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ABSTRACT: With the expanding applications of unmanned aerial vehicles (UAVs), precise flight evaluation has
emerged as a critical enabler for efficient path planning, directly impacting operational performance and safety.
Traditional path planning algorithms typically combine Dubins curves with local optimization to minimize trajectory
length under 3D spatial constraints. However, these methods often overlook the correlation between pilot control
quality and UAV flight dynamics, limiting their adaptability in complex scenarios. In this paper, we propose an
intelligent flight evaluation model specifically designed to enhance multi-waypoint trajectory optimization algorithms.
Our model leverages a decision tree to integrate attitude parameters and trajectory matching metrics, establishing
a quantitative link between pilot control quality and UAV flight states. Experimental results demonstrate that the
proposed model not only accurately assesses pilot performance across diverse skill levels but also improves the
optimality of generated trajectories. When integrated with our path planning algorithm, it efficiently produces optimal
trajectories while strictly adhering to UAV flight constraints. This integrated framework highlights significant potential
for real-time UAV training, performance assessment, and adaptive mission planning applications.

KEYWORDS: UAV; trajectory planning; flight quality assessment; decision tree

1 Introduction
In high-risk or high-intensity working environments, UAVs have gradually replaced human labor to

perform tasks, improving work efficiency and reducing operational risks. For instance, the authors in [1]
proposed a small UAV system capable of conducting inspection tasks in enclosed industrial environments.
This system not only reduces the need for human involvement in hazardous tasks but also minimizes
the downtime of industrial equipment. Currently, this research achievement has been extended to the
exploration of indoor environments without GPS. Furthermore, intelligent UAVs are becoming an important
direction for the future development of UAVs, especially in applications aimed at reducing operational
costs and enhancing mission autonomy. The researchers in [2] explored the development opportunities and
challenges of UAVs in civilian applications.

With the rapid development of drone technology, UAVs have demonstrated significant potential
in various application scenarios, such as long-duration monitoring, long-distance patrolling, precision

Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2025.070777
https://www.techscience.com/doi/10.32604/cmc.2025.070777
mailto:blueicezhaixp@nuaa.edu.cn


2 Comput Mater Contin. 2026;86(2)

agriculture, and inspection of large-scale infrastructure. However, due to constraints like minimum turning
radius, the path planning problem for certain types of UAVs is more complex than that of multi-rotor
UAVs [3]. Moreover, most existing path planning methods focus on two-dimensional environments, while
many UAVs typically operate in three-dimensional spaces. Therefore, optimizing flight trajectories in three-
dimensional environments remains an important research question. It is important to note that the 2D
trajectory planning component of this study has been previously presented [4]. This work builds upon it to
extend the research into three-dimensional trajectory optimization.

On the other hand, the flight evaluation of UAVs is crucial for improving the quality of operator
training and optimizing autonomous flight systems. Currently, many studies still primarily rely on flight
attitude data without fully integrating trajectory matching analysis, which limits the accuracy and reliability
of the evaluation. For example, the UAV flight trajectory evaluation method based on ADS-B (Automatic
Dependent Surveillance-Broadcast) [5] has improved the accuracy of trajectory tracking to some extent,
but it still faces significant noise interference in complex environments. Additionally, the advancement of
artificial intelligence technology in recent years has provided new directions for UAV flight evaluation.
Methods combining Recurrent Neural Networks (RNN) and Kalman Filters have been used to enhance the
precision of flight data analysis [6]. Therefore, how to integrate flight trajectory and flight attitude data and
use the latest intelligent algorithms to build a more accurate evaluation system is a significant motivation for
this study. To address the aforementioned challenges, the main contributions of this paper are as follows:

• Three-Dimensional Trajectory Optimization for UAVs: This paper introduces the MWPath3D algo-
rithm, which optimizes the flight trajectory of UAVs in three-dimensional space by considering
constraints such as turning radius and pitch angle. By integrating local search techniques with Bézier
curve smoothing methods, the algorithm generates smoother UAV trajectories. Initially, the MWPath2D
algorithm is used to plan the optimal path in two-dimensional space, followed by decoupling and
integrating methods to generate smooth and flyable trajectories in three-dimensional space. Simulation
results demonstrate that our algorithm’s results are fully consistent with discrete experiments, yet our
algorithm is significantly faster.

