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Abstract

In medical diagnostic imaging, “hanging” refers to the orientation of a radiographic image (X-
ray) made available in the viewing software for interpretation by the radiologist. Industry
hanging standards exist to ensure images of a body region are always presented the same way to
a radiologist. These hanging standards eliminate the need for radiologists to rotate and flip the
images which improves efficiency and accuracy in image interpretation through more effective
pattern recognition and reduced distractions. Despite these standards, hanging errors persist in
radiology, primarily due to human error in the acquisition process. Machine learning is in its
infancy in veterinary medicine, and thus far has been applied to various image interpretation
tasks in the field such as detection of pulmonary patterns (Boissady E. , Comble, Zhu, Abbott, &
Adrien-Maxence, 2021). However, application of machine learning to veterinary diagnostic
image quality control tasks such as image hanging has not yet been investigated.

This investigation employed multiple image preprocessing steps and architectures both
pretrained and not, such as SVM using Eigen-Radiographs derived through PCA,
EfficientNetB0, AlexNet and a Minimal 6-Layer Self-built Neural Network, in order to find
learners that could correctly classify hanging errors in canine ventrodorsal thoracic radiographs
with the goal of ultimate application in the imaging workflow process. Hanging errors were
introduced into the images and include horizontal flip and rotation (90, 180 and 270 degrees) of
the images, representing all possible errors encountered in clinical practice. Radiographic
images were acquired and divided into training (800), test (240), and validation (208) sets. The
architectures were tested on their ability to identify flip, rotation, and flip and rotation combined.
Nearly all models, including non-neural networks, were able to distinguish rotation alone with
80% or greater accuracy. Flip and flip plus rotate were more challenging. The best performing
model was a stacked model that categorized rotation, corrected the image, and then categorized
flip to achieve an accuracy of 94% on the test set. This investigation serves as an important pilot
study into the applicability of machine learning in veterinary diagnostic imaging workflow and

quality control, with numerous additional applications warranting future investigation.
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Introduction

This report details work done to reduce radiographic image hanging error through
machine learning detection. Correction of hanging errors was the focus of this study and all
images were canine ventrodorsal thoracic radiographs (Figure 1). The dataset was collected from
radiographic studies completed at Kansas State University Veterinary Health Center. The
machine learning algorithms consisted of a Support Vector Machine using Eigen-Radiographs

and numerous neural networks.

Figure 1. Radiograph examples from the dataset (from left to right: image hung correctly,
image flipped and rotated 90 degrees, image flipped horizontally)

In human medicine, medical errors account for an estimated 250,000 deaths a year across all

medical fields. In radiology the error rate is estimated at 4% (interpretive error in radiology) and
correct image labeling is identified as one source of such errors and is a Key Safety Metric. Not
only are incorrectly labeled images an issue of safety but they interrupt radiologist workflow and
are a source of decreased study reading efficiency. Although image labeling errors are not

identical to hanging errors, they can have some of the same deleterious outcomes if the hanging



error is not detected by the radiologist (Halstead & Froehle, 2008) (Johnson, Krecke, Miranda,

Roberts, & Denham, 2009).
Background

Medical imaging has come a long way since its introduction more than 100 years ago
when radiographs were acquired with film screen technology. The advent of digital imaging,
picture archiving and communication system (PACS) servers, and electronic viewing and
reporting software that integrates with the hospital’s radiology information system (RIS) and
hospital information system (HIS) has vastly improved both image quality and throughput in the
imaging workflow with one study showing up to a 42% reduction in reading times (Halstead &
Froehle, 2008).

Briefly, patients will enter the imaging room and be positioned on a table. For the
purposes of this study, dogs were positioned lying on their back with the detector plate beneath
the table and radiation-producing tube above the table so that the beam passed through them in a
ventral to dorsal direction. After exposure, images are initial reviewed at the radiograph
workstation. Technologists assess for positioning, hanging, labeling, and exposure errors and
ensure all necessary views are obtained, then send the images to the PACS server. Radiologists
at their viewing stations then access the images on the server using viewing and reporting

software.



Figure 2. Medical Imaging Workflow
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Process improvement has already had far reaching effects on patient care quality. The use
of artificial intelligence to further improve processes would affect the following areas: include
correct image labeling listed as a Key Safety Metric, access and waiting times listed as Key
Process Metrics and with further development the reducing in errors would reduce the radiation
dose listed as a Method to Assess Professional outcomes by reducing the need to retake images

(Johnson, Krecke, Miranda, Roberts, & Denham, 2009).



