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Abstract. Multi-step predictive model of engine excess 

air coefficient combined with PID control method 

based on oxygen sensor can effectively control the 

excess air coefficient. In order to improve the model 

prediction accuracy of excess air coefficient and the 

fitting accuracy of its first derivative and second 

derivative, this paper builds Time Convolution 

Neural (TCN) multi-step predictive models of excess 

air coefficient. Experimental results show that three 

step prediction MAPE of the excess of air coefficient 

by TCN is 0.319%, 0.750%, 1.33%, respectively. The 

MAE of first-order difference and second-order 

difference which is calculated from excess air 

coefficient are 0.00738 and 0.0084 respectively. 
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1.   INTRODUCTION  

Excess air coefficient refers to the ratio of the air mass in 

the cylinder actually burned by the engine to the air mass 

used for theoretical combustion[1]. Under transient 

conditions, the change of throttle opening, engine speed 

and engine temperature will cause the fluctuation of 

excess air coefficient. Accurate control of excess air 

coefficient is beneficial to improve the engine's own 

power performance and fuel economy, and ensure the 

stability of transition conditions and the efficiency of 

three-way catalytic conversion. Classical control 

methods of excess air coefficient include MAP control 

method based on engine calibration results, closed-loop 

control method based on oxygen sensor, model control 

method and so on. After entering the 21st century, the 

artificial intelligence model replaces one of links in the 

traditional air-fuel ratio control method, and an excess air 

coefficient control method based on artificial intelligence 

appears. The multi-step prediction model of excess air 

coefficient based on artificial intelligence combined with 

PID control method based on oxygen sensor can 

complete the control of excess air coefficient and reduce 

the control overshoot. Current research shows that 

artificial intelligence method can predict excess air 

coefficient with high accuracy[2, 3]. Hou Zhixiang et 

al.[4, 5] built a multi-step prediction model of air-fuel 

ratio by using fully connected neural network, taking the 

characteristics including the first derivative of air-fuel 

ratio and the second derivative of air-fuel ratio as inputs, 

and the average error of experimental prediction was 2%. 

Elman cyclic neural network is used to build a multi-step 

prediction model of air-fuel ratio with the same input, and 

the average error of experimental prediction is 0.5%. 

However, the fitting accuracy of the first-order difference 

of excess air coefficient and the second-order difference 

of excess air coefficient used in PID control method is 

unsatisfactory, which seriously limits the control 

accuracy of excess air coefficient when the excess air 

coefficient model is combined with PID method, so its 

practicability is limited. 

In view of the deficiency of artificial intelligence in 

predicting excess air coefficient at present, considering 

that the working process of engine is the cyclic 

reciprocating motion of piston, which has strong periodic 

local characteristics, this paper introduces convolutional 

neural network to extract the characteristics to complete 

the prediction task. Convolutional neural network 

realizes parallel input by sliding convolution operation 

on input, so it has fast training speed and low 

consumption of computing resources, and is very suitable 

for engineering application. In order to make full use of 

the advantages of convolution neural network and 

improve its ability to learn time series, this paper builds 

a multi-step prediction model of excess air coefficient 

based on time convolution neural network. Finally, the 

prediction accuracy, the first derivative fitting accuracy 

and the second derivative fitting accuracy of TCN are 

studied in different engine working conditions. 

The original experimental data is acquired from a certain 

four-cylinder two-stroke engine. The engine transient 

condition was created by changing throttle valve size, 

engine speed and fuel injection time. TCN neural 

network is built based on dilated causal convolution. The 

experimental results show that the MAPE predicted by 

TCN model in the first step is 0.319%. With the increase 

of prediction step, the prediction accuracy of excess air 

coefficient decreases. The first derivative fitting effect of 

TCN model is well, and it also shows a certain degree of 

second derivative fitting effect. 
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In Section 2: the structure of algorithm and method of 

data preprocessing is presented. In Section 3: the 

experiment is presented and the experimental results are 

analyzed. 

2.   BACKGROUND 

The intake process of two-stroke engine can be 

summarized as follows: air enters crankcase through 

throttle valve and intake pipe, fuel is injected into intake 

duct through oil transfer pump and fuel injector, part of 

which directly enters crankcase, part of which forms oil 

film on the wall of intake duct, and the subsequent oil 

film evaporates and forms combustible mixture with air 

to enter crankcase. After the cylinder completes free 

exhaust, the combustible mixture enters the cylinder 

from crankcase scavenging, causing leakage of fresh 

charge and mixing of fresh charge and exhaust gas, and 

then doing work, which propagates into the exhaust pipe 

along with free exhaust, forced exhaust and scavenging. 

