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This work introduces hardware implementation of artificial neural networks (ANNs) with learning abil-
ity on field programmable gate array (FPGA) for dynamic system identification. The learning phase is
accomplished by using the improved particle swarm optimization (PSO). The improved PSO is obtained
by modifying the velocity update function. Adding an extra term to the velocity update function reduced

the possibility of stucking in a local minimum. The results indicates that ANN, trained using improved PSO
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algorithm, converges faster and produces more accurate results with a little extra hardware utilization
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1. Introduction

Artificial neural networks (ANNs) have been widely and suc-
cessfully used in many fields to solve complex problems. ANNs are
capable of successfully modeling non-linear complex correlation
between input and output of a system. The most commonly used
ANN is the multi layer perceptron (MLP) [1,2]. ANN is trained using
adata set which is compatible with input-output relation of system
to be modeled. Training is usually performed using back propaga-
tion (BP) algorithm. In recent years evolutionary algorithms are also
used for ANN training as an alternative to BP algorithm.

For example population-based particle swarm optimization
(PSO) [3], capable of stochastic search, has been successfully uti-
lized in neural network training in addition to its usage in function
optimization and fuzzy system control [4-7].

In recent years FPGAs, capable of parallel processing, are emerg-
ing as a predominant embedded system platform for many ANN
applications [8-13]. In the literature numerous of hardware based
ANN implementations on FPGAs with offline training [1,14-17]
and online training [18-20] are reported. In these implementations
different number formats such as fixed-point numbers with differ-
ent bit width [16,18,20], floating-point numbers [1,14,17-19] and
integer numbers [15] are utilized. Nonlinear logarithmic sigmoid
[14-19] and nonlinear hyperbolic tangent [1,16,20] are employed
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as activation function. To implement nonlinear activation functions
on hardware several approaches have been proposed: look-up table
[15,20], piecewise-linear [1,16,18], parabolic [14] and functional
[17,19].

In this work we present FPGA implementation of a system iden-
tification module based on ANN with PSO based online training.
ANN and its PSO based online training module implemented in
single precision floating-point number format and neural cell acti-
vation functions are implemented using functional approaches. In
functional approach a divider is used in addition to adder and mul-
tiplier when compared to piecewise-linear and parabolic approach.
Divider usage could be considered as the disadvantage of func-
tional approach, but this approach has several advantages: (i)
contrary to look-up table approach, no memory needed (ii) con-
trary to piecewise-linear approach, no control statements needed.
The most important contribution of this work is the modified veloc-
ity update function of the PSO. In this paper authors proposed to
add an extra term to the function which reduces the possibility
of stucking in a local minimum during training. The experimental
results indicate that the PSO algorithm utilizing the modified veloc-
ity update function converges faster and produces more accurate
results.

The rest of the paper is organized as follows. Section 2 pro-
vides brief introduction to standard PSO and proposed improved
PSO. Section 3 describes hardware implementation of ANN and
its PSO based training module. Experimental results and perfor-
mance of proposed approach in hardware are given in Section 4.
The comparison results of the proposed improved PSO with other
methods are given in Section 5 and the conclusions are given in
Section 6.
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Fig. 1. PSO based ANN training and dynamic system identification architecture.

2. Standard and proposed modified PSO

PSO, inspired from social interactions among animals, is a high
performance optimizer. PSO performs search using a population of
particles. Each particle is directed to the most significant parts of
the search space as a result of interactions between particles. The
algorithm starts with randomly assigned particles. In every iter-
ation the velocity and the location of particles are updated. Each
particle’s position is evaluated as a possible solution candidate. In
a swarm with N particles, the position of the ith particle is defined
as a vector as given in Eq. (1). D is the dimension of the search
space.

, pip] (1)

Each particle memorizes its own best position that it has discov-
ered, called the local best (pp, Eq. (2)), and it also knows the best
position discovered by any particle, called the global best (g, Eq.

(3.

