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Abstract

To improve the prediction accuracy of soot load in gasoline particulate filters (GPFs) and
the control accuracy during GPF regeneration, this study developed a prediction model
to predict the soot mass concentration at the GPF inlet of gasoline direct injection (GDI)
engines using advanced machine learning methods. Three machine learning approaches,
namely, support vector regression (SVR), deep neural network (DNN), and a Stacking
integration model of SVR and DNN, were employed, respectively, to predict the soot mass
concentration at the GPF inlet. The input data includes engine speed, torque, ignition
timing, throttle valve opening angle, fuel injection pressure, and pulse width. Exhaust
gas soot mass concentration at the three-way catalyst (TWC) outlet is obtained by an
engine bench test. The results show that the correlation coefficients (R2) of SVR, DNN,
and Stacking integration model of SVR and DNN are 0.937, 0.984, and 0.992, respectively,
and the prediction ranges of soot mass concentration are 0–0.038 mg/s, 0–0.030 mg/s, and
0–0.07 mg/s, respectively. The distribution, median, and data density of prediction results
obtained by the three machine learning approaches fit well with the test results. However,
the prediction result of the SVR model is poor when the soot mass concentration exceeds
0.038 mg/s. The median of the prediction result obtained by the DNN model is closer
to the test result, specifically for data points in the 25–75% range. However, there are a
few negative prediction results in the test dataset due to overfitting. Integrating SVR and
DNN models through stacked models extends the predictive range of a single SVR or DNN
model while mitigating the overfitting of DNN models. The results of the study can serve
as a reference for the development of accurate prediction algorithms to estimate soot loads
in GPFs, which in turn can provide some basis for the control of the particulate mass and
particle number (PN) emitted from GDI engines.

Keywords: soot mass concentration; prediction; machine learning; GPF; GDI engine

1. Introduction
Gasoline direct injection (GDI) engines have become one of the mainstream power

sources for light-duty vehicles [1]. Meanwhile, GDI engines emit a certain amount of
ultrafine particles with diameters below 100 nm [2], which increase the risk of human
diseases related to cardiopulmonary dysfunction and cause serious health problems [3].
The integration of a gasoline particulate filter (GPF) into the engine exhaust system is the
prevailing strategy to control the particulate mass and particle number (PN) emitted from
GDI engines [4]. It is widely recognized that the estimation accuracy of soot load in a GPF
is crucial for its regeneration control [5]. Specifically, an overestimation of soot load in
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a GPF may cause frequent regeneration and shorten the expected service life of the GPF.
On the other hand, underestimating the soot load in the GPF would lead to abnormally
prolonged regeneration intervals of the GPF, increased exhaust back pressure, and reduced
fuel economy of the GDI engines [6]. Presently, the soot load in a GPF is estimated using
an open-loop method, such as the differential pressure method and mass conservation
method, which is similar to those used for diesel particulate filters (DPFs). However, these
methods are subject to considerable uncertainty [7]. The introduction of the soot mass
concentration at the inlet of the GPF, which is one of the key factors affecting the soot load
in the GPF [8], has become a key factor toward improving the prediction accuracy of soot
load in GPFs and the control accuracy of GPF regeneration.

