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1.0 SUMMARY
The optical quality of United States Air Force (USAF) developed eyewear is determined by
a number of optical quality parameters. Prototype eyewear can have optical quality issues
related to levels of haze, transmittance, color shifts, and localized defects such as scratches,
surface blemishes or coating imperfections which can potentially impact visual quality for the
wearer. One parameter that is hard to quantify succinctly, is optical distortion. This report
discusses analysis that was conducted in support of the 711th HPW/RHD modeling project called
Distortion Computations of Optics (DisCo), a machine learning effort currently under collaborative
development with Applied Research Associates (ARA). Two methods have been developed to
evaluate optical distortion patterns observed through transparent eyewear. One such method is
the use of wavefront analysis to determine wavefront errors; the other is the use of an optical
system that employs a fixed-frequency Ronchi grating to provide a quick visual evaluation, as
per the MIL-DTL-43511D. The use of a wavefront sensor allows the evaluator to decompose the
distorted wavefront into lower and higher order coefficients that represent the primary distortion
components. The use of a Ronchi grating allows the evaluator to visually assess the shape and
orientation of fringe aberrations. Machine learning algorithms and computer vision metrics can be
used to quickly determine the acceptability of these patterns. Zernike polynomial fitting algorithms
have been developed to quickly fit images of Ronchigrams and wavefronts in order to analyze the
coefficients and map to aberrations in lenses.

2.0 INTRODUCTION
During flight and ground operations aircrews may employ various types of eyewear to protect and
aid their vision. The United States Air Force (USAF) developed eyewear must be measured for
specific optical quality tests, as outlined in the MIL-DTL-43511D. All of the tests are provided
with measurable metrics, with exception of optical distortion, which is evaluated using a modified
Ann Arbor tester (Model C Ronchi-type Optical Tester) - Ref 1. The results of this test provide the
evaluator with a visual observation image referred to as a Ronchigram. The MIL-DTL-43511D
provides two categories of images that were deemed acceptable or unacceptable. Each Ronchigram
contains light and dark fringes, of which the amount, shape, and orientation contribute to the
classification as acceptable or unacceptable. The standard relies on subjective analysis of those
performing physical evaluations and can lead to discrepancies in classifications of the given
eyewear depending on an individual‘s tolerance. Elimination of these discrepancies can be
achieved through the use of computer vision and machine learning techniques.

The following contains analysis that builds upon research that has been completed by RHDO
in support of the Distortion Computations project which established data set of synthetically
generated Ronchigrams. Each of these synthetic Ronchigrams is associated with image derived
metrics and Zernike polynomial coefficients.

2.1 Image Metrics
To quantitatively describe fringes contained within the synthetic Ronchigrams, several Python
libraries have been developed to capture the shape and orientation of each fringe. Polygons were fit
to each fringe in every Ronchigram and various descriptor values were extracted. These descriptor
values included number of fringes, perimeter, area, shape, along with other values to be used in
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defining image based metrics. The Ronchigram data set that the image metrics were calculated for
included 699 acceptable instances and 2869 unacceptable instances. The difference in the number
of acceptable versus unacceptable instances is due to the vast amount of characteristics that can
render a Ronchigram unacceptable.

The descriptor values were stored within a large data set, each descriptor contained a value for
each fringe. This presented an issue in which Ronchigrams had data of different dimensions
dependent on the number of fringes. To resolve this, when image metrics were calculated,
minimum or maximum values were assigned to a specific instance of the Ronchigram, thereby
reducing the dimensionality of the data. These considerations will be addressed in the discussion
of each metric. Development of these metrics are described in detail in the technical report,
AFRL-RH-FS-TR-2022-0011.

2.2 Classification
The synthetic Ronchigram data consists of two classes, acceptable and unacceptable, which
requires a binary classification algorithm. Convolutional Neural Networks (CNNs) are a machine
learning tool that has the capability to handle such a task. The CNN developed to handle this task
was created using the Tensorflow package in Python 3.8.

The CNN was developed in order to determine how well the ML algorithms could be trained
to: use the synthetic Ronchigram data set, compare the characteristics of Ronchigrams that are
misidentified by both the sorting method and ML approach, and determine characteristics of
synthetic Ronchigrams that are difficult to classify.

The CNN discussed in this report is separate from the machine learning methods used in DisCo.
DisCo is the machine learning effort developed to evaluate the acceptability of Ronchigrams and
includes both metric based models and computer vision based models. The CNN discussed in
this report was created to sort out the Ronchigrams that are considered borderline cases for further
analysis.

