes, let the final out-
come of our viewpoint selection model be the two (left and
middle) images shown in Figure 1. On the left is the AR
viewpoint which embeds the virtual table (screenshot im-
age). On the middle is the background viewpoint (the cam-
era image). Unlike [7], we intend to replace an already ex-
isting product in the viewpoint with better products. [7]
recommends products in place of the one being augmented
by the user. The workflow of the recommendation system
is as follows:

3.2.1 Object Identification

To create recommendations based on visual information,
relevant objects (i.e furniture objects in our case) present in
the viewpoint need to be identified (see the right image in
Figure 1). We have used Region-based Convolutional Neu-
ral Network (R-CNN) [19] which takes as input an image
and returns object proposals (bounding boxes) with confi-
dence score and object label. In the running example, we
consider the black armchair for replacement with better rec-
ommendations.

3.2.2 Alignment of best matching 3D model with an
identified 2D object

To create the catalogue, the style and pose of relevant iden-
tified objects in the viewpoint is required. For each such
object category (for example, chair, sofa, table, etc.), we
use an exemplar part based 2D-3D alignment method [1] to
find the best matching 3D model from the repository along
with their pose and scale in the viewpoint image. For the
identified black armchair in the viewpoint, we find the best
matching 3D model (in terms of style) along with pose and
scale and store it for the subsequent steps.

3.2.3 Style Similarity

To rank recommendations based on their relevance to the
user, one criteria that is considered is the “Style Similar-
ity” of a candidate with the identified object. The intuition
behind this is that the customer may prefer objects that are

structurally similar to the existing model of the identified
object. We use the algorithm presented in [13] for this
task. We run the algorithm for every candidate model in
our repository so as to calculate its style similarity with the
identified object/product. For the ith candidate, if di is its
distance from the identified object model, then we associate
a normalized score αi denoting its style similarity on a scale
of 0 - 1 as αi = 1/(1 + di).

3.2.4 Context Aware Removal of Identified Objects
and Embedding Recommendations

Next, we know the bounding region for the identified object.
We find the precise object mask and remove the object using
context aware fill and subsequently embed stylistically sim-
ilar 3D models present in the repository on the viewpoint at
the same location with same pose and scale obtained from
the previous step (see Figure 2).

3.2.5 Color Compatibility

Another criteria for ranking the recommendations that is
considered is the “Color Compatibility” of a candidate
model with the background of the user’s purchase view-
point. To calculate this compatibility measure, we first ex-
tract a theme of five colors from the images created in the
previous step. This step is done to get a sense of the dom-
inant colors that may attract the attention of the customer.
We have used the model presented in [16] which is based
on minimizing an objective function that attempts to rep-
resent or suggest an image while also being highly rated.
For the ith candidate, if ti is the extracted theme and r(ti)
is the rating of the theme, then we associate a normalized
score βi denoting its color compatibility with the viewpoint
on a scale of 0 - 1 as βi = (r(ti) − 1)/(5 − 1). The user
based rating ranges from 1 to 5. Hence, for standardization
purposes, the score involves subtracting the rating by min-
imum possible rating and then dividing it by the difference
of maximum possible rating and minimum possible rating.

3.2.6 Overall Score

After devising two normalized scores associated with each
possible recommendation as,

• αi - denoting its style similarity to the best matching
model

• βi - denoting its color compatibility with the user’s
purchase viewpoint

we formulate an overall score γi associated with the ith
candidate, assuming it to be a linear combination of the
above two scores, i.e., γi = w1 ∗ αi + w2 ∗ βi
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Where, w1 denotes the weight of the style similarity and
w2 denotes the weight of the color compatibility. To com-
pute the weights, we use the Rank-SVM algorithm [10] that
employs pair-wise ranking methods. The input to this algo-
rithm is ground truth ranking of the objects having certain
scores. It finds out the weights corresponding to each of the
scores denoting their importance in ranking. We use a sim-
ilar approach as [7] and got w1 = 0.21, and w2 = 1.65, with
cost = 3.5, an accuracy of about 73.19% over validation set
and an accuracy of 57.21% on the test set. The magnitude of
weights denotes the importance of the features in the rank-
ing (preferences). This also tells us that color compatibility
was preferred by the users over style similarity.

3.2.7 Final Recommendations

After computing an overall score for each candidate rec-
ommendation, embedded images are ranked based on their
overall scores γi. We select a fixed number of top ranked
images that are to be included in our final catalog (see Fig-
ure 3).

4. Evaluation
We evaluate our approach by having humans compare

3 recommendations from our model (Figure 3) with base-
line recommendations based on description similarity [8]
(see Figure 4). The users were asked to rate each image
as Good, Fair or Bad on the following two questions: a)
What would be a good recommendation with respect to the
identified black armchair in the given living room? (Fig-
ure 3 and Figure 4) b) How much engaging the image is
containing the recommendation if they were to be sent as
email for retargeting purposes? (Figure 3 and Figure 4).
We collected 12 responses for each image for each of the
above two questions. For the first question (Figure 5 and
Figure 6), we found that 87.5% of the times images from
our model were rated as either Good or Fair based on how
good the recommendations were. Whereas, only 52.083%
of the times images from baseline were considered as Good
or Fair on recommendations grounds. For the second ques-
tion (Figure 7), 93.75% of the times images from our model
were rated as either Good or Fair based on how engaging
the images were for retargeting purposes. Whereas, only
37.5% of the times images from baseline were considered
as Good or Fair on how engaging the images were.

5. Conclusion
We create a novel consumer targeting system through

modeling the AR-based data. Study tells us that our ap-
proach not only produces better recommendations, based on
identified objects in the viewpoint, design similarity with

3Internal user study

Figure 5. User ratings for recommendations from baseline.

Figure 6. User ratings for recommendations from our model.

Figure 7. Difference between retargeting engagement of recom-
mendations from baseline (Left) and our model (Right).

those identified objects and color compatibility with the
background, but also the recommendations embedded in
the viewpoint at the identified objects’ locations with sim-
ilar pose and scale are much more engaging than the usual
product images. In future, we plan to deploy this system for
comprehensive evaluation, as well as study other context
parameters to further enrich the experience.
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