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Ah artificial neural network (ANN) trained on high- 
quality medical tomograms or phantom images may 
be able to learn the planar data-to-tomographic image 
relationship with very high precision. As a result, a 
properly trained ANN can produce comparably accu- 
rate image reconstruction without the high computa- 
tional cost inherent in some traditional reconstruction 
techniques. We have previously shown that a standard 
backpropagation neural network can be trained to 
reconstruct sections of single photon emission com- 
puted tomography (SPECT) images based on the pla- 
nar image projections as inputs. In this study, we 
present a method of deriving activation functions for a 
backpropagation ANN that make it readily trainable 
for full SPECT image reconstruction. The activation 
functions used for this work are based on the esti- 
mated probability density functions (PDFs) of the ANN 
training set data. The statistically tailored ANN and 
the standard sigmoidal backpropagation ANN meth- 
ods are compared both in terms of their trainability 
and generalization ability. The results presented show 
that a statistically tailored ANN can reconstruct novel 
tomographic images of a quality comparable with that 
of the images used to train the network. Ultimately, an 
adequately trained ANN should be able to properly 
compensate for physical photon transport effects, 
background noise, and artifacts while reconstructing 
the tomographŸ image. 
Copyright �9 1995by W.B. Saunders Company 
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F ~ILTERED BACKPROJECTION algo- 
rithms encompass a wide range of ana- 

lytic and algebraic reconstruction techniques, TM 

and are predominantly used in clinical sin- 
gle-photon emission computed tomography 
(SPECT) image reconstruction. 5,6 These tech- 
niques are used in clinical environments primar- 
ily because of their ability to handle incomplete 
and noisy data and to generate reconstructions 
in a relatively short period of time. 2,7 Despite 
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their wide acceptance, the quality of filtered 
backprojection reconstructions is often de- 
graded by artifacts, attenuation, and scatter 
effects. TM Correction for attenuation and scat- 
ter effects in the reconstructed images is oflen 
used. However, iterative methods as well as 
compensatory techniques used in conjunction 
with filtered backprojection typically have high 
computational costs. 12,13 In this paper, we show 
that an artificial neural network (ANN) trained 
on filtered backprojection reconstructions can 
interpolate between images in the training set 
and accurately reconstruct nontraining set im- 
ages, referred to as novel images, that are 
equivalent to those produced by the filtered 
backprojection algorithm. In addition, we intro- 
duce a method of deriving statistically tailored 
activation functions that, used in combination 
with a backpropagation ANN, can produce 
high-speed SPECT image reconstructions with 
statistical error content comparable with that 
found in the images used to train the neural 
network. Based on the work presented here, we 
ultimately hope to show that ah ANN trained 
on highly accurate, iteratively reconstructed 
images or on phantom images can learn the 
planar data-to-tomographic image relationship 
and can subsequently produce novel reconstruc- 
tions with an accuracy comparable with that 
achieved with high-cost computational meth- 
ods, but in a fraction of the time required with 
those methods. 

The backpropagation ANNs that we will use 
here are often referred to as mapping neural 
networks because of their ability to learn diffi- 
cult functions or functional relationships that 
are otherwise hard to evaluate. 14 ANNs have 
been shown to be useful in SPECT and x-ray 
image diagnostics, 15,16 image segmentation, 17 
electrical impedance tomography, TM anda  vari- 
ety of other medical applications. 19-22 The advan- 
tages of SPECT image reconstruction with an 
ANN are two-fold: first, a trained ANN can 
generate a reconstructed image from the planar 
projections in a few seconds, even on simple 
serial computers; second, the novel image recon- 
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structions will be of a quality comparable to the 
quality of the ANN training set images. 

Once the ANN is trained for image recon- 
struction, novel planar data need only be fed 
forward through the network to quickly gener- 
ate the reconstructed image at the outputs of 
the ANN. However, backpropagation training 
of a neural network is a rather inefficient 
descending-hiU search algorithm. 23,24 The ineffi- 
ciency in training an ANN stems from the 
thousands or often several thousands of itera- 
tions that the training set data must be pre- 
sented to the network before it sutficiently 
learns the input-output relationship. Conse- 
quently, while a trained ANN can perform 
image reconstructions quickly and simply, the 
one-time training process itself can be very time 
consuming and may be impractical when very 
large network architectures are used, or prob- 
lems requiring large training sets are attempted. 

