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Abstract 
 

Performance
1
 of supervised training of Artificial Neural 

Networks (ANNs) depends on several factors, including 

neural network architecture, number of neurons in 

hidden layers, the neurons' activation functions, and 

selection of initial network parameters (connection 

weights). Trial and error is commonly used to select the 

network parameters and the initial connection weights. 

Such practice can be prohibitive with large, complex 

solution spaces and large datasets [4].  This study shows 

that by applying a relatively light-weight, simple, and 

quick Particle Swarm Optimization (PSO) pre-training 

phase, the average network training, validation, and 

testing performance is improved significantly. 

 

Introduction 
 

Artificial Neural Networks (ANNs) are often used in 

pattern recognition and machine learning. Despite 

having been used for decades, Feed-Forward Back-

Propagation (FF-BP) systems are still the most 

commonly used ANN topology. FF-BP ANNs are 

applied in an extensive range of areas including 

computer network security, handwriting analysis, 

medicine , intrusion detection, computer vision, physics, 

retail, battlefield management, and finance [1, 3, 4, 8, 

16, 20]. Their performance depends on several factors, 

including: the number of neuronal layers, the number of 

neurons at each layer, the activation functions used by 

the neurons, and the choice of initial connection 

weights.  

A wealth of research has gone into improving 

ANNs' performance. This paper focuses on the initial 

network weights while keeping other factors constant. 

A number of studies have been done to try to optimize 

ANNs' initial weights. Nunes de Castro et al. used 

                                           
1
 We define performance as the error rate achieved 

during training, time it took to train, validation and 

testing error rates, and computing resources consumed. 

genetic algorithms (GA), an evolutionary computation 

method, to perform almost global sampling of the 

solution space to arrive at the initial weights to be used 

in FF-BP training [4]. While PSO algorithms had been 

used to optimize ANN topology and to select the 

training algorithm [14], to our knowledge this is the first 

study to use PSO to find seed connection weights for 

subsequent FF-BP training. 

The current study builds on an earlier one that 

showed that ANNs whose architectures are based on a 

mammalian visual system described by Hubel and 

Wiesel are superior in recognizing simple character 

patterns, independent of their location [5, 9, 10, 11, 19]. 

The earlier study was performed on two sets of data. 

The first set consisted of the six straight-line-segment 

letters, and the second set of the entire English alphabet 

of 26 uppercase letters. The current study replicates the 

earlier study's experiments
2
 using networks with Hubel-

Wiesel line detectors, and then re-runs the experiments 

with addition of a PSO pre-training step. The earlier 

study used Peltarion Synapse [2] to design the networks 

and run the experiments. The current study uses Matlab 

[17], Matlab Neural Network Toolbox, PSO Research 

Toolbox [7], and PSO Research Toolbox – NN Matlab 

add-on [18].  

 

Standard Artificial Neural Networks 
 

ANNs simulate an individual's learning and model the 

brain's neurons and their connections. These 

connections are weighted, and the weights are the bases 

for the network's long-term memory. ANNs are good at 

exploitation of a search space, and can find optimal 

solutions (minimum error) in an sub-area of a solution 

space, but can get stuck at local optima [4, 16]. Since 

solution spaces can contain many local optima (which 

are not necessarily the global optimum for the entire 

                                           
2
 In addition to using 6 and 26-letter characters as input, 

the earlier study also performed experiments with added 

noise. The current study does not perform experiments 

with noise added. 
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search space), ANNs' ability to find acceptable solutions 

greatly depends on selection of initial parameters 

(connection weights) used during training. Additionally, 

the computational complexity of standard back-

propagation algorithms makes them slow and resource 

intensive [4, 16]. 

Training is done using gradient descent to 

minimize the error, or difference between expected and 

obtained results. Mean squared error (MSE) is a typical 

objective function, and measures the average of the 

squares of the differences [MSE =  
 

 
∑ (     )

  

   
 , 

where E is the expected result, and O is the obtained 

result]. Connection weights are updated after each 

training cycle in an attempt to minimize the error
3
. 

