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This paper presents Visual Market Basket Analysis (VMBA), a novel application domain for egocentric vi- 

sion systems. The final goal of VMBA is to infer the behavior of the customers of a store during their 

shopping. The analysis relies on image sequences acquired by cameras mounted on shopping carts. The 

inferred behaviors can be coupled with classic Market Basket Analysis information (i.e., receipts) to help 

retailers to improve the management of spaces and marketing strategies. To set up the challenge, we col- 

lected a new dataset of egocentric videos during real shopping sessions in a retail store. Video frames 

have been labeled according to a proposed hierarchy of 14 different customer behaviors from the begin- 

ning (cart picking) to the end (cart releasing) of their shopping. We benchmark different representation 

and classification techniques and propose a multi-modal method which exploits visual, motion and audio 

descriptors to perform classification with the Directed Acyclic Graph SVM learning architecture. Experi- 

ments highlight that employing multimodal representations and explicitly addressing the task in a hier- 

archical way is beneficial. The devised approach based on Deep Features achieves an accuracy of more 

than 87% over the 14 classes of the considered dataset. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

Egocentric Vision is an emerging research area characterized by

 number of challenges and different application domains. By ex-

loiting the egocentric point of view, it is possible to gather hours

f videos which can be processed to obtain logs of the monitored

cenarios [1] . Different studies on egocentric vision have been re-

ently published. The main goals considered in this area are re-

ated to location recognition [2] , motion understanding [3] , objects

nd actions recognition [4–6] , 3D reconstruction [7,8] and summa-

ization [9,10] . Temporal segmentation of Egocentric Vision is also

undamental to understand the behavior of the users wearing the

amera [3] . 

Recently, the scenario of retail stores has become of particu-

ar interest and applications related to user localization and recon-

truction of spaces have been investigated. Specifically, in [11] , it is

roposed to localize the person wearing a camera in very large in-

oor spaces (shopping malls with over 200 stores) by considering

nly a single image and a floor plan of the environment as input

nd by exploiting also text detection as a useful visual cue. An in-

eresting problem in the context of retail stores concerns the mon-

toring of customers’ paths, thereby enabling the analysis of their
∗ Corresponding author. 
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ehaviors. Monitoring of customers’ behavior is usually obtained

y employing loyalty cards, counting devices connected with Blue-

ooth and WiFi systems [12,13] , employing RFID tags [14] , as well

s using fixed cameras [15,16] . However, the use of wireless tech-

ologies in the retail domain shows a lot of problems due to the

resence of water and liquids. In fact, wireless communications are

indered by liquids, even though these infrastructures are also ex-

ensive. 

Differently from the classic approaches mentioned above, in

his paper we consider to turn an ordinary cart into a “narrative

hopping cart” by equipping it with a camera. The acquired ego-

entric videos are processed with algorithms able to turn the vi-

ual paths into customers’ behaviors. It is so possible to infer the

verall route travelled by shopping carts (and hence by the cus-

omers), from the cart picking to its release. Visual and audio data

an be collected and processed to monitor pauses, understanding

reas of interest for customers, estimating the path speed, giving

lert due to busy areas of the sale point, as well as manage the

nefficiencies (e.g., slowness at cash desks). We refer to the pro-

osed behavioral monitoring in a retail store as Visual Market Bas-

et Analysis (VMBA). This kind of analysis can be useful to enrich

he classic Market Basket Analysis methods used to infer the habits

f customers [17] . The research presented in this paper is part of

n experimental program carried out by Centro Studi S.r.l. to in-

er the behavior of customers in real retail stores using egocentric

hopping carts. 

https://doi.org/10.1016/j.patrec.2018.06.010
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patrec
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patrec.2018.06.010&domain=pdf
mailto:furnari@dmi.unict.it
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The main contributions of this paper are the following: (1) we

present the novel problem of Visual Market Basket Analysis and

propose a hierarchy of 14 behaviors to be analysed from egocen-

tric videos; (2) we introduce a novel dataset of 15 videos ac-

quired during real shopping sessions; (3) we investigate a multi-

modal classification method which combines visual features such

as (GIST [18,19] , Deep Features [20] ), audio (MFCC [21] ) and motion

cues (Optical Flow [22] ) within the framework of Direct Acyclic

Graph SVM [23] . 