Fortunately, we have taken advantage of the 
parallel nature of the neural network by imple- 
menting the ANN on a parallel computer. The 
MasPar MP-2 is a single-instruction multiple- 
data massively parallel system that is composed 
of a 64 x 64 interconnected mesh of processing 
elements (PEs). The functions of nodes in each 
layer of an ANN distributed on the MP-2 can be 
executed simultaneously by dedicating a PE to 
execute the processes of one node in each layer 
of the network. This greatly improves the time 
in which an iteration of the ANN training set, or 
training epoch, can be performed. 

In previous work, we and others have shown 
that image reconstruction with a backpropaga- 
tion ANN is feasible, 25,26 and that better gener- 
alization and faster training could be achieved 
with a uniformly distributed, three-phase activa- 
tion function versus a standard sigmoidal activa- 
tion function. 27 In the latter work, we specu- 
lated that the optimal activation function for 
ANN image reconstruction might be related to 
the probability density function (PDF) of the 
ANN training data. We propose and empirically 
test this hypothesis by comparing the ability of 
identical ANN architectures to generate 64- • 
64-pixel reconstructions of SPECT images using 
standard sigmoidal activation functions, and 
statistically tailored activation functions. We 
contend that the statistically tailored activation 
functions, in conjunction with the backpropaga- 

tion training algorithm, will prove to be the 
superior transfer functions for the network 
nodes both in terms of the ANN's ability to 
learn the reconstruction function from the train- 
ing set images and to generalize its knowledge 
for novel image reconstruction. 

BACKGROUND: 
BACKPROPAGATION NEURAL NETWORK 

Forward Propagation 
The three-layer, fully interconnected ANN 

architecture used for image reconstruction in 
this work consists of 4,096 input nodes to handle 
the sixty-four 64-quadrant planar data, 4,096 
output nodes to produce each 64 x 64 slice 
reconstruction, anda user-selectable number of 
hidden-layer nodes, as seen in Fig 1. The input 
layer performs no operation on the data but 
rather distributes the data vŸ interconnections 
to all nodes in the middle, or hidden, layer. 
Each value sent across an interconnection is 
weighted. The weights associated with the inter- 
connections are the parameters adjusted during 
training and consequently, represent the knowl- 
edge possessed by the ANN. Each node in the 
hidden layer and output layer sum the values 
received from interconnections and then on the 

4096 Outputs - 64 x 64 SPECT Image 

Output 

Hidden ~/~ 
Input 

tputs 

4096 Inputs - Planar Data 

Fig 1. During each training iteration of the 4,096 planar 
data inputs to 4,096 tornogram outputs, the difference be- 
tween the expected output and the actual output of the ANN is 
backpropagated through the network. The weights of the two 
layers of interconnections are then adjusted according to the 
delta rule and generalized delta rule to reduce the network 
error. After repeated training iterations, the ANN will begin to 
learn the functional relationship between the input vectors 
and output vectors. 
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basis of that value generate an output via an 
activation function, f(ct). 

A sigmoidal activation function similar to the 
one shown in Fig 2 and defined in equation 1 is 
typically used with a backpropagation ANN. 2s 

f(cti+l,k) = [3[(1/~) arctan (Cti+l,k + 0) + �89 (1) 

where oLi+l, k = g (Ej Xi,j Wi,j) for the kth node in 
layer i + 1; xi,j is the output of thejth node in the 
previous layer i; w~j is the weight associated with 
the interconnection from the jth node in the 
previous layer i; g is the gain adjustment of the 
summed input value;/3 is the gain value of the 
function; and 0 is the output bias that shifts the 
zero point of the function. 

The ANN training set from which the ANN 
learns the input-output function must ad- 
equately represent the mapping domain of the 
functional relation. 29 This means that the train- 
ing set data must closely approximate the PDF 
of the output space. The training data are 
normalized into a 0.1 to 0.9 range because the 
activation functions are asymptotically limited 
between 0 and 1. Normalization of the data 
allows the network to train to values at the 
extremes of the output range without having to 
drive the network outputs into saturation. 

Error Backpropagation 

The ANN training set is made up of (Xi, Yi) 
data pairs in which Yi is the known functional 
output associated with the input vector Xi. In 
the course of a training iteration, the output 
produced by an input vector that has been 
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Fig 2. Sigmoidal aetivation function ( B )  and its derivative 
( - - )  used with standard backpropagation ANNs. Activation 
fun�9 ara used bu the hidden-lau and output-lau nodes. 
The ANN training set data is Wpicallu normalized between 0.1 
and 0.9 so that outputs near 0 and 1 can be attained bu the 
network without having to drive the output nodes into satura- 
tion. 

forward-propagated through the network is sub- 
tracted from the expected output vector. This 
output difference is backpropagated through 
the network to make interconnection weight 
adjustments, thus minimizing the network er- 
ror. 29 

For this study, the measured error in the 
networks capaeity to accurately recall training 
set data is calculated as the root-mean-square 
(RMS) error, C: 

C = {[1/N'J]" [E E(Dn,j - Yn,j)2]} 1/2 (2) 

where J is the number of nodes in the output 
layer; N is the number of patterns in the training 
set; Dn,j is the expected jth output-layer node 
value for the nth training set pattern; and Y,d is 
the actual jth output-layer node value for the 
nth training set pattern. 