In the whole ventilation process of two-stroke engine, 

there is almost no suction and exhaust function of piston, 

but exhaust gas energy is used, and fresh charge is 

pressed into the cylinder by crankcase or scavenging 

pump to sweep the residual exhaust gas in the cylinder. 

In the free exhaust stage of two-stroke engine, vacuum 

negative pressure will appear continuously in the 

cylinder, and the mixture in crankcase will be sucked. 

The intake pressure characteristics of two-stroke engine 

have periodicity. 

Convolution has translation invariance and is suitable for 

learning local features. For neurons in the fully connected 

layer, each input in the upper layer corresponds to a 

weight coefficient, which is strictly related to the order of 

feature input. However, the convolution layer uses a 

convolution kernel parameter to scan the whole input 

data according to the step size, and the convolution kernel 

learns the local mapping relationship between the input 

of convolution kernel size and scalar output. Once the 

mapping relationship is learned, it can be used for 

calculation at any position in the input, and convolution 

operation is good at extracting local periodic features. 

The second advantage of convolution layer is that it can 

learn hierarchically. The convolution kernel in the same 

layer can be responsible for learning different data laws, 

while different convolution kernels can observe data laws 

from different levels and learn and summarize different 

laws according to different levels. Convolutional neural 

network is suitable for extracting engine features. 

Convolution operations used in this paper are one-

dimensional convolution operations which is named 

dilated causal convolution. In order to optimize the 

number of layers of the model, the dilated causal 

convolution which can extend the convolution receptive 

field is selected when constructing the TCN one-

dimensional convolution network. Because the 

foundation of dilated causal convolution is causal 

convolution, this paper first introduces the basic principle  

of causal convolution,  and  then  introduces  the  dilated 
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Fig.1.  Structure of causal convolutional layers 

 

causal convolution evolved from causal convolution. 

2.1. Causal Convolution 

The causal convolution is a kind of one-dimensional 

convolution designed for time-series problem. The basic 

principle of causal convolution is shown in (1). 

𝑝(𝑌) = ∏ 𝑝(𝑦𝑡|𝑥1, … , 𝑥𝑡−1)
𝑇
𝑡=1               (1) 

Where 𝑌 is the output vector; 𝑦𝑡  is the output scalar at 

time 𝑡 ; 𝑥𝑡−1  is the output scalar at time 𝑡 − 1 . The 

formula means that the output at each moment is only 

related to the input at the previous moment. The principle 

of causal convolution is shown in Fig.1. 

In the Fig.1: the convolution kernel size of causal 

convolution is 2, and the stride size is 1; 𝑥𝑡  is the 

sequence input; 𝑦𝑡 is the sequence output. 

2.2. Dilated Causal Convolution 

The design principle of dilated causal convolution is to 

skip the input value at a specific position during 

convolution operation, which is equivalent to expanding 

the size of convolution kernel. The empty part in the 

middle of convolution kernel is replaced by zero value. 

The number of skipped features is controlled by division. 

The larger the division is, the more feature points are 

skipped. The larger the equivalent convolution kernel 

size is, the larger the receptive field area can be obtained, 

as shown in Fig. 2. 
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Fig.2.  Structure of dilated convolutional layers 

 

while limiting the number of layers of the model network. 

Because the number of layers of the network is small, the 
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efficiency of the network in training and prediction can 

still be maintained. In this paper, in order to expand the 

receptive field, in the case of appropriately increasing the 

number of network layers, this paper adopts the diffused 

causal convolution, and gradually increases the division 

in different layers. 

2.3. Data Standardization 

Data standardization is a common method to eliminate 

the influence of numerical distribution of different 

features in model training. The commonly methods of 

data standardization include Max-Min method based on 

maximum and minimum operation, and Z-score method 

based on mean and variance. Max-Min method unifies all 

eigenvalue fields to [0,1] by linear transformation of 

different independent variable features to different 

degrees and scaling translation. Compared with Max-

Min method, Z-score method has the same point in that 

both methods scale the data, but the data regularization 

transforms the features into a distribution with the mean 

value of 0 and the variance of 1, and does not strictly 

restrict the range of the transformed range. Max-Min 

method is suitable for data standardization when data 

distribution is concentrated, and Z-score standardization 

is suitable when data distribution has outliers. Z-score 

method is shown in (2). 

𝑥𝑖
′ =

𝑥𝑖−�̅�

𝜎
              (2) 

Where �̅� is the average of variable and 𝜎 is the variance 

variables. 

