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ABSTRACT 

The substantia nigra (SN), located in the midbrain is a major neurotransmitter producer in the 

brain, and the loss in this structure is a hallmark of Parkinson's disease as neuronal loss and 

degradation always occurs. The SN is structured with dopaminergic neurons, significantly 

contributes to motion and learning. Aging promotes the deterioration of this structure. Magnetic 

resonance imaging (MRI) is used to research, study, and characterize the progression of neuronal 

loss in the substantia nigra. The microstructure and composition of the structure was analyzed 

and observed. In order to measure these, the Parkinson's Progression Marker Initiative 

(PPMI)database with MRI images was utilized. PPMI has a population with significant memory 

concern, as it is a population at risk for developing memory deficits, that can be analyzed for 

early markers to find early changes. Additionally, deep learning is applied to the data to be able 

to detect and better understand the progression of Parkinson's disease. Using a U-Net 

convolutional neural network, the substantia nigra of patients with a Parkinson's diagnosis was 

segmented using the semantic method. Although some challenges were faced, including 

hardware requirements for computation and limited communication due to the pandemic, a fully 

functional convolutional neural network was successfully developed to aid in the analysis of a 

patient's substantia nigra. With a high accuracy and low information loss, the network was 

created successfully. Using this newly trained U-Net network, radiologists and neurologists can 

employ deep learning to measure the volumetric data of SN and easily examine and diagnose 

Parkinson's.  
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Introduction 

Parkinson’s disease (PD) is a motor system disorder that progresses due to the 

neurodegeneration of the central nervous system. As one of the most common forms of 

dementia, an umbrella term used to describe declining neurological ability associated with age, 

PD most commonly begins in individuals over 60 years old. [17,46] At its onset, Parkinson’s affects a 

person’s motor control, but over time, the patient’s cognitive ability starts to deteriorate. [45] 

Although symptoms vary between patients, there are four commonly observed symptoms that are 

used to aid neurologists in the diagnosis of PD: tremors, muscle stiffness, bradykinesia, and a 

loss of equilibrium when walking. Tremors, or involuntary shaking, are often considered to be 

the most severe symptom, while bradykinesia, or slowness of movement, can be more of an issue 

to certain patients. [44] In the later stages of PD, memory, sleep, and mood are affected, while some 

people even notice sensory degradation. [12,42] 

The substantia nigra is composed of two sub-structures, the pars reticulata (SNpr) and 

pars compacta (SNpc). The SNpr is formed by neurons that produce (gamma aminobutryic acid) 

GABA, a neurotransmitter inhibits neuronal excitement as a method of regulation, while the 

SNpc is composed of dopaminergic neurons, which is significant in the central nervous system’s 

signaling functions. PD is characterized by the loss of dopaminergic neurons in the substantia 

nigra pars compacta, the subcortical structure that provides dopamine to the striatum, which 

consists of nucleus accumbens, olfactory tubercle, caudate nucleus and putamen. [4] Portions of the 

striatum are responsible for the movement and reward mechanisms and the reduction in 

dopamine supply from SN degradation has been linked to the motor issues prevalent in 

Parkinson’s. [36,48] Figure 1 below depicts the difference in SN shape and size between patients with 

PD and healthy control. As illustrated by the figure, the substantia nigra is smaller in the patient 
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with Parkinson’s compared to the healthy control. As seen by the reduction of the darker 

segment marked in the figure, the lack of melanized neurons is indicative of PD. The loss of 

SNpc volume in neuromelanin sensitive images is the biomarker that is the basis for an 

automated PD diagnosis. 

 

 
Figure 1. A comparison of substantia nigra in Control and Parkinson’s patients. The images were acquired using a 

neuromelanin sensitive MRI process with a magnetic transfer preparation pulse. The images show a zoomed in view 

of the SNpc highlighted by the red marker. There is a significant neuronal loss in the PD patient on the right, seen by 

the reduction of pigmented neurons. This image was obtained from Dr. Jason Langley [26] 

Dopaminergic neurons contain high levels of neuromelanin, which cause the dark 

pigmentation of the substantia nigra. In initial stages of Parkinson’s, up to 50% of the 

dopaminergic neurons in the SNpc are lost. [53] Because the neuromelanin pigment provides 

protection against toxicity from metals in the brain, these melanized neurons also serve as a 

defense mechanism, and the loss of SNpc is devastating. [26] Neuronal loss due to Parkinson’s 

occurs towards the tail-end of the SNpc, and as the disease advances, deterioration occurs the 

anterior portion of the pars compacta. [14, 41] 

