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Abstract 
In the contemporary world, with the wide application of deep learning, robotics 
technology is developing rapidly. Among them, leg-based robots supported by discrete 
feet have high mobility and advantages in overcoming rough and unstructured terrain. 
Therefore, legged robots can play a huge role in disaster search and rescue, target 
exploration and other aspects. For various types of terrain and geology, legged robots 
need to achieve different moving states. Therefore, we proposed a neural network model 
based on CNN, LSTM and Attention by studying various data of robot plantar media. The 
model received data from ten sensors, and after training, we found that the accuracy of 
the model reached 74 %. 
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1. Introduction 

With the rapid development of mobile robot technology, we find that legged robots have an advantage 
in overcoming rough and unstructured terrain because their locomotion is based on the support of 
discrete footholds. This gives legged robots high mobility and the ability to reach places that tracked 
or wheeled vehicles cannot[1]. Therefore, legged robots can play a huge role in disaster rescue, target 
exploration and other aspects. However, legged robots need to move in different ways due to 
different  media underfoot, and they need to prevent dangers in different media. Therefore, many 
important studies have begun to solve the problem of the classification of ground media under robot 
feet[3][4]. 

Most of the classification of ground media under robot feet at home and abroad is based on sensor 
data, focusing on SVM, YOLO and other algorithms, so as to establish data model[5][6][7][8]. For 
example, Joshua Christie1's team adopted SVM model to realize real-time terrain classification on 
the Robotic Operating System (ROS)[9] and Mingming Wang's team proposed an adaptive online 
terrain classification method based on vibration signals[10]. 

Ian Abraham's team proposed the use of low-resolution binary contact sensors and a collision-based 
tactile measurement[11], while L. WAGNER's team relied on force sensors at the foot to optically 
determine the deformation of the foot and thus estimate the force applied to the sensor (optical force 
sensors)[12]. And they formulated a measurement model of the optical force sensor and combine it 
with the joint torque measurements in an Extended Kalman Filter (EKF). 

Robert S. Durst's team discussed two techniques: a minimum-distance classijier and a hybrid 
minimum-distancddecision-tree classifer[13].  

Furthermore, Fernando L's team presented an accurate, robust, low-lag, and efficient algorithm for 
terrain classification that uses vibration data from the on-board inertial measurement unit and motor 
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control data from back-EMF sensing and magnetic encoders[14]. However, we find that the neural 
network models of these studies focus on the characteristics of the data itself, and do not take into 
account the temporal relationship between the input data. Therefore, we proposed a neural network 
model based on CNN, RNN and Attention mechanism. Using data provided by the University of 
Tampere in Finland,, we found that the model achieved 74% accuracy. 

2. Robotic Platform and Control Policy 

2.1 CNN 

Convolutional neural network (CNN) is a deep neural network that can simultaneously learn multiple 
features, and has been widely applied in many fields, including image, language recognition and 
resource prediction. CNN's network structure composed of input layer, convolution, pooling layer, 
the connection layer and output layer, the convolution and pooling layer through mutual cooperation 
can study and summarize the abstract feature information of historical data. The convolution layer 
filters the input data, and also calculates and extracts the modeling features of the data. The specific 
calculation method is shown in Formula (1), so as to mine the correlation of data feature vectors. The 
pooling layer will retain the main features after convolution on the basis of the acquired feature 
information, while reducing the network complexity and improving the feature information extraction 
effect of the model. Many researchers have successfully applied CNN to image detection based on 
the superiority of CNN algorithm. 

 

Ϝ⨂ω = ∑ ∑ ∑ (F (i, j)ω (i, j))                         (1) 

2.2 RNN 

RNN (Recurrent Neural Network) is a kind of Neural Network for processing sequence data[16]. Its 
Network structure is the same as traditional Neural Network, including input layer, hidden layer and 
output layer. The neural network model is shown in Figure 1, x represents the input data of the input 
time series at time t, o represents the output data at time t. The difference from CNN network is that 
the data output by the hidden layer will not only output information flow to O, but also transmit the 
neuron information at the current moment to the neuron at the next moment and use it in the next 
moment, U, W and V are the weight matrices in the neural network. This chain structure reveals that 
RNN is related to time series in nature, but we find that the activation function of RNN will appear 
gradient disappearance and gradient explosion in training. Therefore, this paper will further study its 
optimization algorithm LSTM. 

 

 
Figure 1. RNN neural network model 
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2.3 LSTM 

LSTM can solve the problems of gradient explosion, gradient disappearance and inability to preserve 
historical information in recurrent neural network (RNN) long-term sequential training. Compared 
with traditional recurrent neural networks, LSTM can provide better prediction performance over 
longer historical data. LSTM is a chain structure composed of forgetting gate, input gate, output gate, 
memory unit and activation function. Its structure is shown in Figure 2. 

 

 
Figure 2. RNN neural network model 

 

Wherein, C  is the status information of LSTM unit at time T, h  is the output at time T of the 
hidden layer, f  is the forgetting gate at time T, which can be obtained from formula f = σ(W ⋅
[h , x ] + b ), i  is the input gate at time T, which can be obtained from formula i = σ(W ⋅
[h , x ] + b ) ,   C  is the current information at time T, which can be obtained from formula c =
tanh(W ⋅ [h , x ] + b ), o  is the output gate at time T, which can be obtained from formula o =
σ(W ⋅ [h , x ] + b ), ∙ represents multiplication, ⊕ represents addition, and σ is the activation 
function of sigmoid type. 