Pb = [Pp1, Pb2s Pb3s - - -

Pi = [pi1s Pia, Pis» - - -

s Pvp] (2)
- &bl (3)

The rate of change in particle position is called particle velocity
and for the ith particle it is given as in Eq. (4).

. ’viD] (4)

At each iteration particle velocity is computed to determine
the location of the particle at the next iteration. Particle velocity
computing function, given in Eq. (5), have been proposed in [3] to
compute the new velocity of each particle.

g_-b) = [gbl’gb27gb3v

T = Vi, Vig, Vizs - -

vi(n+1) = &[vi(n) + a1 m1(pp,i — Pi(N)) + c212(8p,i — Pi())] (5)

«q, oy are called learning constants; r{ and r, are uniformly dis-
tributed random numbers in [0-1) range; & is constriction factor.
The most common problem with Eq. (5) is the possibility of stuck-
ing in a local minimum and as a result immature termination of the
search. The authors of this paper propose an additional parameter

to Eq. (5) which reduces the possibility of stucking in a local min-
imum. The proposed new velocity update function is given in Eq.

(6).
vi(n+ 1) = &[vi(n) + a1r1(pp,i — pi(n))
+ aa12(8p,i — pi(n))] + [asA(n)] (6)

o3 is also called additive learning constant; A is a normally dis-
tributed random number vector. The value of o3 is chosen according
to the inequality given in Eq. (7). Where X is the matrix of input
samples to be used for modeling or identification task.

1

max{eig(XXT)} 7)

o3 K

After determining range of a3 A term in modified PSO, a3 A term
is represented as power of two [—-27% 277] (z is an integer number)
to expedite the handling in hardware. As stated before, the last term
in Eq. (6) prevents particles from stucking in a local minimum and it
permits amore detailed search of the space. After the determination
of the particle velocity, the new location of the particle is calculated
using Eq. (8).

pi(n+1)=pi(n)+v(n+1) (8)
3. PSO based ANN training ON FPGA

In this section, the details of PSO based ANN training on FPGA
is described. The block diagram of the proposed architecture with
the intention of dynamic system identification is shown in Fig. 1.
PSO based ANN training on FPGA has four main stages as given in
Fig. 2. Short description of these four stages is as follows.

3.1. Stagel: assignment of initial values

In FPGA implementation, the swarm (P), local best particles (Pp),
global best particle (g ), particle velocities (Vi;) and fitness values
(Ep)are stored in block RAMs. For P, P, and V;; matrices a block RAM
in N x D dimensions, for g, vector a block RAM in 1 x D dimension,
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Fig. 2. Detailed architecture of PSO based ANN training on FPGA.

and for E;, vector a block RAM in 1 x N dimension is used (N: swarm
size, D: number of parameters optimized). The depth of the block
RAMs is same as the bit width of number format utilized. In our
proposed architecture parallel reading and writing transactions are
possible by using separate block RAM structures for each vector.
The initial values of particle positions and velocities are assigned
using Eq. (9) [21] in single precision floating-point format within
the range of [0,1).

Xn+1 = (aXn + b)mod ¢ (9)

Random number generation starts with X, seed value. a and b
are constant numbers and last term corresponds to mod operation
with respect to ¢ (c is chosen as 1.0). Firstly, the initial values of P
and Py, (these values are same at the beginning) are generated and
written to the block RAM, next the initial values of Vj; and g, are
written to the block RAM respectively. After completing the initial
value generation, Stage 2 starts.

3.2. Stage 2: hardware implementation of the ANN and
determination of the best local particles

Stage 2 could be summarized as follows: initial values of the par-
ticles are read from the RAM and assigned as the ANN parameters
and using these parameters the error at the output of the ANN is
obtained for each input. Using these error values the fitness value
is calculated for each iteration. If the obtained fitness value for the
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particle is smaller than the previous one, the particle is assigned
as the local best. This step is repeated for each particle. The most
important block used in this stage is the MLP module which is the
hardware implementation of the ANN. The RC_2 block reads the
stored data related to ith particle from the RAM. ANN parameters
(weights, biases) used for the current iteration step of the training
is assigned from the swarm as in Eq. (10).