3.   METHOD 

3.1. Dataset Generation 

In this paper, the samples are from a four-cylinder 

horizontally opposed two-stroke inlet injection piston 

engine. The engine power is about 70W and the sampling 

frequency is 200Hz. Throttle opening, speed and 

injection time are changed to create transition condition. 

In the experimental process, the throttle opening 

adjustment experiment was completed, and the transition 

condition was created by changing the throttle opening. 

Throttle opening experiment is adjusted up and down 

based on 4%, 10%, 20%, 30%, 40% and 50% opening. 

Fig.3. shows the throttle opening increase experiment by 

using the control variable method, and Fig.4. shows the 

curve of excess air coefficient in the corresponding 

process. 
 

 

Fig.3. Throttle Opening 

 

Fig.4. Excess Air Coefficient 

 

Fig.5. Engine Speed 

 

Fig.6. Excess Air Coefficient 
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The engine speed can be adjusted by dynamometer, as 

shown in Fig.5., which shows the engine speed increase 

experiment by using the control variable method, and the 

change of excess air coefficient in the corresponding 

process is shown in Fig.6. 

 

Table 1  Basic features of model 

Features Unit Data Type 

Time 𝑠 FLOAT16 

Speed 𝑟𝑝𝑚 INT 

Throttle Opening % INT 

Intake Pressure 𝑏𝑎𝑟 INT 

Injection Time 𝜇𝑠 INT 

Engine Temperature ℃ INT 

Water Temperature ℃ INT 

Ecxess Air Coefficient - FLOAT16 

Table 2  Constructed features of model 

Features Unit Data Type 

First Order Difference - FLOAT16 

Second Order Difference - FLOAT16 

 

The features collection results are shown in the Table 1. 
First Order Difference and Second Order Difference are 

constructed according to (4) and (5). 

k1λ̇ = Δλ = λ2 − λ1              (4) 

𝑘2�̈� = 𝜆3 − 2 × 𝜆2 + 𝜆1              (5) 

 

3.2. Build the model 

Since the sampling frequency is 200Hz, it can be sampled 

10 times per working cycle when the engine speed is 

1200rpm, and the engine information of 1~2 working 

cycles can be basically covered when the speed increases. 

Therefore, the input sequence length is 10, and the air-

fuel ratio at the following three times is predicted by 

using the 9 features of the input sequence length of 10. 

Using convolution network to complete modeling and 

prediction work, if you want to extract feature 

information completely, you must consider the receptive 

field of the model. Using ordinary one-dimensional 

convolution, if you want to expand the receptive field to 

10, you need at least 11 layers of convolutional neural 

network. When the network layers are too deep, the 

model is difficult to train, and the network is too complex, 

which can easily lead to over-fitting. Therefore, dilated 

causal convolution is used to expand the receptive field, 

and a shallower network is built to complete the task of 

larger receptive field. 

Five dilated causal convolution layers are used in this 

convolution. In order to extract information as carefully 

as possible, the convolution kernel size is 2, and the 

receptive field includes all the sequence lengths. The 

input shape and output shape in each layers are shown in 

the Table.3. 

 

Table.3  Data shape of TCN 

Layer Input Shape Output Shape 

Input Layer (Batch, 10, 9) (Batch, 10, 9) 

Conv Layer 

(Tanh) 

(Batch, 10, 9) (Batch, 10, 16) 

Conv Layer 

(Tanh) 

(Batch, 10, 16) (Batch, 10, 16) 

Conv Layer 

(Tanh) 

(Batch, 10, 16) (Batch, 10, 16) 

Conv Layer 

(Tanh) 

(Batch, 10, 16) (Batch, 10, 16) 

Conv Layer 

(Tanh) 

(Batch, 10, 16) (Batch, 10, 16) 

Dense (Batch, 10, 16) (Batch, 1) 

Table.4  Relevant Parameters of Model 

Parameter Value 

The number of Training Set Samples 500000 

The number of Test Set Samples 157723 

The Length of Input Sequence 10 

The Length of Output Sequence 3 

Learning Rate 0.01 

Batch Size 1024 

Optimizer Adam 

Loss Function MSE 

Evaluating Indicator MAPE 

 

Specially, tanh is the activation function which is used in 

TCN. The relevant parameters of model is shown in 

Table.4.It can be calculated that the training set accounts 

for 76% of the total samples. 

