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Abstract

Persons may perform an activity in many differ-
ent styles, or noise may cause an identical activity to
have different temporal structures. We present a ro-
bust methodology for recognition of such human activ-
ities. The recognition approach presented in this pa-
per is able to handle person-dependent and situation-
dependent uncertainties and variations of human activ-
ity executions. Our system reliably recognizes human
activities with such execution variations, by semanti-
cally measuring the similarity between the observations
generated by an activity execution and its optimal struc-
ture. The system detects fuzzy time intervals associ-
ated with low-level gestures of a person, and matches
them hierarchically with the representation of the activ-
ity that the system is maintaining. Our system is tested
for eight types of simple human interactions such as
‘pushing’ and ‘shaking hands’, as well as complex re-
cursive interactions like ‘fighting’ and ‘greeting’. The
results show that the performance of our system is supe-
rior to that of the previous systems using deterministic
time intervals.

1 Introduction

Human activity recognition is an important and ac-
tive research area in the field of computer vision. Au-
tomated recognition of gestures or simple single-person
actions such as walking and sitting has been particu-
larly successful [14, 2, 5, 12, 7]. Recently, recognition
of high-level and complex activities (e.g. fighting and
stealing) is gaining increasing amount of interest, be-
cause of its applications in other surveillance systems,
sports play analyses, and human-computer interaction
systems.

Description-based approaches are a particular class
of hierarchical recognition methodologies designed for
analysis of high-level activities [9, 13, 3, 10, 11]. The

motivation behind description-based approaches is to
recognize human activities by maintaining the activi-
ties’ temporal structure. Using time intervals and tem-
poral predicates [1] to represent the structure of each
activity, previous approaches have obtained success-
ful results on recognizing high-level human activities,
by searching for visual inputs that satisfies the activi-
ties’ structure. Description-based approaches are able
to overcome the limitations of previous statistical and
syntactic approaches [4, 6] on recognizing concurrently
organized activities.

However, even though the above description-based
approaches have been successful in recognizing high-
level activities, they had limitations on handling struc-
tural uncertainties and variations in activity executions.
Actual executions of an activity are person-dependent
and situation-dependent, and their temporal structures
may vary. For example, even though two persons must
exchange multiple punching or kicking consecutively
(right after another) in ideal cases of ‘fighting’, tempo-
ral gaps between punchings always exist and their dura-
tions may vary. Most of the previous description-based
systems recognized activities only when their temporal
relationships (i.e. temporal structure) are strictly satis-
fied, ignoring the variations.

We present a reliable human activity recognition
methodology which handles the structural variations of
an activity. When a new observation (i.e. video) con-
taining an execution of an activity is provided, our sys-
tem measures how semantically similar a given obser-
vation is to the optimal structure of the activity. This
similarity measure is not deterministic but is designed
to consider uncertainties of the activities’ structures.

Overall process of the system is as follows. At each
occurrence of gestures, we associate a fuzzy [15, 16]
time interval. In contrast to a deterministic time in-
terval used by previous approaches [13, 3, 10, 11], a
fuzzy interval is able to describe a possible range of
its starting time and that of its ending time as well as
the confidence value associated with time frames within
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System Simple Recursive Total

Ours 0.920 0.783 0.907
Previous 0.862 0.522 0.814

Table 1. Recognition accuracy.
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Figure 5. Example experimental results of
the ‘pushing’ interaction.

tion, our system was able to recognize the pushing in-
teraction. False positive rates were almost 0 for both
systems, since the probability of sub-events satisfying
particular relations detected ‘by accident’ is extremely
low.

6 Conclusion

We have presented a reliable recognition methodol-
ogy that is able to handle uncertainties in human ac-
tivities’ structure. We have introduced the concept of
‘fuzzy time intervals’, and presented the dynamic pro-
gramming algorithm to calculate the similarity between
the activity and the observations. Experimental results
suggest that the ability to handle structural variations
enables better recognition of human activities.
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