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1. ABSTRACT

The amazing growth of the online business has had a strong impact on brick and mortar
stores due to the ease and efficiency of online transactions. Internet marketers can easily
predict the sales trend of a product by analyzing the contact data collected when consumers
scan web ads, save product items on e-carts, and make purchases. However, in the case of
brick-and-mortar stores, an effective system to assist retailers in obtaining useful information
for predicting product trends does not exist. This study introduces a radio-frequency
identification (RFID)-based system to help offline retailers find and analyze contact data
between customers and products during the sales process. In particular, the IDP can be
expanded based on the contact details received. If sellers find that an item is popular with a
high IDP value, they can keep it on top of it and advertise or recommend relevant information
by displaying in their stores to improve sales volume; otherwise, they may arrange for the sale

of the permit to reduce the chance of overcrowding.



2. INTRODUCTION

2.1. DESCRIPTION

Today, e-commerce is a primary driver of global retail sales growth, particularly in India.
According to a report, online shoppers in India are expected to reach 220 million by 2025.
This growth is fueled by mobile apps and better logistics networks, which have helped e-
commerce companies reach new customers in smaller cities. Furthermore, e-commerce
market retailers can easily predict product sales trends by collecting and analyzing big data
when customers explore web advertisements, save products in e-carts, and perform purchase
actions. Based on these big interaction data, retailers can efficiently optimize marketing by
methods such as increasing stock and advertising for popular items, organizing clearance
sales for outdated products, providing personalized service for customers. E-commerce and
consumer internet companies in India received more than US$ 7 billion in private equity and
venture capital in 2018,led by Flipkart,Amazon india and Paytm Mall. In the face of the
online business boom, brick and mortar retail business in India shows a contrasting situation:
thousands of brick and mortar retail shops closed during 2015, and the revenue in this
segment has been declining continuously for several years, particularly for small shops. An
Increasing via e-commerce after reviewing and comparing them at brick and mortar shops.
The brick and mortar shop is gradually transforming into a commaodity exhibition place
because the price of a commodity in online shops is typically less than in brick and mortar

shops.



2.2. PURPOSE

Under such difficult market conditions, we aim to help brick and mortar shop retailers—who
cannot easily access and analyze big interaction data—develop their sales strategies.
Typically, these shops are small and located in smaller cities; therefore, the offline
interaction data become a crucial resource that can help upgrade their marketing efforts. In
this article, we propose an IDDS based on IDSense . The interaction data mentioned here
represent the customer behavior information obtained when customers compare and select
products during the sales process. Our proposed IDDS assists retailers in obtaining offline
customer behavior information, including product browsing (PB), product checking (PC), tag
touching (TT), and product trying-on (PT). Table 1 lists the offline interaction data and
corresponding online shopping behaviors. Similar to online interaction data, offline
interaction data can also be used to indicate the IDP and the product’s sales trend; retailers
can then develop their sales strategies in a targeted and timely manner according to the

analytical results returned by the detected data.



Offline interaction data Online interaction data Notation
number of PBs,PCs,andTTs Number of web advertisements | Fa

Views
Time duration of Time duration of exploring T
PB,PC,TT,andPT advertisements webpages
Number of PTs Number of product items ine- | Fb

cart
Number of successful offline No. of successful online Nt
transactions transactions
No. of customers No. of web page visitors Nc
Number of customers who Number of webpage visitors Np
purchased commodity who purchased commodity
Offline purchase rate Online purchase rate R=Np/Nc

Table 1. Offline interaction data corresponding to online interaction data




2.3. SCOPE

To test our proposed IDDS, we will apply it at brick and mortar shops. The test results
indicate that the product sales prediction and actual sales amount are proportional to the IDP,
thus verifying the efficiency of our proposed IDDS. The proposed IDDS can correctly record
customer’s behavior information and accurately reflect their interest in the products.
Furthermore, our proposed sales prediction model based on the IDP and previous records can
effectively convey the actual sales amount of products to the shop retailers. Our IDDS and
sales prediction model can not only help shop retailers save money by decreasing the
probability of product overstocking, but also enhance their sales records by guiding them in
creating suitable sales strategies. Customers also benefit from the IDDS, as it enhances their
shopping experience; an interactive digital display placed near the product’s location in the
store can be used to learn more about the product of interest. Related products can also be

advertised through these displays, to provide more choices for customers.