Experimental results highlight that (1) combining features aris-

ing from different sources (e.g., images, audio and motion) is useful

to improve the performance of the overall system and (2) explicitly

considering the hierarchical structure of classes is beneficial in the

considered context. 

2. Related work 

Data mining techniques have been widely employed in the con-

text of marketing to analyse customer behaviors and to support

business decisions [24] . Classic methods to infer the customer’s

behavior include tracking their locations by employing dedicated

hardware. For instance, [12] , proposed a tracking system capable

of localizing customers by means of several Ultra-Wide Band an-

tennas positioned in the store and battery-powered tags placed on

the charts. Pierdicca et al. [13] designed a low-cost system for in-

door localization based on wireless embedded systems. 

Other works have focused on computer vision solutions ad-hoc

developed. Liciotti et al. [16] presented an integrated system em-

ploying RGB-D cameras to monitor shoppers in a retail environ-

ment. The system is able to infer the shopper’s behavior and his

interaction with products (e.g., product pick up). Del Pizzo et al.

[15] designed a method to count people from ceiling mounted

cameras (either RGB-D or traditional RGB sensors). Other authors

exploited the use of text and images to localize customers in large

shopping malls [11] , perform fine-grained classification [25] and

recognizing business places [26] . 

In contrast with the considered approaches, we propose to

analyse egocentric images acquired by a shopping chart to aid Mar-

ket Basket Analysis. The proposed method has the advantage to

collect information from the point of view of the customer and

hence can provide a useful picture of his behavior during the shop-

ping activity. 

3. Visual Market Basket Analysis 

We introduce the problem of Visual Market Basket Analysis

(VMBA) considering three different high-level behavioral categories

related to the customers carrying the shopping cart : action (i.e.,

stop vs moving ), location (i.e., indoor vs outdoor ), and scene context

(i.e., cash desk, retail, pasta, fruit, gastronomy, parking, road ). Each of

the three considered high-level categories provides a meaningful

source of information for the VMBA problem. For instance, know-

ing that a cart is stopping, rather than moving in a particular area

of the store, can provide insights on whether the customer is expe-

riencing difficulties in locating the desired products. Likewise, be-

ing able to understand when the cart is inside or outside the store

and, ultimately, in which part of the store it is located, allows to

obtain real-time information on the distribution of customers in

the store. 

We propose to organize these categories hierarchically, as

shown in the tree depicted in Fig. 1 . Each of the paths from the

root to a leaf, identifies one of 14 different behavioral classes.

Given a frame of the video acquired by the camera mounted on

the cart, we aim to infer a triplet identifying the path of the tree

corresponding to the observed behavior (e.g., [MOVING, INDOOR,

PASTA] in Fig. 1 ). The classification of each frame with respect to
he proposed 14 classes allows to analyse the customer’s behav-

or and can be also useful to understand if there are problems on

trategic issues to be fixed by the management. 

Fig. 2 shows some examples of egocentric images acquired with

 shopping cart together with the temporal segmentation with re-

pect to the 14 considered classes. From the segmented egocentric

ideo it is possible to understand how much time customers spend

t the cash desk by considering all the frames classified with the

riplets [STOP, INDOOR, CASH DESK] and [MOVING, INDOOR, CASH

ESK]. This may be useful, for example, to plan the opening of

ore cash desks in order to provide a better service to the cus-

omers. By analysing the inferred triplets, it is also possible to un-

erstand if there are carts outside the cart parking spaces in or-

er to take appropriate actions (e.g., if a given cart is associated to

he triplet [STOP, OUTDOOR, ROAD] for long time). Combining the

ustomers’ receipts with information arising from temporally seg-

ented videos and algorithms for Visual Market Basket Analysis’

e-localization [27] could help infer the order according to which

roducts have been taken during the shopping ( Fig. 2 ), hence in-

reasing the amount of information usually exploited by the clas-

ic Market Basket Analysis’ algorithms [17] . This opens also new

esearch perspectives in the context of egocentric vision. 

