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P e r v a s i v e  r e t a i l

Using Mobile Phones  
to Monitor shopping 
time at Physical stores

A ccording to retail management 
theory, the shopping experience 
typically aims to maximize either 
efficiency or entertainment.1 For 
many people, shopping is a form 

of entertainment. At the same time, an exces-
sive amount of time spent shopping can lead to 
overspending and personal financial crisis. Pre-
vious research indicates that the amount of time 
spent shopping in a store is proportional to the 
amount of money spent at that store.2 There-

fore, by tracking shopping 
time, we can help alert users to 
their shopping behaviors. Rais-
ing this awareness can also 
provide insights into ways to 
cut back on shopping activities 
and thus reduce opportunities 
for spending money. 

This study proposes a 
phone-based system to sense 
physical shopping activities 
while tracking shopping time 

at physical stores. Given the ubiquity of mobile 
phones in our everyday lives, this phone-based 
approach offers many practical benefits, includ-
ing ease of deployment, low cost, and continu-
ous mobile sensing.

Previous researchers used human shadowing 
or video-based observation of in situ shoppers 
to study shopping behaviors at physical stores.2 
Although these manual techniques can observe 
more subtle or complex shopping behaviors, 

they often involve costly human labor or intru-
sive camera sensors, thereby making data col-
lection and analysis beyond the reach of most 
academic researchers. (See the “Related Work 
in Shopper Tracking” for additional approaches 
to this problem.)

We describe the design, prototypes, and 
evaluation of a phone-based shopping tracker 
to detect how much time a user spends shop-
ping. Experiments using more than 630 hours 
(or 220,000 steps) of user-movement trajecto-
ries show an accuracy (measured by F1 score) 
of 0.88 for shopping activities and 0.93 for 
nonshopping activities. To our knowledge, 
this study offers the first phone-based solution 
for detecting the amount of time a user spends 
shopping.

Problem statement
We use the following terms in this article:

•	 Shopping time is the amount of time spent 
on shopping trips—specifically, we define 
in-store shopping time as the time differ-
ence between arrival and departure from a  
store.3

•	Nonshopping time is the amount of time a 
user spends performing nonshopping activi-
ties, such as the time spent at a nonshopping 
place (such as an office or a school) or trav-
eling between places. The working hours of 
store employees are also considered nonshop-
ping time.

A phone-based shopping tracker transforms the problem of monitoring 
shopping time into a classification problem. It uses motif groups to 
identify shopping movement trajectories based on spatial and temporal 
features embedded in each motif. 
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•	A place is a colloquially labeled lo-
cation where “the user spends a sub-
stantial amount of time and/or visits 
frequently,”4 such as supermarkets or 
other retail stores.

•	 In-place refers to when a user stays 
at a fixed location for a certain time 
duration.

•	Out-place refers to when a user 
moves between places.

Our first step is to transform shopping 
and nonshopping time determination to 
a trajectory labeling problem. Our shop-
ping tracker system labels each trajectory 
segment, thereby achieving shopping 
and nonshopping time determination.

Definition 1 (in-place trajectory 
stream). The in-place trajectory stream 

is the reconstructed movement trajec-
tory of a user inside a (shopping or non-
shopping) place based on phone sensor 
data. It consists of a time-stamped se-
ries of movement vectors Vi = {ti, li, di}, 
where ti, li, and di are the step-elapsed 
time (that is, duration), length, and 
direction of the ith movement vec-
tor, respectively. An in-place trajec-
tory stream is represented as a totally 
time-ordered infinite sequence T = {V1,  
V2, …, Vn, …}, where Vn is a movement 
vector at a specific time tick n, and time 
tick n occurs after time tick n – 1.

We formulate the problem of mea-
suring shopping time as a trajectory 
classification problem. An in-place tra-
jectory stream consists of a sequence 
of uniform-length trajectory segments 

called motifs, which are prototypical 
movement patterns. 