2.3 Zernike Polynomial Coefficients
Another method for determining the acceptability of eyewear using Zernike polynomial
coefficients (ZPCs) is currently being studied. The ZPCs can be used to quantify lens aberrations
and further applied to optical distortion. In this work, similar methods from the analysis of the
image based metrics were implemented on ZPC data obtained from the same set of Ronchigrams
used to generate the image based metrics. These sets provide a means to validate the method and
ensure no information is lost when analyzing a wavefront rather than an interferogram.

3.0 IMAGE METRICS
3.1 Perimeter
A distorted fringe will produce irregularly shaped polygon fits with irregular sides that cause a
larger perimeter per polygon when compared to a fringe from an acceptable Ronchigram. The
perimeter per fringe metric was calculated by dividing the total perimeter of the polygon fits in a
given Ronchigram by the number of fringes in that Ronchigram. However, as shown in Table 1
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below, the average values for the perimeter per fringe for both cases is nearly identical. Although
the perimeter per fringe for the unacceptable cases appears to have a higher spread, there are few
instances that deviate greatly from the average. A threshold was set at the maximum acceptable
perimeter per fringe value. Unacceptable instances were then sorted according to this value, which
eliminated 93 instances from the data. This yield was low, thus the perimeter per fringe is not the
best metric to use in distinguishing acceptable from unacceptable.

Descriptor Acceptable Unacceptable

Max Perimeter/Fringe 1392.132 4440.308

Min Perimeter/Fringe 1052.4 90 546.334

Avg. Perimeter/Fringe 1171.986 1164.694

Max Perimeter St. Deviation 472.746 223489.086

Min Perimeter St. Deviation 196.446 135.718

Avg. Perimeter St. Deviation 322.245 437.271

Table 1. Descriptive values of the perimeter metric

Due to the low yield of the perimeter per fringe metric a new metric was defined using the perimeter
values. Another indicator of irregular fitted polygons is a large difference in the perimeter of each
consecutive fringe in the Ronchigram which occurs in non-symmetric cases. To study this the
standard deviation of the perimeters of the fringes in each Ronchigram was calculated. Since the
Ronchigram is a circular image some spread in the standard deviation value is expected for the
acceptable cases. However, for images with oddly shaped fringes this spread should be larger than
that of the images with acceptable fringes. Another case that this method can handle is images that
contain fringes that are cut off at the edge of the photo. Taking the maximum value of the standard
deviation of the acceptable instances as a threshold value and then sorting the unacceptable cases
eliminates 703 instances of the 2869 instances from the unacceptable data without losing any of
the acceptable instances. This corresponds to 24.5 % of the unacceptable instances. Included in
these eliminated instances are 80 of the 93 that would be sorted out via the perimeter per fringe
method. The first 100 of these instances that are sorted out are shown below in Figure 1.

3.2 Apparent Area Ratio
Another method for determining the shape of fringes within a Ronchigram is the apparent area
ratio metric. The apparent area ratio considers the ratio of a rectangle formed by the filling the
minimum and maximum spatial components of the fringe and the area of the polygon fit to the
same fringe. Fringes that are not distorted have values close to one, while distorted fringes have
increased values.

To reduce the amount of descriptor values of each Ronchigram to one, the maximum apparent
area ratio was taken, as images containing at least one distorted fringe are rendered unacceptable.
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Figure 1. Sample Ronchigrams sorted out using the Perimeter Standard Deviation Method

Descriptor Acceptable Unacceptable

Minimum Apparent Area Ratio 1.100 1.197

Maximum Apparent Area Ratio 10.678 81.727

Avg. Apparent Area Ratio 1.501 6.026

Table 2. Descriptive values of the apparent area ratio metric

This led to a potential issue with images containing fringes cut off at the edge, however this
only presented itself in a single instance. The minimum, maximum, and average value of the
maximum apparent area ratio per Ronchigram is shown in Table 2. There is overlap between
the two categories, but a significant amount of the unacceptable cases can be sorted out. If a
threshold is set at the maximum value for the acceptable cases (10.678), only 451 unacceptable
instances are sorted out (of which all were sorted via deflection method discussed later). This
corresponds to 15.7 % of the unacceptable instances. Lowering the threshold to 4.0 led to sorting
1478 unacceptable instances out, while dropping only 4 acceptable instances. This eliminated 51.5
% of the unacceptable cases.

