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Abstract 
 

Designs of most Artificial Neural Networks for visual 

pattern recognition fail to utilize our knowledge of the 

mammalian visual system.  Nobel Prize winners Hubel 

and Wiesel discovered line and edge detectors in the 

visual cortex of cats, and the experiments described in this 

study model such detectors for improved character 

recognition in neural networks.  The results obtained 

showed that performance and efficiency of a neural 

network using such detectors in the early layers are 

superior to one without such detectors. 
 

1. Introduction 
 

This section briefly describes the mammalian visual 

system, the discovery by Nobel Laureates Hubel and 

Wiesel of line and edge detectors in the cat’s visual 

cortex, the field of computational neuroscience that has 

developed biologically detailed models of the visual 

system, the area of machine learning that uses simplified 

neural network models called Artificial Neural Networks 

(ANNs) in pattern recognition tasks, and a review of 

studies using ANNs that include line and/or edge 

detectors.  The present study compares the use of ANNs 

with and without line detectors in the classification of the 

straight line characters of the English alphabet.  This 

study is an extension of an earlier work [2]. 
 

The Visual System 

The visual system of mammals consists of the eye, the 

optic nerve, the lateral geniculate nucleus, and the visual 

cortex.  Hubel and Wiesel won the 1981 Nobel Prize in 

Physiology/Medicine for their seminal work in the early 

1960s [10, 11].  They used microelectrodes to measure 

activity in individual cells in the visual cortex of cats.  

The cats were anesthetized and their eyes were open with 

the controlling muscles paralyzed so as to fix the stare in 

a specific direction.  They discovered that a given cell can 

be specifically sensitive to a line of light at a specific 

orientation moving in a certain direction across a specific 

region of the visual field.  These observations are 

explained by assuming certain patterns of synaptic 

connections to cells in the lateral geniculate body relay 

station in the visual pathway.  A key discovery by Hubel 

and Wiesel is the existence of line and edge detectors in 

the visual cortex of mammals. 
 

Biological Simulations of the Visual System 

The work of Hubel and Wiesel was instrumental in the 

creation of what is now called computational 

neuroscience, studying brain function in terms of 

information processing properties of structures that make 

up the nervous system.  Computational neuroscience 

differs from the disciplines of machine learning and 

neural networks by emphasizing descriptions of 

biologically realistic neurons and their dynamics [6]. 

“Biologically detailed models of the brain can now 

be simulated due to increasingly powerful massively 

parallel supercomputers.  Using biophysical model 

neurons we have simulated a neuronal network model of 

layers II/III of the neocortex.  These simulations, carried 

out on the Blue Gene/L supercomputer, comprise up to 22 

million neurons and 11 billion synapses and are the 

largest simulations of this type ever performed.  Such 

model sizes correspond to the cortex of a small mammal” 

[7].  And in 2009 IBM scientists created a large brain 

simulation with the number of neurons and synapses 

exceeding those in a cat’s brain [1]. 
 

Machine Learning and Neural Networks 

Feed-forward ANNs allow signals to travel one way only 

– from input to output.  They are straightforward 

networks that associate inputs with outputs, and they are 

used extensively in pattern recognition [3, 12].  The 

commonest feed-forward ANN consists of three layers of 

units: input units, hidden units, and output units.  The 

activity of the input units represents the raw information 

that is fed into the network.  The activity of the hidden 

units is determined by the activities of the input units and 

the weights on the connections between the input and the 

hidden units.  The behavior of the output units depends on 

the activity of the hidden units and the weights between 

the hidden and output units. 

In order to train a neural network to perform a task, 

the connecting weights are adjusted iteratively to reduce 
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the error between the desired output and the actual output. 

This process requires that the neural network compute the 

error derivative of the weights.  In other words, it must 

calculate how the error changes as each weight is 

increased or decreased slightly. The back propagation 

algorithm is the most widely used method for determining 

the error derivative of the weights. 

ANNs are machine learning programs based on 

neuron-like building blocks similar to the neurons in the 

brain.  Most of the applications of neural networks 

involves feed-forward networks trained by the back-

propagation algorithm. These ANNs undergo a training 

phase where the networks are fed a set of inputs with 

known outcome, and then back-propagating the known 

results to adjust the weights among the neural elements. 

After many iterations of training, called epochs, an ANN 

is able to detect subtle patterns in large data sets and make 

predictions based on what it has learned through past 

observations. An essential measure of an ANN's 

performance is its ability to recognize patterns in data that 

are different from those used to train the network (i.e. the 

network's generalizability). 