. Proposed method 

Our aim is to temporally segment the acquired egocentric

ideos into chapters. To this aim, each frame should be automat-

cally labeled according to one of the considered 14 behavioral

lasses. In this context, a chapter is a set of consecutive frames

hich present the same behavior, e.g., a sequence of frames with

he same label [MOVING, INDOOR, PASTA]. We propose to explicitly

onsider the hierarchy illustrated in Fig. 1 to classify each frame.

he first level of the hierarchy is related to the action of moving or

topping, which reflect the basic actions of a customer in the retail

tore. The second layer of the hierarchy identifies the high level lo-

ations where the customer is moving, i.e., indoor or outdoor. The

hird level considers the scene-context in which the user is located

uring the shopping. The final classification with respect to the 14

lasses can hence be obtained by considering the three classifica-

ion problems and predicting a triplet [ Action, Location, Scene Con-

ext ]. To perform each of the three level classification tasks, two

ain components are needed: a suitable representation and a clas-

ification algorithm. In the following, we describe the representa-

ions used for the three different levels of the hierarchy in Fig. 1 ,

s well as the classification approaches exploited in the proposed

tudy. 

.1. Representation at the first level: actions 

The first layer of the hierarchy analyses the user behavior from

he point of view of the motion of the cart. To this aim we con-

ider two possible motion classes: stop and moving . In order to

nfer the motion state, we considered the Mel Frequency Cepstral

oefficients (MFCC) audio features [28] and the optical flow fea-

ures extracted with the classic block matching method [29] . To ex-

ract the optical flow we have divided the frames into nine blocks.

ence, we extract a 9-dimensional descriptor related to the mo-

ion of each block of a frame. The audio processing produces a

2-dimensional MFCC feature vector. We have exploited audio be-

ause there is a “visual” correlation between the audio waveform

nd the motion and locations of the shopping cart. The use of the

ptical flow features is straightforward considering the problem to

e solved (i.e., stop vs moving ). In the experiments we have com-

ared the two considered features both separately and jointly. 
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Table 1 

Number of samples per context label for each egocentric video. 

VID Park Road Cash desk Retail Gastronomy Fruit Pasta Total 

1 23 89 8 117 43 13 29 322 

2 10 84 9 209 16 32 30 390 

3 10 96 12 163 36 27 23 367 

4 13 106 10 156 20 35 3 343 

5 9 107 10 159 24 32 4 345 

6 39 93 128 123 4 6 35 428 

7 19 119 7 81 3 4 27 241 

8 20 75 14 210 14 7 33 373 

9 22 85 160 646 5 7 73 998 

10 13 75 7 48 48 14 5 210 

11 41 89 52 355 28 19 100 684 

12 27 104 26 376 38 37 39 647 

13 51 137 63 129 34 12 79 495 

14 25 46 53 832 4 6 32 998 

15 6 73 84 761 3 61 10 998 

Table 2 

Number of samples per class for each video. Each class C i is related to a path in the 

tree of Fig. 1 . See text for the details. 

VID C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 

1 0 3 2 6 18 6 0 8 114 27 7 25 17 89 

2 0 15 4 2 0 0 0 9 194 26 30 16 10 84 

3 0 4 4 3 12 0 0 12 159 19 24 24 10 96 

4 0 15 3 0 5 0 0 10 141 0 35 15 13 106 

5 0 12 4 2 4 0 0 10 147 0 30 20 9 107 

6 69 20 28 3 2 4 2 59 103 7 3 2 35 91 

7 0 11 13 0 0 3 0 7 70 14 4 3 16 119 

8 6 20 7 2 4 12 0 8 190 26 5 10 8 75 

9 142 150 8 2 2 13 0 18 496 65 5 3 9 85 

10 0 5 3 2 2 0 0 7 43 2 12 46 13 75 

11 42 79 31 7 2 25 0 10 276 69 12 26 16 89 

12 0 24 22 4 3 4 0 26 352 17 33 35 23 104 

13 56 41 57 6 10 23 4 7 88 22 6 24 28 133 

14 50 380 7 2 2 14 0 3 452 25 4 2 11 46 

15 81 482 0 18 1 3 27 3 279 10 43 2 3 46 
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.2. Representation at the second level: location 