3. EXISTING SYSTEM

3.1. LITERATURE SURVEY

X. Su, R. Gu, G. Han and D. Choi,in IEEE Consumer Electronics Magazine, vol. 6, no. 4,
pp. 57-63, Oct. 2017. doi: 10.1109/MCE.2017.2714422

we present our proposed IDP generation method with offline interaction data. First, we
divided the interactions into two groups, i.e., strong interactions and normal interactions. The
strong interactions include the customer behaviors PT and TT, which reflect strong customer
interest in a product. The normal interactions include PB and PC, which indicate slight
customer interest in a product. Next, for a product item i, we define IDP based on three
parameters,i.e., 1(1)=1S(i)+1F(i)+1T(i),where IS(i) is given by IS())={1, PT or TT is detected
&{ 0, otherwise. IF(i) defines the normal interaction frequency for the detected times of PC
and PB corresponding to the ith product item during time T, and IT(i) represents the normal
interaction frequency for the detected PT and TT of the observed ith product item over time
T. Note that product complexity weights should be used to adjust the last two parameters.
This is because, for example, the complexity of a laptop with a complicated operation
manual is higher than that of a T-shirt. In particular, the IDP value defined in this study was
accumulated during time T, i.e., the IDP update cycle. . For example, a dress that is popular
this year may be outdated next year; therefore, retailers should set time T according to the
product classification. Thus, the product classification according to characteristics such as
usage, suitable customers, and brand attributes should be meticulously considered in the
development of sales strategies. During our research, we applied a genetic algorithm based

on to classify product items, and we used an IDP update algorithm to calculate the IDP based



on classification, adapting the sale seasons and fashion trends accordingly. After performing
the aforementioned steps, we mapped the IDP values based on product classification via
Cartesian coordinatesas illustrate in fig 1. The IDP values and previous sales records are
used to predict future sales trends. For the ith product item in the (P+1)th sales stage, the
sales trend is predicted by F(I,P+1)=(1+d(1,P))T(l,P) to the power of K.(I(1,p)/I(l,p-1)),where
T(l,p) denotes the sales volume of the pth sales stage, d(i,p ) represents the ratio between the
sales volume in the pth sales stage and the sales volume in previous records, and k is an
adjustment weight assigned to adapt the season effect. The exponent part generates from the
nonlinear relationship between sale volume and interest degree. A simple linear model
cannot describe the reflection from interest degree to sale volume, and an exponential form
can amplify the increase in the interest degree’s influence on sale volume. A better function
expression may exist to more accurately calculate (P+1)th stage sale volume. However, more
experiments are required in various kinds of brick and mortar shops.For shop retailers, it is
better to create sales strategies based on the sales prediction results because a product item
with a higher IDP value is often associated with an optimistic sales expectation. Besides
product stocking, clearance, and location rearrangement, the placement of a digital display
near goods shelves can also be considered an efficient sales strategy. Customers can interact
with the display to find out relevant information about the products, and a personal
recommendation multimedia video can be played whenever customers start checking

products.



3.2. PROBLEM STATEMENT

Traditional schemes that can be used to obtain offline interaction data include conventional
RFIDs, quick response (QR) codes, bar codes, indoor positioning , and facial recognition .
The first three schemes reflect only the status of the product as recorded on the retailer’s
server. The information conveys whether the products are being placed back on the shelves
or if the products are scanned, purchased, and taken outside the shop. These schemes are
comparatively cheaper to use; however, they cannot provide adequate information to help a
shop retailer update sales strategies and predict sales trends. Indoor positioning schemes,
such as Wi-Fi, ZigBee , and ultrawideband, are comparatively complicated and expensive to
implement in brick and mortar shops, while ultrasonic and infrared ray positioning schemes
do not obtain accurate interaction data owing to technical limitations. Facial recognition can
accurately reflect customer interest in services and products. However, facial recognition is
expensive to implement and requires the customer to face the camera sensor; the scheme

does not work when the customer turns around or is outside the camera’s field of view.



