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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 II gives brief theory of EKF. Section III 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. 

II. 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 

1 1 1 1( , )k k k k kx f x u w      (1) 

( )k k k ky h x v   (2) 

where kx is the system state vector to be estimated at 

time k . ku  is a known input vector, ky is measurement 

vector. (.)kf  and (.)kh  are nonlinear functions known as 

state transition function and measurement function 

respectively. kw  and kv  are process and measurement 

noise with zero mean and covariances kQ  and kR   

respectively.  
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EKF uses Taylor's series expansion to linearize the 

nonlinear function (.)kf  and (.)kh . (1) and (2) has been 

approximated using Taylor's series expansion as: 
 

 1 1| 1 1 1
ˆ( )k k k k k kx f x F x      % + Higher order terms (3) 

1 1| 1 1
ˆ( ( ))k k k k k k ky h f x H x     % + Higher order 

terms 

 

(4) 

where kF  and kH  denote the Jacobian matrices 

calculated by partial derivative of  (.)kf  and (.)kh with 

respect to state ix . 
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The steps involved for EKF algorithm are as follows: 

1) Initialization Step: This step initializes 

0 0 0
ˆ [ ],x E x 

0 0 0 0 0
ˆ ˆ[( )( ) ],TP E x x x x   kQ  and kR . 

2) State prediction: State x̂  and covariance matrix 

| 1k kP 
are obtained using following expressions: 

a) Predicted state | 1
ˆ

k kx  is computed as 

| 1 1| 1
ˆ ˆ

k k k k k k kx F x B u     (7) 

where 

( , )
|

k

i k
k x u

j

f x u
B

x






 

 

(8) 

b) The covariance matrix of prediction error 

is computed using 

| 1 1| 1 1

T

k k k k k k kP F P F Q      (9) 

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 kH and Kalman gain  

as:  

1

| 1 | 1( )T T

k k k k k k k k kK P H H P H R 

    (10) 

b) This step updates the state estimation using 

the following expression 

 

| | 1 | 1
ˆ ˆ ˆ( ( ))k k k k k k k k kx x K y h x     (11) 

c) This step computes covariance error matrix 

using the following equation 

| | 1( )k k k k k kP I K H P    (12) 

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

III. ITERATIVE EXTENDED KALMAN FILTER  

In the IEKF [24], the linearization of f , | 1
ˆ

k kx  and 

| 1k kP  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 |
ˆ

k kx  rather than the 

predicted state estimate | 1
ˆ

k kx   as the EKF does. 

Measurement model is defined as: 

 

( , )k k k kv h y x  (13) 

 

where (.)kh   denotes a function. In case of additive white  

noise, the measurement model is 

( )k k k k ky g x G v   (14) 

and therefore 

1( ) ( ( ))k k k k kv G y g x   (15) 

 

where kG  denotes the invertible matrix and kg  is 

nonlinear function. IEKF method has following steps: 

a) In this step, threshold value is set (denoted as ɛ) 

and | 1
ˆ

k kx  , 
| 1k kP 

 and kR  are computed. 

b) Counter 0i   is set. Updated estimate is calculated 

using |
ˆ

k kx at 0i  . 

c)  

1) In this step, counter is incremented 1i i  . 

2) This step performs the linearization of the  

model as 
1

|
ˆ( , )i ik

k k k k

dg
H y x

dx

  

3) This step computes the Kalman gain as: 
1

| 1 | 1( ) ( ( ) )i i T i i T

k k k k k k k k kK P H H P H R 

    (16) 

d)  
1)   This step estimates updated state as: 

1 1

| | 1 | | 1 |
ˆ ˆ ˆ ˆ ˆ( ( , ) ( ))i i i i i

k k k k k k k k k k k k k kx x K h y x G x x 

    

 

(17) 

2) This process is repeated untill 
1

| |
ˆ ˆ( )i i

k k k kx x  ‖ ‖  (18) 

Set 0i    and 0

| |
ˆ ˆ i

k k k kx x  

3) This step updated state as: 

0

| |
ˆ ˆ( )

i

k k k kx x  (19) 

4) This step update the covariance of estimate as: 

0 0

| | 1( )
i i

k k k k k kP I K G P    (20) 

 

 

 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 

ISSN: 2278-3075, Volume-8 Issue-9, July, 2019 

1786 

 Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

 

Retrieval Number I7844078919/19©BEIESP 

IV. MATHEMATICAL MODELING OF COMMON 

EMITTER AMPLIFIER CIRCUIT  

The CE transistor amplifier is shown in Fig. 1. It consists 

of resistors ,CR  ,ER 1,R  and
LR . Capacitor 

BC  is used to 

block dc voltage only. CC  and EC  are the collector and 

emitter capacitors respectively.  u  and 0v  denote the input 

and output voltage of the amplifier circuit respectively. 

 
Fig. 1 Circuit diagram of common emitter amplifier. 

 

Applying KCL, we obtain the following equations: 

E
E E E

E

vd
I C v

dt R
   

 

 

(21) 
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  0
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vd
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   

 

 

(23) 

0CC C
C

C L

V v v
I

R R


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(24) 

These equations can be expressed in terms of state 

variables namely Ev , Bv , Cv  and 0v . We used Ebers-Moll 

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

equations are: 
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(26) 

where 

EI = Emitter current 

CI = Collector current 

ESI = Saturation current for emitter junctions 

CSI = Saturation current for collector junctions 

F = Forward current gain 

R = Reverse current gain 

TV = Thermal voltage. 

(25) and (26) can be expanded using Taylor's series 

expansion as: 

1 2 3 4 5

6 7 8

E E B C E E B B

C C B E B C

I K v K v K v K v v K v v

K v v K v v K v v

    

  
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    
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where 
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Substituting (27)-(29) in (21)-(24), we obtain the 

following state space equations: 

17 18 19 20 21

22 23 24

E
E B C E E B B

C C B E B C

dv
K v K v K v K v v K v v

dt

K v v K v v K v v

    

  

 

 

 

(30) 

25 26 27 28 29

'

30 31 32 33

B
E B C E E B B

C C B E B C CC

dv
K v K v K v K v v K v v

dt

K v v K v v K v v u K V

    

      

 

 

(31) 

34 35 36 37 0 38

39 40 41 42

C
E B C E E

B B C C B E B C

dv
K v K v K v K v K v v

dt

K v v K v v K v v K v v

    

   

 

 

(32) 
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0
34 35 36 43 0 38

39 40 41 42

E B C E E

B B C C B E B C

dv
K v K v K v K v K v v

dt

K v v K v v K v v K v v

    

   
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where 
' d
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The state space model can be represented as: 

 

1 1 1 1k k k k k kx F x B u w       (35) 

k k k ky H x v 

 

(36) 

 

kx  denotes the state vector and kB  is the input vector. 

They are: 

 0( ) ( ) ( ) ( )
T

k E B Cx v k v k v k v k  
 

(37) 

 0 1 0 0
T

kB 

 

 

(38) 

where 

kw  and kv are the system and measurement noise. kF  is 

calculated by partial derivative of nonlinear function (.)f to 

estimated states x  as: 

11 12 13 14

21 22 23 24

31 32 33 34

41 42 43 44

( , )k k k

F F F F

F F F Fd
F f x u

F F F Fdx

F F F F

 
 
  
 
 
 

 

 

 

 

 

 

(39) 

where 

11 17 201 ( 1),EF K K v k     

12 18 21 23( 1) ( 1),B EF K K v k K v k      

13 19 22 24( 1) ( 1),C BF K K v k K v k      

14 0,F   

21 25 28 ( 1),EF K K v k    

22 26 29 311 ( 1) ( 1),B EF K K v k K v k       

23 27 30 32( 1) ( 1),C BF K K v k K v k      

24 0,F   

31 34 38 ( 1),EF K K v k    

32 35 39 41( 1) ( 1),B EF K K v k K v k      

33 36 40 421 ( 1) ( 1),C BF K K v k K v k       

34 37 ,F K  

41 34 38 ( 1),EF K K v k    

42 35 39 41( 1) ( 1),B EF K K v k K v k      

43 36 40 42( 1) ( 1),C BF K K v k K v k      

44 431 ,F K                                                        (40) 

 

The combined state space model is given as 
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     
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     
     
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 
 
  
 
 
 

 

 

 

 

 

 

 

 

 

 

 

(41) 

The measurement model is: 

k k ky H x  (42) 

where 

 ( , ) 0 0 0 1k k k

d
H h x u

dx
   

(43) 
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V. APPLYING EKF AND IEKF TO THE COMMON 

EMITTER AMPLIFIER CIRCUIT 

To implement EKF, the following steps have been used: 

1) Initialization step: After initializing 0 0 0, ,Q R P  

and state vector, we used following steps. 

2) State prediction: We calculated state, kF using (39) 

and compute covariance matrix of prediction error 

using (9). 

3) Measurement update: For this, kH 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 0i   is set. Then, the estimate state 

x̂  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: 

1 100R K  , 10CR K  , 6ER K  ,

5LR K  , 10BC F , 10CC F , 10EC F ,

0.98F  , 0.25R  , 0.98F  ,
151 10ESI   ,

131 10CSI   , 0.026TV V , 20CCV V . 

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: 
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where iy  and ˆ
iy  are the actual value and estimated 

value. 

Table I presents the SNR for EKF and IEKF method for 

noiseless input. Table II 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 

simulated values. 

 

Fig. 2  Sinusoidal input. 

 

Fig. 3  Comparison of estimated output by IEKF and EKF 

method for noiseless input with PSPICE simulation. 

 

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. 

Noise Variance 

(
2 ) 

SNR by EKF (dB) SNR by IEKF (dB) 

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 II: 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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