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(Adaptive Marquardt Algorithm based on Mobile environment)
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Abstract
The Levenberg-Marquardt (LM) algorithm is the most widely used fitting algorithm. It outperforms simple

gradient descent and other conjugate gradient methods in a wide variety of problems. Based on the work of paper
[1], we propose a modified Levenberg-Marquardt algorithm for better performance of mobile system. The LM
parameter at the ki, iteration is chosen p=A ¢ //fix)// ¢ I where fis the residual function, and J is the Jacobi of
£ In this paper, we show this method is more efficient than traditional method under the situation that the system

iteration is limited.

B keyworld :|Data fitting algorithm | Damping parameter | Nonlinear equations | Levenberg-Marquardt
algorithm |
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Algorithm 1 — Classic Levenberg-Marquardt
Begin

k=0;

X=Xo;

A=I(x)"I(%);

=000 f0x);

it (gll<el)

found;
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while (not found) and (k<kpax)
k=k+1;
solve (A+ ul)h=-g
ift ([[lhf] < e2(|[x|| + e2)
found = true;
endif
else
Xpew=X1h;
p = F(x)-F(Xnew);
if (p>0)
X=Xnew
A=I(x)"1(x);
g=3(x) f(x);
if (|g[l<el) found;
p=p-0.1;
endif
else
p=pe2;
endif
endwhile
end

WHE dagFolA Felaz) e MEE g S 2~
HE| gAagre] x o daglFe uld iteration "t g gk
BN, PEe] o ddhe] g p #& dallsel ot

o
=
F 719 Gradient ¥} First order expansion ¥'H< sl

o] dug|Fo R FHeE F p ks 2 TR STFE Al
A wjEo] 3 Q3 Gradient WHo R 25ty p gk 2
A Rl BE e gho] FAE 4 Qe 847} HY
w50 o]z}mEo] H Q3 First order expansion WH o2 2}
A ot

2. N2 AAeHs I E s

I E gaE|Eol A Fetalzt sk sl el gh sl whet g
% 9] #°] nonsingular ¢]ojof ZHs 3t} F WA=
FUiE XRF grloll H-&3lof 3= A& 7ekslo] && A=
e Tab7] flal EaEs ARl UF BRste] ZaAA Al
o] Zojx|™ o] L3l ZEgo} 8 FAol Aolt} o]e]dt LA
SELAL (A+ plh=-g ©] AlEleA daE]Fe] A=
Fretd A eI AR FFskA] Febd A s 9
gtepale Al Albes Fol At ‘i‘ra T E il Yol
ot} A E dueEo] AU Z 5504 Least Square 9 2k
o] zto}x| a1 Z19}= w2 OW_E]-EO] Fr5-3hd Least Square ©]
ol AXE EAS oldsto] tialel p o BetrH s dags
ol A §lelli= Al Least Square 391 fix) < ol ¥ =&

% Fa AN A FuelFe b gk

o A

Algorithm
Begin
k=0;

2 — Modified Levenberg-Marquardt

FR

X=Xo,
A=J(x)"I(%);
=100 "(%);
if’ (|lgll<el)
found;
while (not found) and (k<Kgpax)
k=k+1;
solve (A+A||f(x)||Dh=-g
ift ([hf] < e2(||x|| + e2)
found = true;
endif
else
Xnew2X+h;
p = F(x)-F(Xnew);
X=Xpew;
i (p>0)
A=J(x)"1(x);
2=J (%) "f(x);
if (|lg/|<el) found;
endif
endwhile
end
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