Magnetic Resonance Imaging (MRI) uses strong magnetic fields, radio waves, and 

antennae to image a subject or sample. [19] Unlike other biomedical imaging techniques, such as X-

rays and PET scans, MRI employs nonionizing radiation, making it a safe option for generating 
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images of anatomical structures. [39] Although adjusted MRI protocols, such as diffusion and 

functional MRI, exist and can be used for different purposes, all the practices exploit the spin 

polarization of protons in the body to generate detailed imagery of the organs. [19] 

Figure 2 shows the steps in which MRI functions. Step 1 occurs prior to imaging, where 

the body’s hydrogen protons, located in water, are scattered, oriented randomly, with no set 

alignment. When the object or subject is placed into the machine 2, a powerful magnet creating a 

field causes all the protons to align either with or against the field. During step 3, radio waves are 

pulsed through the body, pushing the magnetization away from the main field. This induces a 

torque, which causes the magnetization vector to rotate about the main magnetic field. The radio 

wave pulsation is ended in step 4, causing the magnetization vector to slowly align itself to the 

main magnetic field. The rotating magnetization induces a current in a radiofrequency coil, and 

after processing, the data is analyzed and used to create an image of the area of focus.  [6] 

 
                 1                                      2                                      3                                      4 

Figure 2. Visual representation of the steps of an MRI scanner 

In order to view melanized neurons, neuromelanin-sensitive MRI (NM-MRI) techniques 

are needed. To obtain neuromelanin contrast, high energy radio waves are pulsed through the 

subject, and the acquired scans are interleaved with turbo-spin echo (TSE) images. These 

hyperintense signals allow for the substantia nigra to be seen in the brainstem through MRI 

scans. [52] 

Although some imaging techniques, like CT, are not useful in the diagnosis of 

Parkinson’s, several MRI modalities have the potential for diagnosing PD. [29] Neuromelanin-
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sensitive MRI shows promise for creating diagnostic markers, and there are some T2-weighted 

markers, such as nigrosome-1, that are currently used to diagnose PD. However, delineation of 

nigrosome-1 is highly subjective and prone to error. Deep learning techniques can be applied to 

aid in the diagnosis and classification of Parkinson’s disease. 

Deep learning is a subset of machine learning and artificial intelligence proposed in 

2006 which has been shown to have significant applications in computer vision, audio 

processing, biomedical science and analysis, and more. By creating artificial neural networks 

modeled after the biological connections in the brain, the system is able to detect specific 

features and analyze data without being programmed to do so. With the research and 

development involved in this emerging field, several deep learning programs have been shown to 

perform certain tasks better than humans. [25] 

Similar to the structure of a brain cell, or neuron, a machine learning neuron takes inputs 

of data from several sources and previous neurons, or nodes. Each node then computes and 

analyzes the information processed by previous layers through various algorithms and then 

outputs the resulting information to the next set of neurons. By passing information through each 

layer of learning, the neural network is able to examine each aspect of an input image or subject, 

and all of the knowledge gained over each layer is compiled to provide a singular output. 

Depending on the network structure and class, these deep learning networks can be used to 

accomplish several analytical tasks. 



8 
 

  
Figure 3. Natural neuron compared to an artificial neuron 

 
Figure 4. Neural network architecture with input (blue), hidden (orange), and output layers (green) 

 Several deep learning architectures exist to accomplish various tasks and simulate human 

decision-making behavior. Some examples include traditional deep neural networks, recurrent 

neural networks, and convolutional neural networks. Convolutional neural networks (CNN) are 

mostly used for image analysis. Similar to an animal’s visual cortex, each neuron focuses on a 
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specific region or aspect of an image, using each succeeding layer to fully develop and 

understand what is being shown. CNNs like GoogLeNet and AlexNet have been shown to be 

useful in image classification tasks, and they have been widely accepted and used by different 

companies to predict users’ actions. 

