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Abstract.  Magnetic Resonance Imaging (MRI) results in 

overall quality that usually calls for human intervention in 

order to correctly identify details present in the image.  More 

recently, interest has arisen in automated processes that can 

adequately segment medical image structures into 

substructures with finer detail than other efforts to-date.  

Relatively few image processing methods exist that are 

considered accurate enough for automated MRI image 

processing where the edge-to-pixel ratio is relatively high, 

largely due to the inherent pixel noise.  ANN training, though 

ideal for non-linear solutions, is generally considered 

inefficient for most image processing operations based on the 

limitations of the most commonly known training algorithms 

and their derivatives.  We present a rapid and accurate 

method for segmentation of a cerebral cortex image using a 

unique ANN training algorithm that most notably handles the 

very large sets of associated training patterns (one per pixel) 

inherent in an image file.  This method also operates on 

intensity image data converted directly from raw RGB MRI 

images without any pre-processing. 

 

Keywords: Artificial neural network, image processing, 

image segmentation, MRI, neural network, parcellation. 

 

I. INTRODUCTION 

URRENTLY in medical diagnostic fields, there is 

ever-growing interest in the automated processing of 

medical image data [1][2].  Such systems that work 

effectively can reduce the evaluation workload for 

technicians and experts.  Additionally, up and coming 

national and worldwide medical databases seeking to 

identify trends and improve diagnoses, can more readily 

and cost-effectively apply cross-correlation methods to data 

derived from new and archival images using such 

techniques.   

This work focuses on methods involving the accurate 

and efficient segmentation of existing MRI brain images 

into correct sub-structures.  Most existing schemes to-date 

involve the segmentation of MRI slices of the entire 

cerebrum into Gray Matter (GM), White Matter (WM), and 

Cerebral Spinal Fluid (CSF) regions.  This is usually for 

diagnosis and study of conditions that are related to the 

volumetric differences in these regions between normal and 

diseased subjects.  By comparison, we present a 

 
  

 

streamlined ANN method which has the ability to zoom in 

one more level, so to speak, and accurately further segment 

the laminar structure of GM zones within the cerebral 

cortex.  Since the cortex is divided into specialized 

functional neuronal regions partially characterized by their 

laminar structure, automated segmentation of the cortex 

(parcellation) becomes valuable to neuroimaging research 

for its assistance in mapping cognitive functions to these 

regions.  To note, segmentation success at this level should 

indicate extensibility of this method to the more common 

segmentation tasks (GM/WM/CSF) with even better 

results. 

Noise and parametric variation across images obtained 

from MRI techniques present special problems for 

automated processes.  In fact, noise is so prevalent that 

processing must usually include evaluation and 

computation of every pixel present in an image in order to 

smooth data, either in the pre-processing, main, or 

post-processing phases of any method.  We have devised a 

method, using an existing ANN training algorithm and 

software implementation previously developed by our 

group [3], which operates correctly and rapidly on image 

data with no pre-processing besides RGB-to-intensity 

conversion, and with minimal post-processing.  

A. Background – Brain Image Segmentation 

As mentioned, most similar efforts to-date have involved 

the segmentation of entire image slices of the cerebrum into 

the three major tissue areas, GM, WM, and CFS.  The 

techniques used therein are important to discuss as bases of 

our technique.   

One such effort by Rezai-Rad et al. [4] utilizes a 

Modified hybrid Fuzzy Hopfield Neural Network 

(MFHNN) to segment MRI slice images of the cerebrum 

into the three tissue areas, GM, WM and CFS.  Firstly, we 

point out that many previous attempts in the literature 

employ some variation of a FHNN [5].  As with similar 

methods, the authors incorporate at least a two-step 

processing algorithm whereby noise is dealt with in some 

fashion (clustering, median filtering, etc.), followed by 

classification of individual pixels into desired tissue 

regions.   

