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Abstract  

Purpose The assessment of dyskinesia in Parkinson's disease (PD) based on Artificial Intelligence 

technology is a significant and challenging task. At present, doctors usually use MDS-UPDRS scale to 

assess the severity of patients. This method is time-consuming and laborious, and there are subjective 

differences. The evaluation method based on sensor equipment is also widely used, but this method is 

expensive and needs professional guidance, which is not suitable for remote evaluation and patient self-

examination. In addition, it is difficult to collect patient data in medical research, so it is of great 

significance to find an objective and automatic assessment method for Parkinson's dyskinesia based on 

small samples. 

Methods In this study, we design an automatic evaluation method combining manual features and 

convolutional neural network (CNN), which is suitable for small sample classification. Based on the 

finger tapping video of Parkinson's patients, we use the pose estimation model to obtain the action 

skeleton information and calculate the feature data. We then use the 5-folds cross validation training 

model to achieve optimum trade-of between bias and variance, and finally make multi-class prediction 

through fully connected network (FCN).  

Results Our proposed method achieves the current optimal accuracy of 79.7% in this research. We have 

compared with the latest methods of related research, and our method is superior to them in terms of 

accuracy, number of parameters and FLOPs.  

Conclusion The method in this paper does not require patients to wear sensor devices, and has obvious 
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advantages in remote clinical evaluation. At the same time, the method of using motion feature data to 

train CNN model obtains the optimal accuracy, effectively solves the problem of difficult data acquisition 

in medicine, and provides a new idea for small sample classification. 

 

Keywords Parkinson's disease · FCN · Pose estimation · Manual feature · small sample 

classification 

 

1 Introduction 

Parkinson's disease is the second most common neurodegenerative disease followed by Alzheimer's 

disease [1]. The patients are mainly manifested by static tremor, muscle stiffness, bradykinesia and 

postural instability [2,3]. Accurate and objective evaluation results of Parkinson's disease should be 

obtained in the treatment of Parkinson's disease. At present, there are many ways to evaluate the motor 

function of patients with PD, among which the MDS-UPDRS scale[4], as a standard rating scale for PD 

evaluation, is widely adopted in the evaluation of PD motor level, because of its simplicity and 

comprehensiveness, it is widely used in evaluating the motor level of patients with PD[5]. However, the 

accuracy of scale-based evaluation directly depends on doctors' clinical experience, and has subjective 

differences, so it is of great significance to provide an objective and automatic PD evaluation method to 

assist doctors' clinical evaluation and the self-examination of patients.   

Thanks to clinical needs and the rapid development of deep learning, CNN is widely used in the 

evaluation and diagnosis of PD. The research is focused on the assessment of motor disorders, 

pathological analysis and early diagnosis of PD [6-8]. Dyskinesia is the core symptom of Parkinson's 

disease, so this paper focuses on the related research of motor dysfunction in PD. At present, the primary 

research method based on deep learning is to obtain characteristic data through sensor devices for 

monitoring, analysis and evaluation [9-11]. For example, the system based on body network sensor 

proposed by Parisi F et al. [12]can automatically evaluate the severity of PD patients' gait by extracting 

kinematic features in time domain and frequency domain to characterize the Parkinson's disease gait of 
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PD patients' gait. The detection system based on mechanical impedance proposed by Dai H et al. [13] 

quantitatively evaluates myotonia in patients with PD by extracting body movement information. The 

research method based on sensors or wearables, which can obtain more deep and complex information 

[14], has great potential in the quantitative evaluation of PD and the development of treatment equipment, 

however, it depends on the guidance of professionals, the equipment restricts the movement of patients 

to a certain extent, with limited application scenario, so it is not applicable to the regular evaluation of 

PD patients.  