• Development of the Intelligent Trajectory and Attitude-Based Flight Evaluation (ITAFE) Algorithm: To
more accurately assess the flight quality of UAV operators, this paper develops the ITAFE algorithm.
By analyzing attitude and trajectory parameters during flight, and utilizing decision tree models for
flight performance classification, the algorithm achieves accurate flight quality assessment. Experimental
results show that the proposed algorithm not only rapidly generates optimal flight paths but also exhibits
high accuracy and real-time performance in flight evaluation.

The rest of this article is organized in the following structure. Section 2 introduces the related work
concerning trajectory optimization and intelligent flight evaluation algorithms for UAVs. Section 4 details
the workflow and specifics of the MWPath2D, MWPath3D, and ITAFE algorithms proposed in this
paper. Section 5 provides experimental validation and analysis of the methods presented. Finally, Section 6
summarizes the key findings of this study.

2 Related Works
With the rapid development of UAV technology, path planning and flight evaluation for UAVs have

become research hotspots. The operational level of UAVs directly affects their mission execution capabilities,
and improving UAV control skills primarily relies on efficient path planning and accurate flight evalua-
tion [7]. The objective of path planning is to find the optimal or near-optimal flight trajectory under given
constraints. The Traveling Salesman Problem (TSP) is a typical case [8–10], and traditional methods such as
genetic algorithms, simulated annealing, and ant colony algorithms are commonly used. Moreover, human
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digital twin is a proper paradigm that bridges physical twins with powerful virtual twins for assisting complex
task evaluation in human-centric services [11,12].

To address path planning for UAVs, researchers have emphasized Dubins trajectory optimization to
satisfy the minimum turning radius constraint in the distant past [13]. Chen et al., addressing the issues
of low tracking accuracy and weak interference resistance in three-dimensional path following control for
small UAVs, designed a globally stable integral sliding mode function controller [14]. The authors in [15]
proposed a path planning method based on enhanced gravitational search algorithm for UAV, by introducing
the memory of the current optimal solution and chaotic levy flight perturbation, to balance between global
and local search capabilities. Especially for the swarm UAV system, the authors in [16] designed a cost-
effective system to improve communication range, processing power, autonomy, scalability, and energy
efficiency, through salient features such as fortified communication, collaborative hardware integration,
task distribution, optimized network topology, and efficient routing protocols. Although these methods can
generate high-precision flight trajectories for specific scenarios, they become computationally expensive or
infeasible when considering large, rapidly changing state spaces [17].

Flight evaluation for UAVs is crucial for assessing operator skill levels. Traditional evaluation methods
mainly rely on manual observation or basic flight data statistics, which suffer from strong subjectivity and
poor real-time performance, making it difficult to provide immediate and accurate feedback after training.
Additionally, current methods often focus only on attitude data without considering trajectory matching
between actual and target flight paths. The authors in [18] studied the correlation between indicators and
pilot performance, making use of both local and global features based on convolutional neural network.
The researchers in [19] proposed a three-stage machine learning-based evaluation method, achieving an
assessment accuracy of 90%. Recently, automated flight evaluation systems have emerged. The authors in [20]
conducted a flight test of flight path management to verify the automation’s core functions, providing positive
indications in a future high-density air taxi environment. However, these methods still have limitations,
as some studies focus solely on flight attitude parameters without comprehensively evaluating trajectory
matching, and improvements in real-time assessment capabilities are still needed.

3 System Model
In this section, we introduce the motion model of UAVs in three-dimensional space constructed in

this paper, as well as the models involved in intelligent flight quality assessment, paving the way for the
methodology proposed in the next chapter.

The flight trajectory planning of UAVs must account for their kinematic constraints, among which
the minimum turning radius and pitch angle are two critical factors influencing three-dimensional path
optimization. Specifically, UAVs take off from a base and are required to pass through multiple mission
waypoints during flight. The sets P = {p1 , p2, . . . , pm} and T = {t1 , t2, . . . , tn} represent the actual flight
trajectory points and target flight trajectory points, respectively, with the lengths of the sets being m and
n accordingly. The heading upon arrival at each mission waypoint can be arbitrary, and the UAV must
ultimately land at the designated base.

We formulate a three-dimensional kinematic model for UAVs that satisfies their flight constraints. The
model ensures the smoothness and feasibility of the optimized trajectory, with the starting and ending points
represented as Ps (xs , ys , zs , φs , γs), Pf (x f , y f , z f , φ f , γ f ), the intermediate mission waypoints are denoted
as Pi (xi , yi , zi , φ∗i , γ∗i ), where the subscript i indicates the order of arrival at the mission waypoint. The
coordinates (xi , yi , zi) represent the position of the UAV in three-dimensional space, φi is the heading angle
of the UAV, and γi is the pitch angle of the UAV, which is constrained within the interval [γmin , γmax]. The
objective of path planning is to generate an optimal trajectory from the starting point Ps to the ending point



4 Comput Mater Contin. 2026;86(2)

Pf , ensuring that the UAV visits all mission waypoints in a prescribed order while satisfying the constraints
of minimum turning radius and pitch angle. This can be formally expressed as follows:

Lmin
total (φ∗i , γ∗i ) =min{Ls [Ps (xs , ys , zs , φs , γs) , Pi (xi , yi , zi , φ∗i , γ∗i )]

+
m−1
∑
i=1

Li [Pi (xi , yi , zi , φ∗i , γ∗i ) , Pi+1 (xi+1 , yi+1 , zi+1 , φ∗i+1 , γ∗i+1)]

+ L f [Pi (xm , ym , zm , φ∗m , γ∗m) , Pf (x f , y f , z f , φ f , γ f )]}. (1)

To simplify the global optimization, the 3D trajectory is decoupled into horizontal and vertical planes
using the heading angle φ∗i and pitch angle γ∗i , respectively. This enables independent optimization of the
multi-waypoints trajectory in the horizontal plane.

Trajectory similarity measurement is widely used in recommendation systems. Currently, algorithms
for calculating trajectory similarity are mainly divided into four categories: point-based, shape-based,
segment-based, and task-specific. The matching effectiveness of different algorithms varies depending on the
application scenario. Trajectory matching is crucial for evaluating the consistency between the UAV’s actual
flight path and the predefined reference trajectory. To quantify the deviation between these trajectories, we
employ three different metrics.

The first one is Dynamic Time Warping (DTW). The principle of DTW is to establish a correspondence
between two elements based on the principle of matching the nearest distance, and it requires that the
matching process be unidirectional along the time series. After the matching is completed, it is required that
each point in one set has a corresponding point in the other set. The specific calculation is based on the idea
of dynamic programming, and the formula is as follows:

Dd(pi , t j) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0, m = 0 and n = 0,
∞, m = 0 or n = 0,
dis(pi , t j) +min{Dd(pi−1 , t j−1), Dd(pi , t j−1), Dd(pi−1 , t j)}, m ≠ 0 and n ≠ 0,

(2)

where dis(pi , t j) represents the Euclidean distance between pi and t j. When the lengths of the target path
and the actual path are both non-zero, a cumulative distance matrix can be constructed using (2) to obtain
the matching value Dd , as shown in Fig. 1. The horizontal axis represents the target trajectory points, while
the vertical axis represents the actual trajectory points. The yellow squares indicate matches between the
target points and the actual trajectory points. The matching process proceeds from the bottom-left corner
to the top-right corner. The value of D22 is obtained by adding dis(p2, t2) to the smallest value among D12,
D21, and D11. This process is recursively applied up to Dnm , where Dnm represents the final matching result.
A smaller Dnm indicates greater similarity between the two time series.

The second metric is the Hausdorff distance, which is commonly used to represent the similarity
between two point sets. It can be simply understood as the maximum of the shortest distances from the
points in one set to the other set. It can be calculated by the following formula:

Dh =max{max
pi∈P

min
t i∈T
∥pi − ti∥, max

t i∈T
min
pi∈P
∥ti − pi∥} . (3)

As shown in Fig. 2, for each point in set P, match it to the point in set T with the shortest Euclidean
distance, resulting in the matching set PTmin. Similarly, for each point in set T, match it to the point in set
P with the shortest Euclidean distance, resulting in the matching set TPmin. Finally, the maximum value
between the two sets is selected as the matching degree. The characteristics of the Hausdorff distance are that
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the sequences of the two sets are unordered, and it is relatively sensitive to outliers in the sequences. A single
outlier may cause the distance between the sets to be very large.