We can see their results in Fig. 1, cited explicitly here for 

clarification of the characteristics of their task.  We note 

that the image segmentation is done over an entire slice 

image of the cerebrum.  In one sense, this arguably 
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constitutes a more complex problem than ours, which 

processes a smaller section of such an image (one GM 

section of the cortex); they must process a larger image file.  

However, their initial classification problem is reduced by 

the clustering phase, such that the number of training 

patterns left to their Hopfield neural network is 

significantly smaller.  More importantly, the noise problem 

can be thought of as the ability to find tissue boundaries as 

complicated by the ratio of pixels to edges in the real 

structure.  This is to say, the fewer the number of pixels 

relative to the number of edge features, the harder the 

segmentation problem, especially in the presence of 

significant noise.   

 

 
Fig. 1  Rezai-Rad et al., segmentation result on image 

corrupted with noise (a) Noisy image, (b) WM, (c) CSF, (d) 

GM segmented by MFHNN [4]. 

 

For comparison, we can consider the close-up cortex 

image of Fig.  2 from an effort by Adamson et al. [6]  In this 

image, we note that though the computation space is 

initially smaller, the job of accurate segmentation is 

complicated by the relatively extreme amount of pixel 

noise.  In essence, in order to drill down to the next level of 

segmentation of the GM region itself, an algorithm must 

learn to ignore thousands of phantom features in the form of 

hot or cold pixels.  This essentially makes fine 

segmentation of cortex images a different problem than the 

more common 3-tissue classification.   

 A work by Shen et al. presents another class of strategies 

which is prevalent in the literature for solving the 

WM/GM/CSF segmentation problem [7].  This study 

features an Improved Fuzzy C-Means clustering (IFCM) 

algorithm.  FCM has been previously employed in many 

variations to solve the WM/GM/CSF segmentation 

problem.  These authors essentially employ clustering 

algorithms twice, first using complete processing by FCM, 

then secondary processing by their IFCM algorithm, in 

order to achieve the final 3-tissue segmentation.  ANN 

processing is additionally used as a knowledge-based 

parameter optimization step between the clustering 

processes.  It is also instructive to note that these authors 

further discuss the difficulty of the segmentation process by 

any means, given the inherent noise in MRI image scans, 

seen statistically as large (unwanted) variations of image 

intensity within single tissue types.   

 

 
Fig.  2  Section of an MR image of a baboon cortex showing 

laminar variation and severe pixel noise, Adamson et al [6].  

A band of white matter region is visible along the top. 

 

Other papers which tackle large-scale 3-tissue 

segmentation of the cerebrum include Marroquin et al., who 

utilize a knowledge-based brain atlas derived from many 

brain images in conjunction with a statistical Bayesian 

method [7].  Also, Alirezaie et al. utilized a Kohonen 

SOFM neural network technique as far back as 1998 with 

good results for typical MRI resolution at the time [8]. 

It is important to note here that the publications cited so 

far rightly focus on segmentation accuracy, due to its 

importance to correct medical diagnoses.  However, little 

efficiency data exists for adequate comparison among 

techniques in the way of CPU times or total numbers of 

training and solution iterations.  Such efficiency parameters 

may become more critical when considering potential 

fully-automated uses for such algorithms (cross-correlation 

of archival and new data sets, etc.). 

Moving on to our particular problem, we highlight that 

to-date, there are relatively few methods proposed to 

segment the finer structure of cortical areas imaged with 

today’s higher resolution MRI scanners.  The need for such 

methods were discussed by Kruggel et al. [9]  Deriving 

from the work of Xie and Evans in applying hidden Markov 

models to target tracking [10], Adamson et al. [6] have 

applied the algorithm to segmentation of MRI images, 

specifically of a segment of baboon cortex seen in Fig.  2.  

Their results are promising, though their method is 

relatively complex and does not include performance data.  

