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Abstr act: gesture recognition has always been a research hotspot in the field of
human-computer interaction. Its purpose is to realize the natural interaction with the
machine by recognizing the semantics expressed by gesture. In the process of gesture
recognition, the occlusion of gesture is an inevitable problem. In the process of
gesture recognition, some or even all of the gesture features will be lost due to the
occlusion of the gesture, resulting in the wrong recognition or even unrecognizability
of the gesture. Therefore, it is of great significance to study gesture recognition under
occlusion. The SSD algorithm is analyzed, and the front-end network is compared.
Mobilenets is selected as the front-end network, and the Mobilenets-SSD network is
improved. In tensorflow environment, based on the improved network model, the
self-occlusion gesture and object occluding gesture are trained in color map, depth
map and color and depth fusion respectively, and the recognition models of
self-occlusion gesture and object occluding gesture are obtained. And the various
models are compared and analyzed.
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1. Intr oduction
The realization of gesture recognition brings a new immersive experience for
human-computer interaction. Due to the nature and simplicity of interaction, gesture
recognition technology based on vision has been greatly developed in recent years.
However, due to the variability of external environment and the flexibility of hand
posture, the current gesture recognition technology cannot replace the existing
interaction equipment, so it is imperative to further study gesture recognition
technology. Color image can provide clear appearance, texture and other features,
depth image can overcome the sensitivity of light changes, has good robustness to
light, and can provide clear shape and edge information, and in the normal
human-computer interaction process, gesture will have the situation of blocking.
Therefore, in the case of occlusion, how to use depth and color information to
correctly recognize the occlusion gesture is the difficulty in the current
human-computer interaction technology[1].
In order to solve the occlusion problem in the process of gesture recognition, this
study uses the improved SSD algorithm for occlusion gesture recognition, and collects

a large number of object occlusion gesture and self-occlusion gesture data samples to
establish the gesture database for research; using the self-established database, the
improved SSD algorithm is trained by color map, depth map, color map and depth
map fusion respectively, and three kinds of packages are obtained Occlusion gesture
recognition models including self-occlusion and object occlusion are proposed, and
the recognition results of the three models are analyzed and compared.
The rest of this paper is organized as follows. Section 2 is about the related research
in this field. Section 3 introduces the improvement of SSD network. Section 4
describes collection of gesture database and preprocessing of gesture data. Section 5
carries on the model training and the recognition result analysis and the contrast.
Section 6 draws the conclusion and gives the discussion of future work.
2. Related Wor k
For static gesture recognition, Singha et al extract the hand image from the original
image by image processing technology such as skin color filtering and edge
detection[2], then use the KLT (Karhunen-Loeve Transform) algorithm for feature
extraction, and finally effectively classify and recognize the gesture. Kuznetsova and
others first transform the depth map of gesture into point cloud, then extract the
descriptor of shape function set (ESF) [3], classify gesture through multi-layer random
forest, reduce training time and achieve better recognition effect. Maqueda and others
proposed a vs-lbp video descriptor for dynamic gesture recognition[4], which can
provide more abundant spatiotemporal information and has controllable computing
cost. Priyal et al extracted the Krawtchouk feature of the contour to represent the static
gesture[5], and used the minimum distance classifier to classify. This method has
strong robustness to similarity transformation and perspective deformation. In gesture
recognition, the most direct and simple method is to use the unique shape and contour
of human hand in the human-computer interaction environment. The method based on
shape matching matches the pre constructed shape model and observed shape features.
Belongie and others proposed the method based on shape detection and matching for
gesture recognition[6]. They introduced context descriptor method and context
description method This method is used to detect similar shapes in different images
and achieves better results.
With the continuous development of convolutional neural network, gesture
recognition based on deep learning has achieved good results. Proposed a typical
gesture recognition method based on LFMCW (linear frequency modulated
continuous wave) radar range-Doppler (RD) information and convolutional neural
network. Using LFMCW radar echo, the two-dimensional Rd image data of gesture
target is obtained, and the RD image amplitude matrix is used as CNN input sample to
achieve effective recognition of gesture action. For robust gesture recognition in noisy
background and unconstrained environmental factors, Dadashzadeh A and others
proposed a new two-stage convolution neural network, called HGR net, is proposed [7].
In the first stage, accurate pixel level semantic segmentation is carried out to
determine the hand area, and in the second stage, gesture recognition is carried out.
The phased network structure is based on the combination of full convolution residual
network and spatial pyramid pooling. In the recognition stage, the dual stream CNN