4. PROPOSED MODEL

The human object interaction detection system, i.e., IDSense, which is based on passive
ultrahigh-frequency RFID, is proposed. This system classifies motion events and several
types of touch events by measuring the changes in the physical layer of the communication
channel between the RFID tag and reader; the measured parameters include the received
signal strength indicator (RSSI), radio-frequency phase, and read rate. In this system, the
researchers detected four events—still, motion, swipe, and cover—and focused on the
conditions of the tags. Owing to the capability of events detection and the economic
efficiency of RFID technology, our proposed IDDS is also based on RFID, and the measured
RSSI value is used as a pivotal parameter to derive the IDP. Based on this IDP, which is
similar to the IDP defined for online business, offline retailer can predict the sales trend of a
product and develop corresponding sales strategies such as increasing the stock of a product,
advertising a product, or organizing a clearance sale for a product. The product
classifications must also be considered in the sales strategies that help retailers perform more
meticulous marketing. To test our proposed IDDS, we applied it at two brick and mortar
shops: a clothes shop and a shoe shop. The test results indicate that the product sales
prediction and actual sales amount are proportional to the IDP, thus verifying the efficiency
of our proposed IDDS. The proposed IDDS can correctly record customers’ behavior
information and accurately reflect their interest in the products. Furthermore, our proposed
sales prediction model based on the IDP and previous records can effectively convey the
actual sales amount of products to the shop retailers. Our IDDS and sales prediction model
can not only help shop retailers save money by decreasing the probability of product

overstocking, but also enhance their sales records by guiding them in creating suitable sales
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strategies. Customers also benefit from the IDDS, as it enhances their shopping experience;
an interactive digital display placed near the product’s location in the store can be used to

learn more about the product of interest. Related products can also be advertised through

these displays, to provide more choices for customers.
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4.1 Application Scenario And Related Work

Figure 1 depicts an application scenario for our IDDS at a clothes shop. As illustrated in
Figure 1, every item of clothing has an RFID tag, and the customer’s behavior information,
reflected in terms of the RSSI, is detected by the RFID reader located on the ceiling of the
room. A cloud platform server (CPS) analyzes and verifies the detected actions of customers
as they compare and select clothes. Generally, during this process, we observe four common
behaviors: PB, PC, TT, and PT. PB represents the action of a customer briefly reading the
label of an item of clothing and then placing it back at its initial location immediately. When
compared with PB, PC represents a stronger action, indicating that an item of clothing’s
RSSI was picked up or flipped. This action implies that a customer wants to understand the
details of an item of clothing; if they obtain the desired information, such as the size, price,
and date of manufacture, but are not satisfied with it, they place it back at the initial location.
The time interval of TT lies between that of PB and PC; TT denotes that a customer may be
interested in the size and appearance of the clothing item and would like to obtain further
details by examining the RFID tags, beside which the brand and price information is
typically indicated. In general, PT often has the longest time duration and may occur at a
different location, e.g., a fitting room, where an RFID reader should also be placed. In
addition, a digital display is placed near the clothing shelf, advertising the details of clothes
with higher IDP values as well as other relevant products, e.g., a certain type of shoe that

goes well with the items being promoted.
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Figure 1. An application scenario for our IDDS being implemented at a clothes shop.

A conventional RFID-based system only notifies managers about whether the products are
being placed back on shelves, being checked, being paid for, and being taken outside the
shop. It is a comparatively cheap system for the reporting of product status; however, it
cannot offer retailers substantial information to help them update sales strategies and predict
sales trends. Based on the idea presented in our study, we used RFID technology to detect
the interaction data between customers and products instead of only reporting product status;

The details of our proposed IDDS are explained in the following section.
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4.2. Interaction Data Detection System
4.2.1. Upgraded Marketing Scheme