. W2, b

(10)

- 1wl 1wl 1 p 1 2
Di = [Wi1s Wig,s ooy Wyp, Woy,y oo, Wep, by, oo b Wy, L

In this work single-precision floating point representation (Eq.
(11)) is preferred because of its dynamism and precision.

Number = (—1)%(1 - f)2¢-bias (11)

For floating-point arithmetic on FPGA we utilized “add.lib”,
“mullib”, “div.lib” libraries that was developed in our previous
works [17,19,22].

One of the most critical components of an ANN is the activa-
tion function. Activation function generates the neuron output by
processing the addition of the bias value and the multiplication
result of the neuron input and weight. Most commonly used activa-
tion functions in ANN implementations contain exponential terms.
Exponential functions cannot be realized directly on FPGAs. As a
result several approximations have been developed. For example
logarithmic sigmoid function is approximated as in Eq. (12) [23]

Fig. 3. Activation function approximations.
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Fig. 4. Block diagram for the determination of the global best particle.

and tangent hyperbolic is approximated as in Eq. (13) [24]. Plots of
original functions and its approximations are given in Fig. 3.

1 X
QW =5 {1+1+|x|} (12)
X
Qx) = m (13)

AsseenfromEqs.(12)and (13)the approximations require abso-
lute value operation. In floating-point arithmetic, absolute value
operation is simply performed by changing the sign bit of the
number (1-0 or 0-1). Division by two in Eq. (12) is performed by
decreasing the exponent by one (e—1). Total square error criterion
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Fig. 5. Block diagram of updating procedure.

(Eq. (14)) is used for fitness value calculation. The error (e;) in Eq.
(14) is expressed as in Eq. (15).

En= %Zejz
J

e =yd;j —y;

(14)

(15)

Jjrepresents the sample index, yd; represents the desired output
and y; is the real output of the MLP. Error calculation is performed
in “fitness value” block shown in Fig. 2. Block C1 compares obtained
new E, value with previous one En_old. If the new value is less than
the previous one the corresponding particle is written to the RAM
space designated for pj, and value of En_old is replaced with value of
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Fig. 6. Training input sequences for examples: (a) example 1: pulses with random amplitude in the range [—1 1] and with random duration between 1 and 4 sampling periods
(b) example 2: a series of random continuous pulses with a sampling period in the range of [120] and a magnitude in the range of [-5 5] (c) example 3: pulses with random
amplitude in the range [-2 2] and a with random duration between 1 and 2 sampling periods (d) example 4: series of random continuous pulses with a sampling period in

the range of 10 and a magnitude in the range of [-11].
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Fig. 7. Experimental results of the ANN training.
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Fig. 7. continued

Ey. Otherwise “Update P,” block is skipped and process continues
from block C2, which makes sure that same procedures are applied
to each particle. If updating is required block RC_3 reads the infor-
mation of ith particle p; of the swarm from the RAM and writes it
to the RAM space designated as the local best. It also updates the
fitness value of the ith particle.

3.3. Stage 3: determination of the global best particles

After the calculation of fitness values and determination of the
local best particles (Pp), the global best particle is identified. The

minimum value among the values kept in E,, the minimum error
which corresponds to the best fitness value, is determined and cor-
responding row vector of the local best matrix (P}, ), which is marked
with the same index as the minimum element of E, is assigned as
the global best (g ). Detailed block diagram of this step is given in
Fig. 4. The C3 block in Fig. 4 checks the value of minimum criteria
value against the termination criteria (J4). If the minimum criteria
value is less than termination criteria the training is stopped. If that
is not the case stage 4 is activated. RC_4 block is in charge of read-
ing the fitness values, the data related to the local best particle and
writing the global best values.
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3.4. Stage 4: updating

The values of P, P, Vi, and g;, are read and updated simultane-
ously from the RAM. Two different methods are employed for this
purpose. In the first method V;; matrix is updated using standard
PSO equation (Eq. (5)). In the second method V;; matrix is updated
using modified PSO equation (Eq. (6)) (§=0.76, a1 =3 =2.1). Dur-
ing the updating calculations velocity values are kept within [-11]
range, particles component values are limited within the range of
[-100 100]. In modified PSO, the values of «3A elements are limited
within the range of [-272 272].