The output vector in this study, is the recon- 
structed image associated with the planar view 
inputs. The error in the reconstruction is calcu- 
lated for each node in the output layer by 
subtracting the actual output from the expected 
output. The backpropagation training algo- 
rithm adjusts the interconnection weight values 
according to the delta rule.  23'25'19 

Wi,j new ~ Wi,j old -]- T]O'q 
(3) 

-]- OL(Wi,j old - -  Wi,j previous), 

where wi,j otd is the present weight value of the 
interconnection ffom thejth hidden node to the 
ith output node and wi, jpre~io~s is the interconnec- 
tion weight value before being adjusted to 
Wi, j old" 

To adjust the weight values of the interconnec- 
tions between the hidden layer and the output 
layer, we define ~ in equation 3 as the error 
difference in the ith node, (d i - Yi), multiplied 
by the associated value of the activation func- 
tion derivative. 

tYi = f'(Yi)(di - Yi) (4) 

where, for the sigmoidal activation function 
shown in equation 1, 

f'(Yi) = d[arctan (Yi)]/dYi -- 1/(1 + yŸ (5) 

Old interconnection weights are adjusted so 
as to minimize the error between the expected 
output di and the actual output Yi in equation 3. 
The error value is multiplied by a learning rate, 
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r/, that governs the magnitude of each adjust- 
ment and by the last input across that intercon- 
nection, xi, that factors the weight adjustment 
values according to the magnitude of the last 
input vector. The momentum term a provides 
an impetus to the weight adjustment to take into 
account the direction in which the weight was 
adjusted in the previous training iteration. The 
momentum term helps the training network to 
avoid small local minima. 24,28 

The derivative of the arc tangent sigmoidal 
activation function,f'(yi) ,  shown in Fig 2, is also 
used by the network during training to add 
stability to the network and to prevent too much 
emphasis in error adjustments being placed on 
large weight values. 23,24 The bell-shape of the 
derivative creates a high degree of activity in 
nodes whose outputs are in the center of the 
output range. This shows why the backpropaga- 
tion ANN is adept as a classifier. As all the 
outputs approach 0 or 1, the activity in weight 
adjustments, as factored by f'(Yi), is reduced 
and the stability of the network training is 
increased. 

The weight values associated with the inter- 
connections from the input layer to the hidden 
layer do not have the advantage of knowing the 
expected outputs of the hidden-layer nodes. 
Consequently, these weight values must be ad- 
justed according to a different value of r in the 
generalized delta rule. 23,24 

K 

O'i = f'(xi){k__~0 [(dk- yk)Wi,k]} (6) 
where wi,k is the interconnection weight from 
the ith hidden node to the kth output node. 

Instead of using the difference between the 
expected and actual value of the associated 
output node, the error associated with a hidden 
node is the error in the entire output vector 
weighted with respect to the interconnection 
weights from that particular hidden node 
(E [dk - Yk])- Again, the input- to hidden-layer 
interconnection weight adjustments are a func- 
tion of the derivative of the hidden-layer node 
activation function, f'(xi). 

MATHEMATICAL METHODS 

The backpropagation ANNs used here consist of three 
layers of nodes. The importance of a three-layer network 
versus a one- or two-layer network is that we know an ANN 

solution exists even if the function being mapped is discon- 
tinuous. 29 When an ANN trains to a mŸ there is no way 
of knowing whether the network has reached a local 
minimum, a global minimum, or a large, low-gradient 
plateau. 24 Often, if the minimum error to which the ANN is 
trained is not acceptable for the intended application, a new 
set of initial weight values is selected and training is 
restarted. 

