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Abstract— Magnetic resonance (MR) imaging of the midbrain is the primary 

means for the diagnosis of Parkinson’s disease (PD). However, it is difficult to 

diagnose PD manually using MR images. Therefore, we developed an automatic 

diagnostic system for PD based on deep learning using midbrain MR images. The 

system is component of two neural networks. The first one is the Faster R-CNN, 

which identifies the areas that may be used for PD diagnosis from midbrain MR 

images. As Parkinsonian images are highly similar, the non-diagnostic areas that 

can’t be used for diagnosis may also be detected by the network during the detection 

of the areas of interest. Thus, we have three types of identified images, namely, 

normal, Parkinsonian, and non-diagnostic images. The second neural network is a 

convolutional neural network defined herein, which classifies the areas identified in 

the first network. We used MR images of 350 patients for training and testing, and 

the results showed this system exhibits a higher accuracy in PD diagnosis. 
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1. INTRODUCTION 

Parkinson's disease (PD) [1] is a disease related to the nervous system. It was proposed 

by British doctor James Parkinson in 1817. After whom it was officially named 70 years 

later. PD typically occurs in older people. Its clinical manifestation includes multiple 

motor and non-motor disorders. Non-motor disorders are generally difficult to observe, 

and patients generally appear first on the limbs. The main motor symptoms of PD patients 

were static tremor, inability to exercise, stiffness, and abnormal gait. Non-motor 

symptoms include dementia, depression, hallucinations, auditory hallucinations, sleep 

disorders, olfactory disorders, and autonomic dysfunction symptoms. PD is characterized 

pathologically by a substantial degeneration and loss of dopaminergic neurons in the 

substantia nigra, especially in the pars compacta. The causes about pathological changes 

are still unclear, and there is no cure for PD. In addition, the onset of PD is insidious, and 

in the early stage, the patient often unaware of their conditions, thus missing the best 

treatment time. Therefore, reliable diagnosis of PD has become a hot topic of study 

among researchers. 
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With the advancement of technology, we have been able to classify PD based on 

molecular biology, genetics, and pathology. Among them, classification according to the 

type of clinical dyskinesia of patients is commonly used by clinicians. The clinically 

common Parkinsonian subtypes include akinetic-rigid, tremor-dominant, and the 

incidence rate of the elderly is high and the pathological development is rapid, the 

incidence rate of young people is low and the disease progresses slowly. postural 

instability and gait difficulty, and intermediate (mixed). At present, this classification 

method is widely used for recognition. It was proposed by Jankovic et al., [2] in 1990. 

According to the average tremor and average posture gait abnormality ratio in the unified 

PD rating scale, all patients with PD are classified into posture instability. 

Although the main clinical manifestations of PD are severe limb symptoms, 

researchers generally believe that PD is a neurodegenerative disease that originates in the 

central rather than the peripheral nervous system. The main pathological change of the 

disease is progressive degeneration of dopaminergic neurons in the substantia nigra pars 

compacta and pathological aggregation of Lewy bodies. When the proportion of 

pathologically deprived neurons is as high as 50–60%, the patient will exhibit clear 

clinical symptoms. As Parkinson’s pathogenesis is complex, it is difficult to diagnose PD. 

With the continuous advancement of biomedicine, auxiliary PD diagnostic techniques 

continue to emerge. For example, computed tomography and magnetic resonance (MR) 

imaging [3] techniques have been proposed to diagnose PD, among which midbrain MR 

imaging has proved to be capable of diagnosing PD correctly. Patients usually undergo 

MR imaging of the midbrain and physicians thereafter examine the images to decide 

whether the patients have PD. Unfortunately, physicians are required to have significant 

expertise and medical experience in such human-dependent diagnosis. Furthermore, 

manual diagnosis is also inefficient. 

