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Abstract: In order to solve the problem of autonomous vehicles driving safely on the road while
searching for optimal paths to avoid traffic congestion and obstruction, this paper establishes an
optimal path planning model based on image feature extraction. The model consists of four parts:
the selection of key turning points, interpolation between turning points, definition of the evaluation
function, and global optimal path search. First, based on the map information provided by the
network, an image feature detection algorithm was proposed, and the key turning points of the map
route were selected and stored in an open table. Then, based on mechanical analysis theory, the cubic
interpolation between two key turning points of the optimal path was defined. This allows the car to
drive along a continuous curve with a certain arc radius, enabling it to drive smoothly, effectively
avoid obstacles, and ensure safety. Then, an evaluation function is defined as needed, and different
evaluation functions are specified for different road sections to avoid excessive local deviations in
planning and to reduce the impact of known obstacles on the path. Finally, the cost of the search path
is calculated based on the evaluation function. According to the principle of minimum cost, a globally
optimal heuristic search algorithm is proposed to find the globally optimal path. Experimental results
show that the proposed global optimal path planning algorithm has excellent performance, with an
average accuracy of 96.71% and a search speed of 2.78 ms. The model not only provides accurate
path planning and fast path selection capabilities but also has strong robustness against interference.

Keywords: global optimal path planning; key turning point; valuation function; global optimal;
image feature extraction

1. Introduction

With the rapid development of economy and society, urban traffic congestion is
becoming more and more serious, especially in some megacities, where road congestion,
blockage and traffic accidents are common. Then, autonomous vehicles need accurate,
safe, and reasonable navigation to avoid traffic jams and reduce the incidence of accidents.
It is necessary to install a real-time path planning system on autonomous vehicles. This
system must have optimized computation, accurate navigation, and a global optimal path
planning function for fast positioning. Therefore, it is urgent to study the optimal path
planning method of autonomous vehicles, which has important theoretical value and
practical significance.

In recent years, path planning has attracted extensive attention in the fields of au-
tonomous driving, logistics distribution, and robot navigation. To better understand the
current state of related research, we review the existing literature and summarize their
respective advantages and disadvantages, as shown in Table 1.
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Table 1. Advantages and disadvantages of previous path planning algorithms.

Method

Advantage

Disadvantage

[1]

Significantly reduces vehicle delay time and improves space uti-
lization efficiency

Lack of validation in complex urban environments

[2]

Improves the efficiency of path planning and solves the problem
of random demand

The algorithm is complex and is not suitable for large-scale deliv-
ery scenarios

[3]

Combining A* and dynamic window algorithms (DWA), it has a
faster path finding speed and good obstacle avoidance ability.

Depends on environmental characteristics, and its adaptability in
dynamic environments needs further verification

[4]

Provides flexible and accurate optimal routes to reduce vehicle
dwell time

Relies on a large amount of traffic data, and the real-time perfor-
mance is affected by the frequency of data updates

[5]

Improved path quality, shortened planning length, reduced num-
ber of turns, and improved path-finding efficiency

Sensitive to heuristic parameters; improper adjustment will affect
algorithm performance

[6]

Improves global search capabilities and avoids local extremes

The algorithm complexity is high, and the real-time performance
in practical applications is limited

[71

Strong real-time performance, suitable for the obstacle avoidance
planning of high-speed ships

The obstacle avoidance effect is only verified for static obstacles,
and the adaptability to dynamic obstacles is unclear

[8]

Machine vision-assisted collision avoidance system has high accu-
racy

High requirements for communication and collaboration in com-
plex urban environments

[]

Combines the time grid method and optimal search to achieve
effective obstacle avoidance planning