At present, many researchers have developed an engine prediction model using inter-
polation, neural networks, and other machine learning algorithms. For example, prediction
models can be constructed through machine learning to estimate the fuel consumption
and exhaust emissions of the engine based on its basic MAP data, i.e., engine power, fuel
consumption, emissions, etc. [9]. There is a lot of literature concerning soot emission pre-
diction from diesel engines. Ghanbari et al. [10] developed an emission prediction model to
estimate the CO, CO2, HC, and NOx emitted from diesel engines by employing a support
vector machine algorithm, and the accuracy of this model for CO, CO2, HC, and NOx is
96.6%, 97.6%, 90.2%, and 90.7%, respectively. Vinay Arora et al. [11] predicted the HC, NOx,
and soot of a diesel engine using a neural network. The result showed that the model had
high prediction accuracy for NOx and HC, but relatively poor prediction accuracy for soot.
Moreover, the number of neurons in the hidden layer for soot mass prediction has been
identified as three. Shin et al. [12] estimated the transient soot emissions of a diesel engine
based on a deep neural network (DNN) and a long short-term memory (LSTM) algorithm,
respectively, and found that the LSTM algorithm produced more accurate predictions.
Liao et al. [13] compared the prediction accuracy of a neural network and support vector
regression (SVR) on diesel engine soot. They found that the prediction errors of both
methods were less than 5%, while the prediction accuracy and generalization ability of
SVR were better. Kumar et al. [14] estimated the HC, NOx, and soot emissions of a diesel
engine fueled with n-decanoyl-palm-based biodiesel–diesel blends using a combination of
a neural network with response surface methodology. The result showed that the prediction
errors of HC, NOx, and soot were less than 1.88%, with the prediction accuracy for soot
specifically showing significant improvement. Few studies have focused on predicting
soot emissions from gasoline engines. Jayaprakash et al. [15] proposed a physically aware,
dual-model machine learning framework to improve the prediction accuracy of soot mass
emitted from gasoline engines. The proposed method improved the prediction accuracy of
soot by approximately 29%, with the R2 value increasing from 0.594 to 0.801. Pu et al. [16]
adopted a neural network with a single hidden layer to predict the number of nano-scale
PM number, the result showed that a neural network is sufficient for predicting the nano-
scale PM count as a function of engine load and speed, achieving an R2 value of 0.92. Marta
et al. [17] investigated the relative performance of five decision tree-based machine learning
techniques, which include Random Forest, GBM, XGBoost, LightGBM, and CatBoost, to
predict particulate emission parameters for different fuels. The CatBoost model achieves
the highest prediction accuracy (R2 between 0.77 and 0.932). Although there has been
a significant improvement in the accuracy of soot prediction, there is still considerable
potential for further enhancement. Currently, the most accurate models for predicting the
gasoline engine soot concentration achieve an R2 value of less than 0.932. Such models,
lacking sufficient precision, can introduce significant deviations in soot load estimation
during prolonged soot accumulation. Therefore, more accurate models are essential for
precise soot concentration prediction.
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The soot mass concentration at the GPF inlet is affected by engine operating condi-
tions [18], in-cylinder mixture properties [19,20], fuel injection characteristics [21], and
ignition timing [22]. Among these influencing factors, operating condition and fuel prop-
erty are the decisive factors [23]. Specifically, the soot mass concentration was high under
high-load operating conditions [24]. Some oxygenated fuels such as ethanol can reduce
the soot mass concentration of gasoline engines [25]. Moreover, a decrease in the air–fuel
ratio or an increase in braking mean effective pressure (BMEP) can significantly reduce
the oxidation rate of soot in cylinders and the exhaust system, which leads to an increase
in soot mass concentration [26]. Fuel injection and ignition timing have complex effects
on soot mass concentration. On the one hand, delayed ignition and pre-injection timing
result in lower soot mass concentration due to premixed combustion. On the other hand,
proper delay of fuel injection can reduce the soot mass concentration of GDI engines [27].
After passing through the Three-way Catalyst (TWC), the size of a soot particle at the TWC
outlet increased compared to the inlet of the TWC [28]. Therefore, it is necessary to include
engine operating conditions, i.e., fuel injection pressure, pulse, and timing, ignition timing,
and TWC in the prediction model of soot mass concentration at the GPF inlet to improve
its prediction accuracy.

Overall speaking, accurate estimation of soot load in GPF is key to its regeneration
control, and accurate prediction of the soot mass concentration at the GPF inlet is crucial
for improving the accuracy of soot load estimation in the GPF. However, few studies have
focused on predicting the mass of soot produced by gasoline engines. This paper can be
divided into four sections: introduction; dataset construction; model construction and
validation; and conclusions. A prediction model of soot mass concentration at the GPF
inlet is developed using different machine learning methods, which include support vector
regression (SVR), deep neural network (DNN), and Stacking ensemble learning of SVR and
DNN, respectively. The results of the study can serve as a reference for the development of
accurate prediction algorithms to estimate soot loads in GPFs, which in turn can provide
some basis for the control of the particulate mass and particle number (PN) emitted from
GDI engines.