Fortunately, the great success of deep learning in the field of computer vision has 

inspired many scholars to apply it to medical image analysis. Professor Wells of Harvard 

Medical School pointed out in his review that the application of deep learning to solve 

medical image analysis tasks is a trend in the field. Since 2016, many experts have 

summarized, reviewed, and discussed the research status and problems of deep learning 

in medical image analysis. A review published in Medical Image Analysis provides a 

comprehensive summary of deep learning in medical image classification, detection, 

segmentation, registration, and retrieval. It can be observed that the application of deep 

learning in medical imaging is becoming increasingly mature and its application in the 

classification of ultrasound images and in the diagnosis of lung cancer is a good example. 

In our study, an automatic diagnostic algorithm is proposed for PD based on deep 

learning using midbrain MR images. The algorithm comprises two components. In the 

first phase, the Faster R-CNN [4] test is used to identify the areas that may be used to 

diagnose PD. In the second phase, the identified areas are used for PD diagnosis. We 

applied our algorithm to 70 patients and the results showed that it had an accuracy of 

90%. 

The structure of the paper is as follows. The second chapter introduces related research 

and knowledge of convolutional neural networks (CNN) [5], faster R-CNN, and 

Parkinson’s diagnosis. In the third chapter, the proposed algorithm, the processing of the 

data, and the flow of the algorithm are introduced. In the fourth chapter, the test results of 

the algorithm are shown. Here, we test the results of the regional detection and the results 

of the classification. The fifth chapter presents our conclusion. 

 

2. RELATED WORK 

To study the Parkinson’s diagnostic system, we first review the relevant knowledge on 

deep learning algorithms. In this section, we introduce CNNs, Faster R-CNN, and 

Parkinson’s diagnosis. 
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2.1. CONVOLUTIONAL NEURAL NETWORK 

Deep learning [6] is a special branch of machine learning, which is an artificial neural 

network formed by simulating the human brain to analyze problems [7]. Representative 

of these is the backpropagation(BP) neural network [8]. The BP neural network is a 

multi-layer network composed of multiple perceptron’s. The forward propagation 

calculates the resulting value and then back propagates the error, training the weight of 

the network by minimizing the error between the actual value and the expected output 

value of the network. To process image information, a CNN has been proposed. 

CNN is a part of ANN(artificial neural network) that can process images. In 2012, the 

CNN model AlexNet [9] achieved remarkable results in the ImageNet competition. The 

model reduced the classification error rate from 26% to 15%. Subsequently, CNN has 

become an indispensable part of the field of pattern recognition.  

The biggest advantage of using CNN is that CNN can automatically extract data 

features through training data, which avoids the process of manually extracting features 

from data. Thereby the image can be directly used as an input to the convolutional neural 

network. In addition, compared with neural networks, convolutional neural networks have 

the characteristics of local perception and parameter sharing. Due to these two 

characteristics of convolutional neural networks, the complexity and weight of the 

network will be reduced, and the convolutional neural network The structure remains 

invariant for image translational rotation scaling. The traditional CNN mainly includes 

the following five parts: 

Convolutional layer: As the core part of convolution neural network, each layer of 

convolution consists of a set of convolution kernels. It can learn to change the parameters 

of the convolution kernel. The main function is to extract image features. Convolution 

kernels have different sizes. The commonly used convolution kernel sizes are 3×3 and 

5×5. In particular, 3×3 convolution kernels are used more frequently. 

 

 

Fig. 1  Example of convolution calculation 

Activation layer: The main effect of activation layer in CNNs is to enable the network 

to perform nonlinear modeling. If a CNN contains only the convolutional kernel and 

fully-connected layer, the network can only express linear mapping, and hence, it is 

difficult to deal with nonlinear data in a modeling environment. Therefore, For the case of 

nonlinear data, an activation function can be applied. There are many activation functions 

that can be applied to different situations, such as Sigmoid [10], Tanh [11], and ReLU 

[12].  
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Fig. 2  Sigmoid and ReLU activation functions 

Pooling layer: In the CNN network, the pooling layer[13] generally follows the 

convolutional layer, and integrates the features extracted by CNN in a small 

neighborhood to reduce the size of the output space. And the pooling layer can also 

reduce the parameters in the network by reducing the size of the feature map. Usually, the 

pooling layer obtains the main features of the feature map by down sampling. There are 

max pooling and average pooling, with the max pooling being more common when 

processing images. 