 

 
Figure 1. Standard Feed-Forward Back-Propagation Artificial 

Neural Network (aka, multi-layer perceptron) 

 
Swarm Intelligence 

 
Particle Swarm Optimization (PSO) is a relatively novel 

evolutionary computation method first proposed by 

Kennedy and Eberhart  in 1995 to explain social 

behavior such as fish schooling and birds flocking [13]. 

PSO tries to find the optimal solution through 

cooperation of its members (particles). PSO algorithms 

excel at exploration, and can quickly search large spaces 

for good local (if not always the best global) optimum. 

PSO algorithms are known to converge prematurely, 

before reaching an optimal solution.  

                                           
3
 A training cycle can be either a single presentation of a 

training example, or presentation of a batch of training 

examples. This experiment uses the batch training 

method: weights are updated after all training examples 

are run through the network. 

 

 
Figure 2 (a). PSO particles at beginning of optimization 

 

 
Figure 2 (b). PSO particles mid-way through optimization; 

converging on the solution 

 

 
Figure 2 (c). PSO particles at end of optimization; Converging 

to a single point in the solution space 

 

The Experiments' Network Topology 
 

The ANNs' input layer consists of a 20 x 20 pixel grid 

(retina), onto which 5 x 7 pixel letters are mapped (one 

at a time) at random locations. A letter's y-axis position 

varies from 1 to 12, and the x-axis position varies from 

1 to 14, allowing for 168 possible letter placements.  
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Figure 3. A 5 x 7 pixel letter "E" placed randomly onto the 

retina at location 5,13 

 

 
Figure 4. 5 x 7 pixel uppercase letters of the English alphabet 

 

Between the input and hidden layers are the simple and 

complex line detector cell layers of the Hubel – Wiesel 

mammalian visual cortex model [5, 9, 11, 19].  

"The simple line detector layer consists of 

simple line detectors for detecting horizontal and 

vertical lines (Figure 5).  Each of these simple line 

detectors has a threshold of three. The detector units are 

superimposed on an input pattern, and the output is 

determined by adding the +'s and subtracting the -'s of 

underlying active input-pattern units. The pluses 

indicate excitatory and the minuses inhibitory 

connections.  Then, if the unit’s input value is equal to 

or greater than the threshold, the detector is activated 

(set to 1), otherwise it is inactive (set to 0). 

 

 

Figure 5. Simple horizontal and vertical line detector. 

 

The simple horizontal and vertical line detectors are 

overlapping and cover each of the possible retinal 

positions. There are a total of 288 (16*18) horizontal 

line detectors and 288 vertical line detectors for a total 

of 576 simple line detectors. Figure 6 shows a vertical 

line detector superimposed on an input pattern. 

 

Figure 6. Vertical line detector superimposed on E(5,13). 

The complex layer consists of a relatively small 

number of complex line detectors, each taking inputs 

from a non-overlapping local subset of simple line 

detectors.  Each complex line detector takes inputs from 
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12 simple line detectors in a 3x4 grid (3 horizontal and 4 

vertical for a vertical line detector, and vice versa for a 

horizontal line detector).  The 12 simple vertical and 

horizontal line detectors that feed the various complex 

vertical line detectors are shown in Figures 7 and 8, 

respectively.  Each simple line detector feeds only one 

complex line detector.  If any of the 12 simple line 

detectors feeding a complex line detector is activated, 

the output of the complex detector is set to 1 and 

otherwise set to 0.  The complex line detector grids are 

non-overlapping.  The number of complex vertical and 

horizontal line detectors is 24 (288/12) each, for a total 

of 48 complex line detectors.   

Figure 7. The layout of the 24 complex vertical line detectors. 

The outputs of the complex vertical line detectors are 

arranged in a 4x6 grid (4 vertical positions and 6 

horizontal) and the outputs of the complex horizontal 

line detectors in a 6x4 grid.  

Figure 8. Layout of 24 complex horizontal line detectors. 

The complex detector outputs can be represented by a 

vector of 48-detector outputs that can be pre-computed 

for each of the input letter patterns used for training and 

validation." [19] 

The network's hidden layer consists of 50 

neurons. The hidden layer neurons use the hyperbolic 

tangent sigmoid activation function. The 6-letter 

networks' output layers consist of 6 nodes, one for each 

of the 6 possible input letters (E, F, H, I, L, and T), 

while the 26-letter network has 26 output nodes, one for 

each of the 26 possible input letters of the uppercase 

English Alphabet. Back-propagation of error training is 

done using the Levenberg-Marquardt algorithm [15]. 