Definition 2 (motif). Given a rela-
tive trajectory stream T = {V1, V2, …,  
Vn, …}, we can obtain the motif M = 
{Vj, Vj+1, …, Vj+k, …}, where time tick j 
is the starting index and k is the num-
ber of movement vectors in the motif. 
In this work, we obtain nonoverlapping 
motifs by limiting the value of j in sev-
eral discrete values (incremented by k), 
where j = {1, k + 1, 2k + 1, …}.

Definition 3 (motif group). Given 
motifs in an in-place trajectory stream 
T, we obtain an essential motif group  
G = {Mt, Mt+1, …, Mt+m, …} by group-
ing m consecutive motifs together, 
where t is the starting time tick index 

I n previous studies, researchers have discussed how to aug-

ment the shopping experience or promote the use of perva-

sive computing technology at stores.1 However, to the best of 

our knowledge, no one has proposed a mobile phone system 

to track shopping behavior by analyzing a shopper’s trajectory. 

Alexander Meschtscherjakov and his colleagues proposed a pro-

totype display that depicts a dynamic visualization of customer 

activity in a retail store on a conventional map.2

In addition, empirical studies on real shopping environments 

show the usefulness of pervasive computing technology in physi-

cal shopping experiences. Takayuki Kanda and his colleagues 

proposed a technique to distinguish potential customers (for 

example, window shoppers) from nonpotential customers (for 

example, busy commuters) by installing a sensor network of six 

laser range finders in a shopping arcade to track and analyze 

people’s trajectories.3

Other trajectory-based studies detect specific targets based 

on trajectory analysis. Xiaolei li and his colleagues proposed a 

trajectory outlier detection algorithm to detect an anomalous 

moving target.4 Their algorithm extracts common patterns, 

called motifs, from trajectories. A set of motifs forms a feature 

space in which the trajectories are placed. After transformation 

into a feature vector, the trajectories are fed into a classifier and 

classified as either “normal” or “abnormal.” In summary, cur-

rent trajectory-based methods associate trajectories with global 

outdoor positions (such as GpS data), whereas our study classifies 

imprecise movement trajectories associated with relative indoor 

positions (such as stores or offices).

To find semantically meaningful places, researchers have pro-

posed variations of Wi-Fi beacon fingerprinting,5 GpS location 

history clustering,6 and so on. Our proposed system adopts the 

approach described by Donnie H. Kim and his colleagues5 to 

implement place discovery. By detecting the disappearance of 

representative beacons or stable Wi-Fi beacon fingerprinting, 

we can estimate the entry and exit times of places, including 

stores.
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and m is the motif group size. Similarly, 
we obtain nonoverlapping motif groups 
by limiting the value of t in several dis-
crete values (incremented by m), where 
t = {1, m + 1, 2m + 1, …}.

Our system trains a trajectory clas-
sifier capable of classifying a given mo-
tif group as shopping or nonshopping. 
We obtain the total shopping time by 
aggregating the elapsed time of each 
shopping-labeled motif. This approach 
transforms the problem of measur-
ing a person’s shopping time into the 
problem of classifying motifs in a motif 
group as either shopping or nonshop-
ping. After labeling each G (that is, all 
the motifs), we add the durations of all 
shopping motifs to determine the total 
shopping time.

Phone-Based  
shopping tracker
The proposed phone-based shopping 
tracker uses a significant place discov-
ery algorithm to identify in-places from 
out-places.4 This significant-place dis-
covery algorithm first recognizes in-
place motifs and then feeds them to the 
shopping classifier to further identify 
in-place shopping movement trajecto-
ries. To estimate the amount of time the 
shopper has spent shopping, the system 
adds all the shopping time intervals by 
subtracting their starting and ending 
times for each in-place shopping motif. 
The proposed phone-based shopping 
tracker process involves four steps.

In the first step, place discovery rec-
ognizes each visit to a place using the 
PlaceSense algorithm developed by 
Donnie H. Kim and his colleagues.4 
The PlaceSense algorithm continuously 
scans Wi-Fi beacons near the user’s mo-
bile phone. A stable radio environment 
in which the Wi-Fi beacons change 
little suggests an entrance, and a sub-
sequent change in the Wi-Fi beacons 
indicates a departure from that place.