 

 

Fig. 3  Max pooling; the left image is the input feature map and the right image is the max 

pooling output. 

Fully-connected layer: The fully connected layer is similar to the traditional artificial 

neural network, and its function is to classify the feature extracted by the convolutional 

layer. The feature map data output from the last layer in the convolutional layer is taken 

as input, and then back propagated to classify the data. Since the fully connected layer is 

a neuron that performs connection calculation for each data, generally 80% of the 

parameters of a network are in the fully connected layer. Therefore, over-fitting is easily 

generated in the fully connected layer. To this end, in order to reduce the number of fully 

connected parameters, the researchers proposed an algorithm that replaces the fully 

connected layer with a 1*1 convolution. 

 

 

Fig. 4  Fully-connected layer 
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Dropout: In general, by deepening the network and using more neurons, a CNN can 

achieve higher performance, but because the training data set is too small to be over-

fitted, Hinto et al., [14] proposed the dropout method, whereby, when the model is 

trained, some nodes do not work, their output is set to 0. Applying the dropout method 

can effectively prevent overfitting. 

 

 

Fig. 5: Dropout example; the left image is the standard neural net and the right image 

is obtained after applying dropout. 

 

2.2. RESNET 

Since AlexNet won the championship in the ImageNet competition in 2012, the CNN 

has become a hot topic of research. Subsequently, large-scale networks with good effects 

have been proposed every year, such as VGGNet[15], GoogLeNet[16], etc., ReaNet[17] 

is a classification algorithm that was introduced in 2015. We know that this algorithm is 

at the top of the ImageNet competition this year. ResNet introduced a residual unit and 

successfully trained a 152-layer CNN. The parameters of the network are fewer than 

those of VGG19, but the classification effect is better than that of VGG. It can be 

observed that the introduction of the residual unit structure can significantly increase 

training speed of network training and get better network training performance. In the 

previous network, researchers realized that by deepening of the network structure, the 

accuracy of the training set decreased. The reason for this phenomenon is that the 

gradient disappears owing to the increase in the number of network layers. To solve the 

problem of gradient disappearance, ResNet proposed two kinds of mapping: identity 

mapping and residual mapping. The residual block of ResNet is shown as follows: 

 

 

Fig. 6  Residual block of ResNet 



International Journal of Advanced Science and Technology 

Vol.124 (2019) 

 

 

6   Copyright ⓒ 2019 NADIA 

From the perspective of information flow, directly inputting the input information to 

the output protects the integrity of the information. Compared with the middle-layer 

information transmission in a traditional neural network, ResNet solves the problem of 

information loss. Owing to its simple structure, ResNet is also used in the fields of 

detection, segmentation, and recognition. 

 

 

Fig. 7  Structure of ResNet51 

Fig.7 shows the network structure of ResNet51. It can be observed from the Fig that 

ResNet51 is composed of three layers of residual learning units. Experiments show that 

after using the residual unit on training set and test set, the performance of the ResNet 

become better as the number of network layers deepens. thus, we can implement the 

training and testing phases. 
 

2.3. FASTER R-CNN 

Faster R-CNN was proposed by Ross Girshick et al., Which is an object detection 

algorithm. It first obtains a feature map using the CNN network, and thereafter generates 

regional recommendations through the region proposal network (RPN), after which the 

classification and bounding-box regression are performed within the region, and the exact 

location of the object is generated. Compared with the traditional R-CNN [18] and Fast 

R-CNN [19], the detection speed of Faster R-CNN is increased by 10 times owing to the 

use of the RPN module and it is an end-to-end system. The structure is shown in Fig. 8. 
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Fig. 8  Structure of Faster R-CNN 

