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ABSTRACT

Hand action recognition in rehabilitation exercises is to automatically recognize what
exercises the patient has done. This is an important step in an Al system to assist doctors in
handling, monitoring and assessing the patient’s rehabilitation. The expected system uses videos
obtained from the patient's body-worn camera to recognize hand action automatically. In this
paper, we propose a model to recognize the patient's hand action in rehabilitation exercises,
which is a combination of the results of a deep learning network recognizing actions on Video
RGB, R(2+1)D, and a main interactive object in the exercise detection algorithm. The proposed
model is implemented, trained, and tested on a dataset of rehabilitation exercises collected from
wearable cameras of patients. The experimental results show that the accuracy in exercise
recognition is practicable, averaging 88.43% on the test data independent of the training data.
The action recognition results of the proposed method outperform the results of a single
R(2+1)D network. Furthermore, better results show a reduced rate of confusion between
exercises with similar hand gestures. They also prove that the combination of interactive object
information and action recognition improves accuracy significantly.

Keywords: Hand action recognition; Rehabilitation exercises; Object detection and tracking; R(2+1)D.
1. INTRODUCTION

Physical rehabilitation exercises aim to restore the body’s functions and toward the
improvement in life quality for patients who have a lower level of physical activity and
cognitive health worries. A rehabilitation program offers a board of activities, including
controlling muscle, gaiting (walking) and balancing, improving limb movement,
reducing weakness, addressing pain and other complications, and so on. In this study, the
rehabilitation focuses on physical exercises that are designed to manage the functional
hand or upper extremity of patients who undergo clinical treatments for catastrophic
disease, disc herniation, trauma, or accidental fractures. The main objectives are to take
advantage of artificial intelligence (Al) to help GPs handle, monitor and assess the
patient’s rehabilitation. The final goal tends to support the patients conventionally
performing their physical therapy at home. In a usual clinical setting, patients follow
exercises given by technical doctors, which play an essential role in rehabilitation
therapy. However, it is challenging to quantify scores because technical doctors usually
observe and assess with their naked eyes and experiences. In the absence of clinical
assistant tools, evaluation performances of the rehabilitation therapy are time-consuming
and prevent patients from deploying the rehabilitation routines in their usual
environment or accommodations. To address these issues, in this study, we deploy a
wearable first-person camera and other wearable sensors, such as accelerometers and
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gyroscopes, to monitor the uses of functional hands in physical rehabilitation therapy
(exercises). Patients are required to wear two cameras on their forehead and chest. The
cameras capture all their hand movements during the exercises and record sequences
regardless of duration. A patient participates in four of the most basic climb
rehabilitation exercises. Each exercise is repeated at a different frequency. Figure 1
illustrates the four rehabilitation exercises.

- Exercise 1 - practicing with the ball: pick up round plastic balls with hands and put
them into the right holes.

- Exercise 2 - practicing with water bottles: hold a water bottle and pour water into a
cup placed on the table.

- Exercise 3 - practicing with wooden blocks: pick up wooden cubes with hands and
try to put them into the right holes.

- Exercise 4 - practicing with cylindrical blocks: pick up the cylindrical blocks with
hands and put them into the right holes.

Exercise 4 - practicing with cylindrical blocks

Figure 1. Examples of rehabilitation exercises.

The automatic recognization of what rehabilitation exercises patients have done, their
ability to practice these exercises and their recovery levels will help doctors and nurses
to provide the most appropriate treatment plan for them. Wearable cameras will record
exactly what is in front of the patients. Camera movement is guided by the wearer's
activity and attention. Interacted objects tend to appear in the center of the frame. Hand
occlusion is minimized. Hands and exercise objects are the most important indicators for
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recognizing the patients’ exercises. However, recognizing a patient’s exercise from the
first-person video is more difficult than recognizing the action from the third-person
video because the patient's pose cannot be estimated when they are wearing the camera.
Moreover, the sharp change in the viewpoint makes any kind of tracking method
infeasible in implementation, so it is difficult to apply third person action recognition
algorithms.