Therefore, our goal in comparison will be to segment the 

same image with our ANN training technique, and to 

present the segmented image qualitatively, along with 

performance data as a vanguard attempt to begin to contrast 

similar future efforts. 

B. Background – ANN Training Considerations 

It is well established in the literature that success of any 

ANN application is greatly dependent on the choice of 

network architecture [11], and following those choices, 

dependent upon training methods that can successfully and 

efficiently train such networks.  As such, we now discuss 

certain considerations which point to significant advantages 



 

 

coming from the use of our training algorithm over other 

methods, particularly for this problem.  Since most aspects 

discussed herein are exhaustively documented in external 

references, only key points will be discussed. 

We will use relatively traditional artificial neurons as 

computational nodes all with sigmoidal unipolar soft 

activation functions based on the hyperbolic function in (1).    
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A choice of basic network architectures exists.  The most 

commonly used, Multi-Layer Perceptron (MLP), exhibits 

no connections across layers.  A specific example of an 

MLP architecture, labeled 5-5-1, is seen in Fig. 3.  It is the 

most commonly used architecture since most readily 

available second-order training algorithms such as 

Levenberg-Marquardt (LM) [12] and its derivatives 

(supplied in the MATLAB Neural Network Toolbox [13]), 

cannot handle bridged architectures.  Another choice is the 

Bridged Multi-Layer Perceptron (BMLP).  This network 

introduces bridged connections across layers.  An example 

of a single hidden layer bridged architecture, labeled 

5=2=1, is seen in Fig. 4.   
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Fig. 3  A 5-input, 6-neuron MLP architecture with one 

hidden layer and one output node:  5-5-1 

 

As demonstrated exhaustively in Hunter et al. [11], the 

Fully Connected Cascade (FCC) ANN architecture proves 

to be superior in computational power and efficiency 

compared to other architectures, provided that the training 

algorithm is on hand which can train arbitrarily connected 

networks (ACN) such as FCC.  An example of an FCC 

architecture, labeled 5=1=1=1, is seen in Fig. 5.  It has been 

shown that parity problems are an excellent benchmark for 

comparison of ANNs across many parameters [14].  

Experimental results of Table I show the stark comparison 

of FCC versus other ANN architectures across a wide range 

of parity problems. 
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Fig. 4  A 5-input, 3-neuron BMLP architecture with one 

hidden layer (BMLP1) and one output node:  5=2=1 
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Fig. 5  A 5-input, 3-neuron FCC architecture with one 

output node:  5=1=1=1 

 
TABLE I  NEURONS AND WEIGHTS REQUIRED BY VARIOUS 

ARCHITECTURES 

 
 

Now that we have established the case for the use of the 

FCC network for image segmentation, we can talk of 

training algorithms.  As mentioned previously, most readily 

available second-order training methods such as LM, are 

not able to handle bridged networks of any kind, though 

they are much more efficient for MLP networks than 

first-order methods like Error Back Propagation (EBP) 

[15][16] and its variants [17][18].  We now mention that a 

fast, effective training algorithm, Neuron-by-Neuron 

(NBN), has been developed and in-use since 2010, and can 

train any arbitrarily connected neural network architecture 

with much greater efficiency than EBP and its variants, and 

with at least similar efficiency and accuracy to LM and its 

variants [19–21].  Table II displays definitive superiority of 

the NBN algorithm over both LM and EBP for the same 

parity-4 problems.  All results are mean values of 100 

experimental trials. 