2. Dataset Construction
2.1. Data Collection

This paper uses a dataset for model training that includes the following fields: engine
speed, torque, throttle valve opening angle, air–fuel ratio, ignition timing, fuel injection
pressure, fuel injection pulse width, and exhaust gas soot mass concentration at the TWC
outlet. An engine bench test was conducted to collect the data required for the dataset.
Figure 1 shows the schematic view of the experimental setup. The arrows indicate the
direction of gas flow.

The test engine is a turbocharged 4-cylinder homogeneous GDI engine with a dis-
placement of 1.5 L, a calibrated power of 125 kW, and a compression ratio of 10.5. The
test equipment includes an engine bench and a soot mass concentration measurement
system. A HORIBA engine bench is used for engine control and bench data collection.
AVL 483 is used to measure the soot mass concentration in exhaust gas, where the sampling
tube for AVL 483 is set at the TWC outlet. The AVL micro-soot sensor operates on the
principle of the photoacoustic effect. Inside the measuring chamber, soot particles in the
exhaust gas absorb energy under laser light. This process cyclically heats and cools the
surrounding gas, generating sound waves. The intensity of the resulting acoustic signal is
directly proportional to the mass concentration of soot, allowing real-time determination of
soot mass concentration. The AVL micro-soot sensor offers a broad measurement range
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and responds rapidly to transient changes in exhaust soot concentration, making it highly
suitable for the dynamic operating conditions in this experiment.

Figure 1. Engine test bench schematic.

The engine operating profile used in the bench test comprises two parts and lasts
for 3800 s. The first part is an 1800 s operating profile of engine speed and throttle valve
opening angle obtained by a vehicle equipped with the same model engine running the
Worldwide Harmonized Light Vehicles Test Cycle (WLTC). In the WLTC cycle, regions with
high soot emissions constitute a very small percentage. Nevertheless, accurate prediction
of these high soot emissions is indispensable. Low-speed, high-load and high-speed, high-
load conditions, characterized by heavy acceleration, are primary contributors to high soot
emissions, yet they collectively account for less than 1% of the WLTC. Furthermore, at
medium and high-speed, high-load conditions, the elevated temperatures facilitate soot
oxidation within the GPF. To ensure the subsequent accuracy of soot load estimation, precise
prediction of soot concentration under these operating conditions is crucial. Therefore,
this study supplemented the dataset with the second part operating condition to enrich
the data and enhance the accuracy of soot concentration prediction. The second part is a
2000 s random operating profile generated from the engine soot mass concentration map.
The ratio of high, medium, and low soot mass concentration conditions is set to 7:2:1. The
transient condition set is repeated three times, and the total length of the profile is set to
11,400 s. The data were collected at a frequency of one measurement per second, resulting
in a dataset comprising 11,400 samples. Where 80% of the dataset, i.e., 9120 s, is used as
the training dataset, and 20% of the dataset, i.e., 2280 s, is used as the test dataset. Figure 2
shows the engine operation conditions for data collection. Crucially, the data partitioning
ensured that the concentration distributions of both the training and test sets remained
consistent. During the test, a warm-up procedure was initiated following engine start-up,
and once stable operating conditions were achieved (water temperature reaching 80 ◦C), the
cyclic testing commenced. Data was continuously acquired over three consecutive cycles.
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Figure 2. Engine operation conditions for data collection.

2.2. Data Normalization

In this paper, the min–max normalization method (formula (1)) is used to normalize
the collected data:

Xnormalization =
X − Min(X)

Max(X)− Min(X)
(1)

where Xnormalization is the normalization result, X is the value before normalization, and Max
and Min represent the maximum and minimum values, respectively, in the dataset before
normalization.

Figure 3 presents the concentration distribution plot. It can be observed that while the
custom operating conditions supplemented some mid-to-high concentration soot emissions
data, the overall dataset remains predominantly composed of low concentrations. The ideal
training dataset should comply with the principle of sample balance in statistics, that is
to say, the more uniform the sample distribution, the more accurate the model estimation
results obtained. Figure 4a shows the quantile plot of soot mass concentration. It is obvious
that the sample distribution of the soot mass concentration dataset is not uniform, and may
affect the accuracy if directly used as input data. A logarithmic transformation is used to
compress the original data, as shown in Figure 4b, bringing it closer to the baseline of a
normal distribution.