 The namesake of this network structure is the convolution, an operation used in 

mathematics to compare and incorporate two or more processes or data. In image analysis, 

convolutions are used to compare pixels around specified regions and simplify the pixels into 

features, such as blobs, edges, and lines, which are then convoluted to determine more complex 

features. This process goes on until the entire image can be classified or identified from the 

combination of features processed in the previous steps. [40] A specific type of CNN, U-Net, is 

especially useful for biomedical segmentation and processing of MRI scans. 

 
Figure 5. Depiction of four convolutions analyzing different pixels of an input image 
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Methodology 

 The Parkinson’s Progression Markers Initiative (PPMI) is a massive database funded by 

the Michael J. Fox Foundation for Parkinson’s Research and managed by the University of 

Southern California’s Laboratory of Neuro Imaging (LONI). PPMI is a multi-site study 

collecting imaging, biomarker, and clinical assessments in a group of de novo PD patients. For 

up-to-date information on the study, visit www.ppmi-info.org. Full inclusion and exclusion 

criteria for enrollment in PPMI can be found at the PPMI website (www.ppmi-info.org). 

Institutional IRB approved the study for each site and subjects gave written informed consent. 

Criteria for inclusion for subjects from the PPMI database used in this analysis were as follows: 

1) subjects must be scanned with T1-weighted magnetization-prepared radio-frequency pulses 

and rapid gradient-echo (MP-RAGE) and dual echo TSE acquisition and 2) PD subjects must 

have T1 MP-RAGE and dual echo TSE scans at the baseline time point with scan parameters 

matching those in the PPMI imaging protocol. 

  After gaining access to the database, images from the PD cohort of PPMI were 

downloaded. Scans from Siemens MRI machines were selected to ensure consistent scan 

parameters across subjects. Subjects with T1-weighting MP-RAGE images, and dual echo TSE 

images were at baseline downloaded. In MR imaging, T1 weighted images use a specific time 

constant that affects the speed of which the protons return to their original state after excitation. 

T1 images show segments of tissue with higher fat content as bright white while tissues with 

more water appear dark. For T2 weighted images, the coloring of the fat and water filled tissues 

is reversed. [35] By sampling using the MP-RAGE protocol, the patients’ scans are imaged at a 

much higher resolution. [5] 
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 Images were preprocessed after download. The default file format for Siemens MRI 

machines is DICOM, which contains the raw data as 2 dimensional slices. Because the FMRIB 

Software Library (FSL) requires a different format, converting the files into the Neuroimaging 

Informatics Technology Initiative (NIfTI) format, where the images are contained as a 3D 

model, is necessary. Oftentimes, researchers prefer the NIfTI format to DICOM due to its ease of 

use, so the conversion is user-friendly. [27] 

 Next, each subject’s T1-weighted images were brain extracted using the brain extraction 

tool (BET) in the FMRIB Software Library. Brain extraction involves the removal of all 

structures outside of the brain (i.e., eyes, skull, face, etc.). BET assumes the center of the brain is 

close to the top of the brainstem. The coordinates for this location were given to BET and brain 

extraction was performed. Brain extraction is useful to ease the later preprocessing steps by 

improving alignment due to less variance from external factors. [24] 

 Images from TSE scans with short echo times are sensitive to neuromelanin. Images from 

the first echo from the TSE scan were brain extracted, registered to each participant’s T1 MP-

RAGE image, and SNpc was segmented in these images as described in Langley et al in 2016. 

 After all the baseline scans were processed, the subjects’ data were loaded into 

MATLAB. In order to improve the robustness of the information received by the network, the 

data was augmented. By creating clones of each scan with random rotations and mirrors, there is 

an increased precision of the analysis because various configurations were taken into account. 

With mirrored images, the network can be trained to segment the SN volumes when the subject’s 

brain is asymmetrical, since the network knows what the differences could look like on either 

side. 
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For the automatic segmentation of substantia nigra in MR images, a special type of 

convolutional neural network needs to be used. Developed by Ronneberger et al. in 2015, U-Net 

is a deep learning network that uses a combination of pooling and upsampling to perform 

semantic segmentation on biomedical images. In figure 6 below, the architecture of the U-Net is 

shown, with each layer and processing step.  