As mentioned in the previous section, the nodes in a 
standard backpropagation ANN use a sigmoidal activation 
function. We also noted that the backpropagation neural 
network is very adept as a classifier when using a sigmoidal 
activation function and its derivative. During training, the 
bell-shaped derivative, as used in the delta rule and general- 
ized delta rule in equations 4 and 6, produces large changes 
in the interconnection weights associated with outputs 
around 0.5. As the output of a node approaches either 0 or 
1, the changes in the interconnection weights to that node 
become smaller, and the network becomes more stable. 
Unfortunately, when training outputs that ate continuous in 
the normalized 0.1 to 0.9 output range, the network tends to 
become unstable and oscillate about expected output values 
near 0.5. However, because we assume the training set data 
is a good representation of the mapping to be learned, the 
PDF of the data should provide good estimates of the input 
range PDF and the output domain PDF, and consequently, 
be utilized to improve ANN training over a continuous 
range of outputs. 

The key characteristic of a good output layer activation 
function is one that will allow easy training across the 
continuous range of values and increase the stability to the 
network as it learns. We contend that an activation function 
equal to the integral of the inverse estimated PDF for each 
output node, as in equation 7, should provide a better 
training response by the network. 

Yi = f z(x,) dxi, (7) 

where z(xi) is the estimated inverse PDF for the ith output 
node based on the distribution of the nodes training set data 
values. 

For the demonstration of SPECT image reconstruction in 
this report, a common activation function is used for all 
output nodes: 

f(a) = f {1.2/[1 + 36(,x + 2.93706) 2] 

+ 0.4/[1 + 169(r + 2.25918) ~] 

+ 1.5/[1 + 1.21(a + 1.43482)2]} dx 

= {1.2[(1/~r) arctan [6(a + 2.93706)] + 0.5] 

+ 0.4[(1/~) arctan [13(a + 2.25918)] + 0.5] 

+ 1.5[(1/Ir) arctan [1.1(a + 1.43482)] 

+ 0.5]}/3.1. (8) 

Ideally, each output node activation function is derived 
from the estimated PDF obtained from the training set data 
for each output node. The single activation function used 
here is based on the estimated PDF of all pixel values of the 
tomograms in the ANN training set (see Fig 3). We 
determined that this was an acceptable approximation of 
the output layer activation functions because the intent of 
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Fig 3. Three arc tangent derivatives were used to fit the 
inverse statistical distribution of the ANN training set output 
data. The planar input data distribution was normalized be- 
tween -3.078 and 3.078 so as to correspond to the 0.1 to 0.9 
range of the standard sigmoidal activation function. This was 
done so that an accurate comparison between the statistically 
tailored and standard sigmoidal activation functions could be 
made. SPECT data (--) ,  derivative (m) .  

the application in this report is to show the attainable 
improvements in ANN performance with a statistically 
tailored activation function versus a standard sigmoidal 
activation function. Also, we will save considerable time in 
not having to derive activation functions for all 4,096 output 
nodes if the performance of a common activation function is 
good enough for the application at hand. 

A graph of equation 8 and the three arc tangent functions 
that comprise the output layer activation function are shown 
in Fig 4. This activation function shows that by integrating 
the inverse PDF, an asymptotically increasing function with 
a greater range of inputs to the most expected outputs is 
generated. This means that the most frequently occurring 
output values are far more accessible in the activation 
function than the more rarely occurring values. Asa  result, 
during training, the ANN can better distinguish between the 
most frequently encountered output values. The theory 
behind this selection of output-layer activation functions is 
also supported by the effect on training of the activation 
function derivative, or the inverse PDF, in the delta rule. As 
the network trains, the majority of values converge to the 
expected value range of the activation function, driven by 
large values of the derivative function. As the common 
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Fig 4. The statisticallytailored output-layer activation func- 
tion ( ~ )  is shown as the sum of the three arc tangents ( - - )  
obtained by integrating the inversa output data distribution 
functions. 

values reach the expected output range, the activity of the 
derivative functions in the adjustment of weight values 
decreases and the network stabilizes. The reduced activity 
in weight adjustments also allows the network, during 
additional training, to distinguish between output values 
without experiencing large oscillations, as often seen with a 
standard sigmoidal function and derivative. 

On the other hand, an activation function derived from 
integrating the estimated PDF of the training set input 
vectors is best suited for the hidden layer. 

f(~) = f {1/[1 + 196(ct + 3.077) 2] 

+ 0.38/[1 + 33.64(a + 2.587) 2] 

+ 0.58/[1 + 2.89(a + 1.760)z]} dx 

= {0.55[(1/~r) arctan [14(a + 3.077)] + 0.5] 

+ 0.38[(1/'rr) arctan [5.8(ct + 2.620)] + 0.5] 

+ (1/'rr) arctan [1.7(a + 1.760)] + 0.5}/1.96. (9) 

Each node of the hidden layer receives a weighted sum of 
all elements in the input vector. Accordingly, the input 
vector whose sum falls in the mostly densely distributed part 
of the PDF, as shown in Fig 5, will occupy a larger portion of 
the output range than a less frequently encountered vector 
sum, (see Fig 6). By delivering a broad range of values from 
the dense areas of the input sum PDF to the output layer, 
the output nodes have a better capacity to distinguish 
between closely distributed outputs, and thus, should pro- 
vide a better ANN model for training and generalizing. 

