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Modeling and analysis of biasing errors

1. Worst-case analysis 4. Simplified symbolic statistical analysis
Too pessimistic; results in too tight error budgets Has been implemented in SLICAP as
2. Monte-Carlo analysis DC variance analysis

Only numeric; not useful for error budgeting ]

Simplifications: 5 ~1—0;0 <1
3. Symbolic statistical analysis
Too complex; PDF of the sum of two random variables
Is found from the convolution of the PDFs of these
random variables

14+9)(1+e)x1+d+g 0Kl ex 1
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Modeling and analysis of biasing errors

1. Worst-case analysis 4. Simplified symbolic statistical analysis
Too pessimistic; results in too tight error budgets Has been implemented in SLICAP as
2. Monte-Carlo analysis DC variance analysis

Only numeric: not useful for error budgetin
y J J Simplifications: 15 ~1—-6; 0 <1

3. Symbolic statistical analysis

Too complex; PDF of the sum of two random variables (I+0)(A+e)m1+d+60<Le<]

Is found from the convolution of the PDFs of these SLICAP replaces resistor tolerances
random variables with error currents
Circuit with uncorrelated Equivalent circuit using
device tolerances: the above approximations:
NP ? +
AR O [le O S w
‘ I€1 162 -
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14+9)(1+e)x1+d+g 0Kl ex 1

Is found from the convolution of the PDFs of these SLICAP replaces resistor tolerances
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Influence of supply and resistor tolerances

— ¥ Rl

value = R,

o= o09R,
V1 <) + R2 +

dc =V, value = Ry V/

out
o=o01V, o=o03R, -
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Influence of controller biasing errors

SLICAP model of ideal
OpAmp with bias errors

- Correlated bias currents
- Uncorrelated offsets
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Influence of controller biasing errors

SLICAP model of ideal O dcvar Vo
OpAmp with bias errors dc =0
. devar = svo?
- Correlated bias currents L
- Uncorrelated offsets o N\ 3 (4)
o _/
dc =0 l
dcvar = sio?
2) l N1
F1 dc = iib
%l 1 devar = sib”
®

(COMMON)
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Total bias errors

dc = Vi

o= 0,V
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o= 0,V

R3

value = R,
> o=o0,.R,
() (2)1
N\ R4

value = Ry

T°= o, Ry

V1
dc = Vi

Total bias errors
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1R3

Total bias errors

value = R,
> o=o0,.R,
() (2)1
N\ R4

value = Ry,

T°= o, Ry
V1
dc = Vi

o= 0,V

X1
O _dcVar
1ib = I,
R6 sib = IbO'[b
value = R, 810 = lof f
O':UTRC SVO = Vo ff
(3)
(out)
(4)
R2
value = 19R
oc=o0,19R
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Total bias errors

value = R,
> o=o0,.R,
() (2)1
N\ R4

value = Ry,

T°= o, Ry
V1
dc = Vi

o= 0,V

X1
O _dcVar
1ib = I,
R6 sib = IbO'[b
value = R, 810 = lof f
O':UTRC SVO = Vo ff
(3)
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(4)
R2
value = 19R
oc=o0,19R

Simplified result: R, >
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Ra _|_Rb
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1R3

value = R,

Total bias errors

o=o0,R,
() (2)1
R4

value = Ry,

T o = o,y

dc = Vi

o= 0,V

X1
O _dcVar
1ib = I
R6 sib = Ibalb
value = R, S10 =tloff
oc=o,.R. B°VO = Voff
(3)
(out)
(4)
R2
value = 19R
oc=o0,19R

Simplified result: R, > RRlR}%b
2 2
0_2 _ 20_2 ‘/tS RCLRb
Vout r R, + Ry R, + Ry

R, \°
2172

1%

_I_O-’U S (Ra —I—Rb)

2

T Vry

+i2 (Re + 19R)°
+ 02, I? (R. — 19R)°

I (Ri 1 (19R)2)
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