The importance of egocentric cues for the first-person action recognition problem has
attracted much attention in academic research. In the last few years, several features
based on egocentric cues, including gaze, the motion of hands and head, and hand pose,
have been suggested for first person action recognition [1-4]. Object centric approaches
introducing methods to capture changing appearance of objects in the egocentric video
have been proposed [5, 6]. However, the features are manually tuned in these instances,
and they are performed reasonably well only for limited, targeted datasets. There have
been no studies in the direction of extracting egocentric features for action recognition
on egocentric videos of rehabilitation exercises. Hence, in this paper, we propose a
method to recognize the patient's hand action in the egocentric video of rehabilitation
exercises. The proposed method is based on the observation that the rehabilitation
exercises of patients are characterized by the patient’s hand gestures and interactive
objects. Table 1 shows a list of exercises and corresponding types of interactive objects
in the exercises. Based on this observation, we propose a rehabilitation exercises
recognition method which is a combination of R(2+1)D [7], RGB video-based action
recognition deep learning network and interactive object type detection algorithm.

Table 1. List of exercises and corresponding exercise objects.

Exercise Interactive object
1 Exercise 1 Ball
2 Exercise 2 Water bottle
3 Exercise 3 Wooden cube
4 Exercise 4 cylindrical block

The remaining of the paper is organized as follows. Section Il describes the proposed
method for a rehabilitation exercise recognition. Section Il presents experimental results
and discussions. Section IV concludes the proposed method and suggests improvements
for future research.

2. PROPOSED METHOD

2.1. Overview of the proposed method

In this study, we propose a model to recognize patient's rehabilitation exercises in
videos obtained from the patient's body-worn camera. In the proposed model, a R(2+1)D
deep learning network for RGB video-based action recognition is used to recognize the
hand action. The results of the R(2+1)D network are then combined with the results of
identifying the main interactive objects in the exercise to accurately determine the
exercise that the patient performs. The Pseudo code of the proposed method is presented
in figure 2.

An overview of the proposed model is depicted in figure 3. The model includes the
main components as follows:
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- R(2+1)D network for hand action recognition on RGB videos.
- Module for determining the type of interactive object in the exercise.

- Module for combining hand activity recognition results and interactive object type
to define exercises

Algorithm 1 Pseudo code of rehabilitation exercises recognition

{f:} < Sequence of consecutive frames
{0BJ_bbox} < Bounding boxs of objects in a frame

{Hand_bbox} < Bounding box of patient’s hand in a frame

P TCR N -

{ Prob_Recognize} < Probability of exercises performed in a video
{Score} < Relative position evaluation score between the hand and the
object
Input {f;} to R(2+1)D model get {Prob_Recognize}
for each frame in {f,} do
Input f; to Object detector get {OBJ bbox}
end for
10:  Input {f;} to Hand tracker get {Hand_bbox}
Comparing hand position and detecting objects in the frames, caculating
{Score} by E.q. (4)
12:  for each Exercise

oo =1 O

11:

13: Caculate scores of the Exercises by E.q.(5)
14: end for

15:  Select exercise performed in the sequence of frames with max score

Figure 2. Pseudo code of rehabilitation exercises recognition.
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Figure 3. Rehabilitation exercises recognition model.
2.2. R(2+1)D network for hand action recognition.
Deep learning models have achieved many successes in image processing and action
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recognition problems. In this study, we propose to use R(2+1)D deep learning network to
recognize patient hand action in a rehabilitation exercise video. The R(2+1) D
convolutional neural network is a deep learning network for action recognition which
implements R(2+1) convolutions inspired by the 3D ResNet architecture [8]. The use of
(2+1)D convolutions compared to conventional 3D convolutions reduces computational
complexity, avoids overfitting, and gives more nonlinear points allowing better modelling
of functional relations. The R(2+1)D network architecture is shown in figure 4. The R(2 +
1)D network performs a separation of time and space dimensions, replacing the 3D
convolution filter of size (t x d x d) with a block (2 + 1)D consisting of a 2D spatial
convolution filter of size (1 x d x d) and a 1D time filter of size (t x 1 x 1) (figure 5).