Figure 1: (a) The working principle of the DTW algorithm; (b) The improved DTW algorithm

Figure 2: Hausdorff distance

The last metric is the Longest Common Subsequence (LCSS) algorithm. Similar to the DTW algorithm,
it is also based on the idea of dynamic programming. However, LCSS algorithm differs in that it directly skips
and does not match some “outlier points.” Its computation process begins by matching the last elements of
the two point sets. If a match is found, the matching value is incremented by one; if not, it takes the maximum
value from the previous sequence matches. The longest common subsequence is ordered but not necessarily
contiguous. The calculation formula is as follows:

LCSS(P, T) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0, m = 0 or n = 0,
1 + LCSS (pm , tn) , dist (ai , b j) < δ,
max (LCSS (pm−1 , tn) , LCSS (pm , tn−1)) , otherwise,

(4)

where δ is the threshold for determining whether points in the two point sets match. The Euclidean distance
between two points can be used as the matching metric. When the distance between two points in the point
sets is less than the threshold δ, these two points are considered to be matched. Since this paper involves
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matching multiple actual flight trajectories to a single target trajectory, for fairness, the matching degree
between the actual flight trajectories and the target flight trajectory can be represented by the following
formula:

DLCSS(P, T) = LCSS(P, T)
n

. (5)

As for attitude stability evaluation, we focus on the selection of flight performance parameters. As shown
in Table 1, based on these selection principles and in conjunction with flight training regulations and the
experience of senior pilots, we have refined the evaluation indicators for different flight phases. This study
analyzes three distinct flight phases in relation to the mission trajectory. The climbing phase refers to the
UAV’s ascent from the starting point to the first mission waypoint. The cruising phase involves the UAV
flying sequentially from the first mission waypoint to the last, maintaining a stable altitude. The descending
phase is the UAV’s landing from the last waypoint to the endpoint.

• Comprehensiveness: The selected indicators should collectively reflect all operational skills of the UAV
pilot and assess the entire flight process rather than a single phase.

• Scientific validity: The indicators must accurately and reasonably reflect the true quality of flight.
• Comparability: The indicators should highlight differences among pilots and be fair and measurable.
• Practicality: The indicators should be easily obtainable and measurable.

Table 1: Evaluation indicator system

Basic actions Evaluation indicators
Climbing Altitude, Climb Rate, Airspeed, Heading Angle, Pitch Angle, Roll Angle
Cruising Altitude, Airspeed, Heading Angle, Pitch Angle, Roll Angle

Descending Altitude, Descent Rate, Airspeed, Heading Angle, Pitch Angle, Roll Angle

The evaluation indicators for these three phases are largely consistent. Parameters such as climb and
descent rates can be inferred from changes in altitude. Therefore, we unify the evaluation indicators for the
entire flight process as follows: altitude, airspeed, heading angle, pitch angle, and roll angle.

After the simulated flight training, the UAV’s status can be categorized into three scenarios: 1) safe
landing at the endpoint, 2) landing at the endpoint with damage, and 3) crash. These outcomes correspond
to the trainee’s performance levels of excellent, satisfactory, and unsatisfactory, respectively.

4 Proposed Method
In this subsection, we introduce the multi-waypoint path optimization in a two-dimensional plane

method named MWPath2D proposed in this paper, along with its extension, the multi-waypoint path
optimization in a three-dimensional plane method named MWPath3D. Apart from this, we introduce an
intelligent flight quality evaluation model called ITAFE. Next, we will present the implementation details of
these methods.