 

ANNs Using Line and/or Edge Detectors 

This section reviews pattern recognition systems that have 

employed the type of simple line detectors used in this 

study.  One study used line detectors in four orientations – 

0°, 45°, 90°, and 135° – in a pattern recognition algorithm 

for Geographic Information System (GIS) images and 

maps [9] using line detectors developed in another study 

[5].  A scheme for detecting edges and lines in 

polarimetric Synthetic Aperture Radar (SAR) images was 

proposed using line detectors constructed from edge 

detectors [4].  Line detection can be performed using edge 

techniques such as Sobel, Prewitt, Laplacian Gaussian, 

Zero Crossing and Canny edge detector [8].  Edge 

detection using Sobel yields pixels lying only on edges 

and these edges may be incomplete due to factors such as 

breaks, noise due to non uniform illumination and 

intensity discontinuity. Line detection using Hough 

Transform uses edge detection followed by a linking 

algorithm to assemble pixels into meaningful edges by 

considering a point and all the lines that pass through it 

that can satisfy the slope intercept equation. 
 

The Current Study 

While the design of most ANNs for visual pattern 

recognition does not utilize our knowledge of the brain, 

this study deals with line and edge detectors modeled on 

the mammalian visual system.  The experiments below 

simulate line detectors known to exist in the mammalian 

visual cortex.  The main objective of the experiments is to 

demonstrate good visual pattern recognition using pre-

wired line detectors similar to those of the mammalian 

visual cortex.  Specifically, the performance and 

efficiency of a neural network system using such 

detectors in the early layers is shown to be superior to one 

using adjustable weights directly from the retina. 
 

 

2. Methodology 
 

These experiments used 5x7 bit patterns of the 26 

uppercase letters of the English alphabet as shown in 

Figure 1.  Two pattern classification experiments – one 

without and one with line detectors – were performed on 

the six characters consisting solely of horizontal and 

vertical line segments: E, F, H, I, L, T. We also 

experimented briefly with the full 26 character alphabet. 
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Figure 1. Alphabet character bit map patterns. 

 

Experiment 1 – ANN without line detectors 

A simple three-layer feed-forward ANN (Figures 2 and 3) 

was trained to recognize the six straight-line alphabetic 

characters.  The input layer modeled a 20x20 retina of 

binary (0 or 1) units for a total of 400 units.  The hidden 

layer consisted of 50 units, fully connected to the input 

layer for a total of 20,000 (400x50) variable weights.  The 

output layer consisted of six units, one for each of the six 

characters, and was fully connected to the hidden layer for 

a total of 300 (50x6) variable weights.  The overall 

network contained a total of 20,300 variable weights that 

required training. The processing elements (PEs) in the 

hidden and output layers used the hyperbolic tangent 

sigmoid transfer function. The Levenberg-Marquardt 

back-propagation training algorithm (LMA) [13] was 

used to train the network. 
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Figure 2. Neural network for experiment 1. 

 

Figure 3. Simulation view of ANN for experiment 1 [14]. 

 

The alphabet character patterns can be placed in any 

position inside the 20x20 retina not adjacent to an edge.  

Shifting the 5x7 bit pattern around the retina yields 168 

(12*14) possible non-retinal-edge positions of an alphabet 

character pattern.  With the retina units labeled from (0,0) 

to (19,19), the 168 legitimate images for "E" can be 

labeled E(i,j) where the vertical (y-axis) position i varies 

from 1 to 12 and the horizontal (x-axis) position j from 1 

to 14 (the shaded area in Figure 4 marks the legitimate 

region for upper-left character corners).  E(i,j) can be 

generated by moving the upper-left-corner of the E bit-

pattern down i pixels and right j pixels.  For example, the 

retinal image for E(5,13) is shown in Figure 4. 
 

 
Figure 4. Input E(5,13) pattern on the retina. 

 

For training input patterns, 40 random non-identical 

positions (randomly choosing i and j without 

replacement) were generated for each of the 6 characters, 

for a total of 240 (40*6) training input patterns.  For 

validating, an additional 240 input patterns were similarly 

generated.  These patterns were pre-generated to facilitate 

training and validation.  The sequence of training patterns 

cycled through the sequence E, F, H, I, L, T forty times 

for one pass (epoch) of training through the 240 patterns.   

The system was trained to produce a positive output-unit 

response for the correct character and negative output-unit 

responses for the incorrect characters.  
 

Experiment 2 – ANN with line detectors 

The ANN for this experiment incorporates horizontal and 

vertical line detectors into the model (Figure 5).  It has 

five layers: input units, simple line detectors, complex 

line detectors, hidden units, and output units.  

The input layer and input character patterns are as in 

experiment 1, as are the hidden and output layers.  The 

second layer consists of simple line detectors for detecting 

horizontal and vertical lines (Figure 6).  Each of these 

simple line detectors had a threshold of 3.  The input to a 

detector unit, when superimposed on an input pattern, 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). 
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Figure 5. Neural network for experiment 2. 