3.3. Experimental Result and Analysis 

The purpose of multi-step air-fuel ratio prediction is 

threefold: to accurately predict the single-step value of 

the air-fuel ratio and provide feedback of the air-fuel ratio 

prediction value; to accurately predict the first two-step 

value of the air-fuel ratio, to provide the air-fuel ratio 

prediction value and the first-order derivative feedback 

of the air-fuel ratio; and to accurately predict the air-fuel 

ratio. The first three steps of fuel ratio provide feedback 

of the predicted value of the air-fuel ratio and the second 

derivative of the air-fuel ratio. Therefore, when 

measuring the model prediction results, pay attention to 

the prediction accuracy of the air-fuel ratio single-step 

prediction value, the first-order derivative fitting value of 

the air-fuel ratio and the second-order derivative fitting 

value of the air-fuel ratio. In this paper, the first 

derivative of air-fuel ratio prediction can be 
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approximated by a first-order difference, and the second 

derivative of air-fuel ratio prediction can be 

approximated by a second-order difference. The 

experiment needs to complete the first, second, and third 

steps of air-fuel ratio prediction accuracy analysis; air-

fuel ratio first-order difference fitting accuracy analysis; 

air-fuel ratio second-order difference fitting accuracy 

analysis. 

This experiment then uses MAPE to compare and 

analyze the air-fuel ratio prediction accuracy indicators 

of the first, second, and third steps of the TCN model. 

The calculation results are shown in Table 6: 

 

Table.5  MAPE of Different Step of Excess Air Coefficient 

Excess Air Coefficient MAPE(%) 

First Step 0.319 

Second Step 0.750 

Third Step 1.33 

 

Observing Table 5 we can see that as the prediction step 

size increases, the prediction accuracy of the model 

decreases. This is related to the increase in the prediction 

step size and the decrease in the amount of information 

about subsequent changes in the air-fuel ratio. 

One of the goals of this prediction model is to perform 

negative feedback of the first derivative of the air-fuel 

ratio, so this experiment is carried out based on the results 

of the air-fuel ratio prediction. 

Table 6 shows the calculation results of the fitting 

accuracy of the first derivative of the air-fuel ratio. 

 

Table.6 Evaluating Indicator of First derivative 

Evaluating Indicator Value 

MAE 0.00738 

MSE 0.000282 

RMSE 0.0168 

 

In this experiment, the fitting accuracy of the second 

derivative of the model air-fuel ratio is calculated as 

shown in Table 7: 

 

Table.7  Evaluating Indicator of Second derivative 

Evaluating Indicator Value 

MAE 0.008378 

MSE 0.000137 

RMSE 0.00837 

 

Since the TCN model has achieved very good prediction 
results under the transition conditions where the 

prediction is more difficult and the prediction accuracy is 

low, the increase in the injection pulse width and the 

increase in the throttle opening degree have achieved 

very good prediction results, so the model is selected for 

these two conditions. Visual analysis of the first-order 

derivative and second-order derivative fitting effect. The 

first derivative of the model air-fuel ratio prediction 

result is calculated as shown in Figure 7-12: 

 

Fig.7 Increased pulse width prediction curve 

 

Fig.8. Increased throttle opening prediction curve 

 

Fig.9. Increased pulse width first derivative fitting curve 
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Fig.10. Increased throttle opening first derivative fitting curve 

 

Fig.11. Increased pulse width second derivative fitting curve 

 

 

Fig.12. Increased throttle opening second derivative fitting curve 

4.   CONCLUSION 

In order to improve the engine's own power performance 

and fuel economy, the precise control of the engine's 

excess air coefficient is becoming more and more 

stringent. Under transient conditions, changes in the 
throttle opening, engine speed and engine temperature 

will cause excessive fluctuations in the air coefficient. 

Therefore, this paper proposes a multi-step prediction 

model of engine excess air coefficient, which can 

effectively predict excess air coefficient. 

Based on structures such as extended convolution, a 

temporal convolutional neural network (TCN) excess air 

coefficient prediction model was established, and a large 

number of comparative experiments were carried out. 

The experimental results show that the three-step 

prediction of the excess air coefficient by TCN is 0.319%, 

0.750% and 1.33%, respectively. The first-order 

difference and the second-order difference calculated by 

the excess air coefficient are 0.00738 and 0.0084, 

respectively, which meet the demand. The results show 

that the model can complete the multi-stage air-fuel ratio 

prediction task with high precision, and the first-order 

derivative and the second-order derivative calculated 

from the prediction results of excess air coefficient reflect 

certain fitting characteristics. The model prediction 

results also prove the effectiveness of the Adam 

optimizer and Tanh activation function in the multi-step 

prediction model of TCN excess air coefficient. 
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