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Human action recognition is an important part for computers to understand the behavior of people in pictures or videos. In a
single image, there is no context information for recognition, so its accuracy still needs to be greatly improved. In this paper, a
single-image human action recognition method based on improved ResNet and skeletal keypoints is proposed, and the accuracy is
improved by several methods. We improved the backbone network ResNet-50 and CPN to a certain extent and constructed a
multitask network to suit the human action recognition task, which not only improves the accuracy but also balances the total
number of parameters and solves the problem of large network and slow operation. In this paper, the improvement methods of
ResNet-50, CPN, and whole network are tested, respectively. +e results show that the single-image human action recognition
based on improved ResNet and skeletal keypoints can accurately identify human action in the case of different humanmovements,
different background light, and occlusion. Compared with the original network and the main human action recognition al-
gorithms, the accuracy of our method has its certain advantages.

1. Introduction

Human action recognition (HCR) is a separate branch of
computer vision that processes images or videos to judge
what people are doing.

+e single-image action recognition is generally divided
into three categories: the approach based on the whole
image, the approach based on human pose, and the ap-
proach based on human-object interaction. +e approach
based on the whole image is to treat the whole image as a
classification problem, extract the features through the
neural network layer, and then use the classifier to find the
label category. Some researchers make full use of contextual
information in pictures to distinguish actions. Zhang et al.
[1] proposed a method to divide the precise area between the
person and the background as well as the interactive object
through a smaller number of annotations. Instead, Xin et al.
[2] use semantic objects to enhance the ability of the network
to distinguish features. RCNN (Regions with Convolutional
Neural Network) [3] and R∗CNN [4] also classify the

human body as a whole by using the method of moving and
marking bounding boxes in object recognition tasks.

+e approach based on human pose tends to find the
similarity between the same postures [5–8]. Some of these
pose-based approaches assume that the body moves in re-
lation to various parts of the body and use them to represent
them (such as the head, hands, and feet). Diba et al. [9]
mined the middle layer features of the image and extracted
different types of features. Zhao et al. [10] propose the
methodology which combines body actions and part actions
for action recognition. In the Whole and Parts [11] method,
Gkioxari proposed that each part of the body should be
supervised for movement, and specific networks should be
trained to distinguish between them.

+e approach based on human-object interaction not
only takes into account parts of human body components
but also uses detectors to distinguish objects. Gupta et al.
[12] added the description information of the scene on the
basis of the above methods to achieve a better behavior
recognition effect. Zhang et al. [1] tried to use the smallest
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annotation to segment the precise area of the underlying
person-object interaction. Zhao et al. [13] detected the se-
mantic part in the bounding box, arranged its features in
spatial order, and extended the interclass variance.

+e action recognition task in this paper is based on
static single images. +e classical classification network
ResNet-50 [14] and CPN (cascaded pyramid network) [15]
are combined and trained. Meanwhile, the improved CBAM
(Convolutional Block Attention Module) [16] and Tri-
dentNet [17] were added to the fused network in this paper,
which improved the performance of action recognition and
the classification accuracy on the basis of controlling the
number of overall parameters. In this paper, the effectiveness
of this method is verified by three experiments. From the
experimental results, the classification indexes of the im-
proved model are all increased compared with the previous
model. In the case of different body movements, different
background light, and blocked and incomplete characters in
the images, the network has achieved good recognition
results.

2. TheSingle-ImageHumanActionRecognition
Model in This Paper

Based on the Pascal Voc 2012 [18] dataset, this paper
constructs a multitask deep learning convolution network to
realize the classification of ten human actions in still images.
+e overall network architecture adopts ResNet-50 as the
backbone network and introduces TridentNet for im-
provement. +e model fuses the information of skeletal
keypoints to improve the accuracy. +e whole model is
shown in Figure 1.

+e backbone network of the model in Figure 1 is the
improved ResNet-50, in which we adapted TridentNet to
replace the original ResNet network structure, adding dif-
ferent sizes of receptive fields to the network. Compared
with other multibranch networks, the dilated convolution
and weight sharedmechanism introduced by TridentNet can
reduce parameters and simplify the network. Also, CPN [15]
is adopted and improved in the keypoints detection section.
Cascaded pyramid network can extract and fuse feature
information of different depth, and the added attention
model CBAM [16] can effectively improve its accuracy. +e
model adds the keypoints of network output to the images
for classification and strengthens the important parts by
adding weights and finally obtains and outputs the action
categories.