The obstacle avoidance effect for dynamic obstacles needs to be
further improved

Improved charging navigation accuracy based on real-time traffic

Traffic start-stop method simulation is complex and relies on high-

101 information precision traffic information
[11] Provides an effective multi-point circuit path planning solution Applicability to specific problems requires further verification
[12] Reduces the times of train crossings, reduces the risk of traffic ~ The algorithm is mainly based on simulation verification and lacks
accidents, and significantly improves transportation efficiency experimental data in real scenarios
[13] Optimal trajectory planning in terms of energy consumption, and  The model is suitable for a specific type of robot and has poor
) is effectively combined with motion control model versatility
[14] High algorithm efficiency and short calculation time The' scalablhty of the algorithm is unclear for complex multi-
vehicle scenarios
[15] The research on routing planning is divided into exact matching  The error tolerance of approximate matching needs further verifi-
) and routing planning based on approximate matching. cation under large-scale data
[16] Uses genetic algorithms to solve the Pareto front with excellent  The algorithm complexity is relatively high and is suitable for
results specific evacuation scenarios.
[17] Apphcable to various path coverage problems, the algorithm is For complex program flowcharts, coverage efficiency is limited
simple and flexible
[18] Provides an effective optimal solution and can calculate the access ~ The scalability of the algorithm to the increase in the number of
order quickly targets needs to be verified
The number of redundant nodes is reduced, the search time is . - . .
- . The computational complexity increases, especially after adding
[19] shortened, the path smoothness is improved, and the cost is kept d . L. X .
ynamic weighting and Bezier curve processing.
constant
[20] Optimized path planning can improve passenger comfort, prevent  The algorithm implementation is complex, the parameter selection
collisions, and achieve high penetration speed and short time is sensitive, and require a lot of debugging
tt pr(?v1des optlma.l §olut10ns in static and dynamlc environments Applicability is limited to specific scenarios and requires additional
[21] and introduces initial path selection and deletion operations to ) o
. steps to adjust the initial path
reduce the amount of calculation
It reduces the posab}hty of fa.lhng into local optima, CONVETEES  The algorithm complexity increases and the computing resource
[22] faster, consumes less time, and is suitable for complex optimization . .
requirements are higher
problems
It combines the greediness and heuristic sampling of RRT-Connect e . L
[23] to quickly find feasible paths and optimize the paths through It is difficult to converge to the global optimal solution in complex

iteration, which has strong adaptability

or dynamic environments

Wu et al. [1] established a road intersection control model based on mixed integer linear
programming, which reduced the delay time of autonomous driving vehicles and improved
space utilization efficiency. However, this method may have computational complexity for
real-time applications and does not consider the mixed traffic of human-driven vehicles.
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Fan et al. [2] designed an adaptive variable neighborhood cultural gene algorithm for the
path planning problem under the multi-center joint distribution model, which effectively
solved the problem of random demand matching, but the computational complexity was
high and may not be suitable for ultra-large-scale problems. Genetic algorithms (GAs) and
evolutionary algorithms are widely used in the field of path planning as global optimization
tools due to their powerful search capabilities and adaptability. However, these algorithms
have high computational complexity, may converge slowly, and are sensitive to parameter
settings, which may not be suitable for ultra-large-scale problems [24].

To address this problem, Lin et al. [22] proposed a hybrid particle swarm optimization
and simulated annealing (PSO-SA) algorithm to optimize the path planning of automati-
cally guided vehicles (AGVs). In comparing with other heuristic algorithms (including the
harmony search algorithm, firefly algorithm, artificial bee colony algorithm, and genetic
algorithm), the algorithm performed well in handling optimization problems. It reduces
the possibility of falling into the local optimum, improves the efficiency of obtaining the
global optimal solution, converges faster, and consumes less time. Similarly, Shi et al. [21]
proposed an improved simulated annealing (SA) dynamic path planning algorithm. By
introducing the initial path selection method and deletion operation, the computational
workload is reduced. Simulation results show that the improved SA algorithm is superior
to other algorithms and provides optimal solutions in static and dynamic environments.

Lietal. [3] proposed a hybrid path planning algorithm combining the A* and dynamic
window algorithms (DWA), which improved the path finding speed and obstacle avoidance
ability of the mobile robot, but the implementation complexity is high and may depend
on the characteristics of the environment. Li et al. [4] improved the Dijkstra algorithm,
taking into account a variety of traffic factors, and improved the navigation accuracy and
speed, but the quantification of each factor is more complicated and requires real-time data
support. In addition, Li et al. [5] proposed an improved A algorithm based on a heuristic
search strategy to improve the path quality and path finding efficiency.

In order to solve the problems of too many redundant nodes, long search time, and
sharp turns in the traditional A algorithm, Han et al. [19] proposed a five-neighborhood
search A algorithm that adds dynamic weighting to the heuristic function and uses second-
order Bezier curves for path smoothing. Simulation results show that compared with the
traditional eight-neighborhood search algorithm, the number of redundant nodes and
search time of the improved algorithm are reduced by 86.57% and 82.07%, respectively,
and the cost remains unchanged under high precision. After Bezier curve processing, the
obtained path has no large-angle turning points. After smooth optimization, the continuity
of speed and acceleration can be maintained, which improves driving smoothness.

Liu et al. [6] proposed a bat algorithm with reverse learning and a tangent random
exploration mechanism, which improves global and local search capabilities, but the
algorithm complexity is high and parameter adjustment is difficult. To solve the global
optimal problem in path planