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Abstract

Due to the complexity of the unstructured environment and the high-level requirement
of smoothness when a tracked transportation vehicle is traveling, making the vehicle
travel as safely and smoothly as when a skilled operator is maneuvering the vehicle is
a critical issue worth studying. To this end, this study proposes a trajectory-planning
method for human-like maneuvering. First, several field equipment operators are invited
to manipulate the model vehicle for obstacle avoidance driving in an outdoor scene with
densely distributed obstacles, and the manipulation data are collected. Then, in terms
of the lateral displacement, by comparing the similarity between the data as well as the
curvature change degree, the data with better smoothness are screened for processing, and
a dataset of human manipulation behaviors is established for the training and testing of
the trajectory-planning network. Then, using the dynamic parameters as constraints, a
two-stage planning approach utilizes a modified deep network model to map trajectory
points at multiple future time steps through the relationship between the spatial environ-
ment and the time series. Finally, after the experimental test and analysis with multiple
methods, the root-mean-square-error and the mean-average-error indexes between the
planned trajectory and the actual trajectory, as well as the trajectory-fitting situation, reveal
that this study’s method is capable of planning long-step trajectory points in line with
human manipulation habits, and the standard deviation of the angular acceleration and
the curvature of the planned trajectory show that the trajectory planned using this study’s
method has a satisfactory smoothness.

Keywords: attention; deep learning; human-like driving; trajectory planning

1. Introduction

The field of autonomous driving has made great progress over the past few decades.
However, unstructured environments lack a clear definition and delineation of space, order,
and rules and have dense, complex distributions of obstacles. In unstructured environments,
commonly used tracked transportation vehicles have high-level requirements for driving
stability, due to their high centers of gravity, and experience increased difficulty in driving
safely and smoothly. How to make a vehicle travel at a level like that when a skilled operator
controls a vehicle to manipulate the vehicle to drive safely and smoothly is a problem that
needs to be considered [1-3]. This problem can be solved in the motion-planning module,
that is, by planning trajectories that match human manipulation behavior [4].

Traditional rule-based planning methods (heuristic search [5], stochastic probability [6],
and geometric planning [7,8]) need to use environmental information, the vehicle’s state,
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and other information as constraints when they are applied to generate trajectories through
the constructed physical expression model. However, when the driving conditions are
more complex, this type of method encounters the problem of the conflict between the rules
and forced simplification of the model, so designing rules that meet human expectations
when facing complex unstructured environments is more difficult [9-13]. Experienced
human controllers can make corresponding decisions for changing scenarios to control the
vehicle safely and smoothly, so learning driving strategies from human control data and
then planning trajectories that meet human control habits are worthy research methods.

With the development of artificial intelligence, learning-based methods have been
widely studied, among which imitation-learning methods directly copy human drivers’
actions through holistic neural networks and massive offline-driving datasets, acquire
operational skills from human demonstrations, and then replicate the learned skills in
new scenarios. However, this method suffers from distributional shifts from training to
deployment, which are difficult to mitigate [14-16].

Reinforcement-learning methods study human manipulation strategies by means of
manipulators interacting with the environment, in which a predesigned reward function
is optimized by constant trial and error to maximize the cumulative rewards, which
can lead to the problems of a long optimization-learning time and greater difficulty in
accurately modeling the environment as well as manually designing an appropriate reward
function [17-20]. The inverse-reinforcement-learning method avoids manually designing
the cost function and can learn the underlying cost function from the data demonstrated by
the operator to address the ambiguities or uncertainties inherent in human demonstrations;
however, it requires the use of a relatively simple model during training, and the training
efficiency is low, which limits the application of this method to the aspect of extracting
human manipulation features [21].

Other learning-based methods include the spline-based via-point model [22], the
hidden Markov model [23], the Gaussian mixture model [24], and dynamic movement
primitives [25]. These methods find the weights of the cost function by obtaining empirical
data by means of human demonstrations and then narrowing down the deviation values
of the matching features between the optimal trajectory of the reward function and the
empirical data. However, a widespread problem is that the optimal trajectory chosen may
be vastly different from that of the human demonstration in the same situation [4].