Figure 2 shows a representation of our suggested marketing scheme for brick and mortar
shops. The offline interaction data obtained when customers compare and select products are
initially detected and reported to the CPS. From the detected data, the CPS categorizes
customer behavior based on the action (PB, PC, TT, or PT) performed by a customer while
comparing and selecting products. By using the online IDP calculation and the
correspondence between online and offline interaction data as listed in Table 1, the offline
IDP of a product can be represented mathematically based on customer behavior reports.
Shop retailers can record product information in the CPS and classify products according to
their characteristics. Product classification enables retailers to accurately observe product
features and establish a correct model description for each product item. To maintain the
correct classification, shop retailers can classify products strictly according to their
characteristics, including usage, suitable customers, and brand attributes. After determining
the IDP value of a product based on its classification, shop retailers can predict the sales
pattern of the product and develop appropriate sales strategies, including advertising,
personal recommendations, increasing stock or putting the item on clearance, and changing

its location on the goods shelf.
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Figure 2. Our suggested marketing scheme for brick and mortar shops
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4.2.2. Received Signal Strength Indicator

Based on our experiments, we obtained the RSSI for the four examined interactions, (PB,
PC, TT, and PT). The analysis of the measured RSSI, as shown in Figure 3, requires a static
reference RSSI value (SRRV) as a comparison baseline. The reason for this requirement is
that variations between the measured RSSI and SRRV can clearly represent the different
types of interactions. Thus, we measured SRRV initially when no interaction occurred; we
observed that the value remains at a median of —32 dBm and generally fluctuates within a
range of 5 dBm. For convenience, we defined the RSSI difference (RD) between the

measured RSSI and SRRV as an index to describe the strength of the observed interactions.
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The experiments indicate that the detected RD value in the average PB actions is
approximately 10 dBm, whereas the RD values in the average PC, TT, and PT actions are
approximately 23, 16, and 32 dBm, respectively, thus differentiating the interactions.
Further, the detected duration of customer actions for PB, PC, TT, and PT were 0.02-0.5 s,
3.0-12.0s,0.2-1.0 s, and 25.0 s, respectively. To ensure the accuracy of interaction
classifications, we determined interactions at first based on the detected duration of customer
actions because the duration often varied significantly. If the differences in the action
duration were not clear enough to classify the interactions, then we examined the RD to
guarantee accurate classifications. Based on the results of hundreds of tests, the ratio of
correct PC and PT determinations reached 99%, as a PC often took 10 s and a PT usually
took longer than 20 s. By setting the RD threshold at 13 dBm, the ratio of correct PB and TT
determinations reached 90%, even though the duration of these actions often differ by just 1
s. Particularly in the case of PT, the commaodity is not often placed back at its initial location.
In addition, the detected interaction data recorded in the Hadoop database at the CPS may be
affected by interference; therefore, undesired interference must be eliminated to ensure data
stability and correctness. To achieve this objective, we periodically calculated the variations

of the RSSI over a time interval; if the variations exceeded a predefined threshold, an.

interference cancellation procedure based on was performed.
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Figure 3. An experimental RSSI used to generate the IDP.
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5. Implementation

To test our proposed IDDS, we implemented it at brick and mortar shops: one for clothing
and another for shoes. The CPS is built based on Apache Hadoop, which is an opensource
software framework for distributed storage and distributed processing of very large data.
Based on the observation, with the IDP update cycle being set to 60 days, we obtained
Figure 4, which demonstrates the relationship among the IDP, sales predictions, and actual
sales amounts. In our actual tests, we tracked ten product items at each shop; Figure 4 plots
the test results of only the products with the lowest and highest IDP values. A digital display
was placed beside the product with the highest IDP, and a multivideo advertisement was
automatically played when a customer approached the product after being detected by a
sensing camera. The first sales stage lacked previous IDP information and the actual sales
amount for sales trend prediction; therefore, Figure 4 does not show the sales prediction at
the first sales stage. From Figure 4, we can observe that the product sales prediction and

actual sales amount were proportional to the IDP.