It is a potential method to use the model of action recognition to automatically evaluate PD without 

professional equipment. At present, the CNN-based action recognition has demonstrated good 

performance, especially in skeleton dataset [15,16], many action recognition tasks have achieved perfect 

results. For example, the method proposed by Li C et al. [17]has achieved the accuracy of 92.08% on the 

skeleton-based ChaLearn gesture dataset. Y et al. [18]proposed a channel-wise topology refinement 

graph convolution network, which has achieved outstanding action recognition performance on NTU 

RGB + D120 dataset, the accuracy of cross-subject and cross-view is 88.9% and 90.6% respectively. 

Despite good performance demonstrate, the above methods are focused on coarse-grained tasks, most of 

which are used to identify activity scenes with prominent action differences, and have difficulty in 

dealing with complex tasks [19,20]. In addition, the model architecture of action recognition is complex, 

and the model training depends on a large number of datasets, but it is difficult to obtain datasets in 

medical research, especially the clinical data based on patients' behavior. Because of the limitation of the 

number of patients and their privacy protection, the data volume collected often cannot help in the 

training of complex models, thus it is necessary to find a method based on small samples to achieve the 

evaluation of PD.  

Finger tapping test is often used to evaluate the motor dysfunction in PD [21]and 

neurophysiological examinations [22], since the motor characteristics of finger tapping are closely 

correlated with bradykinesia [23,24]. The motor function examination in the MDS-UPDRS includes the 

finger tapping test. And the MDS-UPDRS provides the grading standard of finger tapping test as a 

reference for doctors to evaluate PD, which also provides a theoretical basis for this paper. According to 
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Goetz CG et al. [25], the accurate scoring and interpretation of the results of finger tapping test requires 

a wealth of experience, so it becomes one of the most difficult items to evaluate in PD motor examination, 

and even for professional doctors, subtle differences in motors are difficult to detect. By observing the 

evaluation criteria of finger tapping, it can be found that the difference of finger tapping test between 

adjacent scores (for example, scored 1 and 2) is fuzzy. This high-fine-grained recognition task poses a 

severe challenge to the classification model based on CNN. This research is conducted based on the high 

fine-grained task of finger tapping test.  

In view of the above problems, based on Parkinson's video data set, this paper designs a method of 

combining manual features with CNN to realize the evaluation and classification of Parkinson's finger 

tapping test. This paper mainly includes the following aspects:  

i) Sensors and other auxiliary equipment are inconvenient to wear, need special guidance, and 

cannot record the disease changes of PD patients continuously and promptly. The evaluation method in 

this paper extracts the feature data by analyzing the video dataset automatically, and then evaluates and 

diagnoses it with CNN. The dataset can be photographed by smart phone and does not depend on sensor.  

ii) In view of small differences in finger tapping test and difficult to distinguish, this paper 

summarizes the change law of finger tapping test, designs a feature based on range and velocity of the 

action. Firstly, this paper uses the pose estimation algorithm to extract the hand skeleton data, then 

calculates the feature data based on the hand skeleton data, and finally evaluates and grades the action 

through CNN, which provides a new idea for PD evaluation. 

iii) The combination of manual feature and CNN designed in this paper effectively solves the 

problem of difficult data acquisition in medical research. Compared with the dependence of previous 

action recognition models on a large number of data sets, this method can also achieve good performance 

in the case of small samples. 

The other parts of this paper are arranged as follows: In the second part, the method of combining 

manual features and CNN designed in this paper is introduced in detail; In the third part, the experiments 

are presented, including dataset preparation, experimental results of the methods, comparison experiment 

with the existing methods and analysis experiment for manual features; In the fourth part, the methods 
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and experimental results are discussed and analyzed; Finally, the fifth part is a conclusion of this paper.  

2 Methods 

The flow chart of the finger tapping evaluation method proposed in this paper is shown in figure 1. Firstly, 

the finger tapping test video of PD patients is collected, and then the skeleton data of the hands is 

extracted by the pose estimation model Mediapipe Hands [26]. Subsequently, the feature data based on 

the motion law of the hands is extracted depending on the method designed in this paper, so as to obtain 

the one-dimensional time series data. Following the data pre-processing such as normalization and 

cropping alignment, the data are input into the FCN, and finally the output of five-classification results 

is obtained, which is the score prediction of the corresponding finger tapping.  