Deep-learning-based methods have been widely used recently due to their promi-
nent learning capabilities. Among them, data-driven methods can learn manipulation
techniques from human manipulation data and have a natural advantage in realizing
human-like trajectory planning [26]. Because convolutional neural networks (CNNs) have
a strong understanding of spatial scenes and the trajectory points in the data have a
strong correlation in terms of time series, this study uses an improved CNN network
with a multiple-time-step sliding prediction to plan the trajectory points in the future long
time series so that the vehicle can be driven safely and smoothly while providing a safe
decision-making time for local dynamic obstacle avoidance [27-29].

In this study, first, 15 manipulators are invited to manipulate a real tracked model
vehicle to avoid obstacles, drive in an unstructured environment with densely distributed
obstacles, and collect manipulation data during driving. Next, the data are cleaned and
grouped for processing to construct a human manipulation behavior dataset. Then, the
DenseNet Attention Compensation network (DAC) is used for the primary planning of
future trajectory points; the element-by-element Multiplication Cell-State LSTM Attention
network (MCLA) is used for secondary planning based on the correlation of the primary
planning trajectory points in the time series. The vehicle’s dynamic parameters are used as



Vehicles 2025, 7, 63

30f19

constraints to enhance trajectory-planning accuracy. The main contributions of this study
are as follows:

e A number of field equipment manipulators was invited to control the vehicle and
collect manipulation data. The data were screened based on the similarity of transverse
displacement and the degree of curvature vatiation to construct a dataset representing
human manipulation behaviors.

e A two-stage trajectory-planning framework is proposed. In the first stage, the DAC
network predicts trajectory points (x, y, v, w, and 6) over the next eight time steps.
In the second stage, the MCLA network refines the x and y trajectory points by
leveraging the temporal correlations in the first-stage outputs, generating a 16-step
trajectory sequence.

e  Asliding multi-step prediction strategy is applied to generate long-horizon trajectory
points, and vehicle dynamic parameters are incorporated as constraints to improve
prediction accuracy.

The remainder of this paper is organized as follows. Section 2 reviews related work
on trajectory planning. Section 3 presents the data acquisition process, data processing
pipeline, analysis of manipulators’ proficiency levels, model architecture, training proce-
dure, and key hyperparameter selection. Section 4 provides experimental validation of
the proposed method, focusing on human-like trajectory performance and smoothness.
Section 5 concludes this study.

2. Related Works

In recent years, trajectory-planning techniques have advanced significantly across var-
ious robotics domains. For instance, path planning under soft tissue deformation has been
explored to address dynamic, non-rigid environments in surgical applications [30]. Cellular
neural networks have been employed for optimal robot path planning [31] and real-time
thermal modeling in robotic trajectory generation [32], demonstrating strong capabilities in
real-time computation and spatial temporal reasoning. Moreover, metaheuristic optimiza-
tion methods, such as the crossover recombination-based global-best brainstorm optimiza-
tion algorithm, have proven effective in UAV path planning by enhancing global search and
convergence efficiency [33]. Although these approaches are primarily applied in medical,
aerial, or thermally constrained scenarios, their core principles—adaptability, real-time
responsiveness, and global optimality—offer valuable insights for developing more robust
and human-like trajectory-planning strategies in unstructured ground environments.

Most existing research on human-like steering trajectory planning focuses on func-
tional design, while studies incorporating vehicle dynamic information for trajectory
optimization remain limited. For example, Chen et al. developed a human-like steering
planner for vehicle-turning scenarios in simulation and verified the feasibility of the gener-
ated trajectories under varying turning radii [34]. Yao et al. proposed a trajectory-planning
method based on real-world driving data for lane-change intentions, generating parame-
terized lane-changing trajectories [35]. Wang et al. incorporated a polynomial trajectory
generation model into a human-vehicle interaction system, forming a V2V framework for
trajectory re-planning during lane changes; this approach enables reasonable trajectory
generation under different lane-change intentions in simulated environments [36].