Methodology

Data Collection

All images used in this study were collected from the Kansas State University Veterinary
Health Center. The original images were all in the DICOM (Digital Imaging and
Communications in Medicine) format which is a standard in medical imaging. The images were
of varying size. The images in the study contained 16-bits available for each pixel but by
DICOM standard only allocate the needed bits per pixels. In this case that was 14 or 15 bits per
pixel depending on the image with the unallocated bits remaining unused. (NEMA PS3 / ISO
12052)

All collected images were initially correctly hung and all hanging errors were induced.
The collection of mis-hung images would be prohibitive due to the length of time it would take
to collect incorrectly hung initial images and also to ensure collection before the mis-hanging is

corrected.

Image Processing

Images were initially processed into multiple different end formats. The processing
output levels were 512x512x1 TIFF images in 16bit floating point format, a 224x224x3 JPEG,
and 224x224x3 cropped JPEG. Each of these formats was meant to address a potential concern.
The TIFF format was meant to address the concern of loss of information and contrast however,
most pretrained models are trained on JPEGs and thus single channel TIFF images are
incompatible. The standard JPEG was both an easy format to convert to and has a high
compatibility with pretrained algorithms. It is also possible to export images directly as JPEGs

(rather than DICOM) from most viewing software. The images were also cropped to reduce



superfluous information and ensure only bodily factors were considered by the algorithms. It is,
however, important to note that metallic laterality markers (denoting right and left sides of the
patient) were retained in many images since these markers are placed close to the patient during
image acquisition. In the end the TIFF images were dropped from the study due to their
incompatibility with all pretrained algorithms and processing them into the correct format would
effectively be the same as the JPEG images already in use.

The data was split into three sets: training (800), test (240), and validation (208) sets.
This represents an 80/20 split to produce training/validation set and a test set and then another

80/20 split to produce a separate training and validation set from the training/validation set.

Ground Truth Labels

Ground truth labels were initially applied by veterinary radiology residents to manually
flipped and rotated images. After refinement of pre-processing steps, only properly hung images
were acquired and the hanging errors were introduced programmatically to rotate and flip images
into all possible derivations with ground truth labels applied during this process.

The eight classes constitute the eight possible hanging errors of rotation and flip and are
pictured below (Figure 3). Images are rotated clockwise 0, 90, 180 and 270 degrees as rotations
that are not multiples of 90 degrees would be due to poor alignment of the patient at the time of
image acquisition. Zero degrees rotation refers to the patient’s head being oriented off the top of
the image. Throughout the study flip refers to a horizontal flipping of the image (about the y
axis). Vertical flips were not assessed as a vertical flip is equivalent to a horizontal flip with a

180-degree rotation.



Figure 3. Example image from each class from the non-cropped dataset
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The Models

SVM with Eigen-Radiographs

Principal component analysis (PCA) was used to extract the top eigen-radiographs for
each classification problem. For each problem, the PCA algorithm was provided with the
features of the training set (with images this means the image is flattened into a 1-dimensional
array and each pixel is treated as a feature). The PCA algorithm then works to identify a given
number of reduced features. These feature reductions can be shown as eigen-radiographs when
the features are remapped to the original image size. These eigen-radiographs are show a
reduction that provides the highest variability and thus can be relied upon to provide distinction
between images. Training and validation were used to identify the optimal number of eigen-

radiographs and a randomized search was used to identify the optimal support vector machine



parameters. Once the parameters were identified the model could then be used to predict the test

set.

Figure 4. Top 6 Eigen-Radiographs of non-cropped JPEG

The Neural Networks

The neural networks were all trained with a max of 20 epochs using early stopping based
on validation loss. Once stopped, the neural network’s weights from the epoch with the best
validation loss were restored. All networks used softmax as a final activation function, an adam
as an optimizer during training, a batch size of 32, and loss was calculated using categorical
cross-entropy.

Ten neural networks were utilized for image evaluation including two non-pretrained
models: a small-self built Minimal 6-Layer Model and AlexNet (Krizhevsky, Sutskever, &
Hinton, 2017). The other eight models were pretrained on ImageNet. Their training was done in

two steps. First an added flatten and dense layer were trained while the pretrained model weights



were kept frozen. Then, after training the new layers, the whole model was unfrozen and a

second training round commenced.

Determining Accuracy
Accuracy for all models was assessed based on a test set that was of 240 images

uniformly dispersed among the 8§ classes.

Determining Accuracy - All in One Models
For the all-in-one models that assessed the rotation and flip simultaneously and sorted

each into one of eight classes, a singular model accuracy measure was calculated.

Determining Accuracy — Stacked Models

For the stacked models, three separate measures of accuracy were calculated.

Rotational prediction accuracy: Rotational classifier accuracy was assessed based on
identifying the rotational orientation of the images both flipped and non-flipped.

Flip prediction accuracy: Flip classifier accuracy was assessed based on correctly
identifying the flip orientation of the image with the image in the correct rotational orientation
(all images for this predictive task were corrected to 0 degrees of rotation based on the true
rotation of each image).