 

Fig. 1 The flow chart of the methods in this paper 

2.1 Pose estimation  

In this paper, the Mediapipe algorithm is used to extract the hand skeleton data from the video with finger 

tapping of PD patients. Mediapipe Hands is one of the most advanced frameworks for hand skeleton 

estimation, which is robust to partially visible and occluded hand estimation. It detects the skeleton of 

the hands by the two models working together: 1) Palm Detection Model, which searches the whole 
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image and returns the predicted hand boundary box; 2) Hand Landmark Model, which detects the area 

of the hands returned by the palm detector and returns the high-fidelity key points of the hands. The key 

hand points returned by the model contain the 3D coordinates of 21 knuckles, and the position and name 

of the corresponding knuckles are shown in figure 2.  

 

Fig. 2 The location and name of the 21 3D coordinates returned by MediaPipe Hands 

We use the Mediapipe Hands method to detect the video data of PD patients, and the effect is shown 

in figure 3, from which we get the hand skeleton data of the finger tapping of all patients. Each video 

frame corresponds to a set of three-dimensional data of joints. We use the 3D coordinate 

{ , , }
i i i i

J x y z  to represent the joint i. Suppose there are T-frame pictures in each video, and each 

hand skeleton includes u joint points. In this paper, u=21 means the hand feature Mt of frame t can be 

expressed as 
t t

t 1 2{ , , , }t

u
M J J J L . 

 

Fig. 3 The effect of extracting hand key points in patients' finger tapping by Mediapipe Hands.  

2.2 Manual feature extraction  

In this paper, the feature extraction method is designed based on the action evaluation standard of MDS-

UPDRS. The analysis of the evaluation index of finger tapping, we can find that the difference of different 

scores is mainly reflected in the opening range, tapping velocity and interruption behavior of fingers, so 

we designed the following feature extraction methods to characterize their action rules.  
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Section 2.1 presents that the three-dimensional data of the hand skeleton is obtained using 

Mediapipe. In order to calculate the range and velocity changes of finger tapping, this paper selects the 

three-dimensional data of joint 4.THUMB_TIP and joint 8.INDEX_FINGER_TIP, which are

4 4 4 4{ , , }J x y z   and 8 8 8 8{ , , }J x y z   respectively. By calculating the Euclidean distance 

between the two joints, the fingertip distance data of frame t is obtained, which are shown as follows:  

2 2 2

t 4 8 4 8 4 8 4 8( , ) ( ) ( ) ( )t t t t t t t t
D distance J J x x y y z z      

             (1) 

The Dt is extracted based on the pixel distance of the image. Since the change of shooting distance 

and camera jitter may cause errors, this paper uses Z-score standardization processing to get the 

standardized data. Firstly, the   and   of tD  are calculated. 

11 2

T

t

tT

D
D D D

T T
   
 


L
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2

t 1

( )

=

T

t
D
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                    (2) 

Then the standardized data of frame t can be expressed as: 

t
t

D D
S




                                         (3) 

The one-dimensional sequence data of the k-th video can be expressed as 
1 2{ , , , }k k k

k T
R S S S L , 

that is, the final model input data shown in this paper, and time series classification has always been a 

classical task in deep learning. The feature data extracted in this paper accords with the law of time series 

data, with a good potential by using CNN processing. 

In order to test the variation law of the range and velocity of finger tapping separately, the range and 

velocity data of ten finger tappings are extracted to verify the experimental results. The range and velocity 

are expressed as Ak and Bk, respectively as follows:  

1 2 10 1 1 2 2 10 10{ , , , } {(m n ),(m n ), ,(m n )}A a a a    L L                    (4)

m

1 2 10 2 1 3 2 11 10{ , , , } {( ),( ), ,( )}m m m m m
B b b b t t t t t t    L L                      (5) 

We use a
i   and b

i   to represent the range and velocity of the i-th action, i 1,2, ,10 L  , as 

shown in figure 4, 
i

m to 1m
i  is a complete action cycle. m

i
 and n

i
 represent the maximum and 

minimum of the i-th action, respectively. And 
1tm m

i i
t   represent the velocity of the i-th action. 
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Fig. 4 A schematic diagram for the data of finger tapping  