Trajectory optimization using dynamic information has also been investigated in
hierarchical architectures. Ferguson et al. decomposed planning into three layers: task
planning, behavior execution, and motion planning. Task planning determines the optimal
route; behavior execution involves decisions such as following a vehicle or changing lanes;
and motion planning generates trajectories that satisfy kinematic and dynamic constraints,
forwarding the result to the control module for execution [37]. However, in this structure,
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the upper decision-making layer lacks detailed information, while the lower layer lacks the
authority to reassess decisions, limiting its applicability in complex environments [38].

In this study, vehicle dynamic parameters (v, w, and ) are used as constraints to
generate an initial human-like trajectory based on environmental perception. The temporal
relationships among the initially planned trajectory points are then utilized to perform a
second-stage trajectory replanning for future long-horizon predictions.

3. Methods

Figure 1 shows the proposed vehicle human-like maneuvering trajectory-planning
method with human maneuvering behaviors as the learning objective, which includes
two parts.
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Figure 1. Flow and structure of the proposed method.

Step 1: Human manipulation dataset acquisition and processing. The data collected
by different manipulators during the human-maneuved vehicle obstacle avoidance driv-
ing in an environment with densely distributed obstacles were filtered, and the human
manipulation dataset was constructed and used for network training.

Step 2: Network structure design and data training. A two-stage planning approach
was adopted, using the DAC network for primary planning based on the environment
space, followed by secondary planning using the MCLA network based on the time series
of the trajectory points from the primary planning. Vehicle dynamic parameters were
used as constraints to develop a long sequence of trajectories that better match human
manipulation habits.

Specific methods for each component are discussed below.

3.1. Overview of the Proposed Framework

Fifteen participants were invited for testing, including eight male manipulators and
seven female manipulators, ranging in age from 20 to 35 years. Variability was noted in the
participants” experience with fieldwork equipment manipulation.

Before the test, the operators were trained to ensure they were familiar with the data
collection process and proficient in using the data collection equipment. Afterward, the
testers were invited to maneuver the vehicle independently for data collection according to
their own control habits, provided they were in good physical condition and the sensors
did not interfere with their operation. Each tester drove at a speed of 1.2 km/h. The
data collected during the test included point cloud data, image data, trajectory data,
speed, angular velocity, heading angle, and other information related to the vehicle’s
driving environment.
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Figure 2 shows the data acquisition equipment. The tester manipulated the crawler
model vehicle via wireless remote control to avoid densely distributed obstacles in the
environment. The ZED2 camera collected images during driving and transmitted them
to the display screen via 5G communication, allowing the tester to make decisions based
on the scene displayed. A solid-state LIDAR was used to collect point cloud data from
the environment for subsequent spatial analysis. Dynamic vehicle data, such as position,
speed, angular velocity, and heading angle, were collected using an inertial navigation
module in combination with fixed base stations via RTK technology, thereby improving
the accuracy of the mobile navigation system. All sensing devices were connected to an
NVIDIA jetson board. Prior to data collection, all sensors were initialized simultaneously
to ensure timestamp consistency. Each operator collected 15 hours of data at a sampling
frequency of 10 Hz in environments with varying obstacle densities.
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Figure 2. Hardware device composition.
To safely avoid obstacles, the vehicle continuously adjusted its heading and motion

state in response to environmental changes. The forward and angular velocities at time ¢
can be expressed as follows:

X(t) = 3 (0; + ;) cos 0
y(t) = (0, +v,)sinfy, )
butt) = 5

Transforming the preceding formula yields the following motion state equation:

L]

. J.C % cos 6, % cos B, o

W=y | = % sin 0 % sin 0 , 2)
° 1 1 Or
0 “ D+2b D+2b

where 6,; denotes the yaw angle, D represents the body width of the vehicle (0.74 m in this
study), and b is the width of each track (0.15 m). v; and v, refer to the velocities of the left

and right tracks, respectively. X and ﬁ denote the linear velocities in the x and y directions,

while 6 indicates the angular velocity. The driving posture of the vehicle is controlled by
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adjusting the relative velocities of the left and right tracks. The turning radius during
motion is given by:
B D +2b v; + v,

R ,
2 U] — Uy

)

3.2. Human Manipulation Dataset Processing

(1) Human manipulation trajectory analysis

Because the differences in longitudinal displacement across testers are small, while
transverse displacement more clearly reflects variation in maneuvering behavior, the
similarity and smoothness of the data collected by different testers were analyzed based on
transverse displacement.