3.3 Convex Area Ratio
Tab Similar to the apparent area ratio, the convex area ratio considers the shape of the fringes
within a Ronchigram. The difference between the two is the convex area ratio uses the area of a
convex hull around the polygon fit to the fringe. As before, acceptable fringes have values near 1,
while unacceptable values tend higher. Due to this, the maximum value of the convex area ratio
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in each Ronchigram was again considered for this metric. Some descriptive values for the convex
area ratio are given in Table 3. Utilizing a threshold of 1.790, the maximum of the acceptable cases
led to sorting out 1168 unacceptable cases which is 40.7 % of the unacceptable cases.

Descriptor Acceptable Unacceptable

Minimum Convex Area Ratio 1.0 1.0

Maximum Convex Area Ratio 1.790 13.148

Avg. Convex Area Ratio 1.065 2.092

Table 3. Descriptive values of the convex area ratio metric

3.4 Angle From Nominal
Fringes that are oriented off the vertical axis also lead to unacceptable classification. A perfectly
vertical oriented fringe will have a theta value of 90.0 (corresponding to a right angle), while tilted
fringes can have a range of values above and below the aforementioned nominal value. This is
caused by fringes being canted to both right and left sides, and in some cases appearing nearly
inverted.

Since a tilt to either side of a nominally aligned fringe causes unacceptable classifications it
is better to consider the angle from nominal (AFN). The AFN is simply the absolute value
of difference between a given fringes theta value and the nominal value of 90.0. Since each
Ronchigram contains multiple fringes the maximum and minimum value of theta were selected for
each. The AFN of these values was calculated and the larger of the two was stored as the AFN for
the selected Ronchigram. This consideration, like before, is to reduce the number of parameters
per Ronchigram. Additionally it selects instances in which there are only a few tilted fringes, but
not all. For acceptable cases AFN values are near 0, while for unacceptable cases they can span
up to 90.0. Descriptive values for the AFN are listed in Table 4.

Descriptor Acceptable Unacceptable

Minimum AFN 0.119 0.109

Maximum AFN 16.546 89.965

Avg. AFN 2.321 26.337

Table 4. Descriptive values of the angle from nominal metric

When the threshold is set to the maximum AFN value of the acceptable instances (16.546), 1388
unacceptable cases are sorted out. With this threshold no acceptable cases are dropped. This
eliminated 48.3 % of the unacceptable cases.
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3.5 Deflection
Another method to measure the distortion within a Ronchigram is the deflection. The deflection
metric compares the area of the polygon fit of a fringe to an ideal fringe. The ideal fringe is defined
at the horizontal center of each distorted fringe and has the same area as the distorted fringe. Since
this metric is defined as the ratio of the area of the actual fringe that is outside of the ideal fringe,
nominal values are near 0.0 whereas highly distorted fringes have values near 1.0.

Similar to the previous metrics, the deflection metric is calculated for each fringe, giving each
Ronchigram multiple values. As before, a single fringe being distorted is enough to render
a classification of unacceptable, therefore the maximum value can be used to describe the
Ronchigram as a whole.

Unlike before, using the maximum value of the acceptable cases does not provide a good threshold
despite the clear separation of peaks in the histogram, Figure 2 (Top). As also shown in figure
2 (Bottom) the number of unacceptable instances that are sorted out drops drastically near the
maximum deflection value.

When the threshold is chosen to be 0.4, 2226 of the unacceptable cases were sorted out which
eliminates the most unacceptable cases at 77.5 %. This comes at the cost of dropping 61 acceptable
cases, which is approximately 9 % of acceptable cases. A different threshold can be selected
dependent on tolerance for dropping acceptable cases, however the steep drop off of unacceptable
cases near a threshold of 0.8 should be noted.

3.6 Summary
When the synthetic Ronchigrams were sorted based upon the image based metrics overlap
between the images sorted out occurred often. This behavior substantiates a given Ronchigrams
classification of unacceptable as multiple indicators of distortion are present. These results are
summarized in table 5.

Perimeter
Std.

AFN Apparent Convex Deflection

Perimeter
Std.

703 489 178 484 699

AFN 489 1388 432 908 1388

Apparent 178 432 451 416 451

Convex 484 908 416 1168 1166

Deflection 699 1388 451 1166 2226

Table 5. Overlap between each of the image based metrics

As shown in table 5 the deflection metric shows the greatest overlap with each of the other metrics.
However, this comes at the cost of dropping approximately 9 % of the acceptable cases.