Each of the statistically tailored activation functions are 
composed of the sum of three sigmoidal functions. The 
combination of three functions proved sul¡ to approxi- 
mate the cumulative distribution functions (CDFs) of the 
SPECT training set data used in this study. Exact fits to the 
training set CDFs are not necessary because they them- 
selves ate approximations of the actual CDFs. We also 
expect that any discrepancies in activation function approxi- 
mations will be compensated for through ANN training. We 
have used sigmoidal functions to retain the training advan- 
tages of using the S-shaped sigmoidal, nonlinear elements, 
which have been shown to provide superior generalization 
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Fig 5. Three aro tangent derivatives were used to fit the 
statistical distribution of the ANN training set input data. The 
planar input data distribution was normalized between -3.078 
and 3.078 so as to correspond to the 0.1 to 0.9 range of the 
standard sigmoidal activation function. Planar data ( - - I ,  deriva- 
tive ( ~ ) .  
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Fig 6. The atatistically tailored hidden-layer activation func- 
tion ( ~ )  is shown as the sum of the three arc tangents ( - - )  
obtained by integrating the input data distribution functions. 

capabilities to linear and polynomial functions. 23,29 In addi- 
tion, we maintain a link to organic cerebral neurons that 
show a natural sigmoidal relationship between the input 
wave density to a neuron and the output pulse density of a 
neuron.30 

We have previously described how a standard backpropa- 
gation ANN with a sigmoidal activation function is adept as 
a classifier network. This example also provides a good 
argument for using the statistically-based activation func- 
tions we have proposed here. As can be seen from Fig 2, the 
sigmoidal function derivative is essentially the inverse distri- 
bution of the expected outputs f o r a  classifier network 
because only values of 1 and 0 are typically desired from the 
network. For the hidden-layer nodes, the sigmoidal deriva- 
tive approximates a Gaussian distribution. Because each 
node in the hidden layer receives a weighted sum of all the 
inputs, this is probably a good estimate of the input data 
distribution, particularly for problems where the inputs, like 
the classifier output, ate binary. Consequently, the sigmoi- 
dal activation function and derivative are well suited for 
training problems for which the expected output node 
values are binary. Because each output node in the SPECT 
reconstruction ANN must be readily trainable across a 
continuous range of outputs, the standard sigmoidal ANNs 
are not expected to perform as well as the ANNs with 
statistically tailored activation functions. 

R E S U L T S  

SPECT Training Set Data 

Cardiovascular SPECT images were used to 
train the neural networks and to test the trained 
ANN's ability to reconstruct novel 64- x 64- 
pixel images. The planar view images were each 
two-dimensionally filtered using a Butterworth 
filter with a critical frequency of 0.5 cycles/cm 
and a power factor of 15. The transverse image 
slices were then reconstructed using conven- 
tional filtered backprojection. 

The ANN training set consisted of every 
other slice of a 16-slice cardiac SPECT image, 
and the 64 planar views of each image slice. The 

SPECT images not used in the training set were 
used to determine each trained ANN's ability to 
accurately reconstruct novel tomograms from 
their associated planar data. The novel recon- 
structions can then be compared with those 
attained from the Butterworth filtered backpro- 
jection algorithm, to determine if the quality of 
the ANN reconstructions is directly associated 
to the quality of the training set images. In 
addition, a second series of fifteen cardiac 
SPECT images were used to test the extent of 
the ANN's ability to reconstruct images uncorre- 
lated to the small eight-image training set. 