Figure 3. Concentration distribution plot.
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Figure 4. Quantile plot of the soot mass concentration dataset.

2.3. Data Correlation Analysis

Figure 5 shows the correlation between soot mass concentration and engine operating
parameters, i.e., engine speed, engine torque, ignition timing, throttle valve opening angle,
air–fuel ratio, fuel injection pressure, and fuel injection pulse width. The correlation
coefficients derived from the experimental data are computed as follows:

r = ∑n
i=1 (xi − x)(yi − y)√

∑n
i=1(xi − x)2

√
∑n

i=1(yi − y)2
(2)

Figure 5. Thermogram of correlation between soot mass concentration and engine operation parameters.

It can be seen that the soot mass concentration is positively correlated with engine
speed and torque, fuel injection pressure and pulse, ignition timing, and throttle valve
opening angle. The correlation between the air–fuel ratio and soot concentration is very
low, whereas throttle opening has a strong correlation with engine speed and torque, and
fuel injection pressure and pulse. This is due to the fact that the throttle opening adjusts in
conjunction with fuel injection, thereby determining engine speed and torque. Therefore,
the throttle opening is not needed as an input feature for model training. Thereby, engine
speed and torque, fuel injection pressure and pulse, and ignition timing were selected as
input data to train the model and to predict the soot mass concentration of the GDI engine.
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3. Model Construction and Validation
3.1. SVR Model

SVR follows the VC dimension theory and the principle of minimizing structural risk
in statistical learning theory, and performs well in the application of classification and
regression analysis problems in small sample, nonlinear, and high-dimensional patterns.
The principle of SVR is to find a hyperplane, and then implement data regression analysis
by minimizing the distance between the hyperplane and the farthest sample point. When
given a dataset T = {(x1, y1), (x2, y2), (x3, y3), · · · , (xm, ym)} with a size of m × (n + 1),
in which the input vector is n-dimensional and the output vector is y, then the optimal
hyperplane is established based on the dataset of g(x) = ωx + b. Where w is the normal
vector to the hyperplane, and b is the bias term. Figure 6 shows the algorithm structure
diagram of SVR.

Figure 6. The algorithm structure diagram of SVR.

A tolerance deviation, which is represented as ∈, is set based on experience before
minimizing the loss function. When the sample falls within the tolerance deviation, no
loss is considered. While the loss is included in the loss function if the sample does not
fall within the tolerance deviation. The model can then be expressed as minimizing the
complexity and the total loss. And, the optimization objective function of SVR can be
expressed as:

min
w,b

1
2
∥W∥2 + C

1

∑
i=1

(ξi + ξ∗i ) (3)

where ξ is the slack variable, and C is the penalty factor.
The boundary condition is:

s.t.


yi = ωx − b ≤∈ +ξi

ωx + b − yi ≤∈ +ξ∗i
ξi, ξ∗i ≥ 0

(4)

The values of ξi and ξ∗i are:{
ξi = yi − (ωx + b+ ∈), yi > ωx + b+ ∈

ξi = 0, otherwise
(5)

{
ξ∗i = (ωx + b+ ∈)− yi, yi < ωx + b− ∈

ξ∗i = 0, otherwise
(6)
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Then, a Lagrange function is constructed to minimize the objective function:

L = 1
2∥W∥2 + C

1
∑

i=1

(
ξi + ξ∗i

)
−

1
∑

i=1
αi(∈ +ξ i − yi + ωx + b)

−
1
∑

i=1
α∗i

(
∈ +ξ∗i + yi − ωx − b

)
−

1
∑

i=1

(
ηiξi + η∗

i ξ∗i
) (7)

s.t. αi, α∗i , ηi, η∗
i ≥ 0.