Overall prediction accuracy: Overall accuracy was assessed by having the rotational
classifier provide predictions. These predictions were used to apply a correction to the rotation of
each image. The images were corrected based on the rotational classifier’s predictions. The

rotationally corrected images were then passed into the flip classifier to obtain flip predictions.



The rotational and flip predictions were combined and then compared to the combined rotational

and flip ground truth to provide the overall accuracy score.

Gradient-weighted Class Activation Mapping

In order to allow for insight into what the neural networks were using in their
classification decision, Gradient-weighted class activation mapping (Grad CAM) was applied
post training on a set of eight images (one of each classification of hanging error) with the
exception of the Minimal-6 Layer Network as its lone convolutional layer did not provide any
useful heatmapping overlays. Grad CAM allows for the construction of overlays which illustrate
which parts of the image are important to the classification. This is important within the medical
community as “Explainable AI” is very important to medical providers as they develop trust and
confidence in a machine learning system. Providing this type of “explanation” assures users the
networks reach the correct classification using the appropriate anatomic indicators versus some

image feature that only correlates in the dataset but will not in the world at large.



Results

Below is a review of the results. The full table of results can be found in Appendix B.

All-in-One Eight Class Classification

For the first set of classifiers using the simultaneous all-in-one approach with eight
separate classes, the classifier performance ranged from a low of 50.83% accuracy by SVC with
PCA to a high 0of 91.67% for pretrained DenseNet121 using non-cropped jpg images.

The Grad CAM for results for DenseNet (figure 5) show that the classifier consistently
focused on areas of the radiographs containing the heart and often on the diaphragm, which are
two of the major anatomic features used by radiologists to determine whether an image is hung
correctly (flipped or not flipped).

Figure 5. Grad CAM results from DenseNet combined predictor on uncropped images All

images predicted correctly (Truth from left to right: Flipped 180, Flipped_270, Not
Flipped & Not Rotated)

1
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Stacked Models
Rotational Classification
Rotational classification by itself proved the easiest task with the Minimal 5-Layer

Network performing the worst at 82.50% and with multiple models reaching accuracy of

99.58%.

Flip Classification
As with rotational classification, the worst performing flip classifier was the Minimal 5-
Layer Network with an accuracy of 58.33% and the best performing network being ResNet with

an accuracy of 94.17% on cropped JPEGs.

Combined Classification
As it had the two worst separate accuracies the Minimal 5-Layer Network also had the
worst combined accuracy at 49.58% and the best combined accuracy was achieved by ResNet50

at 93.75% on regular jpg.
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Discussion

The ability to predict and correct hanging and other types of errors before they reach a
radiologist will save time and reduce interpretation errors Additionally, integration of hanging
error detection and correction could easily be added to the radiologic workflow. Such detection
and correction could occur at the radiograph workstation within the acquisition software or at the
radiologist workstation in the viewing software.

The use of Grad CAM led to some interesting findings within certain classifiers. In
AlexNet, which had a middling accuracy (84.58%) when classifying flips on cropped image, the
classifier seemed to hone-in a the right side of each flipped image (patient’s left) outside the
bounds of the patient’s body (Figure 6). This suggests there is a consistent feature on the
patient’s left during acquisition that allows for a determination of flipped images with decent
accuracy. Based on the pattern of activation, a feature of the detector plate such a dead pixel or
bias in patient positioning is suspected to be the cause. This area of the image is not something
that will be scrutinized by a radiologist, thus highlighting the unique ability of machine learning
to see beyond the pattern typically recognized by humans. Further evaluation of these images to
determine the cause as well as collection and integration of images from multiple other hospitals
would help to train out machine or hospital specific idiosyncrasies and make the classifier more

robust.

12



Figure 6. Grad CAM results from AlexNet flip predictor on cropped images All images
predicted Flip (Truth from left to right: Flipped, Flipped, Not Flipped)

ey,

While the use of Grad CAM is highly valuable in determining how the classifiers arrive

at their predictions Grad CAMs, weaknesses were apparent when in some images no gradient
heat map was produced. There has also been research that shows that Grad CAM is prone to
highlighting areas that may not actually be important. Future applications should consider the use
of HiRes CAM to mitigate this issue (Draelos & Carin).

The success of using SVM after PCA on the images shows that at least for rotational
image correction large neural networks may be unnecessarily complex and over-capable since
differences between rotated images are quite extensive and very easy to detect. Given these
findings, it would be worth pursuing other non-neural network classification models and also a
non-Al based solution for rotational radiographic hanging errors. As the cropping algorithm did
not rely on Al and was able to successfully crop images regardless of orientation it stands to
reason that the programming path followed there might offer some clues as to how to
differentiate between the rotational classes.

