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Abstract—Situation recognition is a significant part of supervi-
sion to advance human operator decision making. It is a proces
for identification of occurred situations as the result of a quence
of actions. Situation recognition process could be individalized
for an assistance system by considering exclusive behavioof
human operators individually. Accordingly, the assistane system
should be provided with an online learning process to explar
new experiences by modeling and labeling the occurred sittians
and adapt the knowledge base.

In this paper, an improved Case-Based Reasoning (CBR)
approach is proposed and applied for lane-change driving i
uation recognition. The proposed CBR is able to model event-
discrete situations using Situation-Operator Modeling (M)
approach. In addition, human operator experiences are leared
online and reused for situation recognition by integration of
fuzzy logic. Additional processes need to be carried out inhie
proposed fuzzy-SOM based CBR to support online learning for
data reduction and knowledge indexing. As an experiment, ta
proposed approach is implemented to recognize lane-changéu-
ations for a driving assistance system. According to fundaental
evaluation results, the proposed approach is able to impravlane-
change situations recognition performance for individualhuman
operators.

Keywords—Individualized situation recognition, driving as-
sistance system, learning, Case-Based Reasoning, Sitoati
Operator Modeling.

I. INTRODUCTION

features of a situation as well as a relation between sinati
(1].

Real-time recognition of situations by considering oparat
goals enhances situation awareness of human operators [4].
Using a recognition assistance system, it will be possible t
identify specific situation patterns resulting from a setaof
tions performed through the interaction with the environine
Situation recognition may be individualized for human dri
by considering exclusive behaviors of human operators in
different situations. Here, the structure of related situs as
well as related features are remarked for each human operato

To realize the proposed situation recognition, an online
learning process is applied to adapt the knowledge basg usin
experienced sequential orders of performed actions. Ottesof
challenges in online learning process is dynamic adajpiatio
knowledge base based on the new experiences [5]. Assigning
situation patterns to new experienced situations (lagglis
an important task of dynamic adaptation. When a defined
situation rises, the set of initial and middle situationg ar
remarked as related situation pattern. Through an offline
learning process, the knowledge base could be adapted and
labeled over an entire data set while a complete sequence
of actions and the resulting situations is available. Hmvev
labeling situations through online learning is challengees

Recent developments in cognitive systems as well as ﬁﬁ‘-e sequence of actions may not have been completed.

creasing the detection options for human errors in decisionin this contribution, the developed CBR [8] is applied for
making in critical moments highlight the need for supervisituation recognition. In the proposed approach, knowdedg
sion of human operators. Real-time situation recognit®a i about situations is modeled and represented in CBR by ap-
challenging problem especially in the case of supervisibn plying SOM approach [10] to support event-discrete siarati
operators in unplanned and ambiguous situations. recognition. In addition, fuzzy logic is applied for dataust
L , . turing, knowledge generalization, and inferring experash

A situation is stated as "a complete state of the umverﬁ%owledge. Online learning is applied to CBR for knowledge

at an instant of time” [3]. It is generated with the action . . -
ase adaptation by means of on-line acquisition of cases and
performed by human operator or other agents. It could . S o
adaptation for further situation recognition.

defined using a set of features and relation between therésatu
[10]. The features could denote a situation resulting from aHere, the implemented CBR in [8] is adapted and pro-
sequence of actions. Therefore, a situation is introdusegha posed for individualized situation recognition with aggliion
event-discrete knowledge for cognitive systems. A sitmti to assistance systems. Accordingly, some processes and the
could be identified by finding the similarity between theelated knowledge base are adapted. In this paper, théyaddili



SOM in modeling the event-discrete knowledge is considergdlues of characteristics. This improves the generatinatif
through online learning. The sequence of situations aridrext comparable cases. The knowledge complexity in the case base
modeled using SOM (SOM-based knowledge) for individué decreased [8].

human operators, is used to label and adapt event-based

indexing process is implemented for improving the retrieva
process. Here, the proposed fuzzy SOM-based CBR [8] is improved