2.1. (e Improved ResNet Model with TridentNet Introduced.
Many researchers make the classification more accurate by
increasing the depth or width of the network. Here, we chose
to use a three-branch network instead of ResNet’s original
single-branch structure to expand its receptive field. +e
original ResNet-50 [14] contains 50 convolutions, which are
divided into 5 structurally similar stages to extract image
features, as shown in the Figure 2.

In order to reduce the number of parameters on the basis
of expanding the receptive field, we introduced TridentNet

[17] with three branches in the backbone ResNet-50. As can
be seen from Figure 3, TridentNet is introduced into the 5th
stage of ResNet-50 in this paper. Due to structural differ-
ences between modules in the ResNet network itself, the
improved trident module is also divided into Conv-trident
block and ID-trident block, whose structure is shown in
Figure 4.

+e original TridentNet was used as part of the object
detection network as a three-output structure. We made
some modifications to make it a single-branch output one
and added a shortcut to make it more in line with the ResNet
configuration.

In addition to joining the multibranch structure, the
TridentNet utilizes the concept of dilated convolution [19].
By filling 0 in the convolution kernel, the large receptive field
can be obtained with a fewer parameters. When the dilation
rate is d, the relationship between the side length n of the
convolution kernel, the number (d − 1) of filled 0, and the
size length k of the original convolution kernel is shown in
formula (1). In TridentNet’s structure, the parameter k of the
three branches is 3, and d is 1, 2, and 3, respectively.
+erefore, the size of the receptive field n becomes 3, 5, and
7. One has

n � k +(k − 1)∗ (d − 1). (1)

2.2.(e CPNKeypoint DetectionModel with AttentionModel
Introduced. +e detection of skeletal keypoints is mainly
based on the prediction of the image pixel points to de-
termine the most likely position. In order to further improve
the accuracy of CPN [15] output, we add an attention
module CBAM [16] to it. +e improved CPN model is
shown in Figure 5.

+e backbone of CPN is still ResNet-50. As shown in
Figure 5, CPN network with attention model is introduced.
In order to make the attention mechanism play a role in
CPN as a whole, CBAM is added to the deepest layer of the
network and acts on feature information of different depth
through the upsampling network layer by layer in the feature
pyramid. Each pixel in the output image represents the
probability of skeletal keypoints and constitutes a heatmap,
which is then converted into the numerical coordinates by
soft-argmax function before output.

CPN is a top-down human keypoints detection network,
which takes the result of pedestrian detection network as
input and locates the skeletal keypoints through network
processing. +e CPN network consists of two parts: Glob-
alNet network for early rough detection of keypoints and
RefineNet network for fine tuning. +e network structure is
shown in Figure 6.

GlobalNet uses the network structure to combine the
shallow features of low semantic information but high
resolution with the deep features of high semantic infor-
mation but low resolution. CPN network reduces the size of
feature graph but increases the number of channels while
extracting information by bottleneck. GlobalNet makes use
of upper sampling and feature superposition to achieve the
fusion of shallow and deep features. RefineNet takes the
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features of the GlobalNet output and integrates them
through a concat layer while extracting the details. RefineNet
focuses on learning about difficult-to-locate points (such as

occlusion) that GlobalNet cannot accurately locate. With
fine-tuning, the network can achieve a balance between
efficiency and performance on a smaller spatial scale.
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Figure 1: Overall algorithm framework.
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Figure 4: TridentNet structure after improvement: (a) ID-trident block; (b) Conv-trident block.
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+e essence of the attention mechanism is to emphasize
the important position that is useful for the learning target
and suppress the irrelevant information by assigning the
weight coefficient to the image feature information. CBAM
module improves the accuracy of CPN by introducing at-
tention mechanism. +e advantage is that it is flexible and
portable and can be inserted into the network without
changing the backbone structure. +e network structure of
CBAM is shown in Figure 7. +e attention module can be
divided into two parts: channel attention and spatial at-
tention. Channel attention learns the importance of each
channel through pooling operations and thus assigns dif-
ferent weights to channels. After global maximum pooling
and average pooling, it was entered into Multilayer Per-
ceptron (MLP) for learning, and the learning results were
superimposed to obtain channel attention. +e input of
spatial attention is a feature map weighted by channel at-
tention, which learns the importance of each position in the
feature map to the points to be estimated. After average
pooling and maximum pooling, respectively, the two were
spliced according to the first dimension, and finally spatial

attention was generated through a convolution of size of
3∗ 3.