It can be seen from the above Fig, Faster R-CNN is mainly di-vided into two large 

modules: The first module is the RPN module for distinguishing objects from the 

background, and the second module is the detection module. First, we input the image 

using the CNN to extract features, and thereafter obtain the feature maps corresponding to 

the image, which is copied into two parts. One part enters the RPN generation object 

bounding boxes, and the other part enters the region of interest (ROI) pooling layer. The 

main function in this layer aims to unify the candidate frame feature size of the RPN 

output and the feature maps of convolutional layer output. Behind ROI layer is a fully-

connected layer, which has two functions: classification and regression. When 

classifying, we use soft-max to classify. In the position regression phase, we use linear 

regression function to perform regression, and in the case of backpropagation, the two 

phases of error are back propagated together for optimization. 
 

2.4. PARKINSON’S DIAGNOSIS 

PD [20] is a progressive neurodegenerative disease that can destroy brain cells that 

control exercise. PD currently has no cure. Early diagnosis and treatment are vital in 

treating PD. The diagnosis of PD proposed in 1991 includes the following criteria:   

(a) May be PD: a person with any of the three symptoms: tremor (stationary or 

postural), tonic, and slow motion.  

(b) First diagnosed as PD: two of the four main symptoms resting tremor, rigidity, 

bradykinesia, and posture reflex disorder. Among the three symptoms, namely, 

asymmetry tremor, tonicity, and bradykinesia, one of the three manifestations is evident. 

(c) Diagnosed as PD: Three of the four main symptoms resting tremor, rigidity, 

bradykinesia, and posture reflex disorder two of which are evident. 

The analysis of these diagnostic methods has a reference role in the diagnosis of PD, 

but there has been no uniform standard. There has been a high misdiagnosis rate in 

clinical practice. Dr. Stefan Schwarz [21] proposed a method for judging PD using the 

midbrain substantia nigra. Subsequently, doctors have used this method to diagnose PD. 

For example, the normal MR images and MR images of patients with PD are shown in 

Fig. 9. 
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Fig. 9  Normal and Parkinson MR images; the left images are normal images and the 

right images are Parkinson images 

3. PROPOSED ALGORITHM 

As MR images can be used to diagnose PD, we can automate the diagnosis of PD by 

processing MR images. This paper proposed a diagnostic system for PD based on deep 

learning using midbrain MR images automatically. The system can diagnose PD based on 

MR images and it comprises two parts. In the first part, Faster R-CNN is used to detect 

the diagnostic areas in the MR image, and thereafter classify the discriminable area. In 

the second part, we define a CNN to classify the diagnostic areas, thus realizing the 

diagnosis of PD. The flowchart of our method is shown as follows: 

 

 

Fig. 10  Flowchart of the system 
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3.1. IDENTIFICATION OF THE DIAGNOSTIC AREAS 

When diagnosing PD, physicians must take multiple MR images of patients generally, 

30 pictures. However, not every image may be used for diagnosis and we name the area 

of interest the ‘substantia nigra area,’ which must be identified. Examples of a patient’s 

MR images are shown as follows: 

 

 

Fig. 11  MR images of a patient 

In Fig. 11, it is evident that each image is different with a different imaging region. 

Fig. 11(3) and (4) contain the diagnostic area, and we first used the Faster R-CNN 

algorithm to identify it. 
 

3.2. TRAINING THE FASTER R-CNN NETWORK 

 

3.2.1. CREATING THE TRAINING DATA SET: When training Faster R-CNN 

network, we need a dataset, we tested 350 patients, with 30 MR images for each patient. 

We selected five images that showed the diagnostic area most evidently for each patient 

for annotation. We obtained 1,750 images to be annotated as the training data set. The 

original image size is 384×384 in our data set. To reduce the amount of calculation, we 

reduced the image size to 250×250 size based on the center. We manually marked the 

diagnostic area on the image; the label contains the title of the image, the information of 

the starting point, and the size of each identified area. We named the diagnostic area SR, 

and after the comment, we saved all the annotated information in an xml file. Below is an 

example of an MR image. 
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Fig. 12  A patient’s MR images and annotation information; the red bounding box in the 

original image represents the position we marked, and in the annotation information, we 

include the size of the image and the starting and ending positions of the frame. As only 

one recognition area is required in our image, there is only one object. 