2.3 Model framework 

The modified FCN model framework is shown in figure 5. As a sequence classification model, the input 

of the model is one-dimensional sequence data, and the overall structure is composed of three 

convolutional layers and a global average pooling (GAP) layer. The convolution layer is used for feature 

extraction, each layer of convolution output connects a batch normalization and the ReLU activation 

function. And the GAP layer is used for classification, followed by the Softmax activation function. In 

this paper, the model uses the global average pooling layer instead of the full connection layer, which 

can accept the sequence of any dimension, better correspond the category to the feature map of the last 

convolutional layer, so as to achieve accurate classification results. The model is modified according to 

the characteristics of the self-made dataset. The details of the modified model are shown in Table 1.  

 
Fig.5 The architecture of the modified FCN model, where 64 and 128 is the number of channels 

of feature map 

 

Table 1 Layers information for proposed FCN architecture  
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No. Layer Information  

1. Input layer Size 180×1 

2. Con_1 Number of filters 64 

  Kernel size 8×1 

3. Batch_Norm_1 Number of channels 64 

  Activation ReLU 

4. Con_2 Number of filters 128 

  Kernel size 5×1 

5. Batch_Norm_2 Number of channels 128 

  Activation ReLU 

6. Con_3 Number of filters 64 

  Kernel size 3×1 

7. Batch_Norm_3 Number of channels 64 

  Activation ReLU 

8. GAP Size 5 

  Activation Softmax 

3 Experiment and Results 

This section mainly presents the experimental process and experimental results, and the experimental 

preparation introduces the datasets used in this paper and the main indicators for measuring the 

performance of the CNN. The experiment consists of four parts. The first part is the behavior recognition 

experiment. In this paper, the classification of finger tapping is regarded as a action recognition task, and 

the shortcomings of action recognition method are analyzed; The second part introduces the experiment 

based on manual features designed in this paper, which mainly presents the experimental details and 

results of this method; The third part illustrates the performance and advantages of this method depending 

on lots of comparative experiments; Finally, the fourth part presents the experiment based on the manual 

feature designed in this paper to verify the rationality and reliability of our method.  

3.1 Experimental preparation  

The dataset was collected from Zhejiang Hospital in China, which contained 252 data of 120 people. The 
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dataset is the video of finger tapping of each person's both hands. All the included data have obtained the 

informed written consent of the patients. The sex and age are shown in Table 2.   

Table 2 Sex and age distribution of data set 
Age group <50 50-60 60-70 70-80 80+ Total 

Male 1 13 28 20 6 68 

Female 0 15 21 16 0 52 

Total 1 28 49 36 6 120 

All the video data used in this research were recorded on ordinary smart phones, and the video frame 

rate was 30 frames per second (FPS). We clipped the video with the finger tapping of both hands 

respectively and got a total of 252 videos, with each containing 10 or more finger tappings. There are 

five levels of truth labels for finger tapping: 0 = normal, 1 = slight, 2 = mild, 3 = moderate, 4 = severe. 

The evaluation criteria are shown in figure 1. The difference in adjacent scores was difficult to judge, so 

the true scores of patients were evaluated by Parkinson's disease subspecialists with rich clinical 

experience. The score distribution is shown in Table 3. Due to the small number of critically ill patients 

in hospital, there were only two cases classified as 4 in this paper. In the follow-up, we will continue to 

provide additional patient data for the experiment.  

Table 3 Score distribution of data set 
Score 0 1 2 3 4 Total 

Quantity  54 115 52 30 2 252 

Proportion % 21.4 45.7 20.6 11.9 0.4 100 

The hardware environment used to test the proposed algorithm is a ubtuntu18.04 system computer 

with an NVIDIA GeForce GTX 1080Ti (11 GB). Our preprocessing method uses opencv4.4.0 to process 

data, and the model framework is built on tensorflow1.11.0 platform.  