. . ) . to support online learning for individualized situatiorcog-

The paper is divided into several sections. In_SeF:tlon Rition. The cycling of the proposed fuzzy SOM-based CBR
an overview of fuzzy SOM-based CBR approach is given. lyocess with the ability of online learning is illustrated i
Section 3, online learning process and related tasks abpli§gyre 3. Online learning in fuzzy SOM-based CBR carries
to fuzzy SOM-based CBR are introduced. The concepts g gifferent tasks including case labeling, fuzzificatidata
applied to a driving assistance system. In Section 4, a langgyction, and case indexing. This process could be able
change situation recognition process is developed fouavaliy model and learn event-discrete knowledge using SOM

tion. Finally, the effects of online learning for individized approach. The main tasks of online learning are detailed in
situation recognition assistance system are pointed out.  hq following sections.

II. Fuzzy SOM-BASED CASE-BASED REASONING A. New case detection

Case-Based Reasoning is a methodology to model humang gescribed in Section 11, the SOM approach is used to

reaspning for _solving cognitive problems such as d?CiSiQHode| knowledge using a sequence of situations and operator
making, planning, etc. It has been successfully applied g4, ayvent-discrete systems.

problem solving to a wide range of real-world applications

[11]. The Fuzzy SOM-based CBR approach proposed by [8]A sequence starts with an occurred situation defining initia
is an improved CBR approach establishing an integrated c&égliation of a pattern. The initial situation is followedtivia
representation approach for modeling event-discrete knowequence of performed actions and upcoming situations and
edge and handling uncertainties. Case representationeis ithended when a defined situation pattern occurs. Then, the
problem of deciding about case contents and finding a seitabituations registered in the sequence from the last sitoati

structure for describing the contents as well as organittieg UP to the initial situation are labeled as that situatiorteyat
case in memory [2]. The sequence shows a series of actions resulting to a specific

situation pattern. Each set of situation, operator, anduonicg

The proposed Fuzzy SOM-based CBR applies SOM agy ation in the generated sequence is considered as a sew ca
proach for representing cases as a sequence of situation,

operator, and upcoming situation. The SOM approach models
events in a real world as a sequence of scenes, related call}se
(actions), and their effects, with initial situation, optar, and A reconfiguration process is applied to the learning process
upcoming situation respectively [10]. A graphical illion for updating the membership functions and supporting the ne
of these terms is given in Figure 1. A situation models a scegperienced values of characteristics. In this contrisytia

and illustrates the internal structure of a system. Sima® density-based algorithm is applied for automatic genemnati
consists of a set of characteristiCsand relationsR between of fuzzy sets and related membership functions. Through thi
the characteristics. Characteristics are quantities aumipthe algorithm, at first a distribution of the quantitative vasuler
features of a scene. Relations indicate an internal streict@ach characteristic is calculated. Membership functicrsed

of a situation by using function-oriented connections testv on new distributions of the values are then reconfigured to
the characteristics. Additionally, an operator models@ioa cover new cases. In this step, any changes of the member-
which changes scenes. The item oper&oapplies function ship functions (number and design parameters of membership
f to transfer the situatior§ to S;; with possibly a new
set of characteristics’ values and the relations. A seqaenc
of situations and actions modeled by SOM is represented in
Figure 2.

geconfiguration of fuzzy membership function

Fuzzy logic is a logical system dealing with uncertain

. ) : . -
knowledge and able to formalize approximate reasoning. In ¢ Characteristics

. L . O: Relations
this approach, quantitative valutsof characteristics demon- . Function-oriented
strating the environment are transferred to fuzzy sets.z&yu S Ser connections
. . . . A Initial Following
set F, ur) indicates a set of membership gradesvhich is situation situation

calculated by membership functignr : F[0, 1] and labeled
Fig. 1. Graphical illustration of the terms situation anggior in Situation-

by |I.I’IQUIS'[IC terms. Accor(_jlngly, a S|m.|Iar|ty assessmgnt Opertor Modeling approach (Soffker [1997, 2001, 2008])
applied on fuzzy values instead of discrete or continuous



