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State Estimation of Common Emitter
Amplifier using Iterated Extended Kalman
Filters

Amit Kumar Gautam, Sudipta Majumdar

Abstract: This paper presents the output voltage estimation of
bipolar junction transistor (BJT) common emitter (CE) using
iterated extended Kalman filter (IEKF). For this, state space
model has been derived using Kirchhoff's current law (KCL) and
Ebers-Moll model of the transistor. The performance of IEKF
has been compared with extended Kalman filter (EKF). The
simulation results show large signal to noise ratio (SNR) and
small root mean square error (RMSE) using IEKF as compared
to EKF, as IEKF considers the error due to linearization. The
advantage of the proposed method is that the derived extended
state space equation can be used for parameter estimation of
both, the transistor state and transistor parameters as the
derivation includes transistor model.

Index Terms: Ebers-Moll model, extended Kalman filter,
iterated extended Kalman filter, Kirchhoff's current law, state
space model.

I. INTRODUCTION

Bipolar junction transistor (BJT) common emitter (CE) is
an important circuit component of different electronic
circuits and chips. It is widely used in wideband resistive
feedback low noise amplifier (LNA) [1], two cascaded
common base and common emitter devices [2], frequency
reconfigurable millimeter wave power amplifier (PA) [3],
transimpedance amplifier circuit [4], class-F PA [5] and in
dual-vector phase rotator (DVR) used to drive a Dohetry
amplifier in beamformer [6]. BJT CE circuit is also used in
monolithic microwave integrated circuit chip [7] and in
transimpedance amplifier used in optical network link [8].

Various versions of Kalman filter (KF) have been used for
state estimation in many applications. In [9], KF has been
used for optimal estimation of noise corrupted input and
output. In [10], KF and adaptive KF have been used to obtain
the fault type and location of digital protection schemes. In
[11], Crouse et al. proposed moving horizon Kalman finite
impulse response (FIR) smoother which has the advantage of
simple recursive calculation. It also permits the use of control
input. In [12], Sarmavuori et al. proposed Fourier-Hermite
KF. This is based on Fourier-Hermite series as the EKF is
based on Taylor series. The main advantage of the method is
that due to the orthogonality of the Hermite polynomials, the
truncation is easier as compared to Taylor series truncation.
In [13], Hong et al. proposed a filtering method based on
wavelets and used KF for multiresolution decomposition and
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estimation. In [14], Jose et al. used tuning KF for proper
tracking of harmonic fluctuation which has the advantage of
fast adaptivity for abrupt input changes. The disadvantage of
KF is that it cannot be used for nonlinear systems. For
nonlinear systems, the EKF has been proposed which is
based on the linearization of nonlinear function using Taylor
series. EKF and its variants have been used in different
applications, In [15], Reggiani et al. used EKF for phase
noise estimation of multi-input multi output transmission.
Reif et al. [16] used EKF as a state estimation for nonlinear
deterministic system and showed that the estimation error is
exponentially stable. Carlos et al. [17] studied the behaviour
of EKF for chaotic signals. Shmaliy [18] proposed nonlinear
extended finite impulse response filters which does not
require the noise statistics and initial error. EKF has the
disadvantage of large linearization error which may lead in
wrong estimations. To reduce the linearization error, IEKF
has been proposed in the literature and used for various
applications [19]-[22]. The paper is organized as follows.
Section Il gives brief theory of EKF. Section IIl presents
IEKF method. Section IV presents state modeling of CE
amplifier circuit using Kirchhoff’s law and transistor model.
Section V presents implementation of EKF and IEKF to CE
amplifier circuit. Section VI presents simulation results.
Section VI concludes the paper.

Il. EXTENDED KALMAN FILTER

EKF [23], [24] is an extended version of Kalman filter that
is used for nonlinear systems. It consists of three steps. After
initialization, it is an iterative process between time update
and measurement update. Representing the nonlinear system
using

X = fia (X Uey) + Wy 1)

Y = he (%) +Vy 2
where X, is the system state vector to be estimated at

timek . U, is a known input vector, Y, is measurement
vector. f,(.) and h, (.) are nonlinear functions known as
state transition function and measurement function
respectively. W, and V, are process and measurement

noise with zero mean and covariances Q, and R,
respectively.
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EKF uses Taylor's series expansion to linearize the
nonlinear function f, (.) and h (.). (1) and (2) has been

approximated using Taylor's series expansion as:

X = fi s (Re_yer) + Fes %o, + Higher order terms  (3)