In this paper, four indexes, Accuracy, Precision, Recall and F1-Score, are used to measure the effect 

of classification and recognition. Accuracy indicates the proportion of the correct results predicted by the 

model to the total observed values; Precision represents the correct proportion of the results in which the 

model prediction is a positive example; Recall is the proportion of the correct prediction results in the 

samples in which the real situation is a positive example; F1-Score is the harmonic average of Precision 

and Recall, and its values range from 0 to 1. The higher the value, the more accurate the output of the 
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model. The calculation methods of the four indicators are as follows:  

  
Accuracy

TP TN

TP TN FP FN




                              (6) 

 

Pricision=
TP

TP FP                                 (7) 

  

Recall
TP

TP FN


                                 (8) 
2 Precision Recall

F1-Score=
Precision+Recall

 

                           (9) 

Where TP represents the number of samples in which the positive samples are correctly classified; 

FP means the number of samples in which negative examples are mistakenly identified as positive ones; 

FN means the number of samples in which positive examples are mistakenly identified as positive ones; 

The TN means the number of samples that the negative examples are correctly classified.  

3.2 Action recognition-based Experiments  

Considering that the finger tapping test of patients with different severity of Parkinson's disease have 

different manifestations, this paper regards the classification of finger tapping test as an action 

recognition task, and evaluates and classifies PD patients by analyzing action differences. To test the 

effect of the action recognition method, this paper uses the mature action recognition classification model 

such as two-stream model and 3DCNN. The 3DCNN model can input video or image frames directly 

without preprocessing. The two-stream method needs to input image frames and optical flow frames 

respectively. This paper extracts all video image frames and two-dimensional optical flow frames, as 

shown in figure 6.  

       

(A)                   (B)                   (C)  

Fig. 6 The image frames and the two-dimensional optical flow frames; A for the original image, B for 
the optical flow graph in x direction, and C for the optical flow graph in y direction  

The experimental results are shown in figure 7, which are Two-stream Fusion [27]and 
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R2+1D+BERT [28]In the training process of the model, it can be observed that the training processes of 

the two models are not convergent, and the method based on action recognition can not solve the fine-

grained task of finger tapping test. The non-convergence of training is primarily caused by little 

difference between different scores of finger tapping. The high fine-grained task generally requires a 

large number of training datasets, the collection of dataset has been a difficult task in medical field, which 

is a common problem. It is difficult to collect enough data to support the training of complex models in 

medical research. In addition, the structure of the action recognition model is usually complex, and the 

detailed features in actions is easily lost in the training process, and this paper needs to extract these 

detailed features to get better results.  

 

(A)                                        (B)     

Fig. 7 The loss diagram of action recognition model during the training process; A for the Two-stream 
Fusion model, and B for R2+1D+BERT model 

3.3 Experiments based on manual features  

In order to make up for the difficulty of dataset collection in medicine, Starting from the idea of 

combining manual design action features with CNN, this paper designs a feature based on the law of 

finger tapping test. According to the method shown in section 3.2, we extracted the manual feature data 

of 252 PD patients for training. In this paper, the batch size of the training process is 16, the number of 

iterations is 1000, and the learning rate is set to le-7, training process as shown in figure 8. We can see 

that the model training in this paper converges successfully.  
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 (A)                                        (B) 
Fig. 8 In the training process of the model; A for loss, and B for the accuracy 

Due to the small number of data sets in this paper, in order to obtain reliable and stable model 

accuracy, this paper uses 5-fold cross validation, which is often used for model training of small-scale 

data sets, which can optimize the evaluation and selection process of the model. The 5-fold cross 

validation method is shown in figure 9, which divides the data set into five equal parts, uses the first fold 

as the test set and the other folds as the training set to get the precision, and in turn, uses the second fold 

as the test set and other folds as the training set, to get a total of five precision in five times, and averages 

them to get the model accuracy. As shown in Table 4, we get a classification accuracy of 79.7%, which 

is the Optimal accuracy in the research based on finger tapping test.  