 
Figure 6. Original U-Net architecture 

The first, encoding path, analyzes the image similar to other CNNs. Each successive step 

in the path pools the information that was convolved in previous layers. Each convolution 

receives information in the images inputted into the network, and then the set of convolutions is 

pooled using the max pooling method, in order to reduce the number of dimensions and 

information presented by the data. This process of convolving and pooling continues until the 

image is fully compressed and analyzed. After the encoding path, the network “unzips” the data 

processed previously. In the decoding path, the reverse of the pooling occurs by a series of 

upsampling and upward convolutions. While the initial path works to aggregate the data into 
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smaller portions to be easier to be read, the second path expands that information to reconstruct 

an image with the desired segmentation. Because of the decoding pathway’s reconstruction 

layers, the overall network takes a symmetric U shape, hence the name U-Net. 

 
Figure 7. Example of semantic segmentation using U-Net on Drosophila brain cells [43] 

 For this project, the neural network contains 58 successive layers developed with 

MATLAB’s Deep Learning Toolkit. Shown below in figure 8, the input brings in two classes, 

the SN information and the remaining, background information. After going through several 

convolutional, pooling, and bridge layers, each image is outputted with information about the 

segmentation of SN. 

 
 

Figure 8. 58-layer 3D U-Net for the semantic segmentation of SN created in MATLAB 
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To train the network to do learn how to segment, 58 subjects were put through the CNN. 

Next, validation and testing was performed. Validation is the first step after training to make sure 

that the parameters and layers are properly attuned to the data so that the output occurs 

accurately. Once validation is complete, the network is ready for testing, which evaluates the 

accuracy and performance of the network. For this network, both training and testing used 15 

subjects’ data each. 

Results 

Since this is not a traditional classifier, but rather a segmentation network, there is no 

measure of accuracy based on true/false positives and negatives, giving information regarding 

the sensitivity and specificity of the network. However, to measure the performance of a 

semantic segmentation deep learning neural network, various analytical tools exist. For this 

specific task, a Sørenson-Dice similarity coefficient is calculated to determine the efficacy of this 

system. The coefficient is calculated by the following equation, which compares the overlap of 

the ground truth volumetric data predicted segmented data with the total amount of data. 

2|X∩Y|X+|Y| 

 
Equation 1. Sørenson-Dice coefficient formula 

 The overlap of the true values and computed values are divided by the total volume of 

both the true and predicted substantia nigra segments. This equation analyzes how similar the 

two are to each other, and the coefficient was calculated for each subject to perform 

mathematical analysis of the functionality of the network. The average Dice coefficient for all 15 

subjects used in the testing process was 0.968 or 96.8%. Considering the maximum Dice score 

can be 1, this value proves that the segmentation was robust and highly accurate. 
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Figure 9. Box plot of Sørenson-Dice coefficient showing the analysis of each subject’s accuracy 

 Although other CNNs show loss, a metric of quantifying the number of bad predictions, 

the Dice coefficient is the most commonly used metric for semantic segmentation, and with the 

high accuracy of the data acquired from this project, the development of a U-Net CNN to 

analyze substantia nigra in Parkinson’s disease patients was successful. 

Discussion 

 3-dimensional semantic segmentation of the substantia nigra was shown to be possible 

using U-Net. Although the segmentation conducted through this network was considerably 

robust, it is only the first step in aiding with a Parkinson’s diagnosis. Because all the scans used 

for this process were taken near the point of initial diagnosis of Parkinson’s, the network is not 

ready to be applied practically yet. Considering up to 50% of SN neurons can be lost before PD 

is confirmed, control subjects would have differing volumes of the substantia nigra. [53] These 
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scans should also be input into the network so that it is trained to differentiate between subjects 

with and without Parkinson’s. Additionally, as the SN continues to degrade over time, future 

timepoints, including 12 months after diagnosis, 24 months, and 48 months should be included, 

which can be done through similar methods with the PPMI data. Once all of these values are 

incorporated, especially prioritizing training and testing with controls, a diagnostic configuration 

of the CNN can be developed. Additionally, by adding a classification layer, in addition to the 

segmentation layers, the network would be more useful for doctors because it can predict 

whether or not someone has Parkinson’s using the information it learned. By comparing it to the 

different PD stages, the classifier would give a diagnosis as the output, in addition to the 

semantic segmentation that is already occurring in this specific network. [49] 

