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Optimization of Device Process Parameters for GaAs/AlGaAs Multiple
Quantum Well Avalanche Photodiodes Using Genetic Algorithms
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Abstract

In this paper, we present parameter optimization technique for GaAs/AlGaAs multiple guantum well
avalanche photodiodes used for image capture mechanism in high-definition system. Even under
flawless environment in semiconductor manufacturing process, random variation in process parameters
can bring the fluctuation to device performance. The precise modeling for- this variation is thus
required for accurate prediction of device performance. This paper will first use experimental design
and neural networks to model the nonlinear relationship between device process parameters and device
performance parameters. The derived model was then put into genetic algorithms to acquire optimized
device process parameters. From the optimized technique, we can predict device performance before
high-volume manufacturing, and also increase production efficiency.
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Table 1. Input factors and their ranges.
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Table 2. Optimized results using GAs.

Optimized AD BW MD SD  {Fitness
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Set 2 150 720 5.40 1 0.999
of Ane A w4ako] 0995 o4z HAHd
Aold, 7|4 A& o& F ¥ #ey 2l
Yt o5 B ASHRE IE F U HFE
of gt} o] HAzlE glo]l AjEHIH X HH9
4% 2%z Bolol BuY, Roly nuUd m¢ 1
Sholi A e 8 ZAFWUWIXNY 43 FHIME

A3 5898 Ao $ Ao
B 29 43 H#%E ATLAS simulatord o] &3}

of axtel o5 R AEFARE Aidbsta 1 AT
& & 3o Jehlidch A Edelder @2 o 57
#oh FEARE HAsstuA sh= goll dsf dot
e 2akg HA A&l FUEHUG olEHF 2
A A4 gEH T Fol TAstE TAUS
A7t 22 deisdd 98e oA R 7Ys



A4 ol §8 AAY B A2} A
oabsh vME N2y mdy Aol w4
o7t Bl WA ob7IA71E Agle) Ak

o, &
o) 1=
AR
she

H5E

E:3 3. 74 daeld #HHs .
Table 3. Verification of GA optimized results.
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