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Stage 2: Scan reading automation

The main goal here was to develop a module and to “teach” it to detect anomalies 
as quickly as an experienced doctor would – say, to tell a plaque from an image 
artifact or noise. But cholesterol plaques come in various shapes and sizes, 
making it difficult even for a seasoned expert to spot an anomaly. Artery 
measurement is also not a routine task. For challenges like these, a machine 
learning based module fits right in. 

Training data (both videos and detailed statements) was very limited, since it had 
to be prepared manually by the Client’s analysts, who are always under time 
constraints. Therefore, several algorithms were used in the module: one for finding 
frames to measure IMT, 

Convolutional neural networks are instrumental for visual recognition in scan 
results according to the training data, therefore solving the task of detecting 
arteries position as well as potential cholesterol plaques. In this setting, two 
different convolutional neural networks were trained and used – for IMT 
measurement and for plaque detection. 

Convolutional neural networks are based on mathematical operation of 
convolution. In terms of our goal, the network can be considered to be a map of 
the parent matrix over the chosen kernel, forming a certain new type. A number of 
kernels is used for convolution, and as the convolution progresses, the model 
analyzes the attributes of growing size. Then a generative network is applied to get 
the specific areas.

For this project we have developed a convolutional neural network that receives a 
part of a frame. That part of a frame is picked out by another convolutional 
network and it is likely to contain an artery position.

 The convolution is based on a large number of mathematical kernels. As the 
convolution progresses, the network analyses more complex attributes. Then, a 
generative network is used to define the area that contains plaque. Convolution 
results are transferred to a fully connected neural network that decides whether a 
plaque is present on the frame. If the decision is positive, then the remaining result 
from the generative network is used to find the plaque’s position. 
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Fig. 3. Final neural network structure

The training data for plaque detection consisted of 625 frames, 208 of them 
(approx. 33%) contained a plaque, while others did not. Actual plaque images 
cropped from the original frames were placed right in the middle, creating a 
so-called mask.

Fig. 4. Plaque image and training mask

 

The network that detects the artery position and the plaque search area was 
trained in a similar way. 
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Fig. 5. Artery image and training mask

Fig. 6. An example of threshold to detect an artery 

Haar cascades. Since the artery IMT is not as various as plaque size and position 
is, Haar cascades are convenient for artery IMT measurement. This technique 
comes in handy to detect the areas where artery wall thickness measurement was 
possible. Haar-like feature based algorithm detects the said areas using the 
cascade ensemble learning: it applies several successive complex classifiers to an 
array of images, and each classifier discards areas that appear irrelevant.

Fig. 7. Haar-like features and an example of matching and reaction
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There are two types of data for training: positive (frames that are fit with artery 
IMT already measured) and negative (just random frames). The dataset consisted 
of 110 positive and 460 negative samples.

The model splits the ultrasound scan video into frames and provides the human 
analyst with 20 highlight frames with potential anomaly areas and 5 shots that are 
best positioned for artery IMT measurement. 

Fig. 8. The system automatically detects the artery position and plaque search area 

Fig. 9. The module returns frame numbers and marks positions that are best for 
artery IMT measurement, in validity order

After training on test data, the system was released to the Client’s analysts for 
action learning. Before reviewing the entire video footage, the analyst would refer 
to the module output results. Samples of valid and invalid outputs were passed 
back to the developers for further training. 
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Difficulties

Scanner integration. One of our goals was to integrate the software with the new 
space-efficient scanner. But we could not have the actual scanner delivered to our 
office due to its fragility and price tag. We expected it to be detected as an 
ordinary video camera, which would allow for using regular cameras for testing. 
But the fact was that the stream from artery scanner is different from that of a 
camera, and we need to connect to the real scanner.

—  So the testing was possible only via remote connection. The scanner 
     was connected to a workstation in a different time zone, so in case of 
     connection error we had to postpone the testing again and again. 

—  We also had to use the scanner’s native local software. Moreover, the scanner
     couldn’t be detected by any of the common browsers (Chrome, FF, Opera, 
     IE, Edge).

The first problem of remote connection was successfully solved over time, but the 
second one turned out to be a hard nut to crack. We took a lot of effort to 
negotiate with the native software provider. We expected Chrome to work, but in 
fact we had to test all browsers available, and eventually figured that only Yandex 
browser was able to detect the stream. So we had to use it, fix a number of bugs 
and get a fully functional service.

Testing. Testing and debugging was done remotely using the customer’s 
workstation with the installed scanner. Due to 10-hour time zone difference, we in 
fact had to lose the entire working day in case something went wrong with the 
testing machine. Nevertheless, the system availability was tested without any 
deadline extension.

Choosing a HIPAA-compliant hosting. Since the medical data we worked with 
required special protection, we had to choose and configure a secure yet 
affordable environment to secure the sensitive data.
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Technologies

For web interface integration:

—  Java spring (data, security, integration-ftp);

—  Hibernate ORM, an object-relational mapping tool for the Java programming
     language, distributed under the GNU Lesser General Public License;

—  Flyway, a database migration tool.

The neural network architecture was designed using the Keras library with 
TensorFlow backend. The basic programming language used was Python. 
Tools used:

—  TensorFlow, an open-source software library for dataflow programming 
     by Google; tensorflow-gpu for GPU integration.

—  Keras, an open source neural network library written in Python and capable 
     of running on top of  Deeplearning4j, TensorFlow, and Theano frameworks;

—  Sklearn, a machine learning library for Python;

—  Scikit-image, an image-processing library for machine learning in Python;

—  OpenCV, a library of programming functions mainly aimed at real-time 
     computer vision. 

Algorithms used:

—  Haar-like cascades, for defining the artery wall thickness;

—  Convolutional neural networks, for defining the measurement area and to 
     detect a cholesterol plaque;

—  Generative neural networks, for finding specific areas to examine.
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Results

The client’s analysts now do not have to review the entire ultrasound scan. 
Together with the source scan video from a physician, they receive a set of 20 
highlight frames to find a plaque and 5 clear frames to measure the artery wall 
thickness.

—  The company has managed to keep 10 analysts and avoided staffing up. The 
     analysts get more tasks done.

—  The solution price has become more competitive due to savings on expensive 
     human resources. 

—  Automatic plaque detection has reduced the chance of medical error.

—  The solution price was also reduced due to web interface and free customized 
     library to process the artery wall thickness.

—  Patient data storage was optimized.

The artery wall thickness in  calculated with 95% accuracy, potential plaque 
detection is 80% correct. Having received the frames, the analyst can use the 
built-in ruler tool to make measurements at different angles.

Client testimonial

“The application is fabulous and I know it is going to be a big hit with our 
doctors and their staffs. Congratulations to all who worked to create this 
outstanding result!”

— Rachel Cunningham, Chief Executive Officer 
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