After collecting the data, we move on to the next step, training the network. 

 

3.2.2. TRAINING FASTER R-CNN: According to Section 2.3, we know that CNN 

networks are used to extract image features when we classify images through Faster 

RCNN. A good feature extraction network can extract robust features, which are very 

useful in the subsequent classification and regression tasks. Here, we use ResNet51 [22] 

as the feature extraction network. At the same time, we use the classification model to 

obtain the weight of the network parameters. To make the training results more accurate 

and obtain them quickly, we changed the number of anchors generated in the RPN 

network. As the length-to-height ratio of our image discriminable regions is 

approximately 2:1, only an anchor of size 2:1 is generated. This reduces the number of 

anchors and makes detection faster. 

As the detected area is slightly different from the manually labeled area, we use the 

positional correctness (IoU) of the border, which defines the overlap of the two 

rectangular boxes, to measure the performance of the algorithm. 
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Fig. 13  IoU Example 

In Fig. 13, A indicates the detected area, and B indicates the manually calibrated 

bounding box. Thus, the overlap degree of A and B, defined as the intersection of A and 

B, accounts for the ratio of the union of A and B. The formula of IoU is as follows: 

 

IoU=(A∩ B)/(A∪B)                                                                                             (1) 

It is known that the larger the value of IOU, the better is the detection performance of 

the algorithm. 

 

3.2.3. TESTING RESULT: After the training, we tested the Faster R-CNN. We 

divide the data into 80% training images and 20% test images. The average IoU accuracy 

was 63%. However, as the substantia nigra area contained in the unrecognized picture is 

similar, when the authenticate R-CNN is used to detect the identified areas, many no-

diagnostic areas are detected. Therefore, in the next step of our classification, the non-

diagnostic images are classified into a different category. The test step results are as 

follows: 

 

 

Fig. 14  Faster R-CNN detection result; Left, input images. Right, the result after 

Faster R-CNN. (1) the result of normal image detection, (2) the result of Parkinson's 

image detection, (3) the result of a non-diagnostic image detection. 
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After the area is tested, the next step is to classify the area. We define a classification 

convolution network for this purpose. 

 

3.3. CLASSIFICATION OF THE IDENTIFIED AREAS 

In the previous section, we used the Faster R-CNN algorithm to identify the diagnostic 

areas. In this section, we classify all the areas that have been identified. As the substantia 

nigra area in each MR image is highly similar, three types of identified areas are obtained 

using the Faster R-CNN algorithm, i.e., normal, Parkinsonian, and non-diagnostic 

images, which are shown in Fig. 15. 

 

 

Fig. 15  Normal, Parkinsonian, and non-diagnostic images 

As can be seen from Fig. 15, all the MR images are similar; therefore, conventional 

methods are extremely limited in identifying the characteristics of each image, and 

conventional machines cannot classify them. Hence, we used a CNN for classification. 

As the areas identified using the Faster R-CNN algorithm were not identical in size, we 

had to resize them. Most of the identified areas were approximately 330×170 in size, and 

hence, we decided to resize all the images to 330×170. As our dataset is too small, we 

expanded the dataset. Dataset expansion methods include rotation, scale transformation, 

and translation. Here, we select the translation transformation. We capture two images in 

one image and save them. The method is shown in Fig. 16. 
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Fig. 16: Image capture 

We tested the data from 350 subjects, and the number of identified areas of each type 

is shown in Table I. 