6
DISTRIBUTION STATEMENT A. Approved for public release; distribution is unlimited. Cleared: AFRL PA Case Number: AFRL-2023-0423.
The views expressed are those of the author and do not necessarily reflect the official policy or position of the Department of the Air Force, the

Department of Defense, or the United States Government.



Figure 2. (Top) Histogram of Maximum Deflections (Bottom) and Number of Instances Sorted out vs.
Maximum Deflection Threshold
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4.0 CLASSIFICATION USING A CONVOLUTIONAL NEURAL NETWORK
4.1 Background
The synthetic Ronchigrams are images that can be read into Python as three dimensional arrays,
making a convolutional neural network a clear candidate to perform the classification (LeCun,
Bottou, Bengio, Haffner, 1998). To make classifications CNN’s employ convolutional and pooling
layers for feature extraction. These features are stored in new three dimensional arrays called
feature maps until sufficient information has been extracted from the image and subsequent feature
maps. The final feature maps are then flattened into one single fully connected layer to make the
final classification. The basic structure of a CNN is shown in Figure 3.

4.2 Data Management
To train and test the CNN the data was split into three groups: Training, Validation, and Test.
Training and Validation sets were used in the training epochs, that is a round of training. After
the CNN attained reasonable accuracy training was stopped. To determine a reasonable point to
stop training the categorical accuracy of the validation set was monitored. If this value did not
improve within 5 training epochs then training would be stopped and the parameters from the
best epoch were restored. The network was then applied to the test data.The training set was
the largest containing 477 acceptable images and 2,192 unacceptable images. The validation data
contained 65 acceptable and 320 unacceptable images. The test set contained 95 acceptable and
359 unacceptable images.

The unacceptable data had many more instances than the acceptable data. When machine learning
algorithms are exposed to heavily one sided data sets there is the potential to over train to the
dominant side, in this case the unacceptable classification. This manifested itself predominantly
in the first few training epochs by the classification of all images as unacceptable, which would
cause a categorical accuracy near 80 %.

Figure 3. Schematic of a general CNN that classifies synthetic Ronchigrams
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One way to combat the uneven amounts of data was to reduce the number of unacceptable cases
to match that of the acceptable. This did prove feasible attaining categorical accuracies in the low
90‘s. However, this method had some drawbacks. The first was that the total data size decreased,
meaning the CNN had less total instances to train itself. This made the CNN sensitive to which
unacceptable instances that were selected. Another drawback was that the network on occasion
would not converge in a reasonable amount of training epochs, and would trend towards the same
accuracy as a random coin flip.

Another method for dealing with the mismatched data amounts was to input an early stopping step.
This step served two purposes. First, to ensure that CNN continued to improve over the training
epochs and second, to ensure the CNN did not over fit itself to this specific data set. This method
was able to consistently attain categorical accuracies over 90 %, at times up to 96 % without
ignoring any of the data.

Each synthetic Ronchigram was 756x756 pixels and there was a total of 3,508 images used in
training and testing the CNN. The images are interpreted by the computer as a three dimensional
array, storing the location of the pixel (horizontal and vertical locations) and the pixel value
associated with the color of the pixel.This large amount of data required a significant amount
of time to import and then eventually run on a standalone computer. Under the advice of the
machine learning subject matter expert at ARA, the image size was reduced too 200x200 pixels.
Additionally the pixel values were mapped from Red, Green, and Blue (RGB) to gray-scale values.
Gray-scale images were employed for two main reasons. First, to reduce the amount of information
to be stored about an image to make the CNN more efficient and second, to prevent the CNN
from learning colors rather than fringe shapes and orientations. The latter consideration can be
made as the color of a given Ronchigram does not impact the acceptability determination. This
reduction in size did not alter the accuracy of the CNN and increased the speed the algorithm ran
significantly. It is important to note that the images were not compressed until they were brought
into the algorithm, meaning they were stored at full size.

4.3 Structure of CNN
Some classification tasks require vast networks with intricate structures which in turn need large
amounts of computing power and time. The synthetic Ronchigram data set did not require a
deep network which means sufficient information can be extracted from the images within a few
layers without an intricate structure of the CNN. The structure of this network and the sizes of the
intermediate feature maps is shown in Figure 4, and detailed below.