Then, the optimization problem is transformed into a dual problem:
max

α

m
∑

i=1
αi −

1
2

m
∑

i=1

n
∑

j=1
αiαjyiyjK

(
xi, xj

)
s.t. 0 ≤ αi ≤ C, i = 1, 2, . . . , m

m
∑

i=1
αiyi = 0

(8)

where αi is the Lagrange coefficient and not 0, K
(

xi, xj
)

is the kernel function for the
SVR model.

Finally, the regression function of the SVR model is:

f (x) =
m

∑
i=1

(αi − α∗i )K(xi, x) + b 0 < αi < C (9)

The selection of the kernel function and penalty factor jointly determines the perfor-
mance of the SVR model. In particular, the kernel function extends the vector inner product
space to transform nonlinear regression problems into approximate linear regression prob-
lems, and to avoid inner product calculations in high-dimensional feature spaces. The
penalty factor is a parameter that imposes corresponding penalties on the ω∗ point when it
deviates from the track and returns the point to the normal region to minimize sample bias.
At the same time, ensuring a certain level of expansion capability and meeting the principle
of minimizing structural risk in statistics. In this paper, the kernel function is selected as
a radial basis function, the stopping tolerance is set to 0.001, and the penalty factor is set
to 1.0.

A K-fold cross-validation method is used during SVR model construction. Figure 7
shows the mean square error (MSE) of different K-folds. It can be seen that MSE is
minimized at K = 4. So, the K-fold is set to four in the SVR model.

Figure 7. MSE of different K-folds.
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Table 1 lists the MSE, mean absolute error (MAE), and correlation coefficient (R2) of
the SVR model constructed in this paper.

Table 1. MSE, MAE, and R2 of the SVR model.

Kernel Function K-Folds MSE MAE R2

Radial basis function 4 0.018295 0.07249 0.937

Figure 8 compares the SVR prediction and test results of soot mass concentration. The
box plotted on the left reflects the distribution of the test data, and the normal curve plotted
on the right reflects the density of the data. It can be seen that the data distribution of the
prediction and test results is similar, with a little higher median for the estimated results.
The data density of the prediction and test results both presents larger values in small soot
mass concentrations. The data distribution concentrated area of the test results is slightly
smaller than that of the prediction results. The model has a good prediction effect in the
range of soot mass concentration 0–0.038 mg/s. Whereas the prediction effect of the SVR
model is poor when the soot mass concentration is larger than 0.038 mg/s.

Figure 8. SVR prediction and test results of soot mass concentration.

The phenomena observed primarily stem from the SVR model’s high dependency
on the training data distribution and its limited extrapolation capability. The model
simply lacks sufficient information in the high-concentration range to construct a reliable
prediction hyperplane. Essentially, SVR models excel at interpolation within the trained
data’s boundaries. The 0.038 mg/s mark likely represents, or is close to, the upper limit of
the actual value distribution in the training data. Consequently, with very few data points
above this threshold, the model struggles to generate effective predictions. Furthermore,
the loss function, by not penalizing errors within the ∈ margin, leads the model to produce
a more average prediction rather than fitting each data point precisely [29]. This results in
the predicted value distribution appearing broader than the actual values, with a potential
slight shift in the center of the concentrated region.

The R2 of the SVR model was comparable to that of the previously best-performing pre-
diction model, indicating no significant improvement in prediction accuracy. Consequently,
further exploration is required to enhance its precision.
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3.2. DNN Model

A neural network is a computational model that simulates the structure and function
of a human brain neuron. It consists of multiple layers of neurons and can achieve tasks
such as classification, prediction, and recognition through learning and training. A DNN is
a neural network consisting of multiple hidden layers that are fully connected to each other.
A DNN uses weights and biases between layers to perform nonlinear transformations on
input data to represent data features.

Figure 9 shows the structure diagram of the DNN prediction model built in this paper.
Considering that predicting soot concentration based on multiple factors is inherently a
complex, non-linear problem, a deeper architecture enables the network to progressively
extract more sophisticated features, thereby contributing to accurate prediction. Therefore,
the DNN prediction model employs a total of five hidden layers. The input layer includes
five neurons, i.e., engine speed, torque, fuel injection pulse width, fuel injection pressure,
and ignition timing. The output layer is the soot mass concentration at the TWC outlet.
Batch size and epoch were set to 256 and 8, respectively. These parameter settings facilitate
parallel computing, leading to faster execution speeds. Additionally, the loss calculation
for each iteration transforms from a global loss to a local loss, which generally results in
better performance compared to traditional methods.

