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Abstract

Currently, in the design process of civil structures such as bridges, it is common to make final products by repeating the process of
redesigning, if the initial design is found to not meet the standards after a structural review. This iterative process extends the design time, and
causes inefficient consumption of engineering manpower, which should be put into higher-level design, on simple repetitive mechanical work.
This problem can be resolved by automating the design process, but the external analysis program used in the design process has been the
biggest obstacle to such automation. In this study, we constructed an Al-based automation system for the bridge design process, including an
interface that could control both a reinforcement learning algorithm, and an external analysis program, to replace the repetitive tasks in the
current design process. The prototype of the system built in this study was developed for a 2-span RC Rahmen bridge, which is one of the
simplest bridge systems. In the future, it is expected that the developed interface system can be utilized as a basic technology for linking the

latest Al with other types of bridge designs.
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Algorithm 1: deep Q-learning with experience replay.
Initialize replay memory D to capacity N
Initialize action-value function Q with random weights ¢
Initialize target action-value function Q with weights #~ = 6
For episode = 1, M do
Initialize sequence s; = {x; } and preprocessed sequence ¢, = (s)
For t=1,T do
With probability ¢ select a random action a,
otherwise select a; =argmax, O(¢(s,).a; 0)
Execute action a, in emulator and observe reward r, and image x, ; |
Set s, =5,,a,,%+1 and preprocess ¢, =(s,41)
Store transition (¢,.a..r.¢,,,) in D
Sample random minibatch of transitions (([)j.a),r).d))H) from D

.
o i
Set y; = { ity max, Q(d;i_ﬂ o 07)

Perform a gradient descent step on (y) - Q(z,/'J).a;: ())) * with respect to the
network parameters ¢
Every C steps reset Q: Q
End For
End For

if episode terminates at step j+ 1

otherwise

Fig. 2 Deep Q-learning algorithm(Mnih et a/, 2015)
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Fig. 3 Two-span RC rahmen bridge
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Table 1 Classification parameters

Parameter

span

: width

: moving load(train type & speed)
: temperature load

: seismic load

: strength

input — 1

: skew angle
: foundation type

: bridge grade

: seismic grade

input -2 : static load

: single/double line

: unit weight

: modulus of elasticity

input - 3 : geotechnical information

variable - 1 : cross section’s dimensions

: amount of longitudinal rebar

=== |0 Q[N W — QNI+~

variable - 2
: amount of shear rebar

input-1 : Environmental charateristics
|L i I—,:: input-2 : Mechanical properties
step 1 | design condition
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step 3 | mn’pubeﬁ)n:e I step 5 Pmiﬂ’f__nd;.

step 6 P o:r?u m&

i

step 4 | force

input-3 : Geotechnical information
\—* variable-1 : Cross section information

v

sle 8 | review cross section ||

variable-2 : Amount of rebar

@

review stability

> weight-1 : Feedback on member’s
cross section review result

YE&

» weight-2 : Feedback on
stability review result

"

weight-3 : Feedback on member’s
cross section appropriateness

i

step 12 deslgn wing wall

A

weight-4 : Feedback on
stability review result

i

4 e

( end )

A

weight-5 : Feedback on
cost review result

Fig. 4 RC Rahmen bridge design process
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