Our proposed IDDS has therefore correctly recorded customer behavior information and
accurately reflected their interest in products, thus verifying the efficiency of our proposed
IDDS. Figure 4 also illustrates that the sales prediction derived from the IDP and previous
records can effectively in- form shop retailers about actual sales amounts. The estimation
validity obtained by comparing the actual sales amount with sales predictions is illustrated
additionally in Figure 4, which shows the proposed IDDS can reach over 95% estimation

correctness generally. This step not only reduces the cost for shop retailers by decreasing the
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probability of product overstocking, but also boosts sales records by guiding them in the

creation of suitable and timely sales strategies.
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Figure 4. The IDP, sales prediction, and actual sales amounts over two months of
observation.
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6. OUTPUT:

The results in the “IDDS Implementation at Brick and Mortar Shops” section confirmed the
validity of our proposed IDDS. Unfortunately, so far, we have been unable to provide a
performance comparison between the IDDS and conventional systems because the systems
described did not provide the IDP calculation and sales prediction models, and conventional
RFID, QR, and bar code schemes lack the capability to obtain accurate interaction data.
Therefore, in this study, we provide a comparison table that lists only the pros and cons of
these systems. From Table 2, the system can be implemented in small shops that support
ambulatory personal tracking with high accuracy. However, it is comparatively expensive to
implement indoor positioning, and customers are required to wear transmitters that
inevitably impair the shopping experience. The system can accurately reflect customer
interest; however, it is expensive because it requires camera sensors. In addition, this system
requires the customer to face the camera sensor and does not work when the customer turns
around or is outside the field of view of the camera; for instance, it is inappropriate to place a
camera in a fitting room. Conventional RFID, QR codes, and bar codes are inexpensive and
easy to use; however, similar to the system, the detected interaction information in these
systems is not adequate to reflect IDP accurately. Inspired by IDSense , our proposed IDDS
shows a validated system that is inexpensive and easy to use without a big data and cloud
computing environment. We aim to support any type of brick and mortar shop and prove that
the detected interaction information is substantial enough to reflect IDP accurately. With the
booming impact of online business, our proposed IDDS has demonstrated its efficiency in

helping brick and mortar shop retailers predict sales trends to obtain profits. For the
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customer, the IDDS can improve shopping experiences; a digital display placed near

products with higher IDP values that advertises those products as well as related and

companion products provides more choices for the customer.

Table 2. A comparison between IDDS and conventional data tracking systems

Interaction Data Advantages Disadvantages
Acquisition
System 1 Customer trajectory For a small retail store, | Comparatively
and stay period supports ambulatory expensive; requires the
detection personal tracking with | use of a wearable
high accuracy transmitter that impairs
customer experience.
Interaction information
Is not adequate to
reflect accurate IDP.
System 2 Customer facial Reflects customer Expensive to

recognition

interest accurately.

implement; requires the
customer to face a
sensing camera.
Inappropriate to place a
camera in a fitting
room.

Conventional RFID,
QR, and bar code

Product status

Inexpensive & easy to
use.

Interaction information
is not adequate to
reflect accurate IDP.

Idds

RSSI analysis

For any type of brick
and mortar shop, it is
cheap and easy to use.
Interaction information
Is adequate to reflect
accurate IDP and sales
trends.

Shop retailers must
classify products, and
signal interference
cancelation is required
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7. CONCLUSION

In this project, we highlighted the challenges in the market for brick and mortar shops owing
to the impact of e-commerce and proposed a system that helps shop retailers develop sales
strategies in a correct and timely manner by using interaction data. We have provided a
detailed design of the key components of the proposed prototype IDDS. Similar to online
interaction data, offline interaction data, which are available when customers select and
compare products, can be accurately detected by IDDS. Customer action reports can be
analyzed to quantify the interest in a product. The product sales prediction is then modeled
based on sales records and interest in the product; suitable sales strategies can therefore be
created, cutting costs and boosting sales. The shopping experiences of customers can be
boosted by the IDDS, as well, because it can promote more product choices in a timely
manner using a digital display. The IDDS implementation, combined with the observation at
brick and mortar shops, has proved the validity of our proposed IDDS. In addition, Table 2
provides a brief comparison between the proposed IDDS and conventional systems. We are
investigating future work that will consider advanced RFID readers that are adapted to larger
brick and mortar shops. The detection of offline interaction data when customers examine
products such as books and electronic devices is complicated. This scenario requires an

updated mathematical model to derive the IDP and predict sales.
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