Layer name | Output size 18-layer | 34-layer
convl Lx56x 56 1x7x7,45
Ixlxl &4
1x3x3,64 1x3x3,64
comv x Lx56x 56 Ixlx1, 64 2 Ixlx1 64 3
- 3xix1, 64 | ¥ 1%x3x3,64| "
Ixlxl 64 Ixlx1 64
[1x3x3, 1287 [ 1x3x3, 128 |
L Ixix1,128 3x1x1l 128
conv3_x 7*28x28 1x3x3,128 |*2 | | 1x3x3, 128 | **
3x1x1,128 3x1x1 128
1x3x3,256 1x3x3, 256
. Exl4x14 3x1x1,256 | 3x1x1,256 |
conus_x 1x3x3,256 1%3x3, 256
3x1x1,256 3x1x1, 256
L 1x3x3 512 1x3x3 512
-xTx7 Ixlx1,512 3Ix1lx1, 512
5 & . ®2 d x3
cony_x 1x3x3,512 1x3x3,512
| 3x1x1,512 3xlx1, 512
Ix1x1 Pooling, fully connected, softmax

Figure 4. R(2+1)D network architecture.
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Figure 5. a) 3D convolution filter and b) (2+1)D convolution filter.

The framework for the patient's hand action in the rehabilitation exercise based on the
R(2+1)D network is presented in Figure 6. The framework includes the following steps:

- Step 1: Collecting rehabilitation exercise video data;
- Step 2: Labeling and dividing data into a training set and test set;
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- Step 3: Preprocessing data and training model with training dataset;
- Step 4: Evaluating the accuracy of the model with the test set.

frames sequence n frames
Training | L Random sampling |———»|  RG+OD
set model learning
Dataset ==
frames sequence n frames l I

Exercise
prediction

T ﬁ " el
ef 8 Uniform sampling |-——»
set model

Figure 6. Hand action recognition framework using R(2+1)D network.
Data preprocessing method

Because there are differences in each activity and in the duration of the patient's
activities in the exercises, the duration of each exercise video varies from patient to
patient. Frames are densely captured in the video, but the content does not change much,
S0 we propose using the segment-based sampling method introduced in [9]. This method
is an all-video and sparse type of sampling. This method has the advantage of eliminating
the duration limitation because of sampling over the entire video. It helps to incorporate
the video's long-range timing information into model training. The method is suitable for
collecting rehabilitation exercise video data, which overcomes the disadvantages of
different times of each exercise segment. The sampling process is as follows:

Step 1: Dividing segments

The exercise video is made of many consecutive frames, so we partition each video
into a set of frames at 30 fps (30 frames per second). All frames of the video are divided
into equal intervals (figure 7)

1 2 3 4
oan | mEe| phe | mEe ... mE

Figure 7. Dividing segments.
x is the total number of frames of the video; n is the number of segments we want to get.

Step 2: Selecting frames from segments

| ni.}[ :ﬁ-w[ -if | -il- | ...

. } e

Figure 8. Random sampling.
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- Trainning data: Randomize one frame in each segment to form a sequence of n
frames. This helps the training data to be more diverse because after each time the model
is trained, it can learn different features (figure 8)

- Testing data: Take a frame in the center of each segment to evaluate results (figure 9)

[n?. | -lﬁ- | -?- J -ﬁlI] o0e HINIEN

. } e

Figure 9. Sampling at the center of each segment.

