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Environment-independent Activity Recognition Based on Web

Knowledge Using Egocentric Video
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Abstract: In this paper, we recognize daily activities based on a wearable camera without using training
data prepared by a user in her environment. Recently, deep learning frameworks have been publicly available,
and we can now easily use deep convolutional neural networks (DCNNs) pre-trained on a large image data
set. In our method, we first detect objects used in the user’s activity from her first-person images using a
pre-trained DCNN for object recognition. We then estimate an activity of the user using the object detection
result because objects used in an activity strongly relate to the activity. To estimate the activity without
using training data, we utilize knowledge on the Web because the Web is a repository of knowledge that
reflects real-world events and common sense. Specifically, we compute semantic similarity between a list of
the detected object names and a name of each activity class based on the Web knowledge. The activity class
with the largest similarity value is the estimated activity of the user.
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Table 1 Activity recognition accuracies for existing studies

that employ ego-centric video.
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Fig. 1 Overview of proposed method.
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Fig. 2 Examples of saliency map: Upper and lower images

correspond to smart phone use and making coffee.

Right one is saliency map. Brighter pixel shows higher

saliency.
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x2 FERTITo7213 7 7 ADATE & £ O FHIERH

Table 2 Activities performed in experiment and their average

durations.

T4 FIRERH (7))
using cellphone 40.3
making tea 35.6
using computer 51.7
toilet 16.6
watering plants 25.3
watching television 51.7
cooking 66.8
eating 55.1
using microwave 23.9
making coffee 34.1
washing dishes 42.0
playing with pet 36.5
using curtain 11.0
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Fig. 3 Floor plan of environment 1.
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Fig. 4 Floor plan of environment 2.
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Fig. 5 Floor plan of environment 3.
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Fig. 6 Confusion matrices of methods.
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Table 3 Recognition accuracies for methods.

precision [%] | recall [%] | F-measure [%)]
WN 33.9 45.2 35.9
WMI 26.4 17.8 9.1
WJ 32.9 30.7 22.3
WD 33.4 27.8 20.7
WN-+ 63.8 64.3 59.2
WMI+ 61.6 44.7 38.1
WJ+ 64.4 60.3 56.3
WD+ 64.3 58.9 55.8
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Fig. 7 Confusion matrix when only image features are re-used:
A=0.
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Fig. 8 Confusion matrix when only acceleration features are

re-used: A = 0.
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Fig. 9 Relationship between A and recognition accuracy: both

image and acceleration features are used.
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Fig. 10 Confusion matrix when image and acceleration

features are re-used: A = 0.96.

R4 R LIRS T PR L7256 OFERRAEEL X = 0.96
Table 4 Recognition accuracies when image and acceleration

features are re-used: A = 0.96.

precision [%] | recall [%] | F-measure [%)]
WN+ 75.6 71.2 71.3
WMI+ 68.0 41.5 45.8
WJ+ 67.4 62.4 59.3
WD+ 68.6 61.2 55.4

x5 WEOAE TN LG ORMBE X = 0.96
Table 5 Recognition accuracies when only image features are
re-used: A = 0.96.

precision [%] | recall [%] | F-measure [%)]
WN+ 74.6 70.4 70.3
WMI+ 66.1 42.0 46.2
WJ+ 67.7 63.3 60.1
WD+ 69.0 62.1 60.0

A=096 & L7 & S OREMROBFATI Z RS, T72,
x4, &5, T 6 (W HEELMN T OREE A L7
Bal, TNENHIMTHAM L7256 ORGRIEE € /R .
MEFZ TR SN2 TNV H ) 7=y 2 HAHT L 2 L1
L0, MEFELY SRORELZ RS I D0 o7, §F
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Table 6 Recognition accuracies when only acceleration

features are re-used: A = 0.96.

precision [%] | recall [%] | F-measure [%)]
WN+ 71.4 70.0 67.0
WMI+ 54.0 53.3 50.4
WJ+ 68.2 64.7 61.4
WD+ 69.0 64.4 61.8
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