network is used to fuse the RGB information and the segmented image information,
and their depth representation is combined into a new full connection layer before
classification. The test results on the public dataset show that the method achieves
high recognition rate in image segmentation and static gesture recognition.
In human-computer interaction, gesture recognition under normal conditions will
have intermittent occluded gestures. How to recognize gesture under occluded
conditions is a research difficulty[8]. Rangesh A and others proposed a gesture
detection framework using monocular camera under occlusion [9]. In order to prove
the robustness of the detection framework, the detection framework is evaluated on a
challenging and occluded natural driving data set. The figures of the driver's hand
movement in the data set are reliable. In addition, the framework also encodes and
learns the complex gesture interaction actions offline, and makes the best choice in
data association. Mueller F and others proposed a method of occlusion hand pose
estimation based on RGB-D camera, using two CNN networks to locate the position
of hand and 3D joint regression of hand[10]. In the case of occlusion or no occlusion,
CNN is used to estimate the two-dimensional position of the hand center, then input
the corresponding depth value, and input it to the second CNN network at the same
time, so as to realize the regression of the three-dimensional hand joint position, so as
to realize the gesture recognition under occlusion. In order to solve the problem of
self-occlusion of hand gestures, Poon G and others proposed a method based on multi
view feature fusion to recognize hand gestures[11]. A multi camera system is
constructed, which uses multiple cameras with different viewing angles to obtain
multi view hand potential data, uses its shape and color features to train the hand
gesture data set, uses the method of weighted fusion, uses different classifiers to
predict the results, and the experimental results show that the multi view recognition
effect is better than the single view.
3. Impr oved SSD networ k
3.1 SSD network framework structure and principle
Based on the feedforward convolution network, SSD generates a fixed size frame
set and scores the detailed target categories in the frame. Then, the final detection
results are generated by the non maximum suppression step. As shown in Figure 1, a
default box with different aspect ratio is generated at each pixel of the feature map,
and then each default box is regressed and classified. In figure (a), the SSD network
only needs a real label of each target during the input image and training period, and
evaluates a small set of default boxes with different aspect ratios at each location in
several feature maps on different scales (As shown in
and
in figures (b)
and (c)) by convolution. For all default boxes, the shape offset and confidence of all
object categories (

) are predicted. During training, these default boxes are

first matched to the real label boxes[12-15].

Figur e 1. SSD default box

SSD network adds several feature layers at the end of the basic network. These
feature layers predict the default frame of different scales and aspect ratio and their
correlation confidence. A set of default bounding boxes is associated with each
feature mapping unit for use with multiple feature maps at the top of the network. The
default box is tiled by convolution, so that the position of each default box relative to
its corresponding cell is fixed [15-17]. In each feature mapping cell, the offset from the
default box shape in the cell is predicted, as well as the rating of each category that
indicates the detailed category in which each box exists.
3.2 Mobilenets-SSD network
Mobilenets is a model for mobile devices and embedded visual applications. It is
based on streamline structure and uses Depthwise separable convolution to build
lightweight depth neural network. Mobilenets decomposes the convolution kernel
mainly through the depth separable convolution, and decomposes the standard
convolution into a depth convolution and a
point convolution[18]. For this deep
convolution, a single filter can be applied to each input channel, and then the point
convolution applies
convolution is combined with the output of the deep
[19]
convolution
. In addition, two super parameters, width multiplier and resolution
multiplier, are introduced into the network. These two parameters make the network
model reach a balance in terms of delay and accuracy [20]. The width multiplier is
mainly used to reduce the number of input and output channels, and the resolution
multiplier is used to reduce the size of the input and output characteristic map.
(1) Standard convolution
The standard convolution is to accept the input as
and get the output as
square feature map with input,

feature map
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[21-23]
. The output of the standard convolution feature map is calculated as:

（1）
In the formula:
、 are the height and width of the output characteristics respectively;
、

are the height and width of convolution kernel;

、 are the number of input and output channels respectively.
(2) Depth separable convolution
Depth separable convolution is divided into two steps: depth convolution and point
convolution. Each convolution kernel is used for each input channel by depth
convolution, and then point convolution of
is used to combine the output of
[24-25]
depth convolution
.
The single filter of each input channel of deep convolution can be as follows (2):
（2）
In depth convolution, the size of convolution kernel is
calculation amount of depth convolution is

; In the calculation of

point convolution, the size of convolution kernel is
amount of point convolution is

, and the

, the calculation

, the calculation amount of depth

separable convolution is

, and the calculation

amount ratio of standard convolution and depth separable convolution is as shown in
equation (3):
（3）
Mobilenets uses the depth separable convolution of
, so the computation is 8-9
[26]
times less than the standard convolution .
(3) Width multiplier and resolution multiplier
Width multiplier is used to reduce the number of channels, which is represented by
. the value range is generally
, that is, when the original number of input
and output channels is

, the channel numbers are

respectively after

introducing the super parameter width multiplier. When the width multiplier is
introduced [27], the computation amount of depth separable convolution is
.
Resolution multiplier is used to reduce the size of the feature map in proportion,
which is represented by

. Therefore, after the introduction of resolution parameters,

the total calculation amount of the depth separation convolution network is
, and the calculation amount that
can be reduced is

.