The number of frames taken in each video is the power of 2 to fit the recognition
model, and exercise videos dataset with the duration of the exercise video is from 1.5 s -
3.5 s, equivalent to 45 -105 frames. The consecutive frames of a video do not make a big
difference in content, so we use n = 16 and resize the frames to 112 x 112 to fit the
training process with the R(2+1)D model.

2.3. Determining the type of interactive object in the exercise

YOLO 4

Object detector \
Ny = ‘ /
DeepSORT. ‘Merge tracks

=

- !

Location 0 potte
- — 1

comparation I

Wooden block

Cylindrical block

~

Detected hands

Hand tracking

Figure 10. Method of determining the type of interactive object.

Figure 10 describes the method for determining the type of interactive object in the
exercise. The method includes the following steps:

- Step 1: Detecting objects on frames;
- Step 2: Identifying the patient's hand on the frames;

- Step 3: Comparing hand position and detecting objects in the frames to determine
the type of interactive object.
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Consecutive frames in the exercise video are fed into the object detection network to
detect objects (object type, bounding box of object) in the frames. In the meantime, these
consecutive frames are also passed through the hand tracker to identify patient's hand on
each frame. Finally, through an algorithm that compares the relative positions of hands
and objects across all frame sequences, the type of interactive object will be determined.

Object detector

We propose to use Yolov4 [10] object detection network to detect objects on
exercise frames. Yolo is a lightweight object detection model, which has the
advantages of fast speed, low cost of computations and small number of model
parameters. We used 2700 images of rehabilitation exercises labeled with object
detection (object type, object bounding box) to train the Yolov4. Labeled objects
include the following 4 types: ball, water bottle, cube and cylinder. These are the types
of interactive objects in the exercises.

Patient’s hand tracking in consecutive frames

We use the hand tracker proposed in [11] to track the patient’s hand on the
consecutive frame sequence of the exercise video. This is a two-step tracker to detect and
locate the patient’s hand per frame. First step, a DeepSORT model is used to perform
hand tracking task. The second step, we use the Merge-Track algorithm to correct the
misidentification of the hand bounding boxes from the results of the first step.

Compare locations and determine the interactive object type

The interactive object in the exercise is defined as an object whose distance to the
hand varies at least across frames, and it has the largest ratio of intersecting areas to the
patient’s hand. Therefore, we propose an algorithm to determine the type of interactive
object as follows:

- For every i-th frame in a sequence of n consecutive frames, calculate the score
to evaluate the position between the hand and each object on the frame, according to
the formula:

Inter(OB]_bboxk,j,i, Hand_bbox;) L
OBJ_bboxy ; (1)

Where: OBJ_bbox, ; - Bounding box of k-th object of class j. Hand_bbox; -

Bounding box of patient’s hand on the i-th frame; Inter (O, H) is the intersection
between O and H

- Calculate the relative position evaluation score between the hand and the j-th object
on the i-th frame:

Scorelk,j,i] =

Scorelj,i] = kegrg?ét_j{.?core[k,], i)} ()

Where = 1 + 4 : is the j-th object class, k is the k-th object of the j-th object class. If
Yolo does not detect any object of the j-th object class in the frame, then Score(j,i] = 0.

- Calculate the relative position evaluation score between the hand and the j-th object
class in a sequence of n consecutive frames:

Score[j] = Z Scorelj, ] 3)
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- Normalize the position evaluation score to the interval [0,1]:
Score[j]

Score[j] = =———
corelj] -1 score[j]

(4)

The output of the comparison algorithm is the relative position evaluation score
vector between the feature class and the handset {Score[j],j =1+ 4}. Where the
higher the evaluation score, the higher probability that the object class is the type of
interactive object.

2.4. Combining hand action recognition results and interactive object type to
identify the exercise

In the rehabilitation exercises video dataset, there are a number of similar exercises
i.e. the hand gestures are very similar in these exercises. The hand action recognition
network is very easy to mispredict these exercises. On the other hand, from studying the
exercise video data, we know that each rehabilitation exercise is characterized by a type
of interactive object. Therefore, we suggest incorporating information about the type of
interaction object to accurately determine the exercise that the patient did in the video:

- The output of the action recognition network is a probability vector that predicts
exercises performed in a sequence of frames: {Prob_Recognize[j],j = 1 + 4}.