The second layer of the hierarchy aims to identify the gen-

ral location of the user: indoor vs outdoor . At this level we con-

ider both visual and audio features. Concerning visual features, we

onsider the popular GIST descriptor proposed in [19] and Deep

eatures [20] . The GIST is able to encode the visual scene with

 feature vector of 512 components. The Deep Features are ob-

ained by the FC7 layer of Alexnet CNN architecture trained on Im-

geNet [21] , a feature vector of 4096 components. We also consider

he MFCC feature representation after visual inspection of the au-

io waveform. Indeed, the waveform is more pronounced in the

utdoor environment than in the indoor location. In our experi-

ents we consider audio and visual features both independently

nd in combination. 

.3. Representation at the third level: scene context 

The third layer of the hierarchy is related to the analysis of

he context in which the shopping cart is located. Among the con-

idered seven classes, i.e., cash desk, retail, pasta, gastronomy, fruit,

arking and road , the first five are related to the indoor environ-

ent, whereas the other two are related to the outdoor location.

lso for this level of description we have considered the GIST fea-

ures, given their property of capturing the “shape of the scene”

or context discrimination [19] . As for the previous layer, we have

lso tested deep features [20] . 

.4. Classification methods 

After representing a frame of the egocentric video as described

n previous sections, a classifier has to be used in order to infer one

f the 14 behavioral classes. To benchmark the VMBA problem and

ssess the impact of the proposed hierarchical organization shown

n Fig. 1 , the following different classification modalities have been

onsidered: 

• combination of the results obtained by three different SVM

classifiers trained to perform classification with respect to each

of the levels of the tree shown in Fig. 1 ; 
• A single SVM classifier trained to discriminate among the 14

considered classes; 
• a Direct Acyclic Graph SVM learning architecture

(DAGSVM) [23] which reflects the hierarchy in Fig. 1 on

each node. 

. VMBA15 dataset 

We acquired a dataset of 15 different egocentric videos during

eal shopping sessions in a retail store. The dataset is referred to

s VMBA15. All videos have been acquired using a narrative cam 

1 

ounted in the front part of the shopping cart. Fig. 3 shows some

amples extracted from the dataset. The duration of each video

s comprised between 3 and 20 min and has a resolution of 640

480 pixels. Audio has been also recorded since it can be use-

ul to discriminate indoor vs outdoor environments. Each video

as been manually labeled at 1 fps according to the 14 differ-

nt behavioral classes arising from the possible paths root-leave

f the hierarchy shown in Fig. 1 . This implies labeling each frame

ccording to action (i.e., “stop” or “moving”), location (i.e., “in-

oor” or “outdoor”) and scene context (i.e., “cash desk”, “retail”,

pasta”, “fruit”, “gastronomy”, “parking” and “road”). The dataset

ontains a total of 7839 labeled samples. Table 1 reports the num-

er of samples for each of the 8 scenes contained in the egocen-

ric videos, while Table 2 reports the number of samples for each
1 www.vehomuvi.com . 

 

(  

m  
f the 14 considered class. Each class C i is related to a path in

he tree of Fig. 1 . Specifically: C1 [STOP INDOOR Cash Desk], C2

STOP INDOOR Retail], C3 [STOP INDOOR Cash Desk], C4 [STOP IN-

OOR Fruit], C5 [STOP INDOOR Gastronomy], C6 [STOP OUTDOOR

arking], C7 [STOP OUTDOOR Road], C8 [MOVING INDOOR Cash

esk], C9 [MOVING INDOOR Retail], C10 [MOVING INDOOR Cash

esk], C11 [MOVING INDOOR Fruit], C12 [MOVING INDOOR Gas-

ronomy], C13 [MOVING OUTDOOR Parking], C14 [MOVING OUT-

OOR Road]. The labeled dataset is available for research purposes

t http://iplab.dmi.unict.it/vmba15 . 

. Experimental settings and results 

The experiments have been performed splitting the dataset ran-

omly in three parts, each composed of five egocentric videos. All

xperiments are repeated three times using two parts (10 videos)

or training and one part (5 videos) for testing. The reported results

re obtained by averaging over the three runs. We begin our analy-

is comparing the investigated representations when used to solve

ndependently one of the three considered classification tasks. This

est has been performed by exploiting a SVM classifier with an RBF

ernel for each level separately. This experiment is useful to de-

ermine the best representation (or a combination of them) to be

mployed at each level of the hierarchy. 

.1. First level: actions 

Table 3 reports the results of the stop vs moving classification

i.e., first level). Both audio and visual features obtain good perfor-

ance. However, the optical flow features outperform audio fea-

http://www.vehomuvi.com
http://iplab.dmi.unict.it/vmba15
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Fig. 1. Visual Market Basket Analysis (VMBA) behavioral classes organized in a hierarchy. Best seen in digital version. 

Fig. 2. VMBA timeline temporally segmented considering the 14 classes. t denotes the time, whereas s denotes the stopping time. 

Fig. 3. Some frames extracted from the egocentric videos of the proposed VMBA15 dataset. Each frame is related to one of the 14 considered classes. Images are presented 

in the same order as Fig. 1 from left to right and from top to bottom. Notice that some classes are characterized by similar visual content but different actions (frames in 

the top row are related to the “stop” categories, whereas frames in the second row are related to the “moving” categories). 

Table 3 

Results for stop vs moving classification. Per- 

row best results are reported in bold numbers. 

Flow MFCC Combined 

Accuracy% 92.50 87.04 94.50 

TP rate% 73.03 61.54 84.76 

TN rate% 99.18 95.21 97.65 

FP rate% 0.82 4.79 2.35 

FN rate% 26.97 38.46 15.24 
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tures with a margin of about 5%. The combination of audio and

optical flow features allows to increase accuracy to the value of

94.50%. The obtained results point out that the combination of au-

dio and visual features are the best suited for the first level. 
.2. Second level: location 

Table 4 reports the results of the indoor vs outdoor classification

second layer). In this case, deep features outperform both GIST

nd audio features with a good margin obtaining an accuracy of

7.26%. Hence, we employ the Deep Features descriptor alone in

he second level. 

.3. Third level: scene-context 

For the scene-context classification (third level), we obtain an

ccuracy of 85.05% using the GIST descriptor and 90.34% with the

se of Deep Features descriptor. Note that, in this case, a multi-

lass SVM with RBF kernel has been trained to discriminate be-
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Table 4 

Results for indoor vs outdoor classification. 

Per-row best results are reported in bold 

numbers. 

GIST MFCC DEEP 

Accuracy% 95.79 88.00 97.26 

TP rate% 89.3 49.51 94.34 

TN rate% 97.8 97.66 98.33 

FP rate% 2.20 2.34 1.66 

FN rate% 10.7 50.49 5.64 

Table 5 

Confusion matrix for scene context classification with the GIST descriptor. 

Predicted 

Parking Road Cash desk Retail Gastronomy Fruit Pasta 

Parking 54.25 22.88 1.96 20.26 0.00 0.00 0.65 

Road 7.25 84.46 6.57 0.99 0.54 0.00 0.19 

Cash desk 1.23 13.35 78.67 6.75 0.00 0.00 0.00 

Retail 1.82 0.02 1.19 92.46 1.72 0.80 1.99 

Gastronomy 0.00 3.89 0.00 27.16 68.95 0.00 0.00 

Fruit 0.00 0.00 0.00 37.10 0.00 62.90 0.00 

Pasta 0.56 0.56 0.00 28.65 0.00 0.00 70.2 3 

Table 6 

Confusion matrix for scene context classification with Deep Features. 

Predicted 

Parking Road Cash desk Retail Gastronomy Fruit Pasta 

Parking 85.51 1.87 0.0 7.94 0.0 0.0 0.0 

Road 0.38 94.08 2.86 1.34 0.0 0.0 0.0 

Cash desk 0.0 12.59 68.53 17.83 0.35 0.0 0.0 

Retail 0.0 0.12 0.32 98.2 0.28 0.2 0.84 

Gastronomy 0.0 2.6 0.0 38.31 59.09 0.0 0.0 

Fruit 0.0 0.67 0.0 35.57 0.00 61.74 2.01 

Pasta 0.0 0.0 0.0 35.78 0.0 0.0 64.22 

Table 7 

Results of the three considered classification approaches. 

Combination Multi-Class SVM DAGSVM 

Accuracy% 80.10 67.50 87.71 

Table 8 

Confusion Matrix of the DAGSVM approach. 

Classes C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 

C1 63.4 14.5 0 0 0.21 0 9.8 4.9 3.4 0 0 0.1 0 3.7 

C2 0.25 93.6 0.7 0.1 0.23 0 0.1 0.1 4.6 0.2 0.1 0.1 0 0.1 

C3 0 34.5 61.2 0 0 0 0 0 1.3 3.1 0 0 0 0 

C4 0 32.1 1.8 62.9 0 0 0.62 0 1.4 0.1 0.9 0 0 0.1 

C5 0 34.2 0 0 59.7 0 2.1 0 2.1 0 0 1.2 0 0.7 

C6 0 8.5 0 0 0 83.1 2.4 0 2.8 0.4 0 0 2.5 0.2 

C7 1.7 1.1 0 0 0 0.4 93.8 0.3 0.1 0 0 0 0 2.6 

C8 7.6 2.1 0 0 0.1 0 1.9 61.2 14.6 0 0 0.3 0 12.2 

C9 0.1 3.1 0.1 0.1 0 0 0 0.2 95.4 0.6 0.1 0.3 0 0.1 

C10 0 6.1 3.2 0 0 0 0 0 30.2 60.3 0 0 0 0 

C11 0 3.2 0.3 1.7 0 0 0.1 0 32.7 1.9 59.6 0 0 0.4 

C12 0 0.9 0 0 1.3 0 0.5 0 37.5 0 0 58.1 0 2.1 

C13 0 2.3 0 0 0 3.6 0.3 0 9.2 0 0 0 82.5 1.9 

C14 0.5 0.8 0 0 0 0 2.3 2.1 1.9 0 1.3 0 0.3 90.8 

t  

b  

W  

s  

d  

s  

T  

a  

Fig. 4. On the left a typical observation of the narrative cart when in the parking 

space. On the right an example of a frame of indoor acquired by the narrative cart 

in retail (labeled as pasta). The distribution of vertical and horizontal edges gener- 

ates confusion in the classification when using GIST features. 

Fig. 5. Some examples of frames with occlusions. 
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ween the seven possible scene contexts without using priors given

y the previous level in the hierarchy (i.e., indoor vs outdoor).

e also report the confusion matrices with respect to the con-

idered seven scene contexts in Tables 5 and 6 . When using GIST

escriptors, the main classification errors are related to the confu-

ion between the “parking”, “road” and “retail” classes (first row of

able 5 ). The confusion between parking and retail classes is prob-

bly due to the encoding of the scene information by the GIST de-
criptor. Indeed, when the cart is in the parking space, the scene is

ainly composed by vertical and horizontal edges which can be

onfused with the vertical and horizontal edges of some scenes

n the retail (see Fig. 4 ). As it is shown in Table 6 , As it will dis-

ussed in the experiments, explicitly enforcing a hierarchy using a

AGSVM classifier helps reducing ambiguities by enforcing a prior

n the main location ( indoor vs outdoor ). As it is shown in Table 6 ,

esults improve using Deep Features descriptor. For instance, the

lassification errors for the “parking” and “road” classes are re-

uced. Misclassification between the “retail” classes are mainly due

o the visual similarity of different retail sectors in the frames.

ther classification problems are due to strong occlusions caused

y people in the scene as shown in the examples in Fig. 5 . 

.4. Overall classification 

The experiments presented in the previous sections pointed out

hat the best features to be employed in the first level of the hier-

rchy are the combination of MFCC and FLOW, whereas the DEEP

eatures descriptor can be employed in the second and third levels.

ince the main goal is the classification with respect to the 14 pos-

ible triplets corresponding to the leaves of the tree in Fig. 1 , after

electing the features for the three levels independently, we have

ompared the three different classification modalities discussed in

ection 4.4 , namely: (1) combination of the results of three dif-

erent SVM classifiers trained to address classification at each of

he three considered levels; (2) a multiclass SVM classifier which

iscards the proposed hierarchy and classifies samples into the 14

ossible classes; a DAGSVM [23] classifier which reflects the hier-

rchy proposed in Fig. 1 to perform classification. 