First, the smoothness of the data collected by different testers was analyzed by calcu-
lating the curvature of the time series. A smaller curvature indicates smoother trajectories
manipulated by the testers.

[x"]

K=—""1

4)
X" 3x/(x//)2

K = - , 5
(1+22)2 (1+(x’)2)5/2 ()

where x is the lateral displacement, K represents the curvature, and K’ is the derivative of
the curvature. By analyzing the curvature and its derivative, data with better smoothness
were selected and labeled as ID1-ID10 (skilled manipulators), while those with poorer
smoothness were labeled as ID11-ID15 (unskilled manipulators). As shown in Figure 3, the
curvature of the lateral displacement in data collected by skilled operators is primarily con-
centrated within a range of —0.002 to 0.002, whereas that from unskilled operators spans a
broader range of —0.005 to 0.005. Similarly, Figure 4 illustrates that the curvature derivative
for skilled operators falls within —0.001 to 0.001, while that for unskilled operators ranges
from —0.004 to 0.004. These results indicate that the data collected by skilled operators
demonstrate higher smoothness, enabling more stable and controlled obstacle-avoidance
driving behavior.
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Figure 3. Cont.
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Figure 3. Comparison of lateral displacement curvature of data: (a) transverse displacement cur-
vature of data collected by skilled testers; (b) curvature of lateral displacement of data collected
by unskilled testers.
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Figure 4. Comparison of the curvature derivatives of lateral displacement: (a) the derivative of the
curvature of lateral displacement in the data collected by skilled operators; (b) the derivative of the
curvature of lateral displacement in the data collected by unskilled operators.
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Next, the similarity between the data collected by different manipulators was ex-
amined. Due to the different operating habits among testers, the lateral displacement
deviations do not align directly in the time series. Therefore, Dynamic Time Warping
(DTW) was used to measure the similarity between the datasets. DTW is a commonly used
algorithm for comparing two time-series sequences that may vary in speed. It works by
non-linearly aligning the sequences to minimize the cumulative distance between matched
elements, even if the sequences differ in length or contain local time shifts. DTW stretches
and compresses the sequences along the time axis to achieve local alignment and shape con-
sistency. The algorithm then iteratively calculates and minimizes the cumulative distance
between corresponding points in the two sequences. The formula is as follows:

Dla(i),b(i)] = dla(i), b(i)] + min{D[a(i - 1),b(j)],

b
Dla(i),b(j — 1)}, Dla(i — 1), b(j — 1)]} ©

where a and b are the sequence points in two different time series of A and B, respectively;
dla(i), b(i)] is the distance between corresponding points; and D{a(i), b(i)] is the cumula-
tive distance of all matched points. The cumulative distance is converted into a similarity
index within the range [0-1], where a value closer to 1 indicates a higher similarity between
the two sequences. Specifically, one tester was randomly selected from the skilled group (la-
beled ID1), and the data collected by this tester were used as the benchmark. The similarity
between the data from each subsequent tester and the ID1 data was then calculated. Table 1
shows differences in the data due to varying manipulation habits among skilled testers,
but the overall similarity remains high. This high similarity indicates that skilled testers are
more adept at avoiding obstacles in complex environments and can maneuver the vehicle
more effectively. In contrast, the similarity between the data from unskilled testers and
ID1 is relatively low, suggesting that unskilled testers are less capable of handing complex
driving tasks and collect lower-quality data. The data collected from the screened skilled
testers were used to construct the human maneuvering dataset.

Table 1. Similarity analysis of data collected by each tester.