Figure 9. Structure diagram of the DNN.

The training process of a DNN mainly consists of three steps. First, the data is
unidirectionally transmitted into the neural network. Second, the loss function is calculated.
Finally, the deviation between the actual and predicted value is calculated and transferred
back to update the weights and biases until the model converges. The learning rate is an
important parameter for a DNN model, where a high learning rate may cause the model
to fail to converge, while a low learning rate affects the model’s running speed. Figure 10
shows the iterative curve of the training and test sets with different learning rates. It can
be seen that the model converges fastest and the convergence curve has no significant
fluctuations when the learning rate is 0.01. Therefore, the learning rate is set as 0.01 in
this paper.
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Figure 10. Iterative curve of the training and validation sets with different learning rates.

The function of the activation function in hidden layers is to convert the sum of the
input signals from the previous layer into an output signal. And it is the key factor affecting
the convergence speed and error of the DNN model. Figure 11 compares the influence of
different activation functions on the convergence speed of the DNN model. It can be seen
that the ReLU activation function converges quickly and has the smallest error, while the
Sigmoid activation function has poor performance and converges after 50 iterations. The
tanh activation function has a convergence speed similar to the ReLU activation function
but with a higher error. So, the activation function of the DNN model in this paper is
selected as ReLU. Table 2 lists the MSE, MAE, and R2 of the DNN model.

Figure 11. Convergence speed and error of different activation functions.

Table 2. MSE, MAE, and R2 of the DNN model.

Activation Functions Learning Rate MSE MAE R2

ReLU 0.01 0.01349 0.06328 0.984

Figure 12 compares the DNN prediction and test results of soot mass concentration.
It can be seen that the distribution, median, and data density of the prediction results
obtained by the DNN model are similar to those of the test results. While the median of
the prediction results is closer to that of the test results, especially within the range of the
25–75% dataset. The DNN model has a good prediction effect in the range of soot mass
concentration 0–0.032 mg/s. The correlation coefficient in the training set reached 0.984,
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but there exist a few negative prediction results due to the overfitting caused by the number
of hidden layers.

Figure 12. DNN prediction and test results of soot mass concentration.

The paucity of training data in the high-concentration range is fundamentally respon-
sible for this phenomenon. For regions not sufficiently covered in the training set, the
DNN’s extrapolation capabilities are typically limited. Furthermore, it is plausible that
high-concentration data points were mapped to negative values in the network’s initial
layers. Under these conditions, the ReLU activation function will output zero, leading to
information loss in subsequent layers and consequently hindering the model’s capacity
to learn and predict effectively in the high-concentration domain. The five hidden layers
offer substantial learning capacity, which exponentially boosts predictive capability [30].
However, when combined with the chosen batch size and epoch settings, this architecture
provides ample opportunity for the model to overfit the training data [31].

The DNN model achieved an R2 of 0.984, representing a substantial increase compared
to the previous highest prediction model’s R2 of 0.932. However, the DNN model exhibited
a limited prediction range and suffered from overfitting. Therefore, methods to address
these issues in the DNN model need to be investigated.