Four convolutional layers were used in the network to classify the synthetic Ronchigrams. Each
Convolution layer used a filter, also known as a kernel that was moved across the image and
compared each pixel value to that of the filter and then mapped to a feature map according to the
activation function of that layer. These filters were also two dimensional arrays, however they were
smaller than the image or feature map they were applied to, but every pixel in the filter maps to a
new pixel in the following feature map. The convolution layers do not reduce the size of the image.

A pooling layer was added in between each convolutional layer in the network. The pooling
layer served to reduce the size of the feature maps in between convolutional layers by moving
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Figure 4. Structure of the CNN used in this section

filters across the preceding feature map and generating a new feature map. The new feature map
is smaller as the filter returns a single value for each location it analyzes in the preceding feature
map rather than a value for every pixel within the filter. In this network only Max Pooling was
employed, which means the filters returned only the maximum pixel value contained within the
filter and mapped this to a new pixel in the new feature map.

The final component of the CNN flattened the feature maps and applied a fully connected
layer. This layer is where the classification is made and the probabilities of being acceptable
and unacceptable are calculated. This probability determines the final classification of an image
by the network.

4.4 Training the CNN and Application to Validation Data
The training data was used to update the parameters within the layers of the CNN during the
training process. After these parameters were updated, the network was then applied to the
validation set and the categorical accuracy stored. The model would continue to train until the
categorical accuracy of the validation set did not improve in the preceding five training epochs.
When this condition was met, the training stopped and the best parameters within the layers were
restored. The parameters which returned the best categorical accuracy on the validation set were
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Figure 5. Sample learning curves from CNN

then reset as the default parameters for the network before continuing.

In addition to the early stopping method mentioned above, learning curves, Precision-Recall (PR)
curves, and Receiver Operating Characteristic (ROC) curves were monitored. These plots were
generated using the Sci-Kit Learn Python package (Pedregosa et al.).

The learning curves plotted the categorical accuracy, area under the curve (AUC) of the ROC
plot, and the loss function value for both the training data and the validation data. This plot
was monitored to ensure both loss functions reached a minimal plateau, and that the categorical
accuracy and AUC values were maximized near 1.0. A sample learning curve is shown in Figure
5, which was generated during a trial to determine the characteristics of the synthetic Ronchigrams
which are difficult to classify.

The PR curves were generated as another measure to monitor the learning of the CNN. This plot
shows the trade-off between the precision and the recall, which compares how well the CNN
performs in classification to how many of each classification it is able to find. A CNN that is well
trained will have an area under the curve that is near one. This presents itself on the plot as a
horizontal line near the top of the plot that turns sharply to a vertical line in the top right corner.
An example PR curve from the CNN is shown in figure 6 (Top).

Similar to the PR curve the ROC curve was also analyzed to ensure the CNN performed well. In
this plot the true positive rate was compared to the false positive rate. Well trained classifiers have
ROC curves that are vertical along the left side of the plot and turn sharply to horizontal in the top
left corner of the plot. As the turn of the curve gets closer to the top left corner the classifier gets
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better. An example ROC from the CNN is shown in figure 6 (Bottom).

Figure 6: (Top) Precision Recall (PR) and (Bottom) Receiver Operating Characteristic (ROC) curves

4.5 Performance
Once the trained network was established it was applied to the validation data once again. This was
done as an additional check to ensure that the high accuracy was not attained by random chance.
Following this a confusion matrix and classification report would be generated (again using the
scikit-learn package) to report the precision and recall for each class. The confusion matrix is
shown in Figure 7. The classification report and confusion matrix were analyzed to determine if
the network had any bias towards either of the classifications. In general the network would have
slightly better accuracy when categorizing a truly unacceptable Ronchigram as compared to the
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acceptable, though the difference was typically within a few percent. This difference in accuracy
can be attributed to the class imbalance between the acceptable and unacceptable classes, and the
presence of borderline instances in the training data.

Figure 7. Sample Confusion Matrix generated from CNN results

To ensure the CNN was not over fitting to the unacceptable classification the misidentified
instances in the validation set were plotted and are shown in Figure 8. The Ronchigrams that
the CNN misidentified were typically comprised of the aforementioned borderline cases, meaning
that the CNN had approached the maximum accuracy it could attain without over fitting to the
specific data set. In short, the CNN misclassified the instances that a trained individual would
struggle to classify. The benefit of the CNN over a trained individual is the borderline cases can be
reproduced, allowing for a subset of the Ronchigram data to be created for analysis.

