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ABSTRACT: Bridge is an infrastructure that has an important role in economic activities 
of the community. Throughout its service period, a bridge experiences various problems 
due to environmental factors and traffic loads. This study is focused on investigating the 
conditions of concrete bridge infrastructure in Surakarta, Indonesia based on fuzzy expert 
system method developed with Octave open source software as tool. This study is conducted 
by building a fuzzy expert system application based on bridge members’ conditions to 
obtain overall level performance of the bridge. In general, this research is divided into 
three parts. Firstly, to conduct surveys of several bridges conditions as sample data for 
application. Secondly, to build a model of fuzzy membership function and fuzzy inference 
engine for each type of bridge condition. Thirdly, to develop an application of fuzzy expert 
system based on the model developed with Octave. The result of the research can be used 
in an expert system application to determine the condition level of the bridges.
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1.	 INTRODUCTION

Surakarta is an important city and is one of Indonesiaʼs national economic 
centres, especially in Central Java. In the last few decades, the growth rate of 
the transportation sector, including in the city of Surakarta, has shown a marked 
increase. This is evidenced by the increasing number of automotive transportation 
facilities with annual growth of more than 10% or 22,534 vehicles per year.1,2 With 
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Figure 2:	 Example of the Mamdani data flow style rule evaluation, aggregation of the 
result, defuzzyfication.10

4.	 RESULTS AND DISCUSSION

4.1	 Proportion of Concrete Bridge Components

According to the Ministry of Public Works, the capability of a bridge is distributed 
across five major components, i.e., deck, beams, parapet, foundation and pillar/
abutments.3 In this research, as the foundation components are located underground, 
and the behaviour related to pillar/abutment cannot be observed, they are ignored 
in the calculation. Accordingly, the parapet is also ignored. To determine how 
much a component contributes/supports performance of a complete concrete 
bridge, a survey has been undertaken with several experts in bridge structures 
as respondents. The main support components are presented in Table 2. Each 
proportion becomes a final multiplication factor to the result of each fuzzy process. 
The biggest proportion is found to be at the beam, while the least is the deck.
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Table 2: The proportion of concrete bridges components support.
Components Proportions for overall bridge capability

Beam 33.75%

Deck 16.25%

Pillar 25.00%

Abutment 25.00%

4.2	 Membership Functions

In developing membership function for each component of a concrete bridge, the 
types of damage are chosen based on the major damage that can lead to bridge 
component collapsing and the damage visually can be observed; a beam is critical 
in deflection and crack with the maximum deflection value of 6.25% and crack 
of 10%. The deck has both crack and spalling, maximum at 10%. The pillar and 
abutment have the same factors, i.e., settlement and pop out, but the values are 10 
cm and 10% for pillars, and 5 cm and 10% for the abutment. The input membership 
function for each factor is divided into five categories: very low (VL), low (L), 
medium (M), high (H) and very high (VH). Meanwhile, the membership function 
for output is categorised into 5: very bad (VB), bad (B), medium (M), good (G) 
and very good (VG).

Figure 3: Membership function for pillar, with (a) deflection, and (b) pop-out.
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Figure 4: Membership function for beam with (a) deflection, and (b) crack.

Figures 3 to 7 show the graphical membership function for the input of each bridge 
component. Figure 7 is graphical membership function for output. It ranges from 
0% to 100%, from lowest level of bridge condition to its highest level. Octave is 
used as the fuzzy logic toolkit. 

Figure 5: Membership function for deck, with (a) crack, and (b) spalling.
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Figure 6: Membership function for abutment, with (a) settlement, and (b) pop-out.

Figure 7: Membership function for output (all components).

4.3	 Rule Base

The rule base is the main part of the Fuzzy Inference System (FIS), and the quality 
of results in the fuzzy system depends on the fuzzy rules. A procedural reasoning 
known as the compositional rule of inference enables conclusion to be drawn by 
generalisation from the qualitative information stored in the knowledge base.9 The 
following table summarises part of the rule base for all components, with each 
component has 25 rule bases. Accordingly, the rest of components have the same 
pattern as the table.



Journal of Physical Science, Vol. 29(Supp. 2), 147–157, 2018	 155

Table 3: Rule base for pillar.

Order of rule Input Output

Deflection Pop-out

1 VL VL VG

2 VL L G

3 VL M G

4 VL H M

5 VL VH B

… … … …

25 VH VH VB

4.4	 Final Result

Table 4 shows the input for the model according to visual observation in the field. 
For the 5 bridges investigated, there are various values of deterioration, but all 
bridges have the same deflection at beam, i.e., zero value. Each pair of component 
data was then inputted into the systems developed using rule base described in 
Table 3.

 Table 4: The input pair of concrete bridges components.

Bridges 
Damage type bridge components

Beam Deck Pillar Abutment 

Deflection Crack Crack Spalling Deflection Pop-out Settlement Pop-out

Maris 0 10 10 10 2 5 4 10

Nayu 0 5 2 2 2 10 2 10

Transito 0 3 5 7 0 5 2 5

Jongke 0 2 2 2 0 5 2 5

Kajen 0 3 2 2 0 3 2 5

Table 5 shows the rating of bridges observed based on the given rule base in Table 
3. The final result of each component is multiplied by the proportion shown in 
Table 2 which results in the rating for the bridge as a whole. The rating values, 
consequently, are translated into language based on the output model of fuzzy 
expert systems. 
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Table 5: Rating of the concrete bridges observed.

Bridges

Bridge components proportion

Rating MeaningBeam Deck Pillar Abutment

33.75% 16.25% 25% 25%

Maris 50.00 10.00 35.45 30.00 34.86 Bad

Nayu 10.00 49.13 35.45 30.00 27.72 Bad

Transito 64.94 16.37 39.09 50.00 46.85 Medium

Jongke 75.45 60.48 39.09 50.00 57.56 Good

Kajen 53.63 37.14 39.09 50.00 46.41 Medium

Based on Table 5, it can be seen that two bridges are operating at a bad level and 
need immediate attention. Two other bridges, meanwhile, are in medium condition 
that also require attention in the next coming few years. Another bridge has a 
good rating but still requires routine check to ensure that the bridge is operating at 
optimal service.  

5.	 CONCLUSION

In this work, a model for bridge investigation based on fuzzy expert systems has 
been developed and applied. From the five bridges observed, two bridges showed 
a bad rating, two others are in medium condition, and one is operating at a good 
level but it still requires routine check for optimal service. Based on the built date 
of bridges observed, it can be generally accepted that bridges have low rating after 
a length of service of longer than 30 years.
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