 

Figure 6. 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 7 shows a vertical line 

detector superimposed on an input pattern. 

 

 
  Figure 7. Vertical line detector superimposed on E(5,13). 

 

The third 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 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 8 and 9, 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.   
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Figure 8. 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) as shown in Figure 8 and the outputs of the 

complex horizontal line detectors in a 6x4 grid (6 vertical 

positions and 4 horizontal) as shown in Figure 9.   
 

 
Figure 9. The layout of the 24 complex horizontal line detectors.  

 

The complex detector outputs can be represented in a 

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

each of the input letter patterns used for training and 

validation.  Figure 10 shows the 48-detector outputs for 

E(2,2), plus five examples of the complex line detector 

outputs for each of the six alphabet characters.  For E(2,2) 

the two activated (output = 1) complex vertical line 

detectors respond to the upper and lower portions of the 

vertical bar of the E and the three activated horizontal line 

detectors respond to the three horizontal bars of the E.  

The overall network consisted of 6,912 (6336+576) 

fixed weights and 2,700 (2400+300) variable weights.  

The experiment 2 neural network was trained and 

validated in the same manner as the experiment 1 

network.  

 
               --------- vertical------------ ------- horizontal ---------- 

E(2,2)     100000100000000000000000 100010001000000000000000 

 

E(12,5)    000000000000010000010000 000000000000110001001100 

E(9,8)      000000001000001000000000 000000000110011001100000 

E(7,2)      000000100000100000000000 000010001000100000000000 
E(11,8)    000000000000001000001000 000000000000011001100110 

E(9,12)    000000000100000100000000 000000000011001100110000 

 
F(12,5)    000000000000010000010000 000000000000110001000000 

F(9,8)      000000001000001000001000 000000000110011000000000 

F(7,2)      000000100000100000000000 000010001000000000000000 
F(11,8)    000000000000001000001000 000000000000011001100000 

F(9,12)    000000000100000100000100 000000000011001100000000 

 
H(12,5)    000000000000011000011000 000000000000000001000000 

H(9,8)      000000001100001100001100 000000000000010000000000 

H(7,2)      000000110000110000000000 000000001000000000000000 
H(11,8)    000000000000001100001100 000000000000000001000000 

H(9,12)    000000000110000110000110 000000000000001000000000 

 
I(12,5)      000000000000010000010000 000000000000000000000000 

I(9,8)        000000001000001000001000 000000000000000000000000 

I(7,2)        000000100000100000000000 000000000000000000000000 
I(11,8)      000000000000001000001000 000000000000000000000000 

I(9,12)      000000000010000010000010 000000000000000000000000 

 
L(12,5)     000000000000010000010000 000000000000000000001100 

L(9,8)       000000001000001000000000 000000000000000001100000 

L(7,2)       000000100000100000000000 000000000000100000000000 
L(11,8)     000000000000001000001000 000000000000000000000110 

L(9,12)     000000000100000100000000 000000000000000000110000 

 
T(12,5)     000000000000010000010000 000000000000110000000000 

T(9,8)       000000000000001000001000 000000000110000000000000 

T(7,2)       000000100000100000000000 000010000000000000000000 

T(11,8)     000000000000001000001000 000000000000011000000000 

T(9,2)       000000000000000010000010 000000000011000000000000 
 

Figure 10. Complex detectors for example characters. 
 
 

3. Experimental Results 
 

Experiment 1 – ANN without line detectors 

The system was trained for a specified number of epochs 

using back-propagation to train the weights between the 

retina and hidden layer, and between the hidden layer and 

output layer.  To measure its effect, noise was added 

using a random number generator to convert 0’s to 1’s in 

the image with a parameter to control the percentage. 

Table 1 shows the performance on the 6 straight-line 

characters using 50 hidden-layer units. Tables 2a and 2b 
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show the training and validation confusion matrices for 

1600 epochs and 0% noise. A diagram from the Synapse 

neural network simulator package [13] provides a 

character-by-character breakdown of training and 

validation performance as a function of the number of 

epochs (appendix Figure A1).   
 

 

 Percent Noise 

Epochs 0% 2% 5% 10% 15% 20% 

50 35.42 20.83 24.17 20 20.42 20.83 

100 36.25 21.67 25 18.75 20.83 20.42 

200 35.42 21.67 23.75 18.75 20.83 20.83 

400 36.25 22.50 23.75 20.42 20.42 20.83 

800 36.67 22.50 23.75 20.42 20.00 20.83 

1600 36.25 18.33 23.75 20.42 20.42 20.83 

Table 1. Recognition performance on the six straight-line 

characters: epochs versus percent added noise. 
 