E. Feature selection
Feature selection is a quite efficient method for data reduc-
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0w, Patternis selected using a feature selection approach.sEfi
s 1S Updated by learning new cases during online learning. In

os8s 2016 each update, an optimal set of relevant features is selected
S 5 5 5 and stored in DB-IX. This data base is used for classification
Fig. 2. Graphical illustration of a sequence of situatiomsl @perators in of cases.
Situation-Opertor Modeling approach
F. Indexing
— Stored cases in the case base could be indexed for fast
[Realworld Scene AC“"”“F retrieval of the similar cases. In this step, the stored and

labeled cases in the case base are classified based on the
defined situation patterns. The classified cases are stared i
an indexed case base. The indexed case base is used further
for case retrieval. Here, similarity of occurred situatois
measured with the cases in the indexed case base.
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IV. EXPERIMENTAL APPLICATION

In this section, the proposed situation recognition apghoa
is developed and examined for recognizing driving situa-
tions including lane-change to left and lane-change totrigh
maneuvers. The proposed CBR is developed using a Java-
based platform and Matlab. K-Nearest Neighbor algorithm is
applied for classification of the cases as well as case ingexi

T Gaussian function is considered as membership function to
transfer the crisp values to fuzzy values. Moreover, a fuzzy

Ve density clustering method [6] is applied to define design

parameters of membership functions. A selection approach
based on Rough-Set Theory [9] is used for feature selection
" in learning process.
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Fig. 3. Fuzzy SOM-based CBR cycle applied to human-machésést@nce A. Description
system Here, the proposed approach is developed and experimented
for 6 drivers. The drivers performed different driving test

. . . In the implemented driving scenario, the drivers are imite
functions) are recorded in a d_a_1ta _base called DB-FDP. Tl?gdrive in a winding highway with 4 lanes of two directions
data base is used for the fuzzification of cases. and simulated traffic environment. During driving, the &t

pants could perform overtaking maneuvers when the pregedin
C. Case fuzzification vehicle drives slowly. After overtaking the participantsutd

also drive back to the initial lane. Here, the driving datts se

‘Quantitative characteristics of a new case could be furzifigre comprised of different characteristics including egbicle
with a set of membership functions which are parameterizeding its environment status as listed in [8]. Accordingle th

DB-FDP. Each membership function returns a fuzzy value fgg|ated internal connecting structure of a situation isressed

a characteristic. Thus, the actual S|tuat|on.may be adddes§sing a set of those characteristics which have the same

as one or more sets of fuzzy values described by the charggportance weight initially. The characteristic weightsllw

teristics. be changed through feature selection process. Each single
recorded data could be labeled (classified) as lane-change t

D. Retain right, lane-change to left, and lane-keeping.

In this step, the case base is scanned to find if the newN each experiment, the assistance system is initializéld wi
fuzzified cases are representing similar old cases. If isese & S€t Of lane-change maneuvers performed by each driver

new case for the case base, it is saved as a new experien&%r.ound 30 minutes driving). The collected data set after th
first driving test is used to initialize the case base androthe



related data bases in the proposed approach. The numb@urred situation is not similar to the experienced cases a
of lane-change maneuvers experienced by each driver foerefore is recognized incorrectly.
initialization of the case base is shown in Table I.

TABLE |

DETAILS OF THE DRIVING TESTS(6 TEST DRIVERY

Here, situation recognition performance is evaluated in
terms of detection rate, false alarm rate, and recognition
accuracy. The evaluation metrics are calculated basedwn Tr
Positive (TP), False Negative (FN), True Negative (TN), and

Test No. of lane-change experienceg Driving duration time [m:s e I .

driver | to left tc? rightp onlinegleaming offlin[e te]st False Positive (FP) classification results.

#1 34 33 31:30 56:19 . . .

# 20 28 2815 3844 Evaluation results of the online learning process for a test
#3 25 26 30:41 45:21 driver of group A is illustrated in Figure 5(a). The plots are
#4 20 22 30:33 42:17 X .