As shown in Figure 2, the network detection framework of Mobilenets-SSD is to
replace the front-end network vgg16 in SSD network with Mobilenet, which removes
the global average pooling layer, full connection layer and sofamax layer of
Mobilenet network, and then connects the back-end detection network of SSD to form
the Mobilenets-SSD network [28]. Because the depth of the front-end network of
Mobilenets SSD network is deeper than that of SSD network, the depth of the whole
model is greater than that of SSD network. From the perspective of SSD back-end
detection network, both Mobilenets-SSD and SSD network use feature extraction
from six scale feature map for detection. Because Mobilenets-SSD network uses deep
separable convolution, the resolution of feature map of back-end detection network is
only half of SSD network, so the network has less computation and computational
complexity[29].

Figur e 2. MobileNets-SSD networ k str uctur e

3.3 Impr oved MobileNets-SSD networ k
The depth neural network is composed of
represented by
it contains

layer structure. The

. the output dimension of its activation layer is
channels, and each channel has

layer is
, that is,

pixels. Generally speaking, it

is considered that the set of activation layers forms a "manifold of interest", which is
embedded in the low-dimensional subspace through the manifold of interest in the
neural network. In other words, when we look at all the individual channel pixels in
the deep convolution, the information exists in some kinds of maniford in some
encoding way and then is embedded in the low-dimensional subspace. Roughly
speaking, we can reduce the dimension of the activation space by reducing the layer
dimension. Mobilenets network uses this point to reduce the dimension of the

activation space by the wide high multiplier until the manifold of interest spans the
whole space [30-32]. But when the depth neural network makes nonlinear transformation
to each coordinate, this method fails. For example, when using the ReLU activation
function to make nonlinear changes, a line in one-dimensional space will generate a
ray, while in

space, a piecewise linear curve with n joints will usually be

generated. Generally speaking, when the activation function is ReLU, the function of
the neural network is equivalent to a linear transformation in the non-zero part of the
input domain. As shown in Figure 3, the ReLU transformation of a low dimensional
manifold embedded in a high dimensional space. The input is a two-dimensional helix.
Firstly, the input is mapped to the n dimension through the matrix, then to the
two-dimensional space through the ReLU function, and finally to the two-dimensional
space through the transposition matrix of the matrix. When
or
, we can
see that the center point collapses, the information loss is very serious, and when
or higher, the information is relatively complete. Because when the number of
channels is small, the information is concentrated in these channels. If some values
are less than 0, they will be lost by the ReLU activation function. However, when the
number of channels is large, the information is scattered and redundant, so the value
regressed to 0 through ReLU activation may not affect the storage of too much
information. This shows that the nonlinear transformation in low dimensional space
will lose a lot of information, which may not exist when the latitude is high.

Figur e 3. ReLU tr ansfor mation of embedded low dimensional manifold in high dimensional
space

Therefore, by improving the network structure to avoid the loss of feature
information in the low-dimensional space, the improved network is shown in Figure 4.
By replacing the activation function ReLU after point convolution (PW) in the depth
scalable convolution, the dimension of the low-dimensional feature space will not be
reduced again, thus ensuring the features in the low-dimensional space [33-35].

Figur e 4. Linear r obot str uctur e

Because the depth separable convolution itself has no ability to change the number
of channels, the number of channels given by the previous layer can only be output. If
the number of channels given by the previous layer is small, the depth separable
convolution can only extract features in low dimensional space, so the effect is not
good. In order to solve this problem, it is necessary to increase the dimension of the
channel number before the depth separable convolution, and use the point convolution
in the residual structure to increase the dimension of the channel number. Therefore,
before the depth separable convolution (DW), the point convolution (PW) is used to
increase the dimension of channel number, and the dimension increasing coefficient is
defined as

, so no matter what the input channel number

dimension increasing, DW works in a relatively higher dimension

is before the
after PW

dimension increasing, which improves the feature extraction effect [36-38]. The
comparison between the improved network structure and the mobilenets structure is
shown in Figure 5.