4.1 Multi-Waypoint Trajectory Optimization for UAVs
This section investigates the optimal trajectory problem for UAVs to pass through multiple waypoints in

sequence. By utilizing geometric knowledge and numerical analysis theory, the optimal heading angle range
for multiple intermediate waypoints in a two-dimensional plane is determined. Subsequently, an interval
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optimization algorithm is employed to iteratively search for the target values of each heading angle within
the optimal range to minimize the overall path length until convergence to the optimal solution. In three-
dimensional space, the trajectory can be decoupled into curves on two orthogonal two-dimensional planes.
Leveraging the pre-planned optimal multi-waypoint trajectories in the two-dimensional planes, the two-
dimensional curves are extended to three-dimensional space using calculus.

In the previous section, we proposed the MWPath2D algorithm to compute a set of optimal heading
values for task waypoints, enabling the UAV to achieve the shortest trajectory when passing through multiple
waypoints in a 2D plane. For continuous smooth curves in 3D space, the trajectory can be projected onto the
horizontal and vertical planes. The turning radius in the horizontal plane is denoted as rh , and the turning
radius in the vertical plane is denoted as rv , as shown in Fig. 3.

Figure 3: Three-dimensional decoupling

The curvature expression formula for a curve in three-dimensional space can be written as:

κ =
√

cos4(γ) ∗ r−2
v + r−2

h , (6)

where γ represents the pitch angle in the vertical direction. According to the curvature constraint of Dubins
curves κ ≤ R−1

min , it can be concluded that:

cos4(γ) ∗ r−2
h + r−2

v ≤ R−2
min. (7)

Since Dubins curves are continuously differentiable, LH (t) denotes the projection of the UAV on the
horizontal plane, and LH

′ represents the first derivative of LH (t) in the two-dimensional horizontal plane.
The path on the horizontal plane can be expressed as:

LH(t) = ∫
(xs , ys)

(x f , y f )
∣LH

′(t)∣ dt. (8)
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The path in the vertical plane represents the trajectory from the starting point to the endpoint reached
after flying horizontally over LH . The trajectory in the vertical plane can be expressed as:

LV(t) = ∫
(LH(s),zs)

(LH(f),z f )
∣LV

′(t)∣ dt. (9)

The pitch angle of the UAV in the vertical space is bounded. When the horizontal radius is sufficiently
large, the pitch angle of the UAV during flight can be reduced. However, the total flight path becomes longer.
We need to balance the values of rh and rv to minimize the total flight path. The objective equation is as
follows:

min LV
total

subject to cos4(γ) ∗ r−2
h + r−2

v ≤ R−2
min,

γ ∈ [γmin, γmax] .
(10)

First, we obtain the optimal path on the horizontal plane and the optimal heading for each mission
waypoint using the MWPath2D algorithm. Then, we increase the turning radius to ensure that the three-
dimensional trajectory meets the flight constraints of the UAV, while also updating the headings of the
mission waypoints. After obtaining a three-dimensional trajectory that satisfies the flight constraints of
the UAV, we reduce the turning radius to optimize the trajectory length. We refer to this multi-waypoint
path optimization algorithm in three-dimensional space as MWPath3D. The key steps of the MWPath3D
algorithm are as follows:

Step 1: Set the minimum turning radius of the UAV, Rm in, as the turning radius rh on the horizontal
plane, and input the two-dimensional data of the three-dimensional waypoint parameters into
MWPath2D to obtain the optimal heading θbest for each waypoint on the horizontal plane.

Step 2: Increase rh by an additional Rm in, and calculate rv using (7) until the constraint in (10) is satisfied.
Initialize the iteration step size△.

Step 3: Within the range rh ∈ [rh − Rmin , rh], iteratively update rh −△ to compute a more optimal LV
total

until convergence to the optimal solution.

4.2 Intelligent Flight Evaluation for UAVs
This section presents the ITAFE algorithm, which integrates trajectory matching, attitude analysis, and

machine learning techniques to enhance the accuracy and objectivity of UAV flight assessment. The proposed
method consists of three key components: trajectory matching analysis, attitude stability evaluation, and
machine learning-based classification.

The evaluation process begins with flight data collection, where a UAV flight simulator (FlightGear) is
used to generate flight logs. These logs contain key operational parameters, such as pitch angle, roll angle,
and yaw angle, as well as positional information, including GPS coordinates and velocity.