 

 

 

Architecture Parity-3 Parity-7 Parity-15 Parity-31 Parity-63

MLP 4/16 8/64 16/256 32/1024 64/4096

BMLP-1 

hidden layer
3/14 5/44 9/152 17/560 33/2144

BMLP-2 

hidden layers
N/A 3/27 5/88 7/239 11/739

BMLP-3 

hidden layers
N/A N/A 4/70 6/203 8/530

FCC 2/9 3/27 4/70 5/170 6/399

Neuron/Weight ratios for different Parity 

Problems using neural network archtectures



 

 

TABLE II  COMPARISON OF SOLUTIONS OF PARITY-4 PROBLEM 

WITH VARIOUS ALGORITHMS FOR TWO TOPOLOGIES 

 Iterations Time [ms] Success rate 

MLP with 4-3-3-1 architecture (max SSE = 1e-4) 

EBP 7956.4 3296.6 46% 
LM 16.5 14.9 69% 

NBN 33.6 37.07 82% 

FCN with 4=1=1=1 architecture (max SSE = 1e-4) 

EBP N/A N/A 0% 
LM Is not able to handle FCN with connections across layers 

NBN 30.2 19.1 98% 

 

The key advantage of using the NBN training algorithm 

over other training methods for the specific job of 

segmenting images, lies in the NBN’s ability to perform 

certain matrix operations inherent to neural network 

training with far less memory usage, and with far more 

efficient vector computation in place of large matrix 

computation [20].  The NBN method does build off of LM 

and other related second-order methods.  Computational 

advantages of NBN which are pertinent to this study will be 

discussed herein, and were previously introduced in [20]. 

All LM variants involve the successive updating of 

network weights by the following equation [22] 

 

    (      )      (2) 

 

where w is the weight vector, I is the identity matrix, and μ 

is the combination coefficient.  The Jacobian matrix J, with 

dimensions (P × M) × N, and the error vector e, with 

dimensions (P × M) × 1, are defined as 
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where P is the number of training patterns, M is the number 

of outputs, and N is the number of weighted connections.  

Elements in error vector e are calculated by 

 

             (4) 

 

where dpm and opm are the desired and actual output 

respectively, at network output m, when training pattern p. 

 The Jacobian matrix J is commonly calculated and 

stored first, then matrix multiplications are performed for 

weight updating using (2).  For large sized Jacobian 

matrices, computer array storage limitations can be 

reached.  At this point, one may conclude that the LM 

algorithm cannot be used for problems using a large 

number of training patterns. 

 In the following derivation, the errors e computed from 

the training process are used along with the weight vector w 

for a network to compute the sum squared error (SSE) as 

follows 
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where epm is the error at output m from training pattern p, 

defined in (4).  The N × N matrix resulting from J
T
J is 

known as the Hessian matrix H, where N is the number of 

weights in the network.  Peng et al. [23] have shown that for 

the LM algorithm, the 2
nd

-order elements of H can be 

approximated as  
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where i and j are weight indices corresponding to row and 

column entries in the original H, and where qij becomes an 

element in the quasi-Hessian matrix Q built from (6).  Thus, 

we get: 
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We define an N × 1 gradient vector g as 
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Inserting (5) into (8), elements of g can be calculated as 
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From (3) and (9), we now recognize that g and the Jacobian 

matrix J are related as 

 

         (10) 

 

Combining (7), (10), and (2), the weight updating rule for 

LM becomes 

 

    (    )      (11) 

 

At this point we notice that since the sizes of Q and g are 

proportional to the number of network weights, 

computation of Δw is no longer coupled to the number of 

training patterns and outputs.  Observing (6) and (9), we see 

that qij and gi share most computational elements, and Q 

and g can therefore be computed strategically in tandem, in 

addition to the dispensing with the need to compute and 

store J as in (2). 

 We take further computational advantage by noticing 

that there are two ways to multiply rows and columns of 

two matrices.  The typical method is to obtain a scalar 

component of a resultant matrix by multiplying a row of the 

first matrix by the column of a second matrix as in Fig. 6 (a).  



 

 

An alternative method is to multiply the column of the first 

matrix by the row of the second, resulting in partial matrix q 

as in Fig. 6(b).  Though both methods require the same total 

number of multiplications and additions, the vector 

computation immediately starts to compute the desired 

quasi-Hessian matrix Q without the need to compute and 

store the entire Jacobian matrix for all patterns and outputs. 