#5 35 33 29:20 5211 representing the accuracy, detection rate, and false atérm
#6 28 29 32:21 39:22 situation recognition in 30 minutes driving with online tea

ing. The situation recognition results in the first 15 misute
of driving confirms the importance of the online learning.
By analyzing the lane-change maneuvers experienced Ognsiderable changes in the measured situation recognitio

the drivers, the test drivers could be classified into thesgso accuracy can be detected.. However, the situation redognit
A and B. The classification is based on the average distanperformance is improved significantly in the next minutes.
velocity, and time to collision to the vehicle in front (for aMoreover, it notes the effectiveness of online learning in
lane-change to left) and to the vehicle right-behind (fomrel learning new cases. The result demonstrates low perforgnanc
change to right). Some classified lane-change maneuvers @frehe situation recognition in the last minutes during new
shown using a 2-dimensional perspective of the ego-vehidase learning. The obtained results emphasize the sigrifica
trajectories during lane-change maneuvers in Figure it tof online learning. Although the obtained accuracy in thet la
experiment, drivers #1, #2, and #5 are included in group A ang minutes is high, the new experiences may decrease the
the rest are included in group B. The grouped test drivers grerformance of the system afterwards.

considered to evaluate the proposed individualized $itnat . . . .
The same test is done for an online learning applied to

recognition. X .
9 the assistance system for a test driver of group B. The test
) results illustrated in Figure 5(b) demonstrate that leagris
1k frequently done in the first minutes of driving. Afterwardse
Eop R average accuracy of situation recognition is improved 880.
A — , _
28 — The evaluation results measured for all test drivers are
2 20 %0 ) b ]1‘00 % 0 presented in Table 1l. The average accuracy of the situation
m

recognition is given in two time periods of test driving: firs

Fig. 4. 2-dimensional representation of ego-vehicle ttajies samples 19 Minutes and rest test time.
during lane-change maneuvers done by drivers
TABLE Il

AVERAGE SITUATION RECOGNITION ACCURACY DURING ONLINE

. . T . LEARNING IN TWO TIME PERIODS DONE BY6 TEST DRIVERS
To evaluate online learning process, the initialized sasste

system for each driver is applied for further learning. Héne Test | Average recognition accuracy

. . . . . driver | First 15 minutes Last 15 minutes

drivers use the assistance system to train it online with new 7T 0.822 0.981

experiences. The driving time for evaluation of online ieag #2 0.852 0.978

T . #3 0.752 0.988

for each driver is given in Table I. wa 0.792 0.986

- . . L #5 0.942 0.982

Afterwards, another driving test without online learnirgy i #6 0.822 0.990

done to evaluate the efficiency of the proposed individedliz
situation recognition. In this test, the individualizediatance
system for one drivers in Group A is used by other drivers in
Group A and the drivers in Group B separately. Driving tim€. Evaluation of individualized situation recognition
for offline test of individualized situation recognitionseown

. In this section, the effectiveness of assistance system by
in Table 1.

applying individualized lane-change situation recogmitis
expressed. Here, the individualized assistance systetimed
(during online learning) by drivers of Group A is used by the

An initial assistance system is applied for the drivers tdrivers of Groups A and B separately. These is an attempt to
show online learning performance. In this step, each drivanswer the question, "Can the performance of situationg-eco
uses their personalized assistance system. The knowledge Imition be improved by consideration of individual behasior
is updated for each new lane-change experience when tiarivers?”.

B. Evaluation of online learning
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Fig. 5. Evaluation results obtained during online learni@ for a driver of Group A, (b) for a driver of Group B

i = Labeled

situations

« Recognized
situations

Fig. 6. The lane-change situations recognized for a drifegroup A using the assistance system trained for the sarmmerdrgroup

Left lane

Right lane

5.02 5.025 5.03
Time [s]

N
¥ « Labeled

situations

« Recognized
situations

5.005
x1d*

Fig. 7. The lane-change situations recognized for a drifegroup B using the assistance system trained for driversafig A