Figur e 5. Impr oved mobilenets ar chitectur e

The improved MobileNets-SSD network improves the efficiency of feature
extraction by improving the network structure of Mobilenet. The improved network
structure of MobileNets-SSD and the network structure based on MobileNets-SSD are
basically unchanged. The front-end feature extraction network Mobilenet is improved.
The back-end network still uses the back-end detection network of SSD to extract
features from six different scales, so as to improve the efficiency of feature extraction
The detection effect of the whole network on low dimensional channels.
4. Gestur e database and gestur e pr epr ocessing
4.1 gesture database
In this paper, we study occlusion gesture recognition based on convolutional neural
network. Gesture is self-occlusion gesture and object occlusion gesture respectively.
So when we collect gesture, we need to collect self-occlusion gesture and object
occlusion gesture respectively, and build its database. In this paper, Kinect is used to
collect the color data and depth data of occlusion gesture. The color data contains
color, texture and other features. The depth information of objects in the depth data
does not contain color and other information, and the depth data is not sensitive to
light and environmental changes. In this paper, the hand gesture recognition model is

established based on color information, depth information and depth and color
information fusion respectively [39-41]. Therefore, when collecting images, we need to
pay attention to the collection of hand gesture data under different background and
light conditions, so that the hand gesture recognition model has good robustness. In
this paper, four kinds of self-occlusion gesture data are collected, and the color map
and depth map of four kinds of gesture are defined as shown in Figure 6. Considering
the difference of gesture, four samples of gesture were collected for each gesture.
Under different background, 9600 color images and 9600 depth images were obtained
respectively, 8000 of which were training sets and 1600 were test sets. The color
database and depth database of self-occlusion gesture were established.

Figur e 6. Self-occlusion gestur e

The gesture of object occlusion can be recognized under the condition of occlusion
or not, the occlusion rate of the whole hand gesture is 0-20% in this study, that is, the
occlusion area does not exceed 20% of the whole hand area. When collecting gesture
data, a large number of unobstructed gestures (occlusion rate 0%) and occluded
gestures with occlusion rate less than 20% are collected to establish occluded gesture
database[42-43]. The five defined occlusion gestures are the five gestures with numbers
1-5 in ASL sign language library, as shown in Figure 7, which are color and depth
maps of the five occlusion gestures. Five kinds of gestures in ASL gesture database
are selected to obtain 10625 color and depth images of five kinds of gestures in
occluded and unobstructed conditions, among which 8500 constitute the training set
and 2125 constitute the test set. The color database and depth database of object
occluded gestures are established respectively.

Figur e 7. Gestur e of object occlusion

4.2 Data preprocessing
The color gesture database of two hand gesture and one hand gesture is annotated
by labelimg. The four gestures selected from the two hand gesture database are
marked as gesture1, gesture2, gesture3 and gesture4. The gestures in the one hand
gesture database represent 1-5 gestures selected from the ASL gesture database,
which are respectively marked as hand1, hand2, hand3, hand4 and hand5. After
labeling the gesture database, each picture will generate an XML file, which contains
the file name, picture size, category information and coordinate information of the
gesture [44].
After the data is annotated, the XML file with annotation information and the
image data are transformed into the file for training under the Tensorflow deep
learning framework, and the file format is TFRecord. The training set and test set are
carried out in the above steps respectively, so far the data preprocessing is completed,
and the model training files under the color map are obtained. Kinect's color map and
depth map are aligned, so the manual annotation file of color map can be directly used
in depth map, and together with depth map, it can be transformed into TFRecord file
that can be used for training under Tensorflow framework, and the file that can be
used for model training under depth map can be obtained [45-48]. In order to use both
color image and depth image for gesture recognition, it is necessary to fuse the
information of color image and depth image. The fusion mode of color information
and depth information based on traditional neural network is generally divided into
pre fusion, feature layer fusion, post fusion and full connection layer fusion. In this
paper, the pre fusion method is adopted, and the color information and depth
information are used for occlusion gesture recognition. Because the color map and
depth map are aligned, the color map and its corresponding depth map are fused to get
four channel images[49-51], and then they are processed together with the label file to
get the test set and training set of the fusion data of self-occlusion gesture and object
occlusion gesture in Tensorflow framework.
5. Exper iment
5.1 Hand gesture recognition model based on SSD network