Next, trajectory matching analysis is performed to assess flight path deviations. A trajectory matching
algorithm computes the similarity between the intended trajectory and the actual flight trajectory, ensuring
an objective measurement of path-following accuracy. At the same time, attitude stability evaluation is
conducted by analyzing the fluctuations in flight attitude parameters, where the Bollinger Bands method is
used to quantify stability.

Based on the extracted features, a flight dataset is constructed and used for machine learning-based
classification. We employ models such as decision trees, logistic regression, and k-nearest neighbors (KNN)
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to categorize flight performance. The trained model then provides both pilot proficiency levels and quanti-
tative performance scores, offering a comprehensive evaluation of UAV flight skills. Next, we introduce each
component of ITAFE in detail.

In UAV trajectory matching, DTW is more adaptable than Hausdorff distance and LCSS. It dynamically
aligns trajectory points, making it suitable for UAVs with varying speeds. Unlike Hausdorff, which ignores
time order and is affected by outliers, and LCSS, which relies on a matching threshold, DTW provides a more
accurate measure of overall trajectory similarity. DTW aligns all points, offering a stable metric, while LCSS
needs a threshold δ that impacts results. However, standard DTW faces challenges like imbalanced matching
points, high computational complexity O(mn), and local matching issues. To address these, we propose an
improved DTW algorithm. It normalizes matching points, uses local mean matching strategies, and applies
window constraints to reduce complexity, enhancing accuracy and efficiency.

As shown in Fig. 1b, for a planned waypoint Tt and multiple actual waypoints Pp1 , Pp2 , . . . , Ppk , the
matching value is computed as the average Euclidean distance:

D(Tt , Pp1 , Pp2 , . . . , Ppk) =
1
k

k
∑
i=1

dist(Tt , Ppi), (11)

where dist(T − t, Ppi) is the Euclidean distance between the planned waypoint Tt and the actual waypoint
Ppi . By ensuring a consistent number of matching pairs, the improved DTW algorithm eliminates bias caused
by varying numbers of waypoints in the actual trajectory. The use of average distance for multiple matches
reduces the impact of outliers, providing a more reliable measure of trajectory similarity. The improved
DTW algorithm is particularly suitable for evaluating UAV flight trajectories, where precision and fairness
in trajectory matching are critical.

In this study, we employ the Bollinger Bands algorithm to quantify the amplitude of parameter
fluctuations. This algorithm consists of three main components: the upper band U(t), the middle band
M(t), and the lower band D(t). The width of the data channel reflects the amplitude of parameter sequence
fluctuations:

U(t) = 1
Wc

t+Wc
2

∑
i=t−Wc

2

+ m ×

�
�����

1
Wc

t+Wc
2

∑
i=t−Wc

2

(xi − e(i))2,

M(t) = 1
Wc

t+Wc
2

∑
i=t−Wc

2

x(i),

D(t) = 1
Wc

t+Wc
2

∑
i=t−Wc

2

x(i) −m ×

�
�����

1
Wc

t+Wc
2

∑
i=t−Wc

2

(xi − e(i))2. (12)

The Bollinger Bands algorithm employs a simple moving average method to calculate the average value
of the parameter sequence x(i) within a window size Wc, where i ≤ N and N is the length of the parameter
sequence. In this study, the window size Wc is set to 20, and the multiplier m is set to 2. The average width of
the fluctuation channel represents the stability score of the UAV during flight, and it is calculated using the
following formula:

s =
N
∑
i=1

∣x(i) −M(i)∣ + ∣x(i) − D(i)∣
2N

. (13)
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A higher value of s indicates a greater amplitude of fluctuation. To verify the reliability of the Bollinger
Bands channel, we analyzed pitch angle data from two groups of simulated flights: one group consisting
of novice UAV operators who had recently started training, and the other comprising experienced UAV
operators. The pitch angle data and corresponding fluctuations are shown in Fig. 4. The fluctuation channel
diagrams reveal that the pitch angle variations for less skilled operators primarily range between [−20, 20],
while those for more skilled operators are confined within [−10, 10]. Using (13), the stability scores for the
two groups are calculated as 8.761 and 4.527, respectively. This indicates that the fluctuation amplitude for
less skilled operators is approximately twice that of more skilled operators.

