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Abstract 
With the rapid development of information [1] technology and the rapid rise of sensor 
field, more and more ways and means for human beings to obtain information. The 
source or form of each information can be called a modality. For example, people have 
touch, hearing, vision, smell, information media, voice, video, text, etc., a variety of 
sensors, such as radar [2], infrared, accelerometers and so on. Each of these can be called 
a modality. In view of the problem that the recognition degree of single mode in human 
activity recognition is not high and the recognition rate is low, the fusion of multimodals 
will be applied to human activity recognition, which will greatly improve the accuracy of 
recognition and the efficiency of recognition. In this paper, the multimodal fusion 
algorithm is used to identify the wiSDM data set in the direction of human activity [3]. 
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1. Introduction  

Scholars at home and abroad have done a lot of research work on the recognition of human activity 
in the direction of wearable devices such as sensors, mainly in the fields of anti-wrestling monitoring 
and sports counting for the elderly. At present, the common human activity recognition equipment 
has mobile phones, bracelets, steppers, etc. , these devices are collected by the acceleration of human 
activity[4] and other data and combined with classification algorithms to achieve its function. Since 
2014, the use of counter-samples to attack classifiers has become increasingly popular. Select 
information such as a pixel change color on the image to create interference, and generate the final 
countermeasures by iterating through the selection of samples that are less confident in the correct 
category. Experiments show that 68.36 percent of the images [5] in the test set can be successfully 
attacked by a single pixel disturbance. Deep neural network is vulnerable to malicious attacks, there 
are many ways to generate countermeasures samples by using LP distance, some domestic scholars 
use the disturbance generated by spatial transformation to produce a larger LP distance, rather than 
changing pixel values directly like most previous methods, after extensive experiments show that the 
existing defense system is difficult to successfully defend this algorithm. 

In foreign countries, research on the identification of human activity based on portable sensors is very 
popular. Chikhaoui B et al. proposed a new method [6] of using accelerometer data for aggressive 
and volatile behavior recognition, first using sliding window technology to extract a variety of 
features, then using non-negative matrix decomposition to project data into reduced space, and finally 
using rotating forest integration method to identify. A new method for the recognition of motion 
pronophate activity based on signal sparse representation is proposed, which uses the sparse 
combination of atoms in a super-complete dictionary [7] to represent the signal, and the performance 
analysis is carried out in a public data set ADL [8]. Garcia-CeaE et al. propose a multi-view stacking 
method that combines data from different types of sensors for activity recognition, using the idea of 
multi-view learning and overlay generalization, by training and overlaying models of each sensor 
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view. Experimental results show that the method is superior to the aggregation method in terms of 
accuracy and specificity. Igna AD et al. proposed a time series method for the identification of human 
physical activity, which collects data from a single three-axis accelerometer of a smartphone, and in 
order to determine the cycle of each activity, they constructed a phase trajectory matrix using master 
analysis techniques. The fragments obtained are various types of human activity data. Thus, the cycle 
of each activity can be determined, and the method uses k-nearest neighbor algorithm and neural 
network to classify human activity. The experimental results show that the method ensures nearly 86% 
recognition accuracy when using k-neighbor algorithm. 

2. Dataset  

The dataset used to train the underlying model comes from the WISDM Lab[9], which calibrates 
"Jogging, Walking, Upstairs, Downstairs, Sitting, Standing" for a total of six gestures. This dataset 
contains data from accelerometers (x, y, z in three directions) that is collected by accelerometers 
embedded in smartphones. 

This dataset is a data set by WISDM (Wireless Sensor Data Mining) Lab Lab Public Actitracker. 
WISDM exposes two data sets, one collected in a lab environment and the other in a real-world usage 
scenario, using data collected in a lab environment. 