 
Fig. 9 Schematic diagram of 5-fold cross validation 

Table 4 Results of five-fold cross validation results 

5-fold  1  2  3  4  5  Average  

Accuracy %  80.5  77.8  74.1  81.4  84.7  79.7  

Table 5 shows the results of four indicators, which are also obtained by the 5-fold cross validated. 
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The overall results of the indicators reflect the excellent performance of this model. Figure 10 is the 

confusion matrix based on the classification results, the error recognition rate of each score in the chart 

is acceptable within the range, and the proportion of prediction errors is mainly reflected in the adjacent 

scores, showing that the model in this paper has good robustness.  

Table 5 Index results of different scores 

Score Accuracy (%) Precision (%) Recall (%) F1 (%) 

0  

 

79.7 

 

 

92.6 93.2 92.2 

1 78.2 86.4 81.2 

2 66.8 49.8 53.8 

3 85.4 88.0 86.6 

4 50.0 1.00 0.67 

 

       (A)                                     (B) 

Fig. 10 The results of the model; A is confusion matrix., and B is ROC diagram 

3.4 Comparison experiment  

The experimental method in this paper is based on manual feature data. As a new method of PD 

evaluation, there are fewer experimental results to compare with. Table 6 shows that the accuracy of this 

method is significantly higher than that of other methods by comparing with the existing optimal model 

based on sensor and skeleton data. In addition, the model used in this paper, as a model for time series 

classification, has advantages in the number of parameters and FLOPS compared with other models.  

Based on the dataset, we also compared different time series models in this paper [32]. As shown 

in Table 7, the model obtains the best results. Compared with the Resnet model with similar performance, 

the model in this paper has fewer parameters and obvious advantages in terms of computing resources.  
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Table 6 Performance comparison with different models 

Data type Model Acc(%) Para(M) Flops(G) 

Skeleton data Motif-GCNs [29] 57.1 1.7 2.2 

2s-AGCN [30] 61.9 6.9 7.9 

Three-Stream [31] 72.4 14.0 3.8 

Time series FCN(ours) 79.7 1.1 1.9 

Table 7 Performance comparison with time series models 

Model Acc(%) Paras(M) Flops(G) 

CNN 66.1 0.9 0.5 

Resnet 77.4 2.8 4.8 

FCN(ours) 79.7 1.1 1.9 

3.5 Feature analysis experiment  

Previous experiments have verified the reliability of this method, which shows that our design of manual 

feature is reasonable and effective, and the range and velocity of finger tapping provide key information 

for PD evaluation. In order to further verify the role of range and velocity information in the evaluation 

of PD, we carried out a lot of experiments. First of all, based on the manual feature data of finger tapping, 

we carried out an unsupervised clustering experiment [33]. The results are shown in figure 11, since the 

data of patients with a score of 4 in this data set is too small, in order to reduce the interference of the 

experiment, we excluded the data with a score of 4 and carried out four kinds of clustering experiments.  

Although the classification accuracy of unsupervised experiments is not high enough, we can 

observe that there is a close correlation between the distribution of the four types of data in figure 11 and 

the evaluation criteria in the MDS-UPDRS, and the action rules of the four types of data are basically 

consistent with those of the four scores. As shown in figure 11, the range and velocity of finger tapping 

of (A) are more uniform, and the ranges of (B), (C) and (D) increasingly fluctuate. On this basis, the 

paper extracts the range and velocity information from the feature data for experiments, that is, the 𝐴𝑘 and 𝐵𝑘obtained in Section 2.2. The classification results obtained by inputting 𝐴𝑘 and  𝐵𝑘  into 

the FCN model are shown in Table 8. It can be found that the accuracy of range data is much higher than 
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that of velocity data, and the experimental results of range data are in line with our expectations, but the 

classification performance of velocity experiment is poor.  