3.3. Integration Model of SVR and DNN Based on Stacking Algorithm

The integration of different models can effectively reduce the model’s variance, avoid
overfitting, and improve the model’s generalization ability [32]. Ensemble learning algo-
rithms primarily include Bagging, Boosting, and Stacking. Bagging operates by sampling
with replacement from the training data to create multiple subsets. A sub-model is then
trained on each of these subsets, and this process is repeated. Finally, the predictions from
these sub-models are combined through voting or averaging to produce a more generalized
result [33]. Boosting algorithms, on the other hand, are iterative. The core idea is to focus on
misclassified samples from previous training iterations, increasing their weight to ensure
they are correctly handled in subsequent steps, thereby sequentially improving model
performance [34]. The Stacking algorithm combines the prediction results of multiple
models to complete the final output. In specific, the Stacking algorithm typically has a
two-layer structure, the first layer consists of multiple base learners, and the output of
each base learner is used as a new input for training the meta learner of the second layer.
During the training process, the weights of models with better performance will continue
to increase, while the performance of models with poor performance is suppressed to
obtain more accurate prediction results. And the Stacking algorithm usually uses the K-fold
cross-validation method for training to avoid overfitting.
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An integration model of SVR and DNN based on the Stacking algorithm is constructed
in this paper to improve the prediction accuracy of soot mass concentration. Where both
SVR and DNN are used as the base learners, and the linear regressor algorithm is used
as the meta learner. Five-fold cross-validation for training is chosen to avoid overfitting.
Figure 13 shows the schematic diagram of the Stacking algorithm.

Figure 13. Schematic diagram of the Stacking algorithm.

First, the collected dataset is divided into the training set (i.e., training dataset) and the
testing set (i.e., test dataset) in a 4:1 ratio, ensuring consistent concentration distributions
between the two. Second, the training dataset is further divided into five parts, in which
four parts are used as the training dataset (i.e., Train_train) for model training of the base
learner (i.e., SVR or DNN), and one part is used as the validation dataset (i.e., Train_Val).
There are five training datasets and five validation datasets according to the different
composition order of the datasets. It was also ensured that the concentration distribution
remained consistent across all five parts. Third, five validation datasets and five test
datasets are input into five models, named as model 1-1, model 1-2, model 1-3, model 1-4,
and model 1-5, respectively. Then, five prediction results based on validation datasets (i.e.,
Val_prediction) and five prediction results (i.e., Test_prediction) based on the test dataset
are obtained by SVR or DNN, respectively. Fourth, the predicted results of the validation
dataset and the test dataset are combined separately to form the next training dataset (i.e.,
Val_prediction) and the test dataset (i.e., Test prediction). Fifth, test datasets obtained by
SVR are combined with the test dataset obtained by DNN to form a new test dataset (i.e.,
New test set). And the training dataset obtained by SVR and the training dataset obtained
by the DNN are combined to form a new training dataset (i.e., New training set). Sixth, the
new training and new test datasets are inputted into the meta learner (i.e., linear regressor).
Finally, the prediction results are outputted.

Table 3 lists the MSE, MAE, and R2 of the integration model of SVR and DNN-
based Stacking algorithm. Figure 14 compares the prediction and test results of soot mass
concentration.

Table 3. MSE, MAE, and R2 of the integration model of the SVR and DNN model.

Model MSE MAE R2

Stacking 0.00976 0.05948 0.992
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Figure 14. Integration model prediction and test results of soot mass concentration.

It can be seen that the distribution of test and prediction results obtained by the
Stacking integration of the SVR and DNN model is relatively concentrated. The model
can effectively estimate the soot mass concentration over the entire range of 0–0.07 mg/s,
which is larger than that of a single SVR or DNN model. And the overfitting of the DNN
model is also avoided.

The improved accuracy of the Stacking model likely stems from the fact that different
base models, during their respective learning processes, capture distinct features within the
high-concentration regions. The meta-learner is then able to integrate these fragmented and
incomplete features. Furthermore, the meta-learner extracts useful information even from
the low-confidence predictions of the base learners, thereby achieving accurate predictions
in the high-concentration range [35]. Additionally, the Stacking model effectively mitigates
overfitting through its inherent ensemble diversity. When a base learner exhibits a tendency
to overfit, this is corrected by incorporating predictions from another more stable base
learner, thus resolving the overfitting issue observed in the DNN model.

The Stacking model achieved an R2 of 0.992, significantly surpassing the previous
highest prediction model’s R2 of 0.932. This enhancement substantially improves the
accuracy of soot concentration prediction, offering a valuable reference for more precise
estimation of soot load in GPFs.

3.4. Analysis of Model Differences

When assessing the statistical significance of differences in predictive performance
among various models, merely comparing their numerical performance metrics is insuf-
ficient, as these discrepancies could simply arise from random fluctuations. Therefore,
Analysis of Variance (ANOVA) is essential for conducting a model differentiation analysis.
In this study, ANOVA was performed using the MSE values from three models across three
cycles. Table 4 presents the MSE values for these three models over three cycles.