Y = h (fi (X _ye1)) + H, %, + Higher order
4

where F, and H, denote the Jacobian matrices
f.(.) and h () with

terms

calculated by partial derivative of

respect to state Xi .

of (x,u,)
E =1 k R
’ ox s (5)
oh.(x,u,)
H = i K X
k ax_ |X=Xk|k (6)

J

The steps involved for EKF algorithm are as follows:
1) Initialization Step: This step initializes

Xy = My = E[%,],
o o \T
Py = E[(%, —%,) (X, — %) ], Qy and R, .
2) State prediction: State X and covariance matrix
P, 1 are obtained using following expressions:

a) Predicted state )?k|k—l is computed as

)zk|k—1 = Fk )’zk—uk—l + Bkuk ™
where
of.(x,u,)
B — i 1 YK ~
k ox. |x—uk (8)

J
b) The covariance matrix of prediction error
is computed using

T
P = FPea s Fe +Q1 ©)
3) Measurement update: In the measurement step, the

state covariance matrix is updated by Kalman gain.
This step computes following three parameters:

a) This step calculates H, and Kalman gain
as:
K.=P, H (HP, H +R)"
k = " klk-1 k( k" klk-1" "k + k)
b) This step updates the state estimation using
the following expression

(10)

)zk|k = )A(k|k—1 + K (Y, —hy ()’Zk|k—1)) (11)

c) Thisstep computes covariance error matrix
using the following equation
Pk|k = (I - Kk Hk)Pk|k—l

and repeat step 2. K|k —1 and K |k are a prior and a
post estimate.

(12)
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I11. ITERATIVE EXTENDED KALMAN FILTER
In the IEKF [24], the linearization of f , X, , and

Pklk—l are done as in EKF method. The only difference
between both approaches is that in IEKF, linearization of g

depends on the updated state estimate )?klk rather than the

predicted state estimate )’ik|k—l as the EKF does.

Measurement model is defined as:

Vi = hk (yk ) Xk) (13)
where h, (.) denotes a function. In case of additive white
noise, the measurement model is

Y = 9, (%) + GV, (14)

and therefore

Vi = (Gk)il(yk — 0Ok (Xk ) (15)

where G, denotes the invertible matrix and ¢, is

nonlinear function. IEKF method has following steps:
a) In this step, threshold value is set (denoted as ¢)

and X, ;, By, and R, are computed.

b) Counter i =0 is set. Updated estimate is calculated
using X, ati=0.

c)
1) In this step, counter is incremented i =i+1.
2) This step performs the linearization of the

Gi-1

model as H,' = —X(y, , X
£ T o (Yier X))
3) This step computes the Kalman gain as:
Ky = Pk|k71(HI1)T (HLPk|k71(H1I<)T + Rk)71
d)

(16)

1) This step estimates updated state as:
" R : i1 o i
Xll<|k = Xk|k—l - Kli (hk (Yk J XII<|k ) - G|l (Xk|k—l - Xll<|k )) an

2) This process is repeated untill

| R~ Rl <& (18)
Seti=0 and X, — X,
3) This step updated state as:
()A(k|k = )A(:(O|k) (19)

4) This step update the covariance of estimate as:
(20)

Pk|k = (l - KIiOGIi(O)Pk\k—l

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Exploring Innovation



International Journal of Innovative Technology and Exploring Engineering (1JITEE)

V. MATHEMATICAL MODELING OF COMMON
EMITTER AMPLIFIER CIRCUIT

The CE transistor amplifier is shown in Fig. 1. It consists
of resistors R., Rg, R, and R, . Capacitor Cj is used to

block dc voltage only. C. and C_ are the collector and

emitter capacitors respectively. U and V, denote the input
and output voltage of the amplifier circuit respectively.

R,

Fig. 1-Circuit diagram of comrﬁon emitter amp?lifier.

Applying KCL, we obtain the following equations:

I =C; divE +V—E

bR (21)
I CBdi(u—vB)+VCC Ve

t R 22)

Vv

Cc (Vc Vo) R_O
- (23)

Vee =Ve =1 Vo

C

RC RL (24)

These equations can be expressed in terms of state
variables namely V., Vg, V. and V,. We used Ebers-Moll

model [25] to obtain the state space equations. Ebers-Moll

equations are:
BE 1 I VBC 1
—Llr+aglg(eXp —VT — (25)

le =—lgs {eXp(
BC J—l}-i-aF I {exp(\\//BTEJ—l} (26)

le =l {EXF{
|« = Emitter current

<&

<5

where

|- = Collector current
I s = Saturation current for emitter junctions
| .5 = Saturation current for collector junctions

o = Forward current gain
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Q. = Reverse current gain