2.3. Fusion Model of Human Keypoints and Action Recogni-
tion Features. In order to improve the action recognition
performance of the whole network, we added the skeleton
keypoints to the backbone network for enhancement. +e
overall network structure is a multibranch multitask net-
work, in which one task is keypoints detection and the other
is to extract features for classification. After that, human
action category is obtained through feature fusion training.
+e feature fusion process is shown in Figure 8. When an
image comes in, the network sends it to both branches of the
network. +e upper part is the trained CPN, which can
estimate the heatmap of a series of keypoints, while the lower
part is the backbone network ResNet-50 without the last
softmax part to extract features. We treat the keypoints
heatmaps and the backbone output features the same size
and then multiply them at the pixel level. Since the pixel
values in the heatmap of keypoints are all between [0, 1],
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product formula (2) is obtained. +e pixel value Fa after
fusion is (1 + α) times to Fb before fusion, where the value is
the corresponding pixel value in the heatmap of the key-
points. +e higher the value of the heatmap here is (i.e., the
closer to the position of the keypoint), the more the value is
emphasized. One has

Fa � (1 + α)Fb. (2)

At the end of the network is the softmax layer for the
classification section. By taking the softmax layer of ResNet-
50 and using it as the final classification layer of the overall
network, we can predict the corresponding category of
images in ten action categories.

3. Experiments and Tests

3.1. Experimental Conditions, Tools, and Datasets. +e ex-
perimental hardware is GPU RTX 2070 graphics card server,

on which we use Python language to write programs in
Sublime Text3 editor and runs in Anaconda environment.
Pytorch, a deep learning framework, was used to construct
the neural network in the program, and the final result was
visualized. +e experimental curve was drawn by
Tensorboardx.

In this paper, six different datasets are selected, which are
as follows:

(1) Cifar-10/Cifar-100: Cifar-10 and Cifar-100 were
collected by Alex Krizhevsky, Vinod Nair, and
Geoffrey Hinton. Cifar-10 consists of 6000 RGB
images in 10 categories. +e images in the
dataset are pictures of objects in the real world,
with large background noise and different pro-
portions. Cifar-100 consists of 100 categories,
each containing 600 images, divided into 20 super
categories, each with a “fine” label and a “rough”
label.
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(2) ImageNet: ImageNet is a database of human vision
systems built by Stanford computer science re-
searchers. ImageNet currently has the largest image
recognition database in the world, with more than 14
million images from various projects.

(3) SVHN: Street View House Numbers (SVHN) da-
tabase is a real world dataset for object detection,
with more than 6∗105 pictures of house number,
divided into 10 categories from 0 to 9. +e images
were collected from Street View House Numbers on
Google Maps.

(4) MS COCO [20]: we mainly use the keypoints data in
COCO to train and evaluate the keypoint detection
network. +ere are more than 143 k images in it,
including 118288 images of training set, 5000 images
of verification set, and 20288 images of test set. 250 k
characters are labeled in the COCO dataset, in-
cluding up to 1700 k human skeletal keypoints.
+e label format of the COCO dataset is JSON file (a
text file that records label data), and for each individual
instance, its detection box, segmentation boundary
mask, and 17 keypoints coordinates are identified. +e
17 keypoints are the nose, left and right eyes, left and
right ears, left and right shoulders, left and right elbows,
left and right wrists, left and right hips, left and right
knees, and left and right ankles.

(5) Pascal Voc [18]: the dataset used for human action
recognition in this paper is Pascal Voc 2012. +e
Pascal Voc dataset contains a variety of image
processing tasks. As one of the benchmark datasets,
it is frequently used in various network comparison
experiments. In addition to human action recogni-
tion, it also includes a variety of tasks such as
classification, segmentation, detection, and classifi-
cation of human parts.

+e data on human action recognition in Pascal Voc
included ten categories, namely, jumping, playing instru-
ment, taking photo, riding horse, reading, phoning, using
computer, riding bike, running, and walking.+ere are 4,588
images, including 2,296 images in the training set and 2,292
images in the test set.

3.2. Improved ResNet Model Experiment. +is experiment
improved the original classification network ResNet-50 by
adding TridentNet and conducted experiments on four
different classification datasets: Cifar-10, Cifar-100,
ImageNet, and SVHN to test the improved effect.