 

 
Figure 9. Six-letter ANN using Hubel-Wiesel simple and 

complex line detectors of the mammalian visual system 
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Methodology 
 

Part 1: Training without using PSO to initialize the 

weights 

The same procedure was applied with both the 6 and 26-

letter networks.  The ANN training was set to terminate 

when the desired MSE, minimum gradient, number of 

validation errors, or maximum number of epochs was 

reached
4
. The following steps were executed: (1) 

randomly initialize the weights, (2) train the network 

until one of the above thresholds was reached, (3) record 

the results and repeat ten times. With the 6-letter 

network, the sample data set consisted of 80 samples of 

each of the six input letters (E, F, H, I, L, and T) 

randomly positioned on the retina. With the 26-letter 

network, the training set consisted of 40 samples of each 

of the 26 letters randomly positioned on the retina. 75% 

of the data were randomly selected for training, 15% of 

the data were randomly selected for validation, and the 

remaining 15% of the data were used for the testing 

stage.  

 

Part 2: Training with using PSO to initialize the 

weights 

The same steps were used for ANN training as in phase 

1, but this time the network was pre-trained using PSO 

to arrive at the initial network weights. The PSO 

algorithms can be configured to use the either the global 

or local neighborhood best methods. The standard, 

global best alternative is a special case of the local best 

method, where the neighborhood is the entire 

population. It is possible for the global best particle to 

pull the entire population towards local optima, and 

potentially avoid searching other areas of the solution 

space. Therefore, the neighborhood size was set to five 

particles. With this configuration, each neighborhood's 

best performing particle affects only velocities and 

directions of its five nearest neighbors. This causes the 

particles to converge on a solution more slowly, but 

allows the algorithm to search more of the solution 

space. Table 1 shows PSO parameters used in this study. 

                                           
4
 Minimum gradient threshold was set to 1.0 x 10

-10
, 

maximum consecutive validation errors was set to 6, 

maximum number of epochs was set to 1000, and  

maximum time to train was set to infinity.  

 

Number of Particles 50 

Accelleration Constant 1.49618 

Initial first velocity update 0.9 

Final velocity update 0.4 

Maximum number of epochs 100 

Minimum MSE 0.002 
Table 1. Main PSO pre-training parameters 

The number of particles was set to 50; acceleration 

constants were set to 1.49618; initial value used in first 

velocity update    was set to 0.9, and final value used in 

final velocity update was set to 0.4; Termination criteria 

was set to either 150 epochs, or MSE of 0.02. 

 
Experimental Results 
 

Ten trials were performed for each of the 6 and 26-letter 

networks with and without PSO pre-training. 

 

6-letter network trained without PSO pre-training 

The experiment produced results similar to those of the 

earlier study. The trials' validation phase results range 

between 60% and 80% correct classification. Table 2 

shows training and validation performance of the 6-

letter network without PSO pre-training.  

 

Trial # 
Validation 

MSE 

Best 
validation 

epoch 

Best 
training 

MSE 

Number 
of 

epochs 

1 0.050771 15 0.0129 21 

2 0.16204 24 0.165 30 

3 0.043785 10 0.00552 16 

4 0.04202 9 0.00454 15 

5 0.14165 23 0.117 29 

6 0.15279 15 0.144 21 

7 0.070501 7 0.024 13 

8 0.18281 12 0.174 18 

9 0.045606 9 0.00619 15 

10 0.17593 19 0.178 22 

Table 2. Results of 6 letter network without PSO pre-training. 

Mean Validation MSE = 0.1068 (mean training MSE=0.0831) 

.  
26-letter networks trained without PSO pre-training 

Results of training the 26-letter network without PSO 

pre-training were very poor. Table 3 shows results of the 

26-letter experiment without using PSO to initialize 

connection weights. Only one trial produced fair results, 

where validation MSE = .0829, or roughly 70% correct 
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classification. The next best performance is MSE = 

.189, or roughly 55% correct classification. 