Figure 4: (a) Pitch angle sequence of less skilled operators. (b) Pitch angle fluctuation channel of less skilled operators.
(c) Pitch angle sequence of more skilled operators. (d) Pitch angle fluctuation channel of more skilled operators

The fluctuation amplitude of UAV attitude data and the path matching value both indicate poorer
controllability with higher values, making them inverse indicators. These do not require indicator nor-
malization. However, due to the significant difference in the magnitude of these values, data need to be
non-dimensionalized to address comparability issues. In this study, we use the range normalization method
to standardize the data. Since all our indicators are inverse, we convert them to positive indicators for easier
interpretation. The standardization formula is as follows:

x∗ = xmax − xi

xmax − xmin
, (14)

where xmax represents the maximum value of the indicator across all data groups, xmin is the minimum value,
and x is the value of the indicator in the current data group.

Upon reviewing the UAV’s attitude and flight trajectory data for these misclassified samples, we found
that stability and trajectory control were within acceptable ranges during climb and cruise phases. However,
damage or crashes occurred during the final landing phase. This was often due to the pilot’s failure to reduce
airspeed sufficiently, causing excessive impact forces upon landing, which damaged the UAV’s landing gear
and fuselage. To address this issue, we added the UAV’s airspeed at landing as an additional evaluation
metric. The updated confusion matrix indicates that this change significantly reduced the misclassification
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of “Qualify”. The specific scoring formula for simulated flight training is given by:

Score = ω⊺x, (15)

where∑n
i=1 ωi = 1 represents the weight of each attribute calculated by the decision tree model, and 0 ⩽ xi ⩽ 1

is the normalized score of the flight evaluation indicators. From (15), it is evident that the maximum score
for simulated flight training is 1, while the minimum score is 0. The final score is uniformly scaled within the
interval [0, 1], providing a more intuitive reflection of the trainee’s performance and facilitating subsequent
comparisons. By examining the weights assigned to each indicator, it is observed that the path matching
value carries significant weight. This highlights the necessity of incorporating precise trajectory control into
the flight quality assessment metrics.

5 Simulations and Experiments
In this section, we conducted simulation experiments on the methods of Multi-waypoint Trajectory

Optimization for UAVs and Intelligent Flight Evaluation for UAVs proposed in the previous subsection. The
results demonstrate the effectiveness of the proposed methods.

We randomly initialized the coordinates of ten waypoints in three-dimensional space as follows: (0, 0,
0), (100, 200, 200), (250, 100, 300), (400, 200, 400), (600, 100, 500), (800, 300, 600), (600, 500, 700), (700, 800,
800), (900, 850, 900), and (1000, 1000, 1000). The headings at the starting and ending points were (0.0, 0.0○)
and (0.0, 60.0○), respectively, where the first element of the tuple represents the horizontal heading and the
second element represents the vertical heading, i.e., the pitch angle. The minimum turning radius of the UAV
was set to 30 m, and the pitch angle constraint range was [−60○, 60○].

As shown in Fig. 5, the MWPath3D algorithm realizes the optimal trajectory for a UAV to fly from
the starting point to the endpoint in three-dimensional space. The algorithm first determines the UAV’s
approximate flight path on the horizontal plane, thereby enhancing the optimization efficiency in 3D space.
It then optimizes the flight trajectory between adjacent waypoints by adjusting the turning radius to satisfy
the pitch angle constraints during UAV flight. Compared with the traditional spiral ascent method, the
proposed algorithm considers pitch angle constraints and generates trajectories that are more suitable for
UAV operators. This makes it convenient for use as mission trajectories in flight training. Building on the idea
of multi-waypoint path planning in two-dimensional space, this study connects the optimized trajectories
between adjacent waypoints in 3D space, ultimately forming a smooth and feasible trajectory that meets the
flight constraints of UAVs.