The second step reconstructs us-
ers’ in-place movement trajectories 
for further analysis and recognition 
of shopping behavior when a place is 

discovered. Accelerometer and digital 
compass readings from a mobile phone 
give a user’s individual step movement 
vectors (that is, relative distance and 
orientation). Connecting these move-
ment vectors sequentially yields the 
user’s trajectory and an in-place trajec-
tory stream.

The third step classifies an in-place 
trajectory stream as shopping or non-
shopping. First, we divide an in-place 
trajectory stream into motifs. The clas-
sifier then uses spatial (the user’s orien-
tation and direction) or temporal (the 
step duration and so on) features em-
bedded in the in-place trajectory stream 
segments to classify them as shopping 
or nonshopping.

Finally, for shopping and nonshop-
ping time aggregation, we determine 
total shopping and nonshopping time 
by adding time intervals of all the shop-
ping and nonshopping motifs after they 
have been labeled.

in-Place trajectory Classifier
The in-place trajectory classifier labels 
each motif group as either shopping or 
nonshopping. Given motif groups (Gs) 
partitioned from an in-place trajectory 
stream, we first represent each motif as 
a bounding box. Clustering all collected 
bounding boxes gives two categories of 
motif shapes: straight or curved. Then, 
we define different features to capture 
spatial and temporal statistical char-
acteristics embedded in the straight or 
curved motifs of different Gs. Next, it 
selects a support vector machine (SVM) 
to classify basic Gs as either shopping 
or nonshopping, based on the feature 
summarization performed for each  
motif.5 Finally, a majority voting 
scheme rectifies the labels of misclas-
sified motif groups with the label as-
sociated with most of the motif groups 
within the same place.

Motif shape extraction
A motif is a prototypical movement 
pattern. To smooth out the noise in a 
motif introduced by measures of digital 
compass and step-length estimation, we 

can characterize a motif by its pattern 
or shape alone. Collected motifs are 
first clustered to identify different mo-
tif shapes in an offline process, and the 
shapes of new motifs are then tagged in 
an online process. Motif shape extrac-
tion involves two steps. The first step 
is bounding box construction. Given a 
motif, we compute the representative 
vector from the motif’s first step to its 
last step. We then expand the vector’s 
width to accommodate all other points. 
This bounding box lets us smooth over 
noise in the trajectory. Next, we use the 
resulting bounding box’s length and 
width to represent the motif’s spatial 
size.

The second step is motif clustering 
and tagging. In the offline clustering 
process, all bounding boxes are clus-
tered using the K-means algorithm. 
The clusters are grouped to find the 
most representative patterns. From 
these clusters we extract motif shapes. 
Two clusters emerge: straight-trajectory  
motifs (SM) and curve-trajectory  
motifs (CM). Figures 1 shows sample 
straight-trajectory (Figures 1a and 1b) 
and curve-trajectory (Figure 1c) motifs 
as well as an example pattern diction-
ary encoding.

Feature extraction
We define features to capture spatial 
(that is, user orientations and direc-
tions as opposed to absolute positions) 
and temporal (step duration and so on) 
statistics embedded in the SMs or CMs 
of different groups. A third feature 
group summarizes sequence informa-
tion from moving patterns using pat-
tern dictionaries. Table 1 describes the 
features we use.

Spatial features. Store layout designs 
generally fall into one of three general 
patterns: grid, racetrack, or free-form.6 
These designs dictate how customers 
move through the store. Thus, customer 
movement trajectories usually occur as 
specific traffic patterns with respect 
to direction changes. The straight- 
and curved-motif directional feature 
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sets are calculated to statistically 
represent both microscopic (that is, a 
single step) and macroscopic (that is, a 
motif) direction changes as evidenced 
by specific turning behaviors in the 
training CMs. We define the motif’s 
macroscopic direction as the direction 
of the last step in the motif. In this 
work, we extract four features: the 
mean and variance of both microscopic 
and macroscopic changes of direction 
in CMs.