V; = Thermal voltage.
(25) and (26) can be expanded using Taylor's series
expansion as:
e = Kve +Kvp + Kove + K veve + Kovgyg
+ KV Ve + Kovgve + KgvpVe
le = KgVe +KjoVg + KypVe + KppVeVe +KipVpvg
+ K Ve Ve + KV + KV
lg = (K, = Kg)Vg + (K, = Kig)vg + (K; = Kpp)ve
+(K, = K Ve Ve + (Kg — Ki)VeVg + (Kg — Ky Ve Ve
+(K; = Kys)VgVe + (Kg — Ky )VgVe

where
K — les K __IES_aRICS
Ve 2= v '
T T
K _aRICS _ les
o] v
T T
K __IES_aRICS _ gl
5 2 ! 6 2
2V PAA
K les K _aRICS
77T y\y2! 8 2
V. V;
T
K _ el K _ Ol s
9 V. 10~ V ,
T T
K _les _ %l
11 — ’ 12 — ’
V; V¢
K _ Ol s K _ —les
13 — 2\/2 ! 14 2\/2’
T T
—a| |
K15:+ES' Klez%
V. V.
T T

Substituting (27)-(29) in (21)-(24), we obtain the
following state space equations:

dv
E _
dt - K17VE + K18VB + K19VC + KZOVEVE + KZlVBVB

+ K, Ve Ve + KoV Ve + K, Vg Ve (30)
dv,
dt = K25VE + KZGVB + K27VC + KZSVEVE + KZQVBVB
' (31)
+ KoV Ve + Ky Ve + K,V +U + KV
Ne kv rKov 4K K.V, +K
dt = KguVe + KV + KV + KV + KggVeVe (32)
+ KygVgVg + KoV Ve + Ky Vg Ve + K ,vpVe
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dv,
g = KaaVe + KasVo + Kol + Kighp + KapVeVe  (gg)

+ KygVpVg + KoV Ve + Ky Vg Ve + K oVgVe

ood
where U =—U.
dt

1 1
Kl7 :_[Kl__jy
CE I:QE

K K
Ky = C_g’ Ky = C_4’
E E
K K
Ky = C_51 Ky = C_G’
E E
K K
Ky = C_7’ Ko = C_B’
E E
K,—K 1 1
Ko = gc o Kas [Km K, +_J1
B B
K,—-K K, -K
K27 — 11C 3 , K28 — IZC 4 ,
B B
K,;—-K K,—K
K29 — 13‘C 5 , K30 — l4C 6 ,
B B
K,, = K15C_ K, ’ K, = Klec_ Ks 1
B B
1 -a:R R 1
K, = , K,=—FLtC|lK-——|,
33 CBR1 34 CEZE ( 1 RE
K :_aFRLRCKZ, K :_aFRLRCKS’
35 CEZE 36 CEZE
K, = R , Ky, = R RK, ’
R (R +R:.) C.Z;
K, =~ RLRKs _ ~%RReK,
39 CEZE ' 40 CEZE ]
_ % RRK _ %R RKy
“ CEZE ’ * CEZE ’
K - 1
BT~ 5 b\
CC (RL + RC) (34)
The state space model can be represented as:
X = FaXes + Bl + Wy (35)
Y, = H. X +V, (36)

X, denotes the state vector and B, is the input vector.

They are:
P
X =[Vel) e vel) v o
Published By:
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B.=[0 1 0 0] )
where

W, and V, are the system and measurement noise. F, is
calculated by partial derivative of nonlinear function f(.)to
estimated states X as:

F. F, FRs Fy
F, :i f(X,U,) = Foo Fo B Fy
dx Fy Fp Ry Ry
F. Fp Fu Fy (39)
where
Fiu =1+ Ky + Kyve (k-1),
Fi, = Kig + Ky Vg (K =1) + KV (k -1),
Fis = Kyg + KV (k=1) + Ky, vg (k —1),
F, =0,
Fy = Kps + KV (k-1),
Fpo =1+ Ky + KyoVg (k =1) + K ve (k- 1),
Fos = Ky + KoV (K =1) + Ky, (K —1),
Fu = 0,
Fy = Ky + KggVe (k-1),
Fpp = Kys + KggVg (K1) + K, Ve (k =1),
Fos =14 Kyg + KoV (K =1) + K,,v5 (k =1),
Fyy =Ky,
Fi = Ky + KV (k1)
Fip = Kgs + KggVg (kK =1) + Kyve (k -1,
Fio = Kgs + KoV (K =1) + Kj,vg (k =1),
F.=1+K,, (40)
The combined state space model is given as
Ve (k) F,. F, F; F,lvekk-12)
Ve(K) | |Fa Fn Fy Fy | Ve(k-1)
Vo) | | Fy Fp Fu Foyl[ve(k-1)
v, (k) F. F, Fi Fullv(k-1
0
+ ! u(k-1)
0
0 (41)
The measurement model is:
Y = HiX (42)
where
(43)