Activation Function Evaluation 

Four architectures with randomly selected 
hidden-layer sizes were constructed to evaluate 
the training and generalization capabilities of 
the statistically tailored activation function 
ANNs versus the standard sigmoidal activation 
function ANNs. Each architecture, using the 
two activation function types, were trained for 
2,000 iterations on the eight SPECT image 
training set. The minimum root mean square 
(RMS) errors attained by each network are 
listed in Table 1. In each case the statistically 
tailored ANNs trained to a lower RMS error 
than their counterpart standard sigmoidal 
ANNs. An RMS error versus training epoch 
comparison of the statistically tailored ANN 
and the standard sigrnoidal ANN with 4,096 • 
484 x 4,096 architectures is shown in Fig 7. ALS 
was the case with all architectures, the standard 
sigmoidal ANN initially trains quickly and then 
plateaus, whereas the statistically tailored ANN 

Table 1. Minimum RMS Errors 

Activation RMS Error on 
ANN Architecture Function Type  Training Set Data 

4,096 x 324 x 4,96 Statisticallytailored 0.010529 
Standard sigmoidal 0.020116 

4,096 • 484 • 4,096 Statisticallytailored 0.008703 
Standard sigmoidal 0.012740 

4,096 • 625 x 4,096 Statisticallytailored 0.009309 
Standard sigmoidal 0.018772 

4,096 x 961 x 4,096 Statisticallytailored 0.011972 
Standard sigmoidal 0.020333 

RMS errors were attained in 2,000 training epochs for the four 
architectures and the two activation function types. For each 
architecture, the neural network using statistically tailored acti- 
vation functions trained to a Iower RMS error than any of the 
ANNs using the standard sigmoidal activation function. The 
hidden-layer size for each architecture was arbitrarily chosen. 
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Fig7. The RMS error in recalling the training set reconstruc- 
tions and the novel eight-image set for the 4,096-node x 
484-node x 4,096-node architecture is shown with respect to 
training epoch for both the statistically tailored ANN and the 
standard sigmoidal ANN. As was the case with the other three 
architectures trained, the statistically tailored ANN reached a 
Iower RMS error for both the training set ima9es (StatANN, B) 
and the novel eight-image recall set (StatGen, 0 )  than did the 
standard sigmoidal ANN (SigmANN, U, and SigmGen, ~| .  The 
statistically tailored ANN also continued to reduce its RMS 
error throughout the 2,000 training iterations. The standard 
sigmoidal ANN reached its minimum RMS error after approxi- 
mately 1,000 iterations and did not improve over the last 1,000 
training epochs. 

trains slightly slower in the first few hundred 
iterations, but then continues past the standard 
sigmoidal plateau, where it eventually plateaus 
at an RMS error of approximately 0.009. 

A more critical measure of the ANN's recon- 
struction capabilities is in the trained ANN's 
ability to accurately reconstruct novel images. 
The best RMS errors achieved by each trained 
ANN on the eight SPECT images not used to 
train the networks are listed in Table 2. Here 

Table 2. Minimum Average RMS Error 

Activation RM$ Error on 
ANN Architecture Function Type Novel Irnage Set 

4,096 x 324 • 4,096 Statistically tailored 0.011389 
Standard sigmoidal 0.020454 

4,096 x 484 x 4,096 Statistically tailored 0.008619 
Standard sigmoidal 0.013911 

4,096 • 625 • 4,094 Statistically tailored 0.010022 
Standard sigmoidal 0.016678 

4,096 x 961 x 4,096 Statisticallytailored 0.014676 
Standard sigmoidal 0.023611 

RMS errors were attained by each ANN architecture recon- 
structing the eight novel images. Each statistically tailored ANN 
was able to reconstruct the eight first-patient tomograms with 
less error than the same architecture standard sigmoidal ANN. 
Upon visual inspection, only the statistically tailored ANNs with 
484 and 625 hidden nodes produced images that accurately 
represented the features of the novel images. 

again the statistically tailored ANNs signifi- 
cantly outperformed the standard sigmoidal 
ANNs. For the 4,096 • 484 • 4,096 architec- 
ture, the statistically tailored ANN recon- 
structed the novel images with less than 0.0094 
error from the expected Butterworth-filtered 
backprojection reconstructions. No standard sig- 
moidal ANN could reconstruct the novel images 
with less than 0.014 error. A comparison of the 
generalization ability of a statistically tailored 
ANN and standard sigmoidal ANN during train- 
ing is shown in Fig 7. In both instances, the 
generalization ability of the networks initially 
follows the RMS error of the training set. 
However, after reaching the minimum RMS 
error, the generalization ability of the standard 
sigrnoidal network decreases with additional 
training because the network begins to memo- 
rize the training set and, thus, recalls training 
set reconstructions when presented with novel 
planar data inputs. However, for the statistically 
tailored ANN the generalization ability of the 
ANN continues to improve, even after it ap- 
pears to begin memorizing. 