The flight data used in this study were obtained from the FlightGear flight simulator, which features a
robust I/O communication subsystem that supports the majority of current communication protocols. To
acquire the desired flight parameters, we simply define them in XML format and transmit them over the
network. The receiving host captures the transmitted data on its designated port. For ease of subsequent data
analysis, the received data are saved in CSV format. Given that FlightGear employs the Global Positioning
System (GPS), to ensure the efficiency of the path planning algorithm, the geodetic coordinates based on GPS
positioning are simultaneously converted to three-dimensional Cartesian coordinates during data reception.
As shown in Fig. 6, there are six sets of flight data. The green path represents the mission trajectory calculated
using MWPath3D, while the red path depicts the actual flight trajectory of the trainee.
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Figure 5: Three-dimensional path planning

Figure 6: (a) Simulation of flight group 1 crashed in mid-flight with the worst match. (b) Simulation of flight group
2 completed the fight with bad match. (c) Simulation of flight group 3 completed the fight with match inference. (d)
Simulation of flight group 4 crashed at the final turn. (e) Simulation of flight group 5 successfully reached the finish
point. (f) Simulation of flight group 6 was the best match

We compared the improved DTW algorithm proposed in this paper with the Hausdorff distance
algorithm and the LCSS algorithm to calculate the matching degree between the mission path and the
actual flight trajectory. The improved DTW algorithm proposed in this paper maintains a consistent number
of matching pairs between actual flight waypoints and mission waypoints relative to the total number of
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mission waypoints, ensuring fair matching results. As shown in Fig. 1b, when a mission waypoint Tt matches
multiple actual flight waypoints Pp1, Pp2, and Pp3, we take the average of the Euclidean distances of these
matching pairs as the current matching value. We provide a comprehensive comparison of the matching
results from three algorithms, as shown in Table 2. The improved DTW algorithm, Hausdorff algorithm, and
LCSS algorithm can all distinguish the degree of path similarity to some extent. However, in certain special
cases, the results from the Hausdorff and LCSS algorithms do not align with our expectations.

Table 2: Comparison of path matching algorithm results

Simulation flight Improved DTW (m) Hausdorff distance (m) LCSS matching degree (%)
Simulation flight 1 3,334,435 7913 13.4
Simulation flight 2 339,605 3359 24.6
Simulation flight 3 251,117 2400 29.6
Simulation flight 4 197,452 2631 72.2
Simulation flight 5 158,321 1335 64.2
Simulation flight 6 69,947 720 85.4

To avoid discrepancies in the classification model arising from differences between the training and test
datasets, we employed a five-fold cross-validation method. The data were equally divided into five subsets,
with one subset used as the test set and the remaining four as the training set. This process was repeated five
times to ensure that each sample served as both a test and training instance. To demonstrate the effectiveness
of the decision tree model, we then compared the classification performance of logistic regression, decision
tree, and KNN models in flight quality assessment using evaluation metrics such as Macro − F1 and accuracy.

Comparing their accuracy and Macro − F1 values, as shown in Fig. 7, the decision tree model consis-
tently outperformed the others in both metrics. Furthermore, the decision tree exhibited greater stability,
with less fluctuation in performance compared to logistic regression and KNN, which were more sensitive
to data variations. The decision tree model demonstrated superior accuracy and stability.

Figure 7: (a) Comparison of accuracy; (b) Comparison of Macro − F1

6 Conclusions
In this paper, a novel algorithm MWPath3D is proposed by breaking down the large-scale multi-

waypoints problem into smaller instances with fewer waypoints, to address the trajectory optimization
issue for UAV in three-dimensional space. MWPath3D progressively extends the optimal solutions of these
smaller problems to larger-scale problems. Moreover, an intelligent flight evaluation algorithm ITAFE is
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designed to assess the flight quality of UAV operators. By analyzing attitude and trajectory parameters
during flight, ITAFE accurately evaluates flight quality employing a decision tree model to classify flight
performance. Experimental results demonstrate that the proposed algorithms not only rapidly generate
optimal flight paths, but also exhibit high accuracy and real-time performance in flight evaluation. Future
works will explore the integration of reinforcement learning to enhance flight evaluation in cooperative UAV
swarms. Through integrated simulation and real-world flight experiments, we will evaluate the scalability,
robustness, and intelligence of these hybrid AI-driven approaches to advance the next generation of
cooperative UAV operations. Based on more supports, it is also a very interesting issue to enhance the flight
evaluation capabilities of cooperative UAV swarms by integrating expert pilot scoring with human-swarm
interaction based on large language models, while closing the gap between human operators and complex
swarm systems.
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