The updated values of Pand V;;, are simultaneously written back
to the same location of the RAM. After updating the parameters of
the each particle, the iteration number is increased by one and flow
moves back to stage 2. If the iteration number is greater than the
maximum generation number (Gmax), the process is terminated.
Else, Stage 2 is activated. Block C4, shown in Fig. 5, is in charge of
this procedure.

4. Experimental results

The details of PSO based ANN training implementation on FPGA
(Altera Cyclone II EP2C70F672C6), is given in previous section.
The hardware implementation is experimentally tested with four
dynamic system identification problems. Learning phase for the
dynamic system identification problem is operated as illustrated
in Fig. 1. ANN identification model, whose parameters are deter-
mined at the end of the learning phase, is tested for the data set
unseen in the learning phase. This testing phase is operated using
the architecture given in Fig. 1 by neglecting PSO block and its tun-
ing operands. For testing, the ANN parameters (weights, biases) are

assigned from the global best (g, ) values which are found at the end

of learning phase as in Eq. (16).
Lowlpwl N

(16)

= 1l 1 pl 1 2
gp = [wyq, wyy, .. ey Wep, by, oo bWy, L

Dynamic system identification is the procedure of properly tun-
ing the parameters representing the system. This tuning procedure
is performed by optimizing the performance based on the error
between the real output of the system to be identified and the
output of the model selected to identify.

For system identification a feed-forward ANN architecture is
used. For the learning phase, a PSO algorithm with 100 particles is
used and as velocity update function both Eqgs. (5) and (6) are used
and results are tabulated to show the effectiveness of the modified
update function.

To evaluate contribution of the modified velocity update func-
tion, performance of the both velocity update functions, given in
Egs. (5) and (6), are compared using results of 10 separate runs
operated on the hardware (FPGA) implementation for the selected
examples listed in Table 1. Training and testing phases have been

Table 1
Selected examples to evaluate the improved PSO.
Examples
_ y(k)y(k—1)[y(k)+2.5]
1 yk+1)= T T) +u(lz<) [25]
— 240y(k) _ u(k) _
2 Yk +1) = =F=y(k) 0.81+u(k)2y(k 1)+ 0.5u(k) [26]
3 Wk+1)= 0.5 [ 285+ (1 -+ u(kNu(k)(1 - u(k))| [27]
4 y(k + 1) = y(k) + u(k)e-3®l [28]
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Table 2
The ANN architectures and activation functions used for each example.
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Example ANN Architecture Activation functions
Hidden layer Output layer
1 1 hidden layer w/ 4 neurons +output layer w/ 1 neuron Logarithmic sigmoid Linear
2 1 hidden layer w/ 4 neurons + output layer w/ 1 neuron Tangent hyperbolic Linear
3 1 hidden layer w/ 5 neurons +output layer w/ 1 neuron Logarithmic sigmoid Linear
4 1 hidden layer w/ 5 neurons +output layer w/ 1 neuron Tangent hyperbolic Linear
Table 3 ) ) After training, ANNs are tested using the input sequences given
Memory usage for storing PSO parameter matrices and vectors. in Fig. 8. In Fig. 9, the results produced by the ANNs and the error
Bit (between the desired output and ANN output) is given for compar-
P 67.200 ison of improved PSO against the conventional PSO.
Poest 67,200 To evaluate the contribution of the modified velocity update
Vin 67,200 function in a general framework, performances of the both con-
%best 3%3 ventional PSO and improved PSO are compared using results of 10
U”tilize d 205472 separate runs of the examples on the hardware (FPGA) implemen-
Total 1,152,000 tation. Training and testing phases are operated for the training and
Percentage 17.8 test data sets respectively for each separate run. APC, computed
from performance criteria based on Eq. (14), is used as comparison
cost. Table 7 summarizes results of this comparison for both train-
Table 4 o ing and testing data sets. As clearly seen from Fig. 9 and Table 7,
Ranges of a3 term in improved PSO for each Example. training and testing phases performed using improved PSO, con-
Example 1 2 3 4 verges faster and produces smaller performance cost value. This
ash [L2122-12) [—2-152-15) (L2121 (L2121 shows the effectiveness of proposed velocity update function, due