A novel image reconstruction by both a statis- 
tically tailored ANN a n d a  standard sigmoidal 
ANN are shown, along with filtered backprojec- 
tion reconstructions, in Fig 8. This visual com- 
parison of the ANN reconstructions clearly 
shows the greater accuracy of the statistically 
tailored ANN compared with that of the stan- 
dard sigmoidal ANN or the filtered backprojec- 
tion reconstruction without Butterworth filter- 
ing. 

The second patient planar data set was recon- 
structed by the best of each type of ANN to 
determine the extent of their reconstruction 
abilities, given the limited single-patient scope 
of the training set. The 15-tomogram set was 
reconstructed with 0.035686 RMS error by the 
statistically tailored ANN and to 0.072034 RMS 
error by the standard sigmoidal ANN. For each 
type of network, the 484 hidden-node architec- 
ture was used. 

DISCUSSlON 

The results of Tables 1 and 2 show that the 
statistically tailored neural network clearly out- 
performs the standard sigmoidal ANN. A1- 
though the RMS error differences between the 
two network types appear small, these numbers 
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Fig 8. Each of the reconstruc- 
tions are based on the same planar 
data. A was reconstructed the 
same as all the images in the ANN 
training set, via filtered backprojec- 
tion with two-dimensional (2D) 
Butterworth prefiltering. Bis the 
statistically tailored 4,096-node x 
484-node x 4,006-node ANN recon- 
struction, with 0.008712 RMS error 
from the expected image, A. C is 
the standard sigmoidal 4,096-node 
x 484-node x 4,096-node ANN re- 
construction, with 0.014341 RMS 
error frorn the expected image, A. 
C was produr via filtered back- 
projection without the 2D Butter- 
worth prefiltering. The statisti- 
cally tailored ANN reconstruction 
c|osely matches the expected im- 
age, A. 

can be deceptive. The difference between the 
images reconstructed with 0.008619 error and 
the images reconstructed with 0.013911 error is 
significant. As seen in Fig 8, the statistically 
tailored ANN novel image reconstruction is a 
very accurate representation of the expected 
image, and not merely a reproduction of a 
training set image. On the other hand, the 
standard sigmoidal ANN reconstruction of the 
same novel image is lar less representative of 
the expected image, and possesses many of the 
features of the closed training set images. Even 
though the two reconstructions of the same 
novel image differ by less than 0.01 RMS, that 
0.01 is significant because the cardiac portion of 
the 64 x 64 image is small. As a result, the 
statistically tailored ANN is able to generalize 
its knowledge attained during training to more 
accurately produce high-quality reconstruc- 
tions. 

The statistically tailored neural networks 
proved to be a superior backpropagation ANN 
method for SPECT image reconstruction when 
compared with the standard sigmoidal back- 

propagation ANNs. Each statistically tailored 
ANN trained to a significantly lower RMS error 
than the same architecture standard sigmoidal 
ANN. In addition, all four statistically tailored 
ANNs achieved RMS errors lower than the best 
standard sigmoidal ANN. Furthermore, the stan- 
dard sigmoidal ANNs tended to reach a plateau 
at the minimum RMS error in approximately 
1,000 training epochs, whereas the statistically 
tailored ANNs, which also reach a plateau at 
approximately 1,000 training iterations contin- 
ued to improve slowly over the next 1,000 
iterations, as seen in Fig 7. 

Likewise, the statistically tailored ANNs 
showed excellent generalization capabilities. 
Again, the statistically tailored ANNs recon- 
structed the novel image set to much lower 
RMS errors than the standard sigmoidal ANNs 
with the same architecture. One surprising, and 
potentially invaluable, characteristic of the sta- 
tistically tailored ANNs is seen in Fig 7. The 
figure shows that the standard sigmoidal ANN 
reaches a minimum generalization RMS error 
in 1,100 training epochs, and then gradually gets 
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worse with additional training. This is a com- 
mon and usually expected characteristic of the 
backpropagation A N N .  28 However, the statisti- 
cally tailored ANN, after appearing to lose its 
generalization ability at 1,500 training epochs as 
shown in Fig 7, quickly recovers, and by the 
two-thousandth training epoch, the novel im- 
ages set RMS error and the training set RMS 
error are practically identical. Perhaps the loss 
in generalization was a consequence of the 
training set RMS error dropping to a lower 
plateau at the 1,500 training epoch mark. Note 
however, that for the two training set RMS 
error plateaus in the 1,000 to 2,000 training 
epoch range, the generalization RMS error 
improves with additional training. If this is 
indeed a characteristic of the statistically tai- 
lored neural network, then overtraining of a 
network is much less likely to occur. Thus, the 
generalization RMS error need not be as closely 
monitored during training. 