The CNN was also applied to the test data which had been withheld until after the analysis of the
validation data was completed. Similar to the validation data a classification report was generated
and the misidentified Ronchigrams were plotted shown in Figure 9. As with the validation data
a slight bias towards the unacceptable classification appeared. However, once again upon further
analysis of the misidentified Ronchigrams the bias was attributed to the presence of borderline
cases in the data.

The overall categorical accuracy on the test data set was typically within 1 % of that of the
validation data, meaning the CNN generalized to new data well. It should be noted that it was in
general slightly lower than that of the validation data, but rarely more than 1 % lower.
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4.6 CNN Sorted Data set
One important result of creating the CNN to classify the synthetic Ronchigrams was to find the
borderline cases and separate them for examination. To do this, after the CNN was regularly
achieving accuracies over 94 %, a subset of the synthetic Ronchigram data set was taken from the
instances the CNN classified incorrectly, as these were the borderline cases. The CNN was trained
five separate times and the file names of the Ronchigrams incorrectly classified by the CNN were
stored and the duplicates removed. The training, validation, and test set remained the same for all
five runs. The difference in each run was the initial conditions of the filters within the convolution
layers. As a result of the different initial filters applied the number of training epochs changed
from one network to the next. Despite this, the categorical accuracy did not vary by more than a
few percent. The CNN sorted data set contained 98 instances of the total 3,508 Ronchigrams used
to train and evaluate the CNN.

After the misidentified instances were stored similar analysis from section 3 was performed
on the subset of the data. This was done to determine the overlap between the image metric
analysis method and the computer vision method. The CNN out performed each of the image
metric methods on their own. This behavior was expected since the image metrics were defined to
capture a specific feature within the fringes and not the Ronchigram as a whole.

To further explore the effectiveness and overlap with the image metrics of the CNN, histograms of
the image metrics were generated from the CNN sorted data set. Figure 10 shows the histogram
of the convex area ratio and the apparent area ratio for the CNN sorted data, and highlights the
overlap between the methods. The outlier was clearly unacceptable, having an excess of fringes
that are compact and oriented improperly in the Ronchigram. This image is unrepresentative of
real data and thus can be dropped from the CNN sorted data set. If this case were representative
of a real Ronchigram then more images with similar spacings and orientation would need to be
added to the training set in order to teach the CNN how to handle such cases.

Another advantage of the CNN over the image metric method was minimizing the number of
acceptable instances that would be dropped from the acceptable classification. Metrics such as
apparent area ratio and deflection require a threshold to be set lower than the maximum value of the
acceptable cases, resulting in dropped acceptable instances that can be considered misidentified.
The CNN takes the Ronchigram as a whole as the input and therefore can account for more
relationships between the data features present. This led to the total number of acceptable cases
that get misidentified in the CNN to be less than in the image metric method.

As shown in Figure 10, the overlap between acceptable and unacceptable cases in the CNN sorted
data are indiscernible from one another. This overlap further illustrates the difficulty in classifying
these cases as both the image metric method and CNN cannot adequately handle them. Moreover,
any boundary or threshold set to determine acceptability will fall within this region, and will bias
one classification. In order to set a quantitative metric to determine acceptability more information
must be extracted from the Ronchigrams or a new method of testing eyewear must be developed.
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Figure 10. Histogram of convex area ratio of acceptable and unacceptable Ronchigrams from the borderline
cases
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5.0 ZERNIKE POLYNOMIALS
5.1 Background
Although the image metric analysis and CNN classification have proven effective in classifying
Ronchigrams, they did not provided a clear metric to base acceptability on. Another way to
quantify optical distortion is to examine the wavefront after it has passed through a sample. The
wavefront can be mapped to Zernike polynomial coefficients (ZPCs) which has terms that match
lens aberrations (Wyant Creath 1992). This furthers the effort towards the primary goal of DisCO,
which is to provide a quantitative metric to determine the acceptability of AF developed eye wear.
Accurately fit ZPCs can provide a metric for lens aberrations that cause optical distortion.

Two data sets containing ZPCs derived from the synthetic Ronchigrams by ARA were examined.
These two data sets were generated using Fringe Tracing (FT) and Fast Fourier Transform (FFT)
using the methods laid out in AFRL-RH-FS-TR-2022-0015 and AFRL-RH-FS-TR-2022-0017

5.2 Distribution of Zernike Polynomial Coefficients
The first of the two methods to fit ZPCs to the synthetic Ronchigram data employed a fringe tracing
technique. This method was developed for use in Ronchigrams that contain higher amounts of
noise. As shown in Figure 11 the distribution of the ZPCs is normal, with the exception of term
1 and term 2 in the acceptable instances which have the presence of right skew. Throughout all
49 terms the unacceptable ZPCs showed more spread, meaning thresholds could be set to sort the
unacceptable instances out. The thresholds were set at the maximum and minimum values of each
acceptable ZPC term. Figure 12 is the QQ-Plots for the first 2 terms. These plots emphasize the
much larger range of values in the unacceptable data as well as point out the presence of outliers
in the data.