The results of the three different approaches are reported in

able 7 . Best results are obtained by the DAGSVM approach, which

btains an accuracy of 87.71%. It is worth noting that the simple

oncatenation of MFCC features with the FLOW and DEEP descrip-

ors does not allow the multi-class SVM to reach the best accu-

acy (67.50%). The proposed DAGSVM approach also outperforms

he concatenation of three different classifiers trained separately

t each level (80.10%). Some visual examples for the assessment

f the output given by the proposed DAGSVM-based approach are

vailable in Fig. 6 . 

Table 8 reports the confusion matrix related to the perfor-

ances of the DAGSVM. Class C1 [STOP, INDOOR, CASH DESK] ob-

ains a True Positive Rate (TPR) of 63,4%, with the largest misclas-

ification obtained on the C2 class [STOP, INDOOR, RETAIL]. The

est performances are obtained with the C9 class [MOVING, IN-
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Table 9 

Number of Shopping Charts predicted for each Class at a given time. Ground Truth Predictions are reported in parenthesis. Reported 

times are in MM:SS format. 

Time C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 

0 0:0 0 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 14 (14) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 

03:10 0 (0) 2 (2) 1 (1) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 6 (5) 5 (6) 0 (0) 0 (0) 0 (0) 1 (1) 

06:30 0 (0) 2 (2) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 4 (3) 0 (0) 0 (0) 0 (0) 1 (2) 2 (2) 

09:50 0 (1) 2 (1) 0 (0) 0 (0) 0 (0) 0 (0) 1 (1) 0 (0) 3 (2) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 

13:10 0 (1) 3 (2) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 

16:30 1 (2) 1 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 1 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (1) 

Fig. 6. Examples of frames correctly classified by the proposed DAGSVM approach 

but misclassified by the other two compared approaches. The frames on the left 

columns are related to the parking space of the carts, but are recognized as retail 

by the combined approach. The frames on the right are related to indoor, but are 

recognized as outdoor by the combined approach. 
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DOOR, RETAIL]. C3 class [STOP, INDOOR, PASTA] is misclassified

with the generic C2 class that represents the generic retail envi-

ronment. Similar performances are obtained for the classes C4 and

C5 related to the fruit and gastronomy departments. For the class

C6 [STOP, OUTDOOR, PARKING], the performance obtained is of

83,10%, due to the misclassification with retail scenarios (the cart

grid is mistaken for windows and shelves). Class C7 [STOP, OUT-

DOOR, ROAD] is classified with 93.8% of accuracy. Considering the

results, the proposed approach can be used for rough localization

of customers in the sale point. 

To demonstrate the system, in Table 9 , we report some sample

predictions at different times in a retail store. The system analyses

15 input videos and classifies them at different instants to infer

their behavior. Specifically, each row reports the number of pre-

dicted charts belonging to a given category. Ground truth predic-

tions are reported in parenthesis. A video demo of the proposed

method is also available at our web page: http://iplab.dmi.unict.it/

vmba15 . 

7. Conclusion 

This paper has introduced the problem of Visual Market Bas-

ket Analysis (VMBA). To set the first VMBA challenge, a new ego-

centric video dataset (VBMA15) has been acquired in a retail store

with cameras mounted on shopping carts. The VBMA15 dataset has

been labeled considering 14 different classes arising from a hier-

archical organization of Actions, Location and Scene Contexts . A first

benchmark has been performed considering classic representations

and classification modalities. Experiments pointed out that audio,

motion and global visual features are all useful in the VMBA ap-

plication domain when coupled with a Direct Acyclic Graph based

SVM leaning architecture. 

Future works will investigate the design of a framework based

on deep learning trainable in an end-to-end fashion to address

Market Basket Analysis from Egocentric Videos processing and fus-
ng information coming from the three levels. Moreover, the anal-

sis will be extended to data collected in more retail stores. 
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