Table I. Number of identified areas of each type 

Classification  Amount 

Normal 1750 

Parkinson 1750 

Non-diagnostic 2800 

 

After the data set was established, the classification model will be training using the 

data set. First, we use Google Net V3 to classify. GoogleNet V3 is a network designed in 

the ImgeNet competition. It uses the inception structure to improve the classification 

results. Since GoogleNet V3 is designed on ImageNet, we can classify our data. We 

changed the output of the network to three categories. We used 80% of the data, and then 

20% of the data were used for testing. Since the structure of the googLeNet V3 model is 

too complicated and there are too many parameters, the overfitting occurs when training 

our model. So the correct rate of use in the test is only 78.3%. For this reason, we defined 

the CNN [23,24] model for training using the data. We defined a 10-layer CNN for 

training, the network structure we defined is shown below:  
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Fig. 17  Proposed CNN structure 

As shown in Fig. 17, We define a ten-layer CNN model with seven convolutional lay-

ers in the model. And there are two pooling layers in the middle of the convolution layer 

for max pooling. In the fully connected layer we define a three-layer fully connected layer 

for classification. Our network inputs were 330×170 grayscale images. In the first and 

second convolution layers, we used convolution with 64 3*3 convolution kernels. We set 

the moving step size of the convolution kernel to 1. When choosing the activation 

function, we chose ReLU as the activation function in order to reduce the disappearance 

of the gradient. So we get 64 330*170 feature maps. In the third layer of convolution, to 

prevent overfitting by reducing the number of parameters, we used 32 3×3 filters to 

perform convolution, and after the third layer, we set a pooling layer. We use a 2*2 filter 

for max pooling, and the step size is set to 2. From the fourth to seventh layers of 

convolution, we used 32 3×3 convolution kernels for convolution, and hence, the output 

data at the seventh layer were of size 168×85×32 to reduce the amount of data to prevent 

overfitting. After the seventh convolutional layer. we set a pooling layer, also using 2*2 

filter for max pooling, and using the step size 2 to reduce the input of data to the fully 

connected layer. After the pooling layer, we expand the data into 1-D data input to the 

fully connected layer for classification. In the first fully connected layer, we set up 128 

neurons to connect and use the ReLU function as the activation function. In the second 

layer of the fully connected layer, we also used 128 neurons to connect. In the 

classification layer, since we only have three categories, we set it to three neurons. In 

network training, we use the back propagation algorithm to train and use cross-entropy 

loss for optimization. 
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To test the performance of our model, we implemented our algorithm using the 

TensorFlow library. And use our Parkinson diagnostic image for testing. 

In the training phase. We set the learning rate to 0.0002. In order to fully fit our data, 

we set the total number of trainings to 20,000 rounds. To prevent over-fitting of the 

model, we divided 80% of the data into a training set and used the remaining data as a test 

set to test the model. In addition, we used a dropout of 0.2 to prevent overfitting. The 

accuracy of the testing is shown in Table II. 

Table II. Testing accuracy 

Classification  Training data Testing data Accuracy 

Normal 1400 350 92% 

Parkinson 1400 350 89.7% 

Non-diagnostic 2240 560 88.2% 

 

From Table II, we can observe that our classification results have an accuracy of 

approximately 90%. Compared to GoogLeNet V3 model, our result is better. 

 

4. EXPERIMENTAL RESULTS 

To test the performance of our algorithm, we implemented the PD diagnosis system. 

The experimental environment is as follows: 

1. Hardware environment: Intel (R) Core i7-6700K CPU at 4.00 GHz 

2. System environment: Ubuntu 18.04.01 

3. Software environment: Python, TensorFlow [26], Keras[27], python-OpenCV [28], 

CuDa8.0 

This system uses the Keras implementation program to train the Faster R-CNN. Keras 

is a high-level neural network API. It is based on Tensorflow, Theano, and CNTK 

libraries and it can easily build deep-learning programs. We used TensorFlow to build a 

classification program. TensorFlow is a deep-learning framework developed by Google. 

It supports Linux, Window, and Mac platforms. TensorFlow provides a rich set of deep-

learning-related APIs, including basic vector matrix calculations, various optimization 

algorithms, basic unit implementations for various CNNs, and visual aids.  