The second method of ZPC fitting used Fast Fourier Transform (FFT). The histograms from the
first four ZPCs are shown below in Figure 13. Term 2 has a bimodal distribution that is attributed to
the FFT method checking the wavefront to determine if it is inverted. In such cases the algorithm
inverts the wavefront to correct the values. Similar to the FT ZPCs, the unacceptable FFT ZPCs
exhibited wider spread, allowing for thresholds to be set upon which a classification was made.
These thresholds were taken to be the maximum and the minimum value of each acceptable ZPC
term.

QQ-Plots for term 1 and term 4 FFT data are shown in Figure 14. Again the larger spread in the
values of the unacceptable cases cause the widened shape in these plots. In the FFT data however,
there are a lower number of outliers. With fewer outliers, the FFT ZPCs are believed to be closer
to what actual wavefront measurements would yield.

5.3 Sorting Via ZPCs
As mentioned in section 5.2, the ZPCs from both fitting methods provided distinctions between
the acceptable and unacceptable cases. To capture these differences and determine the the ability
in which the ZPCs can be used to classify the synthetic Ronchigrams the maximum and minimum
values for each term in the acceptable sets were calculated. Both the maximum and minimum
values were used as thresholds as it allowed for better sorting of the unacceptable instances. It is
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not sufficient to take the absolute value of the ZPCs and set a single threshold at the maximum
value of the acceptable cases. This would result in some unacceptable cases not being sorted out
as they would fall below the threshold. Additionally, taking the absolute value of a ZPC alters the
actual wavefront that it is intended to describe.

Using the dual thresholds described above to sort out unacceptable cases provided excellent
results. When sorting using the FT fit values for all 49 ZPC terms, 2547 of 2869 unacceptable
cases were sorted out. Similarly, when using the FFT fit values for all 49 ZPC terms, 2524 of
2869 unacceptable cases were sorted out. This sorting method did not drop any of the acceptable
cases like the deflection metric did when sorting out less unacceptable cases. These better results
are likely a consequence of including 49 ZPC terms as compared to the 5 used in the image based
metrics method.

Sorting via ZPCs also eliminated the majority of the same unacceptable cases that the image
based metrics approach did. The large overlap between these two different methods shows that
the ZPCs are able to capture the same optical distortion information from the lens that the image
based metrics did. The benefit of the ZPC fits and wavefront data is the distortion is quantifiable
and able to be sorted using a hard metric rather than a subjective test. The overlap with each metric
is shown in Table 6.

Overlap
With ZPCs

Perimeter Std. 678

AFN 1383

Apparent 451

Convex 1168

Deflection 2156

Table 6. Overlap between the Ronchigrams sorted via the image based metric method and the ZPC method

5.4 ZPC Correlation Phenomena
As mentioned above the ZPCs were able to distinguish the acceptable cases from the unacceptable
based upon a simple classification scheme (sorting method). To further investigate the effectiveness
of the ZPC method in determining acceptability, the correlation values between every possible
pair of terms were calculated. Since the ZPCs also describe lens aberrations, the correlations
between the terms can aid in determining physical relationships between the lens aberrations and
their contribution to a specific classification. It is important to note that the correlation values are
calculated using a set of data that includes many instances, thus the value itself cannot be used as a
measure to determine acceptability. Instead, the physical relationships discerned from the analysis
can be used in a classification scheme.
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The correlation values for all possible pairs of terms were calculated for four sets of data: the full
set of Acceptable ZPCs fit using the FFT method, the full set of Unacceptable ZPCs fit using the
FFT method, the CNN Sorted set of Acceptable ZPCs fit using the FFT method, and the CNN
Sorted set of Unacceptable ZPCs fit using the FFT method.

These four sets were selected to find any relationships amongst the set as well as determine where
the ZPC method performs better than the image based metric and CNN methods. The FFT fit data
was selected to mitigate the impact of outlier values as these sets contained less outliers than the
FT fit sets. Sets 3 and 4 contained only the ZPC terms for the borderline cases discussed in section
4.6.