 

 
Fig. 6  Matrix multiplication: (a) row-column multiplication 

results in a scalar element of Q; (b) column-row multiplication 

results in partial matrix q [20]. 

  

 The results in TABLE III show the memory savings when 

the column-row method is used.  When P and/or M ≫ N, 

the savings is significant. 

 
TABLE III  MEMORY COST,  

COLUMN-ROW VS. ROW-COLUMN 

Multiplication Methods Elements for Storage 

Row-column (Fig. 6a) (P × M) × N + N × N + N 

Column-row (Fig. 6b) N × N + N 

Difference (P × M) × N 

P ≡ number of training patterns, M ≡ number of outputs, and N ≡ 

number of weights. 

 

 In the work from which the above strategies originate, 

Wilamowski et al. present several additional computational 

optimizations mostly taking advantage of matrix symmetry 

[20].  The superiority of our NBN algorithm for problems 

with large training sets will prove ideal for the image 

processing techniques herein. 

II. RESULTS 

All ANN training experiments conducted herein were 

done with the NBN Trainer v2.10 software, available here:  

http://www.eng.auburn.edu/~wilambm/nnt/NBNTrainer21

0.zip  [3] (compiled for Windows XP).  Plotting and 

additional analysis were done with custom algorithms 

written in MATLAB 7.8.0 [24].  All software was run on a 

single Intel 64-bit 3.3GHz i5-2500K core. 

A. Approach 

The task for our ANN system is essentially one of noise 

reduction and intensity image reconstruction, followed by a 

trivial step to identify tissue boundaries as zero-crossings of 

the final intensity image.  Noise reduction and image 

reconstruction is performed in one step via ANN training 

(multiple trials and iterations per trial), after which the 

lowest error result is identified, and the final network 

weights of that trial are applied back to the same ANN 

architecture in order to capture the “best” result.  A 

MATLAB program is then run to draw contours through 

the zero-crossings of the ANN output image.  Many 

contour-mapping and edge detection methods are widely 

available and are not unique to our process. 

In our trials, it was discovered that the featured image 

(Fig.  2) contains an unwanted bias gradient that is 

prohibitive of best results, due to the relatively brighter 

band of white matter visible at the top.  Since this bias is 

essentially a low-frequency component of the entire 

intensity profile, we simply run a low-order ANN solution 

with a sparse 2-input, 2-neuron FCC architecture (2=1=1) 

in order to capture this bias.  We then proceed to capture the 

high-order detail with larger and larger ANNs until a 

suitable reconstruction is evident.  We then simply subtract 

the low-order 2-neuron image output from the high-order 

result to obtain a final noise-reduced “high-pass” solution. 

In summary, the process steps are (starting with a 

grayscale intensity image): 

1. Train a 2=1=1 ANN to obtain low-frequency bias. 

2. Train successively larger FCC ANNs until a suitable 

noise-reduced reconstruction is obtained as output. 

3. Subtract the image obtained in Step 1 from that of 

Step 2 to obtain a final noise-reduced, high-pass 

filtered reconstruction. 

4. Run the contouring algorithm of one’s choosing to 

obtain graphical tissue boundaries. 

 

B. Running the NBN Software 

Preparation of input files (network topology, training 

input/output, etc.), setup, and running of the NBN software 

are described in detail elsewhere and such documentation is 

freely available for download [3]. 

For the network topology and training data specified, 

NBN is run and graphical SSE data are plotted per 

iterations, per trial, according to (5).  An example for a 

6-neuron FCC trained to our image for 100 trials is Fig. 7.  

We notice that a minimum SSE of approximately 140 is 

achieved by most trials after about 50 iterations.  Though 

our training for this study was exhaustive, for practical 

applications, training iterations per trial could safely be 

truncated to 50, for example.  Also, the SSE of 140 is 

obtained for 18,912 pixels (patterns) so in actuality, this 

error represents a mean intensity error per pixel of 8.6%.  