The dataset collected test records from 36 testers, for a total of 1,098,207 test records. The record is 
through a sampling frequency of 20Hz. For running, jumping, going upstairs, going downstairs, 
sitting, standing six common types of behavior. The dataset has 424,400 pieces of data, or 38.6 
percent, for six different behavior types, 342,177 for 31.2 percent, and 122,869 for Upstairs, 
accounting for 11.2% of the data set, the Downstairs type recorded 100,427, or 9.1%, sitting 5.5%, 
59,939, and finally Standing: 48,395. 4.4 per cent. Figure1 shows a pie chart of the behavioral 
percentages of the WISDM dataset. 

 
Figure 1. The proportion of each behavior of the WISDM dataset 

3. Model introduction 

3.1 Residual network 

The depth of the network is essential for learning to express more characteristics. The higher the 
number of layers in the network, the richer the features that can be extracted, the more powerful the 
presentation. The first problem [10] with increasing depth is the problem of gradient dissipation [11], 
which is because as the number of layers increases, the gradient that propagates in the network 
becomes unstable and becomes particularly large or small as the company becomes more stable. By 
using the residual network structure, the deep convolutional neural network model not only avoids 
the problem of model performance degradation, but also achieves better performance [12]. 

Walking Jogging Upstairs Downstairs Sitting Standing
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The purpose of using residual structure [13] in this paper is to extract features and then fuse them, 
and in many work, merging features of different scales is an important means to improve the 
segmentation performance. Lower-layer features have higher resolution and more location and detail, 
but are less semantically and noisy because they pass through less convolution. High-level features 
have stronger semantic information [14], but low resolution and poor sensitivity to detail. How to 
integrate the two efficiently, take their strengths and discard them is the key to improve the 
segmentation model [15]. Residual networks can retain pre-convolution features and take into account 
features after convolution [16]. 

In this paper, the residual network structure is introduced, through which the network layer can be 
made very deep [17], and the final classification effect is also very good, the basic structure of the 
residual network [18] is shown in the following diagram, the figure is with a jump structure, as shown 
in Figure 2: 

 
Figure 2. The structure of the residual network 

3.2 Algorithmic flow 

The thinking framework of this paper is to extract the feature vector directly after the integration of 
different dimensions, the specific approach is to extract the feature values in parallel with the one-
dimensional level and two-dimensional level, and then use keras to fuse. 

First of all, on the one-dimensional feature: the data is processed in the same way as in the previous 
section, the matrix of 90 x 3 is entered into the window width of 31-dimensional convolution, the 
activation function is using the relu function, defining this layer as conv2d_25. Next is the BN layer, 
which is defined as thebatch_normalization_37.The next two floors are conv1d_26 and 
batch_normalization_38, as above. Next is the pooled layer with window 2 named max_pooling1d_7, 
followed by the two convolution layers, conv1d_27 and conv1d_28. 

Here's the residual structure, add_7. Add up the conv1d_28 and max_pooling1d_7 of the one-
dimensional feature plate. 

The following five layers are expanded in order according to convolution, convolution, normalization, 
and maximum pooling, defined as conv1d_29, batch_normalization_39, conv1d_30, 
batch_normalization_40, max_pooling1d_8. The following five layers are similar to the five layers 
above, defined as conv1d_31, batch_normalization_41, conv1d_32, batch_normalization_42, in 
addition to the fifth layer, which uses global maximum pooling, global_average_pooling1d_3. 

Secondly, on the two-dimensional level, the matrix of 90 x 3 is rearranged to a matrix of 27 x 10, 
starting with a layer of two-dimensional convolution, the output dimension is 16 dimensions, the 
window width is 3 x 3 convolution layer, the activation function uses the relu function, defining this 
layer as a conv2d_21. The BN layer is then connected for normalization, defining it as a 
batch_normalization_43. Then there's a convolution, defined as conv2d_22, and then there's the BN 
layer batch_normalization_44. Next is the largest pooled layer of window 2x2, max_pooling2d_5. 
Here's batch_normalization_45 of the BN layer. Next is the activation layer activation_5, using the 
activation function is relu. The next few layers are convolution, normalization, and activation layers, 
which are conv2d_23, batch_normalization_46, activation_6, and conv2d_24, respectively. 

Here's the residual structure, add_8. Add up the conv2d_24 and max_pooling2d_5 of the one-
dimensional feature plate. 
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The following five layers are expanded according to convolution, convolution, normalization, and 
maximum pooling, defined as conv2d_25, batch_normalization_47, conv2d_26, batch_normalization 
_ 48, max_pooling2d_6, respectively. The following five layers are similar to the five layers above, 
defined as conv2d_27, batch_normalization_49, conv2d_28, batch_normalization_50, in addition to 
the fifth layer, which uses global maximum pooling, global_average_pooling2d_3. 

 
Figure 3. A multimodal fusion network structure diagram 
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The global_average_pooling1d_3 on the final one-dimensional feature and the global_ average_ 
pooling2d_3 of the two-dimensional feature vector are directly fused in the line vector coordinates. 
Defined as concatenate_3. The last two layers are full-connected, defined as dense_5, dense_6. As 
shown in Figure 3: 

4. Experiment and Results 

4.1 Results analysis 

Figure 4 below sets of training session's progress over iterations is the accuracy of the multimodal 
fusion algorithm in testing and verifying sets during iterations. The green dotted line is the accuracy 
of the training set, and the red solid line is the accuracy of the verification set. It can be clearly 
observed that the training set performs very well during training, converges relatively quickly, and 
peaks at about 96% accuracy on the verification set. 

 
Figure 4. Training session's progress over iterations 

 
Figure5. Training session's progress over iterations 
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Figure 5 below shows the algorithm in iterative training as shown in Figure 6: Training session's 
progress over iterations, loss rate during training, red solid line is the loss rate of the validation set, 
green dotted line is the loss rate of the training set. In Figure 13, the loss rate of the training set 
decreases with the number of iterations, starting to converge quickly, and eventually stopping around 
0.75. The test set of the red solid line ended up near 0.15. 

4.2 Experimental results on Cora dataset 

The accuracy, macro-average and weighted average of one-dimensional vector features, two-
dimensional vector features [19], and multimodal fusion algorithms are shown in Table 1 below. 

Table 1. The main parameter comparison table before and after fusion 

algorithm Accuracy Macro average Weighted average Test set loss rate 

One-dimensional features 0.94 0.93 0.95 0.15 

Two-dimensional features 0.95 0.93 0.95 0.17 

Multi-modal fusion 0.96 0.95 0.96 0.12 

It can be seen that fusion is better than the individual performance of one-dimensional features and 
two-dimensional features, indicating that multimodal fusion algorithm has a natural advantage in 
WISDM data than a single modal in performance and accuracy [20]. 

The experimental results of this paper show that the algorithm of multimodal fusion is better on the 
WISDM data set than the integrated learning of Ignatoa's convolutional neural network and Catal, 
and Chen's LSTM network. This shows that the multimodal fusion model constructed in this paper is 
better. 

Table 2. The accuracy of this study and the identification of existing studies 

Researchers data set Research methods Accuracy 

Ignatoa[18] WISDM Convolutional neural network 0.933 

Catal[15] WISDM Integrated learning 0.943 

Chen[14] WISDM LSTM network 0.951 

This study WISDM Multi-modal fusion 0.961 

5. Conclusion  

Based on the WISDM data set, the data of the three-axis acceleration sensor are used to compare the 
data of the model prediction and the two-dimensional vector space model prediction in the one-
dimensional vector space, and the method of fusing the data features extracted in the one-dimensional 
space and the features extracted in the two-dimensional space using the residual network are proposed. 
A model architecture based on multimodal fusion is built. The test set separated on the WISDM data 
set predicted six different human states: walking, jogging, going up, down stairs, sitting and standing, 
with an final accuracy rate of 96.1%, compared with 94.9% of the one-dimensional vector space and 
94.8% of the two-dimensional vector space. There has been a significant increase. 
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