When testing our algorithm, we used a data set provided by the hospital. There were 70 

subjects, including 35 normal people and 35 patients with PD. We separately captured 

and collected MR images of these subjects. According to the sequence images obtained, 

we selected 45 images as our samples. After sorting these images, the data were 

generated for testing. When testing, 27 images of a subject were entered into our network. 

The position of substantia nigra in the MR image is detected using the Faster R-CNN, and 

thereafter, the detected substantia nigra regions are classified using our CNN network. 

The classification of these images results in normal images, Parkinson images, and non-

diagnostic images. We calculate the ratio of the number of images in each of these images 

to the total number to determine whether this person has PD. The MR images used as 

input are shown in Fig. 18. 
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Fig. 18  Test images entered as input: 27 MR images per person.  

The images in Fig. 18 are MR images captured by a tester. First, with the Faster R-

CNN, the diagnosable areas of the images are detected. The test results are shown in Fig. 

19. 
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Fig. 19  Result of the Faster R-CNN test; among these images, it can be judged only from 

the ninth to thirteenth images whether the patient has PD, and ideally, only the 

determinable regions of the five images should be detected. However, as the similarity of 

the images is too high, many areas (18 areas) are detected in the above Fig. 

As shown in Fig. 19, we used the Faster R-CNN to detect 18 different areas. Further, 

we used the CNN classification network to classify the detected areas. The classification 

results are shown in Fig. 20. 
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Fig. 20  CNN classification Result 

We input 18 images with detected areas into the CNN network. The CNN 

classification results indicate that there is one normal image, five Parkinson images, and 

12 non-diagnostic images. As the number of Parkinson images is larger than the number 

of normal images, the result of our diagnosis is Parkinson. We tested 70 testers, and the 

test results showed that our algorithm has the accuracy of 91.4%. 

 

5. Conclusion 

In this paper, we proposed a deep-learning-based algorithm to diagnose PD. By 

training a CNN, midbrain MR images can be detected and classified to automatically 

diagnose whether a person has PD. When training the CNN, we chose to use the Faster R-

CNN network, because this network ensures faster image detection and higher accuracy. 

Thus, we can detect the areas of interest in the MR images. Simultaneously, we define a 

network that can implement image classification to classify images with different 

characteristics. These are the two essential aspects of diagnosing PD. 

In the study of PD, we learned that the pathological features of the disease are 

characterized by significant degeneration of dopaminergic neurons in the substantia nigra, 

while a large number of Lewy bodies are precipitated in the remaining neurons, leading to 

dopaminergic projection of collaterals. This lesion can be observed with an MR image, 

and the MR image captures the human midbrain with its precise positioning and non-

invasive advantage. Owing to its advantages, MR image analysis is one of the most 

commonly used methods to diagnose PD. To mitigate the influence of the difference in 

doctors’ professional knowledge and actual experience on the judgment results, we 

proposed an automatic diagnostic system for PD based on deep learning using midbrain 

MR images. 

The first step of our algorithm is to detect the position of the substantia nigra 

dopaminergic neurons in the image of the human midbrain captured using MR imaging. 

We can only analyze and judge the lesions if we determine the location of the lesion. In 

this step, we use the Faster R-CNN algorithm to detect the image. Although there are 

some subtle differences in the brain structure of each person, the MR images captured by 

different people are different, and the images of different degrees of lesions are also 

different, but the Faster R-CNN can accurately and quickly find the black matter in these 

different images. The location is detected accurately. The second step is to classify the 

detected locations. Here, we define our own CNN structure as per our requirements. 

According to the difference in substantia nigra in MR images, we can determine whether 

a person has PD. However, it is impossible to diagnose PD owing to the different 

definitions of the image. Therefore, through our own network training, these images can 

be classified into normal, Parkinson, and non-diagnostic images. Thus, the patient’s 

condition can be automatically determined using deep learning. The experimental results 

show that the use of this method effectively improves the diagnostic accuracy of PD, 

which has a good auxiliary effect on the doctor’s judgment of the condition. 
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