(1) Hand gesture recognition model based on color image
Call the training and testing configuration file, start to train the two hand gesture
recognition model of color map. In the training process, gradient descent method is
also used to train, and the batch_size is set to 32, the initial learning rate is set to 0.004,
the learning rate of 30000 steps per iteration decreases to 95%, and the number of
iterations in the whole training process is 200000. Learning rate is an important
parameter in deep learning. Choosing appropriate initial learning rate is the key to
whether and when the model converges. Of course, the smaller the learning rate is, the
easier it is to make the model converge, but the training time will be multiplied, so it
is necessary to choose the appropriate initial learning rate[52-53]. After the parameters
in the configuration file are correctly configured, the training process file will be
generated from step 0 to step 200000 in the training process. After completing the
whole training process, the model file which iterates to 200000 steps is transformed
into pb model file and saved to get the two hand gesture recognition model under the
color background.
(2) Hand gesture recognition model based on depth map
In order to compare the effect of hand gesture recognition with that of color
background, the network structure and parameter configuration of hand gesture
recognition model training based on depth map are the same, only the test set
(train.record) and training set (test.record) change to the corresponding depth data set.
The training method is the same as that in the color background, the gradient descent
method is also used in the training, the batch_size is set to 32, the initial learning rate
is 0.004, and the learning rate of every 30000 steps decreases to 95%. The training
process has 200000 iterations in total. During the training process, training process
files will be generated continuously. After the training, the training process files will
also be converted into pb model files.
(3) Hand gesture recognition model based on color and depth features
In the data preprocessing, the test set and training set of the fusion data have been
obtained. The model of hand gesture recognition based on color and depth fusion also
adopts the improved Mobilenets-SSD network structure, so only the data set needs to
be replaced by the test set and training set of color depth fusion in the training process.
The training method is the same as that in color background and depth background,
the gradient descent method is also used in training, the batch_size is set to 32, the
initial learning rate is 0.004, and the learning rate of every 30000 steps decreases to
95%. The training process has 200000 iterations in total. The training process files
will be generated continuously during the training process. After the training, the
training process files will also be converted into pb model files to obtain the two hand
self-occlusion gesture recognition model based on color and depth fusion.
5.2 Recognition model of occlusion gesture based on SSD network
(1) Recognition model of occlusion gesture based on color image
The gesture recognition based on object occlusion also adopts the improved
MobileNets-SSD network structure, which is basically the same as the configuration
parameters of the two hand self-occlusion gesture recognition model. After the
pre-processing of data, the data set of occlusion gesture in color background is

obtained. The training set and test set are replaced by the training set and test set of
occlusion gesture in color background. Because the same network architecture is used,
the parameters in the configuration file are basically the same, the gradient descent
method is also used in training, the batch_size is set to 32, the initial learning rate is
set to 0.004, the learning rate of 30000 steps of each iteration is reduced to 95%, and
200000 steps of the whole process are iterated. Five kinds of gestures are set for
object occlusion gesture, and the information of five kinds of gestures are marked in
the label file.
After completing the parameter setting of the configuration file, start to train the
object occlusion gesture recognition model based on the color background. During the
training process, the training process file will also be generated with the number of
iteration steps. After the training, the training process file is transformed into a pb
model file, and then an object occlusion gesture recognition model in color
background is obtained.
(2) Recognition model of occlusion gesture based on depth map
In the training process, the system environment and network structure configuration
are the same as that in the color background. Only the color data needs to be replaced
by the depth data. The training of recognition model in depth background is the same
as that in color background. In order to compare the recognition effect of color
background and depth background, the gradient descent method is also used in
training, the batch_size is set to 32, the initial learning rate is set to 0.004, the number
of iteration steps is 200000, and the learning rate of each iteration 30000 steps
decreases to 95%.
After the completion of parameter configuration, start the training of occlusion
gesture recognition based on the depth background. During the training process, the
training process file will also be generated continuously, which will be converted into
pb model file, so as to get the gesture recognition model based on object occlusion in
the depth background[54-56].
(3) An object occlusion gesture recognition model based on color and depth
features
In the data preprocessing, through the pre fusion, the training set and test set of the
fusion data of the object occlusion gesture are obtained. Because of the improved
MobileNets-SSD network structure, only the data set needs to be replaced by the
fusion data set. The training method is the same as that based on color map or depth
map, the gradient descent method is also used in training, the batch_size is set to 32,
the initial learning rate is 0.004, and the learning rate of every 30000 steps decreases
to 95%. The training process has 200000 iterations in total. The parameter settings are
the same, which is more scientific when comparing the results. The training process
files will be generated continuously during the training process. After the training, the
training process files will be converted into pb model files, and the two hands
self-occlusion gesture recognition model based on color and depth fusion will be
obtained.
4.3 Analysis of experimental results of occlusion gesture
5.3.1 Results and analysis of hand gesture recognition model

(1) Learning rate
Learning rate is an important super parameter in deep learning. It controls the speed
of adjusting neural network weight based on gradient loss and the speed of updating
parameters. If the learning rate is set too large, it will cause the loss function to
explode and fluctuate around the minimum value without convergence; if the learning
rate is set too small, it will cause the learning speed to slow down. Although the
smaller learning rate can ensure that no local best can be missed, it will take more
time to converge. The smaller learning rate is generally used for the time point after
several rounds.
A larger learning rate and attenuation coefficient can be set at the beginning to
make the loss function decrease at a faster speed at the beginning. With the increase
of training times, the learning rate gradually decreases and the loss function converges
at a slower speed. In this chapter, the initial learning rate is set to 0.004, the learning
rate attenuation coefficient is set to 0.95, and the number of attenuation steps is 30000.
When iterating to 200000 times, the learning rate is 0.0029404. The change curve of
learning rate with the number of iterations in the whole training process is shown in
Figure 8.