Temporal features. Alexandra Millonig 
and Georg Gartner analyzed customer 
behaviors in shopping centers by 
shadowing and interviewing people.7 
They found that customers exhibited 
similar step-duration features due 
to specific shopping behaviors—
for instance, customers tend to stop 
to evaluate merchandises in stores. 
Similarly, representative behaviors 
also exist in nonshopping places: 
people move between different rooms 

or positions, and then sit for a long 
time, presumably occupied with 
personal affairs. These observations 
lead us to believe that such statistical 
step-duration features originate from 
behaviors such as walking straight 
(for example, in aisles) or turning (for 
example, between aisles).

We defined the macroscopic motif 
duration by the total time spent in an 
individual motif—that is, summation 
of ti for all i in the motif. Thus, we 
define three sets of temporal features 
that account for the statistical 
characteristics of different motifs: 
straight-motif, curved-motif, and Nth-
percentile feature set.

The five straight-motif features 
represent people walking straight in 
places and include the total, mean, 
variance, maximum, and minimum of 
all SM durations. The five curved-motif 
temporal features represent people 
making turns in places and include 
the total, mean, variance, maximum, 

and minimum of all CM durations. 
The 50 Nth-percentile features 
capture dynamic behaviors over a 
larger geographical extent: the mean, 
variance, maximum, and minimum of 
total step durations of the first or last 
Nth-percentile data contained in each 
four-motif window (FW), where n = 10, 
20, 30, 40, and 50.

Pattern dictionary. Because of space 
constraints in a physical store, shopper 
trajectories are characterized by 
smooth U-turns and nearly straight 
lines, which represent the random 
walk in straight aisles among shelves. 
To assess these repetitive patterns of 
straight and curved motifs, we propose 
the dictionary analysis illustrated in 
Figure 1d.

First, we encode the sequence of 
straight or curved motifs in a single 
motif group as a character stream 
in which each character represents 
either a straight (S) or curved (C) 

Figure 1. Extracted motifs and pattern dictionary encoding for motif shapes pattern given w = 4: (a and b) sampled motifs,  
(c) sampled curved motifs, and (d) example pattern dictionary encoding.

Pattern dictionaryA motif type stream

(a) (b) (c) (d)

CCSSCSSC...

CCSSCSCC...

CCSSCSCC...

CCSSCSCC...

CCSSCSCC... Word Count

CCSS

CSSC
SSCS

SCSC

1

2
1

1

TABLE 1 
Features used in the classifier.

Groups features (in a motif group) Description

Spatial Step-direction features Mean and variance of changes in step direction in curved motifs

Motif-direction features Mean and variance of changes in motif direction in curved motifs

Temporal Straight-motif features Total, mean, variance, maximum, and minimum of all motif durations  
in straight motifs

Curved-motif features Total, mean, variance, maximum, and minimum of all motif durations  
in curved motifs

Nth-percentile features Mean, variance, maximum, and minimum of total step durations of the first 
or last Nth-percentile data contained in each four-motif window

pattern dictionary Motif shape pattern features pattern dictionary size, maximum and minimum occurrence counts, and  
variance and mean of all occurrence counts
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motif shape. In the second step, a 
sliding window (with window width 
w) scans the character stream for 
repetitive motif shape patterns. We 
define a pattern as a sequence of one 
successive character. For example, the 
SCCS pattern translates to straight  
(S) → curved (C) → curved (C) → 
straight (S), with a sliding window 
size of four. During the scanning 
process, each new pattern is added to 
the corresponding dictionary Dl. For 
a pattern already in the dictionary, its 
occurrence count is simply incremented 
by one.

We analyzed motif shape patterns 
from three to six motifs long (w =  
3 ~ 6). The algorithm thus yields several 
dictionaries, each containing the occur-
rence counts for all patterns found for 
a particular pattern length. From each 
of these four dictionaries, we extracted 
five features for a total of 20 features: 
dictionary size, maximum and mini-
mum occurrence counts, and the vari-
ance and mean of all the occurrence 
counts.

Feature-Based Classification
Feature-based classification aims to 
classify all motif groups as shopping 
or nonshopping. This classification 
scheme consists of three steps.

In the data-preprocessing step, we 
quantize the original direction value 
(0 ~ 359) into several discrete values 
(multiples of 45) to smooth out sensory 
noise from the digital compass. We also 
normalize each feature.