Table 4. MSE values for these three models over three cycles.

Model First Cycle Second Cycle Third Cycle

SVR 0.01912 0.01746 0.01824

DNN 0.01342 0.01260 0.01446

Stacking 0.00929 0.01065 0.00933
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The Sum of Squares Between (SSB) quantifies the variability among the average MSEs
of different models, reflecting the overall impact of model selection on performance. Con-
versely, the Sum of Squares Within (SSW) measures the variability of MSE results within
each individual model, representing fluctuations due to random error or unconsidered
factors. ANOVA calculations yielded an SSB of 0.0001093 and an SSW of 0.0000043. Further-
more, the calculated F-statistic was 76.018276, with a corresponding P-value of 0.000055,
which is less than the significance level of 0.05. This indicates that at least one model’s
average performance significantly differs from the others.

To ascertain that the Stacking model significantly outperforms the other two models,
post hoc tests were subsequently conducted. This study employed Tukey’s Honestly
Significant Difference (HSD) test. The HSD test compares the absolute difference between
the mean MSEs of any two models against the calculated HSD value. A difference greater
than the HSD value signifies a statistically significant distinction between those two models.
The formula for Tukey’s HSD is:

HSD = qcrit ×
√

MSE
n

(10)

Using the Studentized Range q Table with α = 0.05, k = 3, and dfW = 6, a qcrit of 4.339
was obtained. This resulted in a final HSD value of 0.00212. The absolute differences in the
mean MSE between the Stacking model and the SVR model, and the Stacking model and
the DNN model, were 0.00852 and 0.00374, respectively. Both values are greater than the
HSD value, thereby confirming a significant difference between the Stacking model and
both the SVR and DNN models.

4. Conclusions
This study conducts a soot mass concentration prediction model at the GPF inlet

of the GDI engine by using SVR, DNN, and the Stacking integration of SVR and DNN.
The soot mass concentration at the GPF inlet is predicted based on engine speed, torque,
ignition timing, throttle valve opening angle, fuel injection pressure, and pulse width,
and the soot mass concentration at the TWC outlet collected by a GDI engine bench test.
Once the soot concentration is accurately estimated, it can be integrated over time and
combined with the GPF’s trapping efficiency and soot oxidation rate to calculate the soot
load accumulated within the GPF. For example, when the calculated soot load reaches
a predefined upper threshold, the ECU controls the engine to conduct regeneration by
increasing the exhaust gas temperature through strategies such as adjusting the air–fuel
ratio or employing external heaters. The main findings and conclusions are as follows:

(1) The distribution, median, and data density of prediction results obtained by SVR,
DNN, and the Stacking integration of SVR and DNN are all similar to that of the
test results. The prediction ranges of soot mass concentration by using SVR, DNN,
and the Stacking integration of SVR and DNN are 0–0.038 mg/s, 0–0.030 mg/s, and
0–0.07 mg/s, respectively.

(2) The R2 of the SVR model is 0.937. The median of the prediction results obtained by the
SVR model is a little higher the that of the test results, and the concentrated area of the
prediction results is slightly smaller than that of the test results. The prediction effect
of the SVR model is poor when the soot mass concentration is larger than 0.038 mg/s.

(3) The R2 of the DNN model is 0.984. The median of the prediction results obtained by
the DNN model is closer to that of the test results, especially within the range of the
25–75% dataset. And there exist a few negative prediction results on the test dataset
due to overfitting.
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(4) The R2 of the Stacking integration model of SVR and DNN is 0.992. The integration
model can effectively estimate the soot mass concentration over the entire range of
0–0.07 mg/s, and the overfitting of DNN is also avoided.
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Abbreviations

Abbreviation Description
GPF gasoline particulate filter
GDI gasoline direct injection
SVR support vector regression
DNN deep neural network
TWC three-way catalyst
PN particle number
WLTC Worldwide Harmonized Light Vehicles Test Cycle
MSE mean square error
MAE mean absolute error
R2 correlation coefficient
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