- The output of the model determines the type of interaction object is a vector that
evaluates the possibility that the object class can be an interactive object type of exercise:
{Score[jl,j=1+4}.

- Calculate scores of the exercises:

Score_exercise[j] = Prob_Recognize[j] X Score]j] (5)
- The exercise performed in the sequence of frames is exercise j,:
Jo = argmax{Score_exercise[j|} (6)
j=1+4

3. EXPERIMENTAL RESULTS AND DISCUSTION

3.1. Dataset

We use the RebHand dataset collected from 10 patients at the rehabilitation room of
Hanoi Medical University Hospital. Participating patients are asked to wear two cameras
on their forehead and chest and two accelerometers in both hands during the exercise.
The camera records all the patient's hand movements during the exercises. Recorded
videos are divided into exercise videos and labeled. A total of 431 exercise videos of 10
patients. Length of each video from 2-5s. Table 2 shows the statistics of the number of
exercise videos of 10 patients.

Table 2. The number of exercise videos of 10 patients.
Patient Exercise1l Exercise2 Exercise3 Exercise4 Train Test

1 Patientl 10 32 11 12 X
2 Patient 2 26 8 17 9 X
3 Patient 3 23 6 9 X
4  Patient 4 9 4 X
5 Patient5 15 7 13 X
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6 Patient6 6 X
7 Patient7 8 4 9 X
8 Patient 8 7 6 8 X
9 Patient9 16 23 47 30 X
10 Patient 10 10 6 22 18 X
Total 124 96 97 114

The exercise videos of the “RehabHand” dataset are divided into 2 sets: training set
and test set. The training set consists of data from 7 patients. The test set includes the
data of the remaining 3 patients.

3.2. Implementation and evaluation metric

The proposed models are implemented using Python and Pytorch Tensorflow
backend. All algorithms and models are programmed/trained on a PC with a GeForce
GTX 1080 Ti GPU. The action recognition network is updated via Adam optimizer, the
learning rate of Adam is set to 0.0001. The model is trained 30 epochs and the model
generated at the epoch with a max accuracy value on the validation set is the final model.

We used classification accuracy and confusion matrix to evaluate the proposed
recognition methods.

3.3. Evaluating the accuracy of the network R(2+1)
- Training stage

We implemented the R(2+1)D network and trained the network using the
“RehabHand” dataset for exercise recognition with training data consisting of exercise
recording videos of 7 patients. The dataset is divided into 8:2 ratio for training and
validation. The model is trained with the following parameters: Batch_size = 16,
Input_size = 112x112, epoch = 30.

Figure 11 illustrates the average accuracy of the model during training, and table 3
presents the result of the model's accuracy for each exercise. The table and figure show
that the average accuracy value of the model is practicable at 86.3%. Being 69%, the
accuracy of the experiment for Exercise 3 is much lower than the ones for another
exercise. It is because that experiment 3 is mistaken as Experiment 1, up to 31% (figure
12). In fact, these two exercises have the same space and implementation method, and
they have a quite similar scene and hand gestures. The results of the remaining exercises
are very high with exercises 1 and exercises 2 at 94%, exercise 4 at 93%.