Keep in mind that this is relative to very noisy original data. 

 

http://www.eng.auburn.edu/~wilambm/nnt/NBNTrainer210.zip
http://www.eng.auburn.edu/~wilambm/nnt/NBNTrainer210.zip


 

 

 
Fig. 7  NBN Trainer output:  SSE vs. iterations, 100 trials, one 

trace per trial 

 

C. NBN Efficiency – Run Times 

NBN Training was conducted on FCC ANN networks 

ranging from two to seven neurons in size.  One-hundred 

trials of 100 iterations each (weight tuning) were run for 

each network.  The resulting plots of Fig. 8 display the 

essential timing results.  We see in (a) that extracting the 

low-frequency bias (2-neuron case) took under 2 minutes.  

Training times steadily increase with network complexity, 

with the highest times under 16 minutes for the 7-neuron 

FCC.   

If the minimum error floor per network is detected early, 

such as that seen in Fig. 7, this level can be set as a threshold 

for success, and solution times per iteration can be reached 

as in Fig. 8 (b).  With such automated limits invoked, 

solutions can be found at under 5 seconds and 60 iterations 

per trial, leading to faster training times per network. 

 Once training is complete and weights from the best 

(lowest SSE) result are plugged back into the network, 

image reconstruction can be performed in one step to obtain 

the final noise-reduced image.  The image reconstruction 

times are shown in Fig. 8 (c), and are remarkably low, 

remaining under 10ms for a 7-neuron FCC. 

 At this point, the authors would like to point out that 

currently in the literature, few published data exist on actual 

compute times for sufficiently similar segmentation tasks, 

other than number of iterations/compute cycles.  While it is 

understandable that the emphasis is on accuracy, it is our 

hope that similar studies will begin to include run-time 

studies as interest in automated medical imaging batch 

processes increases. 

D. Obtaining the Bias – 2-neuron FCC Result 

As mentioned previously, the low-frequency bias is 

obtained from the original image by training a 2-neuron 

FCC, and by running the verification of the best weighting 

to reconstruct the image.  Fig. 9 (a) and (b) show the output 

intensity surface and grayscale plots, respectively.  The 

plots are essentially noise-free, and only the low-frequency 

component is captured. 

E. 7-Neuron Segmentation Result 

 Several FCC networks were trained from 2 to 7 neurons 

in size, and sufficient results were obtained for the 6 and 

7-neuron cases.  A “best” result was qualitatively selected 

for the 7-neuron case.  Fig. 10 displays the intensity 

mapping of the trained 7-neuron result in (a), and the same 

with the bias subtracted in (b).  We notice in (b) that the 

segmentation boundaries can easily be determined by the 

method of choice at the zero-crossings of the normalized 

intensity data.  The actual grayscale reconstruction of the 

noise-reduced 7-neuron image is shown in Fig. 11 (a), and 

the segmentation boundaries determined from the 

normalized grayscale image are directly mapped in (b).   

 

 
(a) 

 
(b) 

 
(c) 

Fig. 8  (a) Total training time for 100 trials, 100 iterations per trial,  

(b) Training iterations and average training iteration time, and (c) 

image reconstruction (verification) time:  vs. number of neurons 

 

 The final result, showing the segmentation obtained from 

the 7-neuron FCC output (bias removed) is seen in Fig. 12.  

It is important to stress that though this result is 

qualitatively sufficient, it is of course not perfect and is not 

guaranteed to be an optimal result.  The nature of 

LM-derived ANN training, starting with initial randomized 

weights, precludes absolute progression to a quantitatively 

superior result at this point.  Still, successively better results 

are computed during the course of training, and longer trial 

times allowing more iterations theoretically yield improved 

results.  Our idea is to start with the presentation of an 

efficient method which can produce an adequate result 

relatively faster than other methods, and which could 

therefore be considered for development into 
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fully-automated batch processes.  We again emphasize that 

these results were obtained without any necessary 

pre-processing of the original RGB-to-grayscale image. 