Skilled Tester 1D2 1D3 1D4 1D5 1D6 1D7 1D8 1D9 ID10

Similarity 0.941 0.95 0.966 0.971 0.969 0.957 0.954 0.973 0.977
Unskilled tester ID11 ID12 ID13 D14 ID15 / / / /
Similarity 0.821 0.873 0.815 0.852 0.796 / / / /

(2) Driving space scene processing and analysis

During driving, testers chose routes with better passability based on their interpre-
tation of the scene to to avoid obstacles. When guidance markers were present, testers
were able to perceive and interpret the environment more accurately. Therefore, a feasible
domain spatial map was overlaid on the original image as a visual reference, forming a
composite 128 x 128 spatial representation, as shown in Figure 5. In this map, the blue
point represents the starting position, the red point marks the target in the current scene,
black pixels indicate non-drivable areas, and the white pixels indicate drivable areas. The
feasible domain map is generated via spatial projection based on height gradients from the
point cloud. The coordinate system is transformed from the LiDAR frame to the pixel-based
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feasible domain frame to obtain a 2D spatial map. The coordinate transformation formula
is as follows:

X]
251
Ao | = MRT |V, @)
1 2l
1

where x;, y;, z; are the point cloud coordinates in the LIDAR system; A is the scale factor;
u; and v; are the point cloud coordinates in the pixel coordinate system; M denotes the
camera internal reference; and R and T are the rotation matrix and translation vector
between the camera and the LiDAR. The equation only performs spatial projection from
the LiDAR coordinate system to the pixel coordinate system.

Scene Point Cloud
. Information

Space Proj
ransformation

Figure 5. Real scenario and extracted spatial map of the feasible domain, where X;-Y;-Z; is the
LiDAR coordinate system, and Uc-Oc-V is the feasible domain coordinate system.

The spatial pictures processed above were grouped with the collected x, y, v, w, and
6 data. Each image corresponds to eight time-step trajectory points, which were used
to train the DAC network to map future trajectory points over the next eight time steps
based on spatial location relationships. This portion of the dataset was recorded as datal.
Subsequently, the captured human manipulation trajectories were organized sequentially
for training the MCLA network. This portion of the dataset was recorded as data2. Finally,
based on the temporal relationships between trajectory points predicted by the DAC
network, the MCLA network was used to further plan the trajectory points for the next
eight time steps. A total of 12,558 data groups were generated after processing.

3.3. Design of Network Structure for Two-Stage Trajectory Planning

Based on the spatial characteristics and the time-series relationship of the trajectory
points, a two-stage planning approach was used to plan the future long-horizon trajectory.
The specific model is shown in Figure 6.

First, part of the DenseNet network structure was used to extract spatial features from
128 x 128 images. As DenseNet extensively employs batch normalization and cross-layer
connectivity, it helps mitigate gradient vanishing and model degradation problems. The
structure mainly consists of transition modules and dense connection modules. Assuming
L convolutional layers in each dense connection module, the output feature map from
the Lth convolutional layer is concatenated along the channel dimension with the output
feature maps from the 1st to L-1th layers, with all feature maps having the same spatial
size. The derivation formula is as follows:

Ap =5S1([S1,Si,...,Sc-1)]), 8

where A; represents the feature map output from the ith convolutional layer, and S; denotes
the computation of a series of nonlinear transformation functions such as batch normaliza-
tion, activation functions, and convolution. Since feature reuse may result in computational
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overload in deeper layers, each module was first processed with a 1 x 1 convolutional
kernel to reduce channel dimensionality before further convolution. In the transition
modules, features were compressed using a combination of batch normalization, ReLU
activation, 1 x 1 convolutional layer, and pooling layers, which helped reduce the overall
computational load of the model.
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Figure 6. Two-stage trajectory-planning network structure. Abbreviations: MCLSTM refers to
Multiplication Cell-State LSTM; Q, K, and V represent the Query, Key, and Value components from
the attention mechanism; MLP denotes Multi-Layer Perceptron; SoftMax is the SoftMax activation
function; x, y, w, and 6 indicate position and orientation parameters; i, f;, o, m, Ct, and h refer to
LSTM internal gates and states, including input gate, forget gate, output gate, memory, cell state, and
hidden state.

Next, the correlation between the features extracted in the previous section was
enhanced using multi-head attention, and the output trajectory points were improved by
introducing an error compensation layer. The features were mapped into three spaces:
keys (K), queries (Q) and values (V),with the features in K, Q, and V following the same
distribution. The similarity between features in the K and Q spaces was then computed to
enhance the features in the V space. The dot product attention and multi-head attention for
each layer were calculated as follows:

gk?
Attention(q,k,v) = softmax(—=)v,

Nz ©)

MultiHead(q,k,v) =

fc(concat({ Attention;(q, k,v)}il)) ’ {10

where query matrix g, key matrix k, and value matrix v are the three inputs. d is the
dimension of k, the softmax function is used to obtain the weights of the values, and
fc() denotes a fully connected layer that integrates all head outputs. Each attention layer
also contains a multilayer perceptron (MLP) for further extraction of attention features
expressed as:

ATT(q,k,v) = MLP(MultiHead(q,k,v)), (11)

where ATT is the output of the attention layer. After the attention layer, an error compensa-
tion structure was added to improve the accuracy of the predicted trajectory points. The
computation is as follows:

Aa =19 — po

Ab = Aa-w; +b; ,

p1 = pi+Ab

(12)
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where 10 is the first value in the sequence, p" is the first sequence point, Aa is the difference
between the true value and predicted points at the first time step, w; and b; are trainable
parameters, p; is the predicted point, and p; is the compensated prediction point.

Finally, to capture the temporal correlation of the trajectory points predicted in the
previous step, a sliding prediction method was applied using the LSTM network to replan
trajectory points over the next eight time steps. An attention mechanism was incorporated
into the final hidden layer to improve prediction accuracy. The x, y, v, w, and 6 variables
predicted for the previous eight time steps were used to forecast the x and y trajectory
points of the subsequent eight time steps. The LSTM neuron consists of input gates i,
forget gates f;, and output gates o;, which work together with the memory cells ¢; to
collaboratively learn from the multivariate input data. This input data are denoted as
I € RE*K where L is the number of temporal sampling instances, and K is the number of
variables. After the LSTM cell outputs a vector k;, the computation is expressed as follows:

ir = o(WrpiTr X Wyihi 1 +b;), (13)

fi = U[(er + AW)Ft X (th + AW)ht,1 + (bf + Ab)], (14)
¢t = fr © cp1 + i © tanh(Wrely + Wychi—q + be), (15)

or = o(Wrol't + Wiohi—1 + bo), (16)

hy = 0; ® tanh(ct), (17)

where © is the element-wise product, o(x) = 1/(1 + e *) denotes the sigmoid activa-
tion function, Wy, (u,v € {T,i, f,c,h,0}) is the weight matrix, and b, (u € {i, f,c,0}) is
the bias vector. In the output vector, the cosine similarity ¢; with the previous hidden
layer is computed. Softmax is then applied to calculate the weight of each input sample
based on the similarity, thereby producting the final predicted trajectory points using the
following formula:

H-h
= ———, (18)
C A
hy = oy © tanh(cy), (19)

where I’ is output vector of the current hidden layer, £ is the output vector of the previous
hidden layer, and || e|| is the normalization factor (norm).

3.4. Model Training and Evaluation

The datal and data2 datasets were used to train the DAC network and MCLA network,
respectively. The predicted outputs of the DAC network were then used for secondary
planning to generate long-horizon trajectory points over the next 16 time steps. During
training, the human manipulation dataset was divided into training, validation, and testing
sets in a ratio of 8:1:1, and all the data were normalized. The network was trained using the
mean square error (MSE) as the loss function, defined as follows:

1 N A2
Loss = MSE = £} .7 (ri = 7) , (20)

where N is the number of training samples, 7; is the actual trajectory coordinate of the
skilled tester, and ?i is the predicted trajectory coordinate. The objective of iterative training
is to minimize the value of Loss. Hyperparameters were selected based on commonly
used configurations in related studies. To prevent overfitting, a learning rate decay factor
was introduced. The LSTM network was configured with two layers, each containing
196 hidden units, to balance model capacity and computational cost. A dropout layer was
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also used to improve the generalization ability of the model. Bayesian optimization was
applied to determine the optimal hyperparameter configuration, as shown in Table 2.