2.4 Attention 

The difference between Attention mechanism and traditional machine translation is that Attention 
requires all the information of hidden States in encoder to be passed into decoder. If there are N 
hidden States in encoder [18]. Then all the information of these N Hidden States needs to be given to 
decoder. Before feeding all the information into the decoder, we need to set a weight for N hidden 
States respectively, then sum each hidden State according to the weight setting, and then input all the 
hidden States after the weighted sum into the decoder. 

2.5 Cnn-lstm-attention 

CNN has good data feature extraction capability, and the sensor data in the robot foot media 
classification problem have obvious time sequence relationship, while LSTM can better analyze the 
dependence between time series data, so CNN and LSTM are combined in this paper.  

The media classification is affected by the data of different sensors, and the data of each sensor has 
different influence on the media classification. Therefore, this paper designed and adjusted the 
structure of the standard LSTM model, introduced the Attention mechanism into the LSTM model, 
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and built a time series prediction model that could distinguish the importance of such features as 
direction, angular velocity and linear acceleration. The structure of the composite model is shown in 
Figure 3. The composite model includes CNN, LSTM and Attention layers. CNN input the extracted 
data feature vector into LSTM hidden layer, and input it into Attention layer after processing. 
Attention layer allocates weight and input it into The connection layer, and result layer will obtain 
the output of this layer. That is to complete the model building. 

 

 
Figure 3. composite model structure diagram 

3. Experiment 

3.1 Experimental System Configuration: 

The system configuration of this experiment is as follows:  

CUDA version : 11.1, GPU version : GeForce GTX 1660 Ti, Conda version : 4.12.0 , python version : 
3.9, TensorFlow version : 2.9.1, keras version : 2.9.0. 

3.2 Experimental Data and Evaluation Indicators: 

Data from the experiment was provided by the University of Tampere in Finland, The data acquisition 
staff included Heikki Huttunen and Francesco Lomio from the Department of Signal Processing and 
Damoon Mohamadi, Kaan Celikbilek, Pedram Ghazi and Reza Ghabcheloo from the Department of 
Automation and Mechanical Engineering. The relevant data are shown in Figure 4, where the abscissa 
represents the sampling point and the ordinate represents the signal amplitude. Data were put into 
LSTM, LSTM+CNN and LSTM+CNN+Attention models for testing, and accuracy was used as the 
result evaluation index of each model. 

 

 
Figure 4. Partial data set presentation 
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3.3 Model Parameters 

For LSTM model, we set units at 32, input_shape at (128,10) and Dense at 9, and adopt 'softmax' as 
the activation function. 

In the CNN+LSTM model, we adopted Conv1D model as the first layer of the model. The filters are 
150,kernel_size is 10, and input_shape is (128,10). 'relu' is used as the activation function and the 
Dropout value of the model is 0.5. 

Among the three types of models, optimizer is RMsprop, Loss is categorical_crossentropy, and 
metrics is accuracy. 

3.4 Performance Comparison of the Three Models 

1) LSTM model is adopted, and the data display is shown in Figure 5. We find that when epoch is 0 
to 50, validation_data is stable at about 0.48, and the accuracy rate is low. 

 

 
Figure 5. LSTM results 

 

2) Therefore, considering the influence of local information of data on experimental results, 
CNN+LSTM model is adopted for data testing, and the results are shown in Figure 6. We find that 
when epoch is 0 to 50, validation_data finally stabilizes at about 0.72, and the accuracy increases by 
about 24 percentage points compared with LSTM. 
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Figure 6. CNN+LSTM results 

 

3) Considering the influence of strengthening correct information and weakening wrong information 
on experimental results, we introduced the Attention mechanism, and the results are shown in Figure 
7. We find that when epoch is 0 to 50, validation_data is stable at about 0.74, increasing by 2 
percentage points compared with CNN+LSTM. 

 

 

 
Figure 7. CNN+LSTM+Attention results 
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Therefore, by comparing experiment 2 and 3, it can be seen that the CNN+LSTM+Attention neural 
network model proposed in this experiment has significantly improved the accuracy of robot foot 
media classification compared with neural network model LSTM and CNN+LSTM. When epoch 
value is 0 to 50, the overall accuracy of the test is improved by 26 percentage points compared with 
the reference model LSTM, and by 2 percentage points compared with the reference model 
CNN+LSTM 

4. Conclusion 

This paper presents a classification model of robot plantar media based on time sequence linkage. 
Compared with the existing media classification research using a single model, this method can 
effectively improve the loss of relevant information between data, and more attention is paid to the 
influence of data connection on the accuracy of legged robot plantar media classification. First of all, 
the neural network model based on CNN+LSTM+Attention is determined by conducting comparative 
experiment with CNN, CNN+LSTM and CNN+LSTM+Attention. Finally, the validity of the model 
is verified by the data provided by the University of Tampere in Finland. After a series of experiments, 
the accuracy of classification results obtained by the media classification method based on the neural 
network model is 74%In addition, we found that the temporal connection between data has a high 
impact on the accuracy of the model results, so we will continue to conduct in-depth research on this 
connection between data in the future to continuously optimize the effect of the model. 
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