operated for the training and test data sets respectively for each
separate run. Average performance criteria (APC) computed from
performance criteria based on Eq. (14) is used as comparison cost.
The ANN architectures and activation functions used in the exper-
iments are listed in Table 2 and the input data set sequences are
shown in Fig. 6 for the training phase of each example.

RAM space needed for the PSO parameters is given in Table 3
and ranges of a3 A term in modified PSO are listed in Table 4.

Total number of arithmetic modules (adder, multiplier, divider)
used in the proposed system identification architecture is summa-
rized in Table 5 and the hardware resource utilization results are
given in Table 6.

Fig. 7 shows the desired values of the output and the estimation
of the hardware (FPGA) implementation using Eqgs. (5) and (6) and
the error of the hardware implementation of the dynamic system
identification for the training phase.

Table 5
Number of arithmetic modules used in Examples.

to its ability in skipping the local minimums.
5. Comparison of improved PSO with other methods

To give more general idea about the performance of the pro-
posed improved PSO, it has been compared with BP, artificial bee
colony (ABC) [29] and conventional PSO [3] algorithms on software
environment. Comparisons are carried out for ANN training for the
identification examples given in the previous section. Codes for ABC
algorithm has been taken from [30] and adopted to the identifi-
cation examples. ANN architectures are the same as ones given
in the previous section for each example. Learning rate has been
used as 0.05 for BP, swarm size is 100 and bees/particles compo-
nent values are limited within the range of [-100 100] for ABC and
PSO algorithms in comparisons. Comparisons have been done using
results of 10 separate runs operated on the software implementa-
tion. Training and testing phases operated for the training and test
data sets respectively for each separate run. Table 8 shows results of
this comparison in terms of measures of central tendency for both

Example Modules Conventional PSO Improved PSO
Sum Mul Div Sum Mul Div
1 MLP 24 16 4 24 16 4
Fitness function 2 1 - 2 1 -
Updating 5 4 - 6 4 -
Total 31 21 4 32 21 4
2 MLP 20 16 4 20 16 4
Fitness function 2 1 - 2 1 -
Updating 5 4 - 6 4 -
Total 27 21 4 28 21 4
3 MLP 25 15 5 25 15 5
Fitness function 2 1 - 2 1 -
Updating 5 4 - 6 4 -
Total 32 20 5 33 20 5
4 MLP 20 15 5 20 15 5
Fitness function 2 1 - 2 1 -
Updating 5 4 - 6 4 -
Total 27 20 5 27 20 5
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Testing Results
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Fig. 9. Experimental results of the testing phase.
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Fig. 9. (continued)
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Table 6
Hardware resource utilization for each Example.

Example Conventional PSO Improved PSO

Utilized LEs Total LEs Percentage Utilized LEs Total LEs Percentage

1 52,001 68,416 76 53,245 68,416 78

2 48,163 68,416 70 49,737 68,416 72

3 54,073 68,416 79 55,381 68,416 81

4 50,174 68,416 73 49,737 51,229 74
Table 7

Average performance criteria (APC) values for 10 runs for the both conventional and improved PSO.