 

 
Table 2a. Confusion matrix of training phase on six 

straight-line characters: 1600 epochs, 0% noise; Overall 

performance 100%. 

 

 
Table 2b. Confusion matrix of validation phase on six 

straight-line characters: 1600 epochs, 0% noise; Overall 

performance 38.3%. 

 

 

Table 3 shows the recognition performance on the 

full alphabet of 26 characters, and validation performance 

actually diverges (Figure A2).  And increasing the 

number of hidden units to 200 actually decreased 

recognition performance to 13.08% with 1600 epochs. 
 
 

 Percent Noise 

Epochs 0% 2% 5% 10% 15% 20% 

50 23.08 8.17 7.21 7.50 6.25 6.83 

100 23.56 9.04 7.69 7.31 6.15 4.62 

200 25.00 9.81 7.60 5.58 6.06 4.52 

400 27.12 9.81 6.92 5.02 5.87 4.62 

800 28.37 8.96 6.92 5.48 5.58 5.19 

1600 27.69 10.10 7.31 5.67 7.21 6.15 

Table 3. Recognition performance on the full alphabet of 

26 characters: epochs versus percent added noise. 
 

 

Experiment 2 – ANN with line detectors 

The complex line detectors were pre-computed for each 

input pattern.  The system was trained for a specified 

number of epochs using back-propagation to train the 

weights between the layer of complex line detector units 

and the hidden layer, and between the hidden layer and 

output layer.  Table 4 and Figure A3 show the results. 
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Epochs 0% 2% 5% 10% 15% 20% 

50 67.50 58.75 46.25 56.67 16.67 42.50 

100 72.92 59.17 46.25 56.67 17.08 28.00 

200 77.08 59.58 50.00 62.50 48.75 43.75 

400 75.83 58.33 50.00 62.92 34.58 28.33 

800 78.33 60.42 52.08 59.17 32.92 57.08 

1600 83.33 59.17 56.67 60.00 35.00 32.08 

3200 85.00 66.67 56.67 57.92 52.50 62.92 

Table 4. Recognition performance on the six straight-line 

characters: epochs versus percent added noise. 
 

 

Tables 5a and 5b show the confusion matrices for the 

1600 epoch run above.  Note that the 3200 epoch run does 

better but the 1600 run is shown for comparison to the 

1600 epoch run without line detectors.  There were 40 

different images per alphabet character.  The greatest 

validation confusions were T versus F (16 out of 40 

misclassified) and F versus E (10 out of 40 misclassified). 

 

 
Table 5a. Confusion matrix of training phase on six 

straight-line characters: 1600 epochs, 0% noise; Overall 

performance 91.7%. 

 

 
Table 5b. Confusion matrix of validation phase on six 

straight-line characters: 1600 epochs, 0% noise; Overall 

performance 77.1%. 

 

 

4. Conclusions  
 

The main conclusion is that the character recognition 

performance and the efficiency of the neural network 

using Hubel-Wiesel-like line detectors in the early layers 

is superior to that of a network using adjustable weights 

directly from the retina.  The recognition performance (no 

added noise) and the numbers of fixed and variable 

weights in the two experiments are shown in Table 5.  

Compared to the network without line detectors, the one 

with line detectors yielded doubled generalizability and 

was more efficient. The neural network was much more 

efficient with an order of magnitude fewer variable 

weights and half as many total weights, resulting in a 

training time decrease of several orders of magnitude.  

 

 

 

Experiment 

Validati

on 

Perform

ance 

Fixed 

Weights 

Variable 

Weights 

Total 

Weights 

1 No Line 

Detectors 
38.3% 0 20,300 20,300 

2 Line 

Detectors 
77.1% 6,912 2,700 9,612 

 

Table 5. Experiment 1-2 comparison: validation performance, 

fixed weights, variable weights, and total weights. 
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5. Future Work 
 

Further experiments can be conducted on the full 

alphabet.  Rather than having just vertical and horizontal 

line detectors, the layer of simple line detectors can be 

doubled to provide detectors at four angles in increments 

of 45 degrees, at angles of 0, 45, 90, and 135 degrees.  

Edge and endpoint (corner) detectors could also be added.   
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Appendix 

 

Figure A1. Without line detectors, six character performance as a function of epochs: training (below) and validation (above).  

Validation performance is much weaker than training performance. 

 
Figure A2. Without line detectors, 26 character performance as a function of epochs: training (below) and validation (above). 

Validation performance actually diverges with increasing training epochs. 
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Figure A3. With line detectors, six character performance as a function of epochs: training (below) and validation (above). 

Validation performance is close to training performance. 

 