Table 1 shows the comparison of experimental error
rates of single-branch network (unimproved ResNet-50),
common three-branch network (inception module), and the
network in this paper (joined the dilated convolution and
weight sharing of TridentNet) on four datasets. +rough
experiments, it can be concluded that the classification error
rate of the network in this paper is significantly reduced
compared with that of the single-branch ResNet-50, which is
1.18 less on Cifar-10, 2.89 less on Cifar-100, 1.42 less on
ImageNet, and 0.26 less on SVHM. And compared with the

three-branch network without dilated convolution and
weight sharing, the improved network can reduce the error
rate while reducing the parameters due to the effect of weight
sharing.

We use floating-point operations (FLOPs) and param-
eters to evaluate the complexity of the improved network
model. For a convolution operation, kw and kh represent the
width and height of the convolution kernel. +e number of
input channels in this layer is Cin and the number of output
channels is Cout. If the height and width of the feature graph
output from this layer are denoted as H and W, the cal-
culation formula of FLOPsconv is shown in

FLOPsconv � kw ∗ kh ∗ cin( ∗ cout + cout ∗H∗W. (3)

+e calculation formula of paramconv is shown in

paramconv � kw ∗ kh ∗ cin( ∗ cout + cout. (4)

Table 2 shows the comparison of the running time,
number of arguments, and floating-point operations of the
three networks. +e results show that the time of the im-
proved three-branch network is 44.58 s less than that of the
simple three-branch network, 108.266 M less in the number
of parameters, and 5.461 G less in the floating-point com-
putation, but it does not increase much compared with the
single-branch network ResNet-50. +erefore, the network
used in this paper reduces the error rate of network clas-
sification without increasing computation.

+rough the analysis and comparison of Tables 1 and 2,
it can be seen that the improved network can reduce the
error rate of network classification under the control of the
number of parameters, indicating that the improvement
made in this paper is effective.

3.3. Keypoint Detection Model Experiment. In the part of
human skeletal keypoint detection, we improved the net-
work CPN [15] by adding the attention model CBAM [16] to
achieve high accuracy and selected the main keypoint de-
tection methods for comparison test. Cmu-Pose [21], Mask-
Rcnn, G-Rmi [22], PersonLab [23], and CPN are used for
comparison experiments. Among them, Cmu-Pose [21] was
the champion of COCO human keypoints detection com-
petition in 2016.+e evaluation indexes were AP and AR, AP
and AR with thresholds of 0.5 and 0.75, and AP and AR
under the medium target (APm,ARm) and then under large
target (APl,ARl). Figure 9 is the experimental comparison
between the improved CPN network and the original CPN.
As can be seen from Figure 9, AP and AR of the improved
CPN network in this paper can reach 72.3 and 78.3, re-
spectively, which are 0.7 and 0.3 higher than that of the
original CPN network and are also improved under other
thresholds and evaluation indexes of large and medium-
sized goals.

Figure 10 is the experimental result of comparison be-
tween the network with Cmu-Pose, Mask-Rcnn, G-Rmi, and
PersonLab. As can be seen from Figure 10, the performance
of the network used in this paper is obviously better than that
of the bottom-upmethod (such as Cmu-Pose) and the newer
algorithm PersonLab in positioning accuracy. Compared
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with the same type of top-down algorithmG-Rmi andMask-
Rcnn, the accuracy of the method in this paper is also
improved to some extent.

Figure 11 shows the keypoints detection effect under
different scenes. In the figure, the 17 keypoints of the human
body are marked with different color points, and the

Table 1: Comparison of network classification error rate before and after improvement.

Cifar-10 Cifar-100 ImageNet SVHN
Single-branch network 6.41 27.22 22.85 2.01
+ree-branch network 5.38 25.06 21.54 1.77
Ours 5.23 24.33 21.43 1.75

Table 2: Comparison of network complexity before and after improvement.

+e elapsed time (s/epoch) Params (M) FLOPs (G)
Single-branch network 97.40 25.557 4.136
+ree-branch network 152.07 143.593 10.170
Ours 107.49 35.327 4.709
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Figure 9: Comparison of improved CPN with the original network.
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Mathematical Problems in Engineering 7



associated points are connected by color lines in pairs. +e
results show that the network in this paper can not only
perform well in single images such as in Figures 11(a),
11(d), and 11(f ) but also get good results in multiple images
such as in Figures 11(b), 11(c), and 11(e) with complex
interference. Among them, Figures 11(c) and 11(f ) are
small-size human body pictures, Figures 11(b) and 11(c)
are severely blocked, and the keypoints in Figures 11(b)–
11(d) are incomplete. In the above cases, the network can
detect the keypoints well.