To approach this goal, the assistance system trained forj@
driver of group A is used at first by another driver of group A
and then by one driver of group B. Results of the recognize
lane-change situations in the first and second tests (aré0nd
minutes driving) are shown in Figure 6 and Figure 7. The blue
lines show the driving lane of ego-vehicle at time. The point (8]
marked as green and blue indicate the labeled lane-change
situations and recognized lane-change situations atteeha o]
The red circles in the figures could obviously highlight the
visible situations which are recognized incorrectly aslvasl
the situations which are not detected correctly. The resultCl
presented in Figure 6 state that the recognized situatieayn
overlap the labeled situations. However, the recognizedsi [11]
tions illustrated in Figure 7 confirm the inconsistency tesw
the recognized and labeled situations. Using an unrelated
situation recognition could increase false alarm rate.

V. SUMMARY AND CONCLUSION

In this contribution, an individualized situation recotjom
has been successfully developed and applied to an assstanc
system. The approach uses a fuzzy SOM-based CBR approach
to identify event-discrete knowledge about situationgi-In
vidualization of situation recognition has been actualibgy
applying an online learning process in the CBR approach. The
online learning benefits the ability of SOM in modeling event
discrete knowledge in run-time.

An experimental application using driving maneuver was
considered to evaluate the proposed approach. The results
obtained from different driving tests states that onlireiéng
from new driving experiences could improve the accuracy
of situation recognition for the drivers. In addition, oréi
learning with the ability of dynamic adaption of knowledge
base based on new human-operator behaviors could support
situation recognition.

The experimental results of individualized situation rgwie
tion indicates that individualization may improve detentrate
and decrease false alarm rate. Overall, the experimesiatse
on the proposed approach show the importance of online
learning and individualized situation recognition in diniy
assistance systems.

REFERENCES

[1] S. Ranathunga and S. Cranefield, “Improving situatiorar@ness in
intelligent virtual agents,” inProc. for Cognitive Agents for Virtual
Environments: Lecture Notes in Computer ScienEe Dignum, C.
Brom, K. Hindriks, M. Beer, and D. Richards, Eds. Berlin, étdberg:
Springer, 2013, pp. 134-148.

[2] A. Aamodt and E. Plaza, “Case-based reasoning: Fougdtissues,
methodological variations, and system approaches,” Al @anmica-
tions, vol.7, pp.39-59, 1994.

[3] J. McCarthy and P. J. Hayes, “Some Philosophical Probldnom
the Standpoint of Artificial Intelligence,” Machine Intejence, vol.4,
pp.463-502, 1969.

[4] M. R. Endsley, “Toward a theory of situation awarenessdiymamic
systems,” Human Factors, vol.37, no.1, pp.32-64, 1995.

[5] J. A. Crowder, J. N. Carbone, and A. F. Shelli, “Artifici@lognitive
System Architectures,” idrtificial Cognition ArchitecturesNew York,
NY: Springer, 2014, pp.173-201.

I. Derbel, N. Hachani, and H. Ounelli, “Membership fuiocts gen-
eration based on density function,” iRroc. of the Int. Conf. on
Computational Intelligence and Securit008, pp.96-101.

D. Soffker, “From human-machine-interaction modglit® new concepts
constructing autonomous systems: a phenomenologicalnesgg-
oriented approach,” Intelligent and Robotic Systems, 3&)l.no.2,
pp.191-205, 2001.

A. Sarkheyli and D. Soffker, “Feature selection forusition recognition
in Fuzzy SOM-based Case-based Reasoning,Piac of the IEEE
CogSIMA conferen¢e2016, pp.145-151.

M. Salamo, M. Lopez-Sanchez, “Rough set based appreathdea-
ture selection for case-based reasoning classifiers grifaRecognition
Letters, vol.32, no.2, pp.280-292, 2011.

D. Soffker, “Interaction of intelligent and autonomm® systems-part
i: qualitative structuring of interaction,” Mathematicahd Computer
Modeling of Dynamical Systems, vol.14, no.4, pp.303-3180&

P. Perner, “Case-Based Reasoning and the Statistiballebges II,
Man-Machine Interactions 3,” Advances in Intelligent ®yss and
Computing, vol.242, pp.17-38, 2014.