d
Hk:&h(xk,uk)z[o 0 0 1]
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V. APPLYING EKFAND IEKFTO THE COMMON
EMITTER AMPLIFIER CIRCUIT

To implement EKF, the following steps have been used:
1) Initialization step: After initializing Q,,R,, P,
and state vector, we used following steps.
2) State prediction: We calculated state, F, using (39)

and compute covariance matrix of prediction error
using (9).
3) Measurement update: For this, H, has been

calculated using (43) to compute Kalman gain,
measurement update and error covariance.

To implement IEKF, first threshold value & is set to a
small value. Counter i =0 is set. Then, the estimate state
X is computed. Counter i is incremented. Then, Kalman
gain and state update is computed using (16) and (17)
respectively until (18) is satisfied. Finally, at this counter
value i, covariance error is computed using (20).

VI. SIMULATION RESULTS

The derived equations have been implemented in
MATLAB software. For simulations, following circuit
components and parameter values have been used:

R =100KQ , R.=10KQ , R.=6KQ
R =5KQ, C, =10uF , C. =10uF ,C, =10uF ,
a. =098, 2 =025 , o =0.98 , I =1x107°

le =1x107°,V, =0.026V V. =20V .

Two different scenarios have been considered here:- (i)
estimation without noisy input and (ii) estimation with noisy
input. Input signal is shown in Fig. 2. Sinusoidal signal of
amplitude 1 V and frequency 10 KHz with sample step size
0.1 has been applied at the input. Then, noisy input has been
used for output voltage estimation of BJT CE circuit. For this,
white Gaussian noise of zero mean and different variances
has been added. The process noise and measurement noise
used are white Gaussian noise with zero mean and variances
0.5 and 0.01 respectively. For different noise values, SNR has
been calculated using following expression:

Z(y| - Yi)2
_ 4]zt
(5"
SNR =10log,,| —1—
;(yi -v) (45)

where Y, and Y, are the actual value and estimated

value.

Table | presents the SNR for EKF and IEKF method for
noiseless input. Table Il presents the root mean square
(RMS) error for both methods for noiseless input. Fig. 3
shows estimated output for noiseless input using IEKF and
EKF method. Fig. 4 shows the estimated output for noisy
input using IEKF and EKF method and compared with
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simulated values.

1

i

o 10 20 30 40 50 60 70 80 80 100
time{samplesisac)

~ = @

Amplitude (volts)

Fig. 2 Sinusoidal input.

Amplituda (volts)

25

0 10 20 30 40 50 60 70 &0 0 100
Tima(samples/sec)

Fig. 3 Comparison of estimated output by IEKF and EKF
method for noiseless input with PSPICE simulation.

Amplitude (volts)

] 10 20 a0 40 50 60 70 &0 a0 100
Time(samples/sec)

Fig. 4 Comparison of estimated output by IEKF and EKF
method for noisy input with PSPICE simulation.

Table I: Comparison of SNR value using EKF and IEKF
methods.

1788

Noise Variance | SNR by EKF (dB) SNR by IEKF (dB)
2
(o)
0.5 33.34 34.86
1.0 27.82 28.43
5.0 15.17 15.68
10.0 8.51 9.56
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Table 11: Comparison of parameters using EKF and
IEKF methods.

Parameter EKF IEKF
Computation Time (Sec.) 4.04 2.28
RMS Error Value (dB) 78.1 73.9

VII. CONCLUSIONS

This paper estimated the output voltage of BJT CE circuit
using IEKF and compares the performance of IEKF with
EKF method. MATLAB simulations show that IEKF gives
better SNR as compared to EKF, as IEKF reduces the
linearization error by considering the measurement during
linearization of measurement model. Also, in EKF method,
due to linearization of nonlinear systems around the
operating point of states, performance and stability is not
assured for all operating conditions. The derived extended
state equation can be used for estimation of both, the
transistor states and transistor model parameters. Fig. 3 and
4 show that IEKF has better ability to track the state as
compared to EKF because of linearization error
consideration by IEKF.
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