The feature-selection step selects a 
feature-selection algorithm based on 
F-score plus SVM, as Yi-Wei Chen and 
Chih-Jen Lin described.8 Performing 
feature selection on the training set 

selects a feature subset of an arbitrary 
size that best characterizes the statisti-
cal properties of the given target classes 
based on the ground truth labels.

Finally, the classification step uses 
a radical basis function (RBF) SVM 
to classify all the motif groups as  
either shopping or nonshopping.5 Using  
the selected feature subset, the SVM  
is trained by the training set to learn 
how to predict the class label of each 
motif group in the test set. 

Majority voting
We used a label-correction scheme to 
further improve classification accu-
racy. Because a place is a store or not 
a store, the labels of adjacent motifs in 
this place should be consistent as shop-
ping or nonshopping. Because this label 
consensus should hold in all places, we 
added a majority vote to rectify the la-
bels of misclassified motif groups with 
the label associated with majority of the 
motif groups nearby. In the event of a 
tie, we kept the original label.

experiment
We performed several experiments to 
demonstrate our in-place trajectory 
classifier’s effectiveness.

Data Collection
We recruited 84 participants (44 
women and 40 men) and collected their 
shopping and nonshopping data. Par-
ticipants ranged from 18 to 50 years 
old, with a mean age of 24. Their oc-
cupations included housekeepers, in-
surance salespeople, administrative as-
sistants, and students.

Shopping data collection. To cover 
shopping movement across store types, 

we selected representative stores from 
each of four major types. The Depart-
ment of Commerce in Taiwan categorizes 
stores from each type—supermarkets,  
outlet shops, retail warehouses, and 
department stores and shopping 
malls—as representing most overall re-
tail sales.9 To represent each type, we 
chose Carrefour as the supermarket, 
the Leeco Outlet (www.leecooutlet. 
com.tw) as the outlet shop, Costco 
and IKEA as the retail warehouse, and 
SOGO (www.sogo.com.tw) and Q 
Square (www.qsquare.com.tw) as the 
department store/shopping mall.

We recruited participants who were 
planning to shop at any of these six 
stores and collected their shopping 
movement trajectories. Before they en-
tered the stores, we asked participants 
to carry an HTC Magic mobile phone 
running our data-collection program in 
the background. While they shopped, 
the data-collection program logged 
Wi-Fi signals (basic service set ID, 
or BSSID), accelerometer and digital 
compass readings, and the time stamps 
for this information. When each par-
ticipant exited the store, they returned 
the HTC Magic phone to us, and we 
extracted the shopper movement tra-
jectories for analysis. We labeled these 
collected data as both in-place and 
shopping data.

Table 2 shows the collected shopping 
data summary.

Nonshopping data collection. We col-
lected nonshopping data from 26 par-
ticipants who performed their everyday 
nonshopping activities from 2 p.m. to  
9 p.m. Participants who contributed 
their shopping data also participated 
in the nonshopping data collection.

Most nonshopping data was col-
lected on weekdays, resulting in move-
ment trajectory records of participants’ 
afternoon office activities at their work-
places (2 p.m. to 6 p.m.), commutes 
from office to home, and household ac-
tivities at home (6 p.m. to 9 p.m.). Be-
cause nonshopping data includes com-
muting activities, we used the place 

TABLE 2 
Collected shopping data summary.

Store category Store no. of subjects no. of hours

Supermarket Carrefour 15 22.92

Outlet leeco Outlet 12 13.96

retail warehouse Costco, IKEA 21 30.18

Department store SOGO, Q Square 10 18.53
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discovery algorithm to locate in-place 
trajectories and labeled all the in-place 
trajectories as nonshopping data.

We collected 630 hours of shop-
ping and nonshopping data, includ-
ing 86 hours of shopping activities and 
545 hours of nonshopping activities. 
The overall step count for the in-place 
nonshopping data was 223,343 steps, 
which is about twice the step count of 
the shopping data (122,193 steps).