Table 2. Hyperparameters of proposed model.

Hyperparameter Candidate Values Value
Initial learning rate [0.001, 0.005, 0.01, 0.02] 0.01
Learning rate drop out period [50, 100, 150, 200] 100
Learning rate drop out factor [0.1, 0.2, 0.5, 0.8] 0.1
Batch size [200, 300, 400, 500] 300
Epoch number [300, 500, 800, 1000] 500
numlLayers of Istm [1,2,3,4] 2
numHiddenUnits [128, 160, 196, 256] 196
dropoutLayer [0.1,0.2,0.3,0.5] 0.1

4. Experimentation and Analysis

To validate the effectiveness of the proposed method, the accuracy and smoothness
of the planned trajectory were analyzed through ablation experiments and comparison
with other methods in the field of human-like trajectory planning. Trajectory accuracy was
evaluated by the error between planned and actual trajectories, including the root mean
square error (RMSE) and mean average error (MAE). Trajectory smoothness was assessed
using the standard deviation of the angular acceleration and the curvature.

4.1. Ablation Experiment

In the experiments, we used data from new scenarios to conduct a series of tests to
compare the effects of each component in the proposed method and evaluate its general-
ization ability and prediction accuracy. Error, RMSE, and MAE were used as evaluation
metrics. Proposed refers to the method presented in this study; D represents the DenseNet-
only approach; DMA denotes the combination of DenseNet and multi-head attention;
and P-L refers to the second prediction stage of the proposed method using a standard
(unimproved) LSTM network.

Figure 7a shows that, in terms of prediction error in the x and y directions, the
D method alone yields larger errors. When multi-head attention is introduced, the predic-
tion accuracy improves by a factor of 1, indicating that multi-head attention can effectively
enhance the mapping capacity of DenseNet. Figure 7b shows that when temporal sequences
between trajectory points are considered, the trajectory prediction accuracy improves by a
factor of 5, highlighting the significant impact of temporal correlation. After introducing the
attention mechanism into the hidden layer of the LSTM network, the prediction accuracy
is further improved, demonstrating the effectiveness of attention in the LSTM weighting
layer. The error in the x direction between the trajectory predicted by the proposed method
and that generated by human operation falls within the range of —0.02 m to 0.02 m, indi-
cating that the proposed method is capable of generating trajectories comparable to human
operation in environments with complex, distributed obstacles.

Figure 8 shows that the proposed method achieves a good fit between the predicted
and actual kinematic parameters in the first stage, indicating it can provide reliable con-
straints for second-stage predictions. After using the first-stage trajectory points to predict
the next eight time steps, Figure 9 shows that the predicted and actual trajectories in
the x and y directions almost completely overlap. Tables 3 and 4 show that RMSE and
MAE reach their minimum values under the proposed method, suggesting that the model
successfully learns human manipulation habits.
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Table 3. Root mean square error for each comparison method.

RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
(Proposed) (P-L) (D) (DMA) (GRNN) (LSTM NN) (TIFN) (PHTPM)
X 0.006 0.019 0.259 0.168 0.105 0.095 0.11 0.070
y 0.022 0.057 0.568 0.272 0.257 0.293 0.259 0.381

Table 4. Mean absolute error for each comparison method.