Figur e 8. Change cur ve of lear ning r ate

(2) Loss function
Loss function is used to measure the inconsistency between the predicted value and
the real value of the model. It is a non negative real value function. The smaller the
loss value of the function is, the closer the predicted value of the model is to the real
value. The larger the loss function is, the greater the difference between the predicted
value and the real value of the model is. The loss function of SSD network is equal to
the weighted sum of the confidence loss and the position loss. In Figure 9, a), b) and
C) are the curves of the classification loss, position loss and target loss of the whole
model with the number of steps in succession. It can be seen from the figure that
when the classification loss is iterated to about 1000 steps, the damage function
decreases from 22.07 to near 1, and oscillates near 1, basically reaching convergence;
when the location loss is iterated to about 2000 steps, the loss function rapidly
decreases from 3.594 to near 0.1, and oscillates back and forth nearby. When the
objective loss function (the weighted sum of confidence loss and position loss) of the
model is iterated to about 1000 steps, the loss function drops rapidly from 26.01 to the

vicinity of 1, and oscillates back and forth in the vicinity, basically reaching
convergence.

Figur e 9. Loss function of hand gestur e r ecognition model in color backgr ound

The curves of classification loss, localization loss and total loss function of the two
hand gesture recognition model with the number of iterations in the depth background
are shown in Figure 10 a), b) and C) respectively. It can be seen from the figure that
the classification loss of the model quickly converges from 21.98 to the vicinity of 1
when iterating to about 1000 steps; the location loss converges from 2.578 to the
vicinity of 0.1 and oscillates nearby when iterating to about 5000 steps; the target loss
of the model quickly converges from 24.9 to the vicinity of 1 and maintains
oscillation when iterating to about 2000 steps.

Figur e 10. Loss function of hand gestur e r ecognition model in depth backgr ound

The curves of classification loss, localization loss and total loss function of the
hand gesture recognition model with the number of iterations after the fusion of color
map and depth map are shown in Figure 11 a), b) and c) respectively. It can be seen
from the figure that through iteration, the classification loss of the model converges
rapidly from 23.55 to the vicinity of 1; the position loss function of the model
converges rapidly from 3.519 to the vicinity of 0.1 and oscillates nearby; the target
loss of the model converges rapidly from 27.69 to the vicinity of 1 and keeps
convergence.

Figur e 11. Loss function of two hand gestur e r ecognition model with color depth fusion

(3) Average accuracy (AP)
The average accuracy is an important index to measure the accuracy of model
recognition, and the average accuracy (AP) takes both precision and recall into
account. Using the test set of self built database, the color background, depth
background and color and depth fusion gesture recognition model are tested
respectively, as shown in fig 12, a), b), c), d) and e) are respectively the average
accuracy and the overall average accuracy (mAP) of the four defined gestures
detected by the two hand self-occlusion gesture recognition model in color
background.

Figur e 12. Aver age accur acy of self-occlusion gestur e r ecognition model detection in color
backgr ound

In the color background, the specific values of the average accuracy of SSD based
two hand gesture recognition model are shown in Table 1. In the color background,
the recognition rate of four kinds of self-occlusion gestures is higher than 90%,

gesture2 has the highest recognition rate, reaching 96.49%, gesture4 has the lowest
recognition rate, the recognition rate is 90.21%, and the overall average recognition
rate of four kinds of gestures is 94.01%.
Table 1. Detection accur acy of each categor y of hand gestur e r ecognition model in color
backgr ound

Iteration steps

Average accuracy（AP）%

Gesture1

200k

95.98

Gesture2

200k

96.49

Gesture3

200k

94.36

Gesture4

200k

89.21

Total

200k

93.01

In the depth background, the test set of depth map is used to test the two hand
gesture recognition model in the depth background. In Figure 13, a), b), c), d) and e)
are the average accuracy of four hand gesture recognition models in the depth
background and the average accuracy of four hand gestures (map).

Figur e 13. Aver age accur acy of hand gestur e r ecognition model detection in depth
backgr ound

In the depth background, the specific values of the average accuracy of the two
hand gesture recognition model are shown in Table 2. In the depth background,
gesture2 has the highest recognition rate, with an average recognition rate of 87.74%.
Gesture4 has the lowest recognition rate, with an average recognition rate of 69.48%.
The overall average recognition rate of the four gestures in the depth background is
79.71%. Compared with the two hand gesture recognition rate in the color

background and the depth background, the gesture recognition rate in the color
background is significantly higher than that in the depth background, which shows
that the color background contains more feature information than the depth
background. And gesture4 has the lowest recognition rate in color and depth
background[57-58]. Through the analysis of the experimental process, the main reason is
that gesture4 has more serious self-occlusion and less feature information than the
other three gestures.
Table 2. Detection accur acy of each categor y of hand gestur e r ecognition model in depth
backgr ound

Iteration steps

Average accuracy（AP）%

Gesture1

200k

80.42

Gesture2

200k

87.74

Gesture3

200k

81.22

Gesture4

200k

69.48

Total

200k

79.71

After the fusion of color and depth map, through the training of the fused data, the
two hand self-occlusion gesture recognition model is tested. In Figure 14, a), b), c), d)
and e) are respectively the average accuracy and the overall average accuracy (map)
of the two hand gesture recognition model after the fusion of color and depth map.