 

Trial # 
Validation 

MSE 

Best 
validation 

epoch 

Best 
training 

MSE 

Number 
of 

epochs 

1 0.18944 10 0.189 16 

2 0.30181 15 0.283 21 

3 0.30301 26 0.28 32 

4 0.40988 24 0.383 30 

5 0.23998 15 0.213 21 

6 0.30741 19 0.283 25 

7 0.41033 9 0.411 15 

8 0.082887 29 0.0525 35 

9 0.23611 19 0.211 25 

10 0.32428 19 0.31 25 

Table 3. Results of 26 letter network without PSO pre-training. 

Mean validation MSE =  0.2805 (mean training MSE = 

0.2616) 

 

6-letter network trained with PSO pre-training 

Table 4 shows results of using PSO to pre-train the 

network. Results are more consistent than the 6-letter 

network without pre-training, and rang from roughly 

70% to 85% correct validation phase classification 

(overall training performance is between 80% and 95% 

correct classification). 

 

Trial # 
Validation 

MSE 

Best 
validation 

epoch 

Best 
training 

MSE 

Number 
of 

epochs 

1 0.04502 12 0.0137 18 

2 0.050244 12 0.00472 18 

3 0.034076 59 0.00873 65 

4 0.082146 25 0.0511 31 

5 0.057735 18 0.0385 24 

6 0.03309 17 0.00465 23 

7 0.072014 11 0.0317 17 

8 0.05585 13 0.0046 19 

9 0.041493 38 0.00535 44 

10 0.053002 34 0.00419 40 

Table 4. Results of 6 letter network with PSO pre-training. 

Mean validation MSE = 0.0525 (mean training MSE = 0.0167) 

26-letter network trained with PSO pre-training step 

The 26-letter network whose weights were initialized 

with PSO showed radically better performance than the 

26-letter network without PSO pre-training. Table 5 

shows the validation and training performance: 

Validation and training stage correct classification is 

roughly 80% and 85%, respectively. Figure 10 shows 

typical training performance of 26-letter FF-PB after 

PSO pre-training. 

 

Trial # 
Validation 

MSE 

Best 
validation 

epoch 

Best 
training 

MSE 

Number 
of 

epochs 

1 0.038906 6 0.0308 12 

2 0.039721 17 0.0201 23 

3 0.045321 25 0.0188 31 

4 0.039978 10 0.0238 16 

5 0.039243 17 0.0221 22 

6 0.081485 13 0.0614 19 

7 0.04523 23 0.0199 29 

8 0.087753 12 0.0673 18 

9 0.042576 21 0.0202 27 

10 0.041817 16 0.0194 22 

Table 5. Results of 26 letter network with PSO pre-training. 

Mean validation MSE = 0.0502 (mean training MSE = 0.0304) 

 

 
Figure 10. Typical performance of network pre-trained with 

PSO. Validation stage MSE = .0405 (training stage MSE =  

.0218) 

 
Conclusion 

 
The "No free lunch" (NFL) theorems [6, 21] state that 

there is no one optimization algorithm that is best, on 

average, at optimizing all possible problems. However, 

there may exist algorithms that perform well enough to 

be useful across many practical problems [12, 13]. 
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Taking cues from nature, a number of algorithms, such 

as GAs, PSO, and ANNs may be combined in order to 

overcome limitations of the other. Evolutionary 

Computation algorithms such as GAs and PSO are good 

at exploring more of a solution space, but have a 

tendency to converge on a solution prematurely. ANNs 

have proven to be very useful tools in many disciplines, 

however they too have limitations – they tend to be slow 

and get trapped at local optima. We have shown that, by 

combining two algorithms found in nature, we are able 

to achieve significantly better results than with either 

algorithm alone. 

 

Future Research 

 
We tested the method with only one type of data: 5 x 7 

pixel characters randomly placed on a 20 x 20 retina. As 

a logical extension to the study we plan to test PSO pre-

training of initial connection weights on the set of 

benchmarks used in de Castro et. al GA neural network 

initialization study. Research is being done with 

optimizing PSO parameters that may improve the 

algorithms performance. Another extension to this study 

may be to apply some of these PSO optimizations in 

order to generate even better initial connection weights. 

Additional research may include testing performance of 

PSO pre-training standard neural networks on real-

world problems. 
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