Training and testing data. We di-
vided the collected data into training  
and testing data. We used the training 
data to train our classifier. We also used 
testing data to measure our classifier’s  
performance in predicting a given 
movement trajectory (from the test-
ing data) as shopping or nonshopping. 
We randomly distributed all the data 
in the data set into 10 approximately 
equal-sized olds, with one fold serving 
as testing data and the other nine folds 
serving as training data.

evaluation Metrics
After training the classifier on the 
training set, we measured the classifier 
performance in labeling various trajec-
tories from the test set as shopping or 
nonshopping. 

We used the standard F1 metric to 
measure prediction accuracy. The F1 
metric is defined as the harmonic mean 
of recall and precision. Precision is the 
number of correctly classified shop-
ping (nonshopping) motif groups, Gs, 
over the total number of testing Gs. 
Recall is the number of correctly clas-
sified shopping (nonshopping) Gs over 
the total number of real shopping (non-
shopping) Gs.

Time accuracy measures the accu-
racy of the final aggregated shopping 
time for shopping activities. The false 
positive rate measures the percentage of 
false shopping time from all misclassi-
fied nonshopping motif groups.

Feature selection
We first analyzed the rankings of  
all 74 features for each of the 10  

leave-one-set-out training sets using 
the feature-selection algorithm of the 
F-score plus SVM.8 We computed the 
F-score for each feature to assess rela-
tive importance. We performed the 
same feature-selection procedure on 
each of the nine-fold training sets to get 
10 different rankings for each feature, 
in which the median of these 10 rank-
ings is calculated as the final ranking of 
each feature.

We removed n percent of the less in-
formative features (n = 0, 10, 20, …, 
70, 80) per the final ranking and then 
measured the corresponding average 
F1 score based on the remaining fea-
tures. We obtained optimal average F1 
scores when we removed only 30 per-
cent of the features (that is, the 21 least 
informative features). Accordingly, we 
used the 70 percent most informative 
features (53 in all), as suggested by the 
resulting optimal F1 values.

results
Table 3 summarizes the average preci-
sion, recall, and corresponding average 
F1 score for the classifier.

The average F1 scores for shopping 
and nonshopping activities using the 
classifier were 0.88 and 0.93, respec-
tively. The average precision, recall, 
and F1 score for nonshopping activi-
ties were slightly higher than those for 
shopping activities. Because people 
spend a substantial amount of time in 
these nonshopping activities at their 
homes or offices, a higher number of 
motif groups and votes generated from 
nonshopping activities improve its clas-
sification accuracy in majority voting. 
The time accuracy of shopping time is 
0.88 and the false-positive rate for the 
nonshopping time is a small value of 
0.06, demonstrating that the proposed 
classifier can indeed monitor shopping 
time correctly.

TABLE 3 
Average classification accuracy for shopping/nonshopping activities.

Activity Precision Recall f1 score

Shopping 0.91 0.86 0.88

nonshopping 0.92 0.94 0.93

Figure 2. Average F1 score measured by taking the first x steps in each place. The 
two dashed lines are reference results for shopping and nonshopping activities. 
The red (blue) dotted line indicates the F1 score 0.88 (0.93) using all shopping 
(nonshopping) steps.

F1
 s

co
re

0.70

0.65

0.90

0.85

0.80

0.75

3,0802,8002,5202,2401,9601,680
Step number

1,4001,120840560280

Shopping
Nonshopping
Referred average F1 score (Shopping)
Referred average F1 score (Nonshopping)
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This set of experiments demonstrates 
how the number of steps recorded in a 
place affects performance. We expect 
that the accuracy result of majority vot-
ing is correlated to the number of votes, 
and the number of votes depends on the 
number of motif groups and the num-
ber of steps in a place. Figure 2 shows 
the average F1 scores measured by tak-
ing the first x steps in each place to 
emulate the impact of number of steps. 

The average F1 score improves with an  
increasing number of steps, as Figure 2 
shows. Additionally, the marginal im-
provement in average F1 score decreases 
as the number of steps increases. 

I n future work, we will continue 
to improve the proposed system’s 
accuracy by adding new spa-
tial and temporal features to the 

shopping motif classification. We also 
plan to conduct a large-scale experi-
ment with numerous users and traces to 
further validate our method’s effective-
ness in monitoring real-life shopping  
behavior.
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