Detection of horizontal flip-type errors proved much more challenging, and most likely
warrants the use of neural networks. When radiologists assess for this error they look at subtle

anatomic features such as the margins of the diaphragm and direction in which certain parts of

13



the heart and vessels point. This type of assessment is more akin to image interpretation which
has been more thoroughly investigated using neural networks in veterinary medicine (Boissady
E., Comble, Zhu, & Adrien-Maxence, 2020) (Boissady E. , Comble, Zhu, Abbott, & Adrien-
Mazxence, 2021) (McEvoy & Amigo, 2013) (Biercher, et al., 2021).

A limitation of this investigation is the use of radiographs acquired at an academic
teaching hospital. Due to the level of expertise in such a facility, radiographs tend to be of a
higher quality with fewer hanging, positioning, and exposure errors. Fortunately hanging errors
could be induced in this study. This could be a limitation in further investigation into the use of
machine learning in quality control tasks such as labeling (placement of metallic right/left
marker) and positioning as images with errors will be difficult to obtain. Collection of a more
robust data set from other hospitals and teleradiology sources is suggested to partially mitigate
these concerns. Additionally, a more robust dataset will further enhance difference in

performance of the tested classifiers.
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Conclusion

The findings here act as a proof of the potential of machine learning to improve medical
imaging workflow. Research such as this can lead to mutually beneficial improvement for all
stakeholders in the imaging field. Hospitals can save time and money by reducing medical
imaging errors and increasing patient throughput. Radiologists will benefit by increased
individual productivity and efficiency. Additional technologies such as computer aided detection
and diagnosis can also improve radiologist accuracy and performance. The author believes
implementation of Al in quality control is an overlooked application with much potential benefit.
Furthermore, this type of Al application is likely to be more palatable to the medical community
as many members have varying levels of concern about Al replacing human jobs. Finally, and
perhaps most importantly, radiation dose to imaged patients can be reduced by eliminating the
number of re-take radiographs required.

This study should only act as a first step in the development of Al assistance systems
which work to improve medical imaging quality control at the source, ensuring that the best
images are captured the first time. Immediate follow up investigations may include use Al to
detect labeling errors as well as incomplete studies lacking the necessary collection of images.
More robust future applications could focus on real time systems monitoring and providing real-
time feedback recommendations during rather than after image acquisition. For example, alerting
the technologist when the entirety of a body part is not included in the imaging field.

In conclusion, Al is under utilized in veterinary medicine, specifically in diagnostic imaging.
Investigations to date have focused on image interpretation rather than quality control, leaving

much more for further investigation and application of Al technology in this field.
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Appendix A - Minimal 6 Layer Architecture

Appendix A Figure 7 — Minimal 6-Layer Neural Network Architecture
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Appendix B - Model Accuracy Tables

Appendix B Table 1 — All-in-One Model Classification Accuracy

(Green and Red highlighting denote three highest and lowest accuracy ratings)

Flip and Rotational
Classifier Image Type Accuracy
' 88.75%
EfficientNetBO 1Pg )
Cropped jpg 83.75%
' 77.929
AlexNet 1PE : %
Cropped jpg [INNGS/E00 NN
. ipg 77.92%
Xception
Cropped jpg 69.17%
j 76.25%
MobileNetV3Small 1Pg :
Cropped jpg 79.58%
j 77.50%
Inception V3 1Pg -
Cropped jpg 62.08%
Cropped jpg 66.66%
' 86.67%
ResNet50 1P6 °
Cropped jpg 85.42%
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j 91.67%
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Appendix B Table 2 - Stacked Model Classification Accuracy
(Green and Red highlighting denote three highest and lowest accuracy ratings)

Rotational Flip Total
Classifier Image Type Accuracy Accuracy Accuracy
j 99.58% 93.33% 93.34%
EfficientNetB0  [-re ° - :
Cropped jpg 99.58% 90.42% 90.00%
Cropped jpg 98.33% 84.58% 83.75%
Xception J[of4 99.58% 90.42% 90.00%
Cropped jpg 99.58% 82.92% 82.92%
j 99.58% 91.25% 90.83%
MobileNetV3Small 1Pg i - -
Cropped jpg 99.58% 93.33% 93.34%
. ipg 99.17% 83.33% 82.92%
Inception V3 -
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Glossary of Terms

PACS — Picture Archiving and Communications System — a system for storing and

accessing images captured by the various imaging modalities used in the medical community.

DICOM - Digital Imaging and Communications in Medicine — The international

standard medical imaging format for all modalities as outlined in the ISO 12052 standard.
Grad CAM - Gradient-weighted Class Activation Mapping- A method for creating
overlays to show the areas of an image which were important for the class prediction provided by

a Neural Network.

RIS - Radiology Information System — The base system for imaging departments that

handles scheduling, examination performance tracking, reporting, distribution of results, etc.

HIS - Hospital Information System- Hospital computer system that deals with the

administrative needs of the hospital.
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