Figur e 14. Aver age accur acy of hand gestur e r ecognition model detection under color depth
fusion

After color and depth fusion, the specific values of the average accuracy of gesture
recognition model detection are shown in Table 3. In the self-occlusion gesture

recognition model under color depth fusion, gesture2 has the highest recognition rate,
with an average recognition rate of 98.11%, gesture4 has the lowest recognition rate,
with an average recognition rate of 96.01%. The overall average recognition rate of
the four gestures under color depth fusion is as follows: 97.29%.
Table 3. Detection accur acy of each categor y of hand gestur e r ecognition model under
color depth fusion

Iteration steps

Average accuracy（AP）%

Gesture1

200k

97.26

Gesture2

200k

98.11

Gesture3

200k

97.78

Gesture4

200k

96.01

Total

200k

97.29

Figure 15 is a histogram of the average recognition accuracy of the hand gesture
recognition model in color background, depth background and color and depth fusion.
It can be clearly seen from the graph that the average recognition rate of each hand
gesture in depth background is lower than that in color background. The average
recognition accuracy of gesture1 is 1.28% higher than that of color background,
gesture2 is 1.62% higher than that of color background, gesture3 is 3.42% higher than
that of color background, gesture4 is 6.8% higher than that of color background The
average recognition accuracy is 4.28% higher than that of color background, so the
recognition effect of color depth fusion is better than that of single depth background
or color background.

Figur e 15. Aver age r ecognition accur acy of gestur e types of thr ee gestur e r ecognition
models

5.3.2 Result and analysis of gesture recognition model for object occlusion
(1) Learning rate
The gesture recognition model of occluded objects is also trained by the
improved Mobilenets-SSD network, so the gesture recognition model in different

background uses the same parameter settings. By using the learning rate decay
mechanism, the initial learning rate is also set as 0.004. With continuous
iterations, the learning rate decay is 95% per 30000 iterations, and the total
number of training steps is 200000. The change curve of learning rate with the
number of iterations in the whole training process is shown in figure 16.

Figur e 16. Change cur ve of lear ning r ate

(2) Loss function
The occlusion gesture recognition model and the self-occlusion gesture model
adopt the same network structure. The calculation of the loss function is the same
as that of the two hand self-occlusion gesture recognition model. In figure 17, a),
b) and C) are the classification loss function, the position loss function and the
total target loss function of the occlusion gesture recognition model with the
change curve of the number of iterations. It can be seen from the figure that all
kinds of loss functions of occlusion gesture recognition model in color
background converge rapidly and oscillate near 0, which shows that the model
has good robustness.

Figur e 17. Loss function of occlusion gestur e r ecognition model in color backgr ound

Under the depth background, the classification loss, position loss and target
total loss functions of occlusion gesture recognition model change with the
number of iterations as shown in figure 18 a), b) and c). It can be seen from the
figure that when the classification loss is iterated to about 20000 times, the loss
function value drops from 3.1 to near 1 and oscillates near 1; when the location
loss is iterated to about 20000 times, the loss function value drops from 0.62 to

near 0.1 and oscillates near 0.1, basically reaching convergence; when the target
loss of the model is iterated to about 20000 steps, it drops from 4 to near 1.5 and
oscillates near 1.5 Swing, basically convergence.

Figur e 18. Loss function of occlusion gestur e r ecognition model in depth backgr ound

In figure 19 a), b) and c) are the classification loss, position loss and total loss
function of the object occlusion gesture recognition model with the number of
iterations after color depth fusion. It can be seen from the figure that the
classification loss of the iterative model converges rapidly from 9.2 to the vicinity
of 1 and keeps convergence; the location loss of the model converges rapidly
from 2.3 to the vicinity of 0.1 and keeps convergence; the overall target loss of
the model converges rapidly from 12 to the vicinity of 2. It can be seen from the
convergence of all kinds of loss functions in the figure that all kinds of loss
functions of the model converge rapidly, indicating that the training effect of the
model is good.

Figur e 19. Loss function of occlusion gestur e r ecognition model after color depth fusion

(3) Average accuracy (AP)
In the color background, the trained model is tested by using the self built
database of object occlusion gesture. In figure 20 a), b), c), d) and e) are the
average detection accuracy and overall average accuracy of gesture recognition
model for five kinds of occlusion gestures in the color background.