Example Average performance criteria Maximum iteration
Training Testing

1 Conventional PSO 4.0212 8.6418 1500
Improved PSO 1.8992 6.0184 1500

2 Conventional PSO 43759 12.2492 4000
Improved PSO 0.55109 2.3481 4000

3 Conventional PSO 0.6303 0.8149 1000
Improved PSO 0.1892 0.2856 1000

4 Conventional PSO 0.6195 7.1068 1500
Improved PSO 0. 0964 2.6024 1500

Table 8

Performance comparisons of the four algorithms based on ANN training and testing.

Algorithm Measures Example 1 (iteration=1500) Example 2 (iteration =4000) Example 3 (iteration=1000) Example 4 (iteration=1500)
Training Testing Training Testing Training Testing Training Testing
BP Mean 4,240336 11,391400 1,244220 14,405780 0,488310 0,673310 1,133990 14,258010
Std 1,619980 3,159723 0,457640 2,920739 0,187704 0,243582 0,415601 4,346798
Worst 7,160700 13,992100 2,216900 20,790500 0,742200 1,023000 1,745600 19,659600
Best 2,055200 5,827700 0,776300 10,409900 0,181800 0,302600 0,616600 3,781200
ABC Mean 4,743880 9,113430 1,636280 14,279380 2,130490 2,212380 1,782770 17,151750
Std 0,563837 1,852862 0,341141 2,975066 0,604044 0,623781 1,405144 7,783955
Worst 5,622800 12,587700 2,136100 19,954700 3,143400 3,069800 5,168700 24,056900
Best 3,974700 6,961000 1,240500 10,445300 1,180800 1,144200 0,401800 2,674300
PSO Mean 4,509840 7,782630 3,666150 11,504090 0,614710 0,984320 0,779730 10,439520
Std 1,968178 1,971067 0,806233 3,420604 0,180456 0,380693 0,327521 3,067629
Worst 8,601400 10,751800 4,728000 17,999000 0,838100 1,856600 1,217000 15,868400
Best 2,141900 4,970900 2,650600 8,291500 0,283200 0,585300 0,317300 6,989700
Improved PSO Mean 1,502510 5,713820 0,604320 2,463310 0,236720 0,377050 0,126833 2,899920
Std 0,599760 0,829939 0,237170 0,866204 0,070984 0,118777 0,111158 1,002375
Worst 2,161900 6,339600 0,906200 3,875300 0,339000 0,552400 0,383600 4,565700
Best 0,339900 3,647500 0,322600 1,518200 0,125800 0,188700 0,026300 1,555300

training and testing data sets. In the table, “Mean”, “Std”, “Worst”
and “Best” represent respectively arithmetic mean, standard devi-
ation, maximum and minimum of the cost values obtained at the
end of 10 separate runs. The best values are marked with bold fonts
for each category in the table. As can be seen from the table, for all
categories except one, the exceptional superiority of the improved
PSO is clear.

6. Conclusion

In this paper, the hardware implementation of ANN with PSO
online training for system identification is proposed. Contribution
of this work is twofold. First, it introduces the modified veloc-
ity update function for PSO (Eq. (6)). Authors proposed to add
an extra term (a3A(n)) to the function which reduces the pos-
sibility of stucking in a local minimum. Second, it proposes an
effective system identification architecture based on ANN with
PSO learning on FPGA. To prove the effectiveness of the proposed
improved PSO and system identification architecture, four system
identification problems from the literature are selected. Proposed
architecture is trained and tested for those selected identification

problems on FPGA. The results indicate that ANN on FPGA is trained
efficiently well to make an acceptable generalization and PSO algo-
rithm utilizing the modified velocity update function converges
faster and produces more accurate results with a little extra hard-
ware utilization cost. The improved PSO is also compared with
other methods (BP and ABC) and the results show that improved
PSO produced much better results than the aforementioned
methods.
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