Figure 15 shows the list of terms in each of the selected sets that have strong correlations. The
starred terms appear in both the full and CNN sorted data sets meaning the ZPCs are extracting
information from the wavefront that the image based metrics and CNN cannot extract from the
Ronchigram. Terms 1 and 3 from the full unacceptable data are also the only two terms that
have a strong (negative) correlation, which also appears in the CNN sorted data set. These terms
correspond to piston and x-tilt respectively and are first order terms. The acceptable cases show
more correlation with higher order terms, and all have positive correlations. These differences in
the types of correlations and the terms that are correlated may lead to physical relationships in the
wavefront that can be used to quantify the extent of optical distortion.
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Figure 11. First four histograms of the Zernike polynomial coefficients fit using the fringe tracing method
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Figure 12. QQ-Plot comparing the acceptable ZPCs to the unacceptable ZPCs fit using the FT method
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Figure 13. First four histograms of Zernike polynomial coefficient fits using the fast Fourier transform method
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Figure 14. QQ-Plot comparing the acceptable ZPCs to the unacceptable ZPCs fit using the FFT method
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Figure 15. Threshold values from sorting method using FT values.

Figure 16. Threshold values from sorting method using FT values.
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Figure 17. Correlation values between ZPC terms in acceptable and unacceptable data
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6.0 CONCLUSION
Image based metrics give quantifiable metrics to Ronchigrams, CNN allows for classification and
ZPCs quantify the distortion that can be mapped to physical characteristics in the wavefront and
the lens system.

To address the subjectivity of the MIL-DTL-43511D, analysis was performed on a set of synthetic
Ronchigrams. This analysis began with defining metrics to measure the extent of distortion present
in the fringes in observed in synthetic Ronchigrams. These metrics gave measurable quantities
with which thresholds could be set in order to classify the Ronchigrams. However, there is
not a single image based metric that can be used to classify all Ronchigrams since each metric
was defined to quantify a different distortion in the fringes. Many of these metrics contained
significant overlap with the others, substantiating the overall classification of a given Ronchigram.
Additionally, the image based metrics suffered on occasion as some thresholds were required to be
set in a manner that eliminated a subset acceptable instances. Some of these eliminated acceptable
instances contained some distortion and off parallelism, which indicates a subset of acceptable
data that may require further consideration.

Another method developed to classify the synthetic Ronchigrams employed computer vision
and a CNN. This method obtained sufficient accuracy that appeared to be limited by the quality
of the training set provided to it. In short, to obtain higher accuracies with the CNN would lead
to over fitting the model to the specific data set and would lead to a decrease in generalization
ability. This is substantiated by the results from the test set which was withheld from the network
during training and validation reaching within 1 % of the categorical accuracy as the training
and validation set. The incorrectly classified instances from this CNN were compiled to create a
new subset that contained borderline acceptable cases. These borderline cases did not posses any
quantifiable differences when the image based metrics were applied to them.

Another approach to quantifying optical distortion involved fitting ZPCs to the synthetic
Ronchigram data. The ZPCs can be used to describe lens aberrations and therefore are a promising
candidate for use as a measure of optical distortion. Similar analysis to the image based metrics
was performed on ZPC data sets that were fit with two different methods. This analysis produced
promising results as carrying 49 ZPC terms allowed for the majority of the unacceptable instances
to be sorted out without losing any acceptable instances. Inclusion of higher order terms can
capture relationships not found in the lower order terms. Moreover, further analysis of the subset
of incorrectly classified instances from the CNN which constitute the borderline cases revealed a
relationship between ZPC terms that may be exploited as a method of classification.

Further work to validate these methods and determine the physical relationship between the
ZPC terms is required. Validation can be achieved by creating a data set with real Ronchigrams
and wavefront data from the same eyewear. The real Ronchigram data can then be used to
generate image based metrics for comparison to the synthetic set as well as input into the CNN for
classification. ZPCs will then need to be fit to the Ronchigrams using the two separate methods
to determine if these methods are reliable. The wavefront data will be used to validate the fitting
methods. Once the fitting methods are validated, analysis can be performed to determine if the
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same relationships between the terms in the ZPCs appear in the real data and examined in greater
detail.

Obtaining wavefront data also provides other quantities that can be measured and phase maps
that can be used in image based classifiers. These classifiers can be added to ongoing projects that
employ ML techniques to classify Ronchigrams or used to validate these initiatives.
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