3.4. Action Recognition Experiment of Fusion Keypoints
Information. In this paper, the human action recognition
test experiment was carried out with ResNet-50, which
incorporates skeletal keypoints. After 200 rounds (6∗104
iterations) of training on the Pascal Voc dataset, the net-
work’s final accuracy remained around 92%.

We started with the keypoints detection ablation test,
with controls for other variables, and compared only the
results of the baseline ResNet-50 model with it after the
addition of the points. From Figure 12, we can intuitively
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Figure 11: Keypoint detection renderings in different scenes, (a) single person with no occlusion, (b) multiple people with occlusion,
(c) small size of multiple people with occlusion, (d) half body without occlusion, (e) multiple people without occlusion, and (f) small size of
single person without occlusion.

8 Mathematical Problems in Engineering



observe that, after the keypoints are added into the model
used in this paper, the classification indexes are all increased
compared with the previous one. +e accuracy of taking
photos, phoning, walking, running, and using computer all
improved significantly, with increases of 6.4, 6.1, 4.3, 3.6, and
3.2, respectively, and the final mAP (mean average accuracy)
was improved by 2.4.

We also compared the model with other networks. +e
networks selected in the comparison experiment were
RCNN [3], Action Mask [1], R∗CNN [4], Whole and Parts
[11], and TDP [13], respectively. Table 3 shows the com-
parison results of these five models with the algorithm in this
paper. It can be seen from the table that the method pro-
posed in this paper achieves a maximum value of 92.1 on the
final mAP. In addition, the algorithm obtained the highest
score of 7 of the 10 categories. +e seven categories are
phoning, playing instrument, reading, running, taking

photo, using computer, and walking. +is shows that al-
though the algorithm in this paper does not use additional
data and tricks, it still achieves a competitive result. +is can
prove the effectiveness of the proposed method.

+e final human action recognition experiment results of
the network in different scenarios in this paper are shown in
Figure 13. In order to facilitate visualization, we marked the
people in the picture with the human body detection
bounding box in dataset when the picture was generated and
finally added the predicted result category to the picture.
+ere are different body movements, different background
light, and blocked and incomplete characters in the picture.
For example, in Figure 13(d), the human body is incomplete,
in Figures 13(b) and 13(c), the human body is blocked, and
Figure 13(e) shows the situation of multiple people. +e
network has achieved good recognition results in these
pictures.
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Figure 12: Comparison of accuracy between the ResnNet-50 model before and after keypoints were added.

Table 3: Comparison of experimental results on different network models.

Method RCNN Action mask R∗CNN Whole and Parts TDP Ours
Jumping 91.3 86.7 91.5 84.7 96.4 93.6
Phoning 77.1 72.2 84.4 67.8 84.7 90.5
Playing instrument 91.1 94 93.6 91 96.7 96.8
Reading 76.1 71.3 83.2 66.6 83.3 90.5
Riding horse 96.7 95.4 96.9 96.6 99.4 98.4
Riding bike 96.3 97.6 98.4 97.2 99.2 98.6
Running 92 88.5 93.8 90.2 91.9 94.2
Taking photo 83.8 72.4 85.9 76 85.3 90.1
Using computer 85.9 88.4 92.6 83.4 93.9 94.5
Walking 81.8 65.3 81.8 71.6 84.7 85.2
mAP 87 83.2 90.2 82.6 91.6 92.1
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(a) (b)
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Figure 13: Experimental results of human action recognition under different conditions, (a) running, (b) riding bike, (c) playing in-
strument, (d) reading, and (e) jumping.
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4. Conclusions

To solve the problem that the accuracy of single image is not
high in human action recognition, we propose a single-
image human action recognitionmethod based on improved
ResNet and skeletal keypoints. In this method, ResNet-50
was used as the main classification network, in which CPN
was integrated to assist. +e whole network is multitask
structured. On this basis, the backbone ResNet-50 and
branch CPN networks are modified to improve the recog-
nition accuracy without increasing the overall network
parameters. Experiments show that the method has better
performance and higher accuracy than ResNet-50 network
and other single-image human action recognition networks.
+e following research can start from the aspect of sys-
tematization network model, so that the network can be
integrated into an end-to-end model to better embed
multiple device platforms.
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