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Dear editor,

In recent years, data-driven car-following models have been

developed based on their ability to drill down to information

in driving data and their flexibility. According to a study by

Fleming et al. [1], the main limitation of existing methods is

an insufficient amount of natural driving data. In addition,

there are many situations during actual driving processes,

such as those under extreme conditions [2] and in the early

stages of car-following behavior modeling. In these cases,

sparse data learning algorithms are indispensable.

As deep learning has developed, data-driven car-following

models based on recurrent neural network and long short-

term memory (LSTM) neural network algorithms have be-

come key points of interest in current studies. Chen et al. [3]

has summarized the latest deep learning models in the area

of driver behavior modeling and highlighted the great po-

tential of LSTM applied to driver behavior modeling.

Recent data-based car-following behavior modeling stud-

ies have contributed much to developments in this field.

However, this research is mostly supported by large data

sets. Although a smaller number of samples generally limit

the performance of learning algorithms, there are some al-

gorithms that are specifically designed to learn from sparse

samples. Chen et al. [4] proposed a gradient boosting deci-

sion tree based on the extreme gradient boosting (XGBoost)

learning framework, which is a well-known method for solv-

ing complex prediction issues with sparse data.

In this study, further research is reported on sparse data-

driven car-following model based on the memory units of

LSTM and the XGBoost framework. A test car with intel-

ligent sensors is shown in Figure 1(a). The sampling fre-

quency is 1 Hz. The Cell structure of LSTM and the XG-

Boost framework are integrated as mnemonic XGBoost (M-

XGBoost), which is accurate for the car-following behavior

model trained by small data sets and benefits from the capa-

bility of XGBoost to process sparse samples and the memory

ability of LSTM. Furthermore, personalized dynamic con-

straints are designed to identify and counteract iterative er-

rors of memory units (Cells) to ensure driving safety, driving

comfort, and optimal vehicle energy consumption. Hence,

representations of different car-following styles are achieved.

XGBoost car-following model. The main structure of

XGBoost is composed by a series of classification and re-

gression trees, as shown in Figure 1(b). The inputs of this

model include the relative speed ∆v, relative distance ∆s,

and velocity v, and the output is acceleration a.

The objective function with regularization coefficients is

expressed by (1), where K is the number of subtrees (weak

learners), T is the number of leaf nodes, ŷi is model output,

l(yi, ŷi) is the residual of the current model, ωj is the weight

of the corresponding leaf node, and γ and λ are regulariza-

tion coefficients:

obj(θ) =
n∑

i=1

l(yi, ŷi) +
K∑

k=1



γT +
1

2
λ

T∑

j=1

ω2

j



+ constant.

(1)

The processes of model training and parameter optimization

are shown in Figure 1(c). Compared with other popular al-

gorithms, the XGBoost is considerably better at sparse data

learning, and the comparison is given in Appendix A. There

are also some defects: the prediction process of car-following

is a time series issue but XGBoost does not consider auto-

correlation and misalignment of time series, which restricts

the upper limit of this algorithm.

M-XGBoost. To remedy the limitations of XGBoost on

the memory of time series, the memory units (Cells) of

LSTM [5] are added to the XGBoost framework, and con-

straints are considered according to real driving experience.

The following research is based on this improved XGBoost

framework, M-XGBoost.

The basic framework of the M-XGBoost is shown in Fig-

ure 1(d). The training process of M-XGBoost is as follows:
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Figure 1 (Color online) (a) The test car and the experiment route; (b) the structure of XGBoost car-following model; (c) model

training and parameter optimization; (d) M-XGBoost framework; (e) trajectory reconstruction.

(a) Normalize the original training data;

(b) Train the Cells of LSTM using normalized data;

(c) Get the memory factor (Cn) passed between Cells;

(d) Synchronize Cn with the original data;

(e) Train the XGBoost model;

(f) Do GridSearch and cross-validation.

The prediction process of M-XGBoost is as follows:

(a) Normalize the test data;

(b) Put the normalized data into the Cells, run the model,

and obtain the Cn of test data;

(c) Synchronize Cn with the test data as a new data set;

(d) Run the XGBoost model;

(e) Use personalized dynamic constraints to adjust the

prediction results as the final output.

Personalized dynamic constraints. Personalized dynamic

constraints contain the driving safety, energy consumption,

and driving comfort factors, as shown in Figure 1(d), which

help to confine the prediction results and ensure the driving

safety and the diversity of car-following characteristics. The

specific constraints can be found in Appendix B.

M-XGBoost verification. Trajectory reconstruction is

used to verify the follow-up ability of the predicted results.

The overall process is to iteratively calculate the state of

the next position based on the state of the current position

as shown in Figure 1(e). The prediction results of the XG-

Boost, LSTM, the M-XGBoost and constrained M-XGBoost

models are compared with the actual values. It is assumed

that the driver wants to follow the car ahead comfortably

and safely, and maintain a relative distance of 60 m, as per-

sonalized dynamic constraints.

Compared with the original M-XGBoost, although the

constrained results have some offset from the actual val-

ues, the constrained M-XGBoost improves the accuracy of

trajectory tracking. Further, these results reflect a different

driving style (following distance 60 m) from the actual value

(following distance 30 m), which achieves switching of driv-

ing styles based on the M-XGBoost model trained by a small

data set. The energy consumption values of the models are

equivalent to the superposition of instantaneous power con-

sumption from the tires. Specifically, the follow-up perfor-

mance of the constrained M-XGBoost model is better than

that of the original M-XGBoost in the case of consumption

of the same amounts of energy. The specific processes can

be found in Appendix C.

Conclusion. In this study, to solve the problem of

small data-based car-following behavior modeling, the M-

XGBoost framework is proposed, which involves the mem-

ory units of LSTM and the XGBoost framework. It is veri-

fied that the M-XGBoost framwork can achieve sparse data-

based car-following model training accurately. On the basis

of these results, personalized dynamic constraints are im-

plemented to counteract the iteration errors generated by

M-XGBoost and ensure driving safety, comfort and fuel effi-

ciency. Hence, this also yields prediction results for different

driving characteristics.
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