Figur e 20. Aver age accur acy of occlusion gestur e r ecognition model detection in color
backgr ound

The specific values of the average accuracy of the occluded gesture recognition
model in the color background are shown in table 4. Among the five gestures,
Hand2 has the lowest gesture recognition rate, only 88.5%. The other four
occluded gestures have gesture recognition rates above 90%. The overall average
recognition rate of the five gestures is 92.95%.
Table 4. Detection accur acy of var ious categor ies of object occlusion gestur e r ecognition
model in color backgr ound

Iteration steps

Average accuracy（AP）%

Hand1

200k

91.55

Hand2

200k

88.50

Hand3

200k

94.39

Hand4

200k

94.32

Hand5

200k

93.48

Total
200k
92.95
In the depth background, the test set of the depth map is used to test the object
occlusion gesture recognition model in the depth background, and the tensorboard
is also used to visualize one of the average accuracy indicators. In figure 21 a), b),
c), d) and e) are respectively the average accuracy of the object occlusion gesture
recognition model in the depth background and the average accuracy of the five
gestures (map).

Figur e 21. Aver age accur acy of gestur e r ecognition model for occlusion in depth
backgr ound

Under the depth background, the specific values of the average accuracy of the
object occlusion gesture recognition model are shown in Table 5. Under the depth
background, the highest recognition rate of the occlusion gesture recognition
model is hand5, the average accuracy is 83.43%, the lowest recognition rate is
Hand1, the average accuracy is 53.44%, and the overall average accuracy of the
five gestures under the depth background is 72.19%. Compared with the
recognition rate of object occlusion gesture in color background and depth
background, the recognition rate in depth background is far lower than that in
color background, which shows that the gesture in depth background contains far
less feature information than that in color background.
Table 5. Detection accur acy of var ious categor ies of object occlusion gestur e r ecognition
model in depth backgr ound

Iteration steps

Average accuracy（AP）%

Hand1

200k

53.44

Hand2

200k

77.64

Hand3

200k

73.95

Hand4

200k

72.51

Hand5

200k

83.43

Total
200k
72.19
In the case of color depth fusion, the model is tested by the test set after fusion,
and one of the average precision indexes is visualized by Tensorboard. In figure
22 a), b), c), d) and e) are the average precision of five gestures detected by the
object occlusion gesture recognition model under color depth fusion and the
average precision of five gestures (map).

Figur e 22. Aver age accur acy of occlusion gestur e r ecognition model under color depth
fusion

After color depth image fusion, the specific values of the detection average
accuracy of the occlusion gesture recognition model are shown in Table 6. In the
gesture recognition model of color depth fusion, the highest gesture recognition
rate is hand5, the average recognition rate is 98.71%, the lowest gesture

recognition rate is hand3, the average recognition rate is 94.79%, and the overall
average recognition accuracy of the five types of gestures is 96.49%.
Table 6. Detection accur acy of var ious categor ies of object occlusion gestur e r ecognition
model under color depth fusion

Iteration steps

Average accuracy（AP）%

Hand1

200k

96.52

Hand2

200k

96.23

Hand3

200k

95.11

Hand4

200k

97.30

Hand5

200k

98.71

Total
200k
96.49
The histogram of the average recognition accuracy of the object occlusion
gesture recognition model in the color background, depth background and color
and depth fusion of various types of gesture is shown in figure 23. It can be seen
clearly from the figure that the average recognition rate of each gesture in the
depth background is far lower than that in the color background, indicating that
there are more feature information in the color background than in the depth
background. After the fusion of color and depth, the average recognition accuracy
of hand gesture is improved compared with that of color background. The
average recognition accuracy of Hand1 is increased by 4.97%, Hand2 by 7.73%,
and hand3 by 0.72%. The average recognition accuracy of hand4 is increased by
2.98% and hand5 by 5.32%. The overall average recognition accuracy of the five
gestures is improved by 3.54%. It can be seen that the effect of gesture
recognition model after color depth pre fusion is better than that of gesture
recognition model in a single background.

Figur e 23. Aver age r ecognition accur acy of gestur e types of thr ee gestur e r ecognition models

6. Summar y

In order to solve the occlusion problem in the process of gesture recognition, an
occlusion gesture recognition method based on improved SSD algorithm is proposed.
Collected a large number of object occlusion gestures and self-occlusion gestures
respectively, and established a gesture database. Based on the established database,
trained self-occlusion and object occlusion gesture recognition models based on the
fusion of color maps, depth maps, and color maps and depth maps, and the results are
analyzed. The experimental results show that, based on the improved occlusion
gesture recognition method of the SSD network, the gesture recognition rate obtained
by fusing the color map and the depth map is superior to the occlusion gesture
recognition rate using the color map or the depth map alone. The improved SSD
algorithm has a good effect on the recognition of occlusion gestures.
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