Of the four ANN arehitectures trained, one 
network was able to reconstruct the novel image 
set with less than 0.01 RMS error, and one 
network reconstructed the novel image set right 
at 0.01 RMS error. As was shown by Fig 8, a 
reconstruction with 0.008712 RMS error is an 
accurate and valuable image, but with 0.014341 
RMS error, the same image may not accurately 
represent the expected image. Even with the 
statistically tailored ANN there is no assurance 
that the selected hidden-layer size for an ANN 
is trainable to an RMS error below 0.01. Un- 
doubtedly, the optimal ANN architecture for 
reconstructing every slice of a completely novel 
SPECT sean will differ from the best architec- 
ture presented here. However, a dynamic node 
architecture (DNA) method has been devel- 
oped 31 and applied practically 32 that guarantees 
finding the optimal architecture for a given 
training set. Whether a DNA neural network 
for image reconstruction can be trained in a 
reasonable amount of time on a paralM com- 
puter is yet to be determined. 

The reconstruction of the uncorrelated sec- 
ond patient images was not of the same high 
quality as the first novel image set. This was not 
unexpected given the limited size and scope of 
the training set. This shows some of the future 
aspects of ANN SPECT that need to be ad- 
dressed before a clinically viable image recon- 

struction neuraI network can be produced. How- 
ever, given the greater error in the second 
patient reconstructions, the statistically tailored 
ANN did show a propensity for properly recon- 
structing the images in the regions of the 64 x 
64 tomogram that were trained across a broader 
range of pixel values. This was particularly true 
in the region of the tomograms where the first 
patient heart was located. 

CONCLUSlONS 

In the introduction we speculated that a 
properly trained neural network could produce 
novel image reconstructions of a quality compa- 
rable with that of the images used to train the 
network. The results we have presented have 
verified that hypothesis. In Fig 8, a filtered 
backprojection reconstruction of the novel im- 
age, without the two-dimensional Butterworth 
filtering of the planar data, was included to 
reinforce our hypothesis. Because the network 
was trained on images with prefiltering, the 
network essential learned to perform the Butter- 
worth prefiltering of the planar data and recon- 
struct a tomogram on the basis of that data. 
Likewise, an ANN trained on reconstructions 
produced via a statistically more accurate 
method, can produce novel images of compa- 
rable quality, and in a fraction of the time. 

Two potential limitations of this reconstruc- 
tion method are in the orientation of the planar 
data and the ultimate size of the ANN training 
set. The first limitation involves determining 
how well the neural network can handle planar 
data that does not begin a sean at the same 
relative location to the patient. Ir this is in fact a 
problem the ANN cannot handle, the data may 
be repositioned before ANN reconstruction to 
alleviate the neural networks problem. The 
second potential limitation deals with the scope 
of the ANN's generalized knowledge. For ex- 
ample, can a network trained exclusively on 
normal cardiac SPECT images accurately recon- 
struct abnormal images? As shown with the 
second patient image set, the ANNs will need a 
much larger training set to achieve all image 
reconstruction capabilities. But if the training 
set must have an example of every cardiac 
anomaly to produce accurate reconstructions, 
the training set will be impractically large. 
However, the results presented here show that 



NEURAL NETWORK RECONSTRUCTION 125 

an example of every slice of a full SPECT image 
is not needed in the training set for the ANN to 
accurately reconstruct novel slices. 

Improvements to the RMS error results could 
have been obtained in several ways, such as 
reducing the 64 x 64 inputs and outputs to the 
actual 64-pixel diameter circular gamma cam- 
era field of view. However, our goal was to show 
that a statistically tailored backpropagation neu- 
ral network could accurately produce novel 
SPECT image reconstructions, and this was 
achieved without the aforementioned improve- 
ments. In addition, we were able to show that 
the ANNs can interpolate between images to 
accurately reconstruct novel images. The next 
step will be to show that the networks can 
interpolate between pixel values in the 64 • 64 
tomograms so that any possible tomogram can 
be accurately reconstructed. 

Future work will strive to overcome the afore- 
mentioned potential limitations of ANN image 
reconstruction, and to determine if a neural 
network can correct for scatter and attenuation 
effects in its reconstructions. The nonlinear 
nature of neural networks may enable them to 
compensate accurately for nonlinear sources of 
error, such as attenuation. Ultimately, the speed 
and trainability of neural networks for image 
reconstruction may prove them to be valuable 
tools for clinical applications. 
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