MAE MAE MAE MAE MAE MAE MAE MAE
(Proposed) (P-L) (D) (DMA) (GRNN) (LSTM NN) (TIFN) (PHTPM)
X 0.005 0.016 0.22 0.143 0.083 0.077 0.084 0.054
0.016 0.041 0.425 0.19 0.193 0.228 0.209 0.301
Time (s) 0.214 0.197 0.109 0.159 0.065 0.085 0.149 0.091
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Figure 7. Comparison of the output values of each method in the x and y directions with the error
of the true values: (a) comparison of the error between the output values and the true values in
x and y directions for D and DMA methods; (b) comparison of the error between the output values
and the true values in the x and y directions for the proposed and P-L methods.
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4.2. Comparison Experiment

To further verify the effectiveness of the proposed method, it was compared with
four representative approaches in human-like driving trajectory planning: (a) the GRNN
model was proposed in [39], which leverages the nonlinear approximation capability of
radial basis function networks to learn the behavioral characteristics of skilled drivers;
(b) the long short-term memory(LSTM) neural network model presented in [40], designed
to learn the driving behavior of skilled drivers on curves; (c) the temporal information
fusion network introduced in [41], which captures the correlation between driving be-
havior and the external environment using a lightweight end-to-end structure; (d) the
PHTPM model proposed in [26], which learns human driving characteristics through
behavioral mechanisms to generate human-like planned trajectories. A comparison be-
tween Figures 7b and 10 shows that the proposed method significantly improves trajectory
prediction accuracy. Tables 3 and 4 indicate that it achieves the lowest RMSE and MAE
between the predicted and actual values, demonstrating its effectiveness in human-like
trajectory planning across spatially distributed scenarios. The generated trajectories closely
resemble human manipulation patterns.
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4.3. Evaluation of Trajectory Smoothness

As the planned trajectory is time-ordered, the continuity of angular acceleration
variation and trajectory curvature reflects the smoothness of the trajectory. Therefore, in
this study, the standard deviation (SD) of angular acceleration and curvature is used as the
evaluation metric for trajectory smoothness, and the SD of the curvature is normalized for
better observation.

SD = \/ Zl L ( P, (21)

/I‘

K= (22)

( 14y /2)3 /27
A

where P; is the predicted trajectory value, P; is the mean of the predicted trajectory, y is the
vertical coordinate, and K is the curvature. As shown in Figure 11, the angular acceleration
of the trajectory planned by the proposed method is significantly lower than that of the
comparison methods, indicating a lower oscillation frequency that more closely resembles
the trajectory of human operation. Figure 12 shows that the trajectory generated by the pro-
posed method exhibits stronger continuity in curvature fluctuations and higher similarity
to human-operated trajectories, suggesting better trajectory continuity. Table 5 presents a
comparison of the standard deviations of the two metrics. It is evident that the proposed
method achieves the smallest SD values in both angular acceleration and curvature, with
minimal deviation from the values observed in human-operated trajectories. These results
demonstrate that the proposed method generates smoother trajectories, contributing to
improved safety, stability, and robustness in trajectory tracking, while reducing the risk of
slippage. Moreover, since the method does not rely on constructing a kinematic vehicle
model, it is relatively easy to transfer and deploy across different vehicle platforms.

Table 5. Comparison of smoothness indexes for each trajectory.

SD (Manipulation

SD (Proposed) ~ SD (GRNN)  SD (LSTMNN)  SD (TIFN) SD (PHTPM) Data)
o (rad/s?) 0.1248 0.4497 0.4823 0.296 0.901 1.116
K (m1) 0.76 1.59 1.66 1.46 2.17 0.66
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5. Summary

This study proposes a method for planning trajectory points over future long time
steps by incorporating human maneuvering behavior under vehicle dynamics constraints.
After analyzing the similarity of the data in terms of lateral displacement and the degree of
curvature variation, samples with better smoothness were filtered to construct a human
manipulation behavior dataset for training and testing the trajectory-planning network.
The dynamic information was then introduced as a constraint, and a two-stage human-like
planning network was designed to sequentially predict trajectory points over a long time
horizon. Experimental comparisons with multiple existing methods show that the proposed
method achieves lower RMSE and MAE between the planned and actual trajectories, indi-
cating a better ability to capture human manipulation characteristics. In addition, the SD of
angular acceleration and curvature demonstrates that the planned trajectories generated by
the proposed method are smoother than those of other approaches. Therefore, the proposed
approach not only provides sufficient decision time for dynamic obstacle avoidance but
also contributes to enhancing the overall driving performance of autonomous vehicles.
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