Table 3. Accuracy of the model in the training stage

Exercise Accuracy (%)
1 Exercise 1 94
2 Exercise 2 94
3  Exercise 3 69
4 Exercise 4 93
Average 86.3

- Accuracy on the test dataset

After training the model R(2+1)D, the best parameter of the model is saved. Next, we
evaluate the accuracy of the model on the test set of 216 exercise videos of 3 patients,
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independent with the training data. The accuracy and the confusion matrix with 4 classes
of exercises according to the number of videos in the test set are shown in Table 4 and
Figure 13, respectively. The accuracy of exercise recognition on the test set is 86.11%.
This result is quite similar to the training result. Exercises 2 and Exercises 4 have good
recognition results. However, Exercises 1 and Exercises 3 have lower accuracies because
there are mutual mistakes between the two exercises.
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Figure 11. Accuracy of the model Figure 12. Confusion matrix of the
during training. network R(2+1)D on the training set.
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Figure 13. Confusion matrix of the network R(2+1)D on the test set.
Table 4. Recognition accuracy on test set.
Exercises Videos Number of videos correctly recognized Accuracy (%)

Tue label

1 Exercise 1 41 27 65,85
2 Exercise 2 62 62 100
3 Exercise 3 58 45 77,59
4 Exercise 4 55 52 94,54
Average 86,11

3.4. The accuracy of determining interactive object type

We perform this test to evaluate the accuracy of determining the interactive object
type method with the test set. The test method is as follows: consecutive frames in the

Journal of Military Science and Technology, Special issue No.6, 12- 2022 87



Computer science and Control engineering

exercise video are fed through an object detection network to identify the objects (object
type and object bounding box) in each frame. At the same time, these consecutive frames
are also passed through the hand tracker to identify the position of the patient’s hand on
each frame. The results of the object detector and the hand tracker are used to calculate
the score vector that evaluates the object classes {Score[j],j =1+ 4}. The type of
interactive object in the video is the j,th object: j, = argmax {Score[j]}. The
j=1+4
accuracies of determining the interactive object type of the exercises are shown in table
5. This table shows that the accuracy of the method for determining the type of
interaction in the exercises is high with the average is 80.09%. The highest is the water
bottle object with an accuracy of 93.55%. The lowest is a cylindrical object with an
accuracy of 76.36%. It is because the large water bottle object in the frame is not
obscured much, so the object detector is easy to detect correctly. Whereas the cylindrical
object is quite small and obscured by the hand, so object detection is difficult to detect
this type of object.

Table 5. Accuracy of interactive object type determination.

Object Videos Correct determination Accuracy (%)
1 Ball 41 33 80,49
2 Water bottle 62 58 93,55
3 Wooden cube 58 40 68,96
4 cylindrical block 55 42 76,36
Average 80,09

3.5. Accuracy of the proposed combined exercise recognition method

In this experiment, we implement the proposed rehabilitation exercise recognition
model and evaluate the model on the test set of 3 patients. The steps to predict the
exercise according to our method are as follows: The frame sequence is sampled and fed
into the R(2+1)D network to get the probability prediction vector. At the same time, the
frame sequence is passed through the interactive object type determination algorithm to
calculate the object type evaluation score vector. The two output vectors are then
combined to determine the exercise on the video according to the method presented in
section 2.4.

Table 6 shows the accuracy for each exercise, and figure 14 illustrates the confusion
matrix. The average exercise recognition accuracy is 88.43%. Exercises 2 and Exercises
4 have fairly good recognition results while Exercises 1 and Exercises 3 have lower
results. There is still confusion between exercise 1 and exercise 3, but the number of
confusions is less than the result of exercise recognition of the network R(2+1)D.

Table 6. The accuracy of exercise recognition on the test set of the proposed method
Exercises Videos Number of videos correctly recognized Accuracy (%)

1 Exercise 1 41 33 80,49
2 Exercise 2 62 61 98,39
3 Exercise 3 58 47 81,03
4 Exercise 4 55 50 90,91

Average 88,43
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Figure 15 illustrates a chart comparing the accuracy of the exercise recognition of the
proposed method and the R(2+1) D network. This figure shows that the problem
recognition accuracy of the proposed method is generally greater than the accuracy of
the R(2+1)D network. The proposed method improves the average accuracy from
86.11% to 88.43%. Especially, for the exercise 1, the proposed method has a remarkable
increase of 14.64% in the accuracy of recognition from 65.85% to 80.49. This is because
the algorithm determines the type of interactive object as "Ball" quite well, and the
information is added for the recognition of "Exercise 1" more accurately. Hence, it helps
to reduce the number of mutual mistakes with “Exercise 3” where the interactive object
is “wooden cube”.