With the success of the deep learning network designed in this project, early steps 

towards automated disease diagnosis have been made. Although the concept of using deep 

learning to diagnose disease has been worked on for some time, the overall field is just starting, 

and Parkinson’s diagnosis has been limited. For example, although there are several other studies 

using CNNs for the diagnosis of Parkinson’s, they all rely on 2D images of the brain. Since the 

SN is the primary area of focus in PD research, not only is the external data in those studies 

unnecessary information that acts as noise, but those networks are somewhat “distracted” by the 

surrounding brain tissue, with less focus on the actual substantia nigra, the network is less 

functional in a real-world application. [1,7,13,16,20,31,49] The novelty of this system compared to previous 

versions is significant because it provides a more substantiated basis for a Parkinson’s diagnosis. 

In addition to using a much larger dataset for training than previous methods, unlike the other 

networks, this one can continue to be trained and improved due to U-Net’s flexibility. Because of 

this, not only can the specificity and sensitivity of the diagnostic method be continuously 
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increased, but it can also truly aid doctors when classifying PD, rather than be a proof-of-concept 

theory that is not realistic for a real-world application. Although it is not perfect, by collaborating 

with the international network of researchers, additional scan parameters, formats, and 

configurations can be implemented into the network to make it more universally viable. By 

segmenting the substantia nigra and providing analytical results of the tissue, clinicians can offer 

a more accurate diagnosis and learn more about this disease and all its variants. [50] 

Future Work 

 Although this project was accomplished successfully, further progress can and should be 

made. Considering the significance of Parkinson’s disease, any and all research making 

important strides in aiding people with PD should be improved. The trained U-Net network 

designed in this project provides a strong basis for further development. Since there are many 

databases in institutions worldwide, adjusting this network and program to be capable of 

interacting with a variety of filetypes is an important next step. By collaborating with a global 

network of scientists and engineers, not only can the network designed here be used to aid in 

other studies, but also, the database and quality of the network can continuously be improved. A 

larger dataset would enable the system to be able to learn and adapt better to the morphological 

changes in each patient, and the flexibility in responding to varying scan parameters would also 

be increased. [32] 

 Currently, this CNN was designed to segment the substantia nigra from an MRI scan. 

This is only the first step needed to aid with the diagnosis of Parkinson’s. In future iterations of 

this project, not just the baseline of a Parkinson’s diagnosis would be used to develop the 

software. In addition to comparing the volume of the substantia nigra between various stages of 

Parkinson’s, training the system to learn about healthy control patients would allow for the 
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network to properly predict and classify Parkinson’s in people with different levels of 

progression of the disease. [34,50] 

 Similar to how the loss of neurons in the substantia nigra is the hallmark of Parkinson’s 

disease, the loss of cells in another brain structure, the locus coeruleus (LC), is the indicator of 

Alzheimer’s disease. [3,18] Located in the pons, the LC produces norepinephrine or noradrenaline to 

be distributed through the blood and counteract the effects of the adrenal gland if needed. [28] 

Because norepinephrine is used to regulate reactions to stress or anxiety, a loss of the primary 

supplier is critical. [30] As important as monitoring SN is for determining the severity of 

Parkinson’s, the locus coeruleus is for Alzheimer’s. [2] However, because the size of the structure 

is too small, most current scanners do not have the resolution needed to accurately map and 

measure the volume. With increased power in the MRI machines, over the course of the next few 

years, a similar network can be implemented to determine the progression of Alzheimer’s by 

measuring the size and volume of the LC as it shrinks, leading to more severe effects of 

dementia. [9,33] 

 Finally, by continuing research and development with this program, a more user-friendly 

interface can be implemented. Currently, to segment the substantia nigra with this deep learning 

network, the user would have to undergo the preprocessing steps described earlier, including file 

conversion, space transformation, ROI application, and cropping. In a clinical setting, 

radiologists and neurologists would not have the system or software set up to be able to go 

through all these steps in order to aid with the diagnosis. In order to realistically facilitate the 

diagnostic process, a user interface that allows for the clinician or specialist to input the MRI 

image and receive an output diagnosis or segmentation would need to be developed. With further 

work and development, this can easily be accomplished. In the future, with neural networks 
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capable of segmenting more brain structures and organs, artificial intelligence can be used to 

scan a patient’s entire body and providing an analysis of the person’s health, and this is the first 

step in that direction.  
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