 

 
(a) 

 

 
(b) 

Fig. 9  (a) 2-neuron FCC noise-reduced intensity, (b)  grayscale 

reproduction of original image from 2-neuron FCC 

 

  
    (a)            (b) 
Fig. 10  (a) Noise-reduced intensity of the 7-neuron FCC, (b) the 

same, with bias subtracted 

 

 
     (a)            (b) 
Fig. 11  (a) Noise-reduced grayscale reconstruction, (b) the same, 

bias subtracted, and regions segmented 

F. 12-neuron Result – A Note About Over-constraint 

It should be mentioned that ANN solutions can typically 

exhibit a few pitfalls involving over-constrained outputs.  

Generalization errors appear when ANN networks are used 

which significantly exceed the network size necessary to 

train a particular problem [11].  The effect is essentially 

synonymous with any problem that is over-constrained; 

unwanted features begin to appear in such circumstances.  

An example is the over-fitting of a set of points with 

increasing orders of polynomials as demonstrated in Fig. 13. 

 

 
Fig. 12  Final result of 7-neuron FCC image: Original intensity 

image with segmentation boundaries overlaid  

 
Fig. 13  Approximation of measured points by polynomials with 

different orders stating with first through 11th order 

 

 In the case of our problem with such prevalence of noise, 

the situation is even more delicate.  Since we are filtering 

out that noise, we are essentially seeking first to 

under-constrain our solution in order to properly ignore 

intensity values that should be considered out of range.  

However, we want to avoid growing the ANN to the point 

of over-constraint by becoming too sensitive to noise such 

that noisy values are tracked as features.  Fig. 14 shows the 

surface plots of (a), network output intensity, and (b), 

network output minus low-frequency bias for the 12-neuron 

case.  Fig. 15 displays (a), the grayscale reconstruction, and 

(b), the segmentation boundaries derived for the 12-neuron 

network.  

  

   (a)             (b) 
Fig. 14  (a) Noise-reduced intensity of the 12-neuron FCC, (b) the 

same, with bias subtracted 
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      (a)            (b) 

Fig. 15  12-neuron result: (a) Noise-reduced grayscale 

reconstruction, (b) the same, bias subtracted, and regions 

segmented 

 

 The original image overlaid with the 12-neuron 

segmentation in Fig. 16 reveals the over-constraint problem.  

Clearly, this segmentation solution indicates features not 

present in the original image.  Care must be taken in any 

fully-automated or partially-supervised processes to avoid 

such processing with over-sized ANNs. 

 

 
Fig. 16  Final result of 12-neuron FCC: Original intensity image 

with segmentation boundaries overlaid, excess features present 

III. CONCLUSION 

A viable ANN solution to the automated segmentation of 

high-resolution cerebral cortex MRI images has been 

presented.  Though results are not absolutely accurate, the 

comparison of this method with other similar image 

segmentation attempts proves promising, especially in 

terms of our ability to operate without pre-processing 

present in other methods (clustering, filtering, etc.), in 

terms of computational efficiency, and in regards to the 

potential of creating fully-automated batch processes that 

could run on sets of scan images.  The authors feel that with 

further progress, such processes could be developed and 

proven with the current state of the NBN training 

algorithm, and with minimal supporting code.  Such a 

process could: 

1. Train a single image out of a set of images, taken 

from the same scan (similar contrast, noise level, 

and intensity range), to find a proper-sized FCC 

architecture for the job. 

2. Apply the same FCC architecture to the rest of the 

images in the set. 

 

We acknowledge that care must be taken with issues 

typical to neural network training.  Excessive network sizes 

must be avoided in order to steer clear of over-constrained 

solutions that indicate unwanted image features.  

Additionally, an absolutely optimal solution is not 

guaranteed with such ANN training, though a sufficient 

solution is always possible. 
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