60

True label

- 20

- 10

4

Predicted label
Figure 14. Confusion matrix of the proposed method on the test set.
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Figure 15. Recognition accuracy of four exercises using the proposed method
versus R(2+1)D network.
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4. CONCLUSIONS

The paper proposes a method of recognizing hand action in rehabilitation exercises,
I.e., automatically recognizing the rehabilitation exercise of patients from the egocentric
videos obtained from wearable cameras. The proposed method combines the results of
the deep learning network R(2+1)D for RGB video-based action recognition and the
algorithm to determine the type of interactive objects in the exercise, thereby giving the
exercise recognition results with high accuracy. The proposed method is implemented,
trained, and tested on the RehabHand dataset collected from patients at the rehabilitation
room of Hanoi Medical University Hospital. The experimental results show that the
accuracy of the exercise recognition is high and practicable and superior to the
recognition results of the R(2+1)D network. It illustrates that the proposed method can
reduce the rate of confusion between the exercises having similar hand gestures. It also
proves that the algorithm for determining the type of interactive objects in the exercises
is good to produce good results. In the future, we will continue to perform experiments
with other action recognition networks to improve the accuracy and speed of the
recognition model.
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Phwong phap nhan biét hoat dong tay trong bai tap phuc hdi chirc niing sir dung
mang hoc siu nhian dang hoat dgng va thong tin xac dinh doi tweng twong tac

Nhén dang hoat déng ciia tay trong cdc bdi tdp phuc hoi chirc nang chinh 1 tw
dong nhdn biét bénh nhdn da tdp nhitng bai tdp PHCN nao, ddy la budc quan
trong trong hé thong Al hé tro hé tro béc sy danh gid kha nang tdp va phuc hoi
ciia bénh nhan trong cdc bai tdp phuc hoi chirc ndng. Hé thong ndy sir dung cdc
video thu dwoc tir camera deo trén nguoi bénh nhdan dé te dong nhan biét va danh
gid kha nang tdgp PHCN ciia bénh nhédn. Trong bdi bdo ndy ching téi dé xudt mét
mé hinh nhdn biét hoat dong cua tay bénh nhan trong cac bai tap phuc hoi chirc
nang. M6 hinh nay la sw két hop cia két qua mang hoc sdu nhdn biét hoat déng
trén Video RGB R(2+1)D va thudt todn phat hién doi twong twong tic chinh trong
cdc bai tap, tw do cho ra két qua nhan biét bai tap cua bénh nhdn voi do chinh xdc
cao. Mé hinh dé xuat dwoc cai dat, hudn luyén va thu nghiém trén bo dir liéu vé
cdc bai tdp phuc hoi chire ndng thu thdp tir camera deo ciia cdc bénh nhédn tham
gia bai tap. Két quad thuc nghiém cho thcfy do chinh xdc trong nhdn dang bai tdp
kha cao, trung binh dat 88,43% trén cac dir liéu thur nghiém doc lap voi dir liéu
hudn luyén. Két qua nhdn dang hoat déng ciia phwong phdp dé xudt vieot tréi so
Voi két qua nhdn dang cua cua mang nhdn dang hoat dong R(2+1)D va lam giam
ti 1é nham lan gitta cdc bai tdp co cu chi tay gan giong nhau. Sy hop két qua thudt
todn xdc dinh doi twong twong tac trong bai tdp da lam cdi thién dang ké do chinh
xac cua mo hinh nhan dang hoat dong.

Tir khoa: Nhan dang hoat dong; Bai tap phuc hdi chirc nang; Theo ddi va phat hién déi twong; R(2+1)D.
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