 

       (A)                                      (B) 

 

       (C)                                      (D) 

Fig. 11 Clustering chart based on KMedoids+DTW 

Table 8 Comparison of range and velocity experiments 

 Acc(%) Dimensions Data volume 

velocity 46.8 10 250 

range 68.4 10 250 

4 Discussion  

In this paper, we extract self-designed manual features to evaluate the finger tapping test of patients with 

PD, and preliminarily prove the feasibility of finger tapping test on PD evaluation. The conclusions are 

obtained based on the experimental results of our self-built dataset. This paper open-sources the code 

used in the experiment for other researchers to study and verify the results.  

First of all, this paper carries out the action recognition experiment based on the original video data. 

At present, the model training of the mature action recognition model cannot converge, since it is difficult 

to collect the data set in medical research. The training process of action recognition model requires a 

large number of datasets, and this method can not solve the high fine-grained task of finger tapping 

without additional detailed features, who also proves the necessity of extracting skeleton information and 
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designing manual features.  

Based on the action evaluation standard of finger tapping in MDS-UPDRS, this paper designs a 

manual feature, and carry out the training by feature data, which requires a small amount of data, and 

can effectively solve the problem that the method of action recognition depends on the volume of data. 

In order to further verify the rationality of the feature design, we first carried out the unsupervised 

clustering experiment based on the feature data, and found that the clustering distribution of the feature 

data is basically consistent with that in the MDS-UPDRS, showing that the feature we designed can 

reflect the motor dysfunction of PD patients, and the method adopted in this paper is reasonable.  

To verify the key information in the clustering experiment, we extracted the range and velocity 

feature data for the experiment, the range feature experiment is basically in line with our expectation, but 

the velocity feature experiment performance is poor. In order to explain this result, we drew a line chart 

with different fractional ranges and velocities for analysis by random sampling. We sampled 5 data for 

each fractional segment in order to facilitate observation, and the specific results are shown in figures 12 

and 13. As shown in figure 13, it is found that the range data has some rules, the range value fluctuation 

gradually becomes larger with the increase of the score, showing a downward trend, which is basically 

in line with the explanation of the scale. However, no obvious rule is found in the velocity data. We 

analyzed the methods for collecting the velocity data, and found that the main cause of the error is that 

we expected to collect the data without professional equipment. However, the FPS of smart phones is 

low, and the velocity information of captured videos is lost too much, which leads to unsatisfactory 

results. We will continue to improve in the follow-up experiments to analyze the velocity changes in 

finger tapping.  

To sum up, the method designed in this paper has achieved good results. We have set up a lot of 

experiments to verify the rationality, reliability and accuracy of the method, and fully discussed and 

analyzed the experimental results. However, the experiments are also challenged with the problems such 

as lack of datasets and data imbalance, for example, there are only two cases of data with a score of 4 in 

the finger tapping experiment, and we can only use four types of data in many experiments, which 

undoubtedly leads to the incompleteness of our experiment. We will subsequently continue to collect 
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additional data to make the experiment more complete.  

 

 (A)                                      (B) 

 

(C)                                      (D) 
Fig. 12 Range data diagram of four fractions, the abscissa represents 10 actions, the ordinate represents 

the range, and the size is 0-1.  

 

 (A)                                      (B) 

 

(C)                                       (D) 
Fig. 13 Velocity data diagram of four fractions, the abscissa represents 10 actions, and the ordinate 

represents the velocity.  
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5 Conclusion  

In this paper, a method combining manual features with CNN is proposed for the evaluation and 

classification of finger tapping in patients with PD, which can provide reliable MDS-UPDRS scores for 

patients with PD. The evaluation method in this paper achieves the optimal accuracy of 79.7% on the 

self-built dataset, which provides a new idea for PD action evaluation. And using a lot of experiments, 

we prove that the manual feature we designed meets the scoring criteria of MDS-UPDRS, and verifies 

the rationality and reliability of this method. The method without wearing additional sensor for patients 

has obvious advantages in remote clinical evaluation. At the same time, the manual feature we designed 

are suitable for small sample classification, which effectively solves the problem of difficult data 

acquisition in medicine. In the future, we will continue to conduct research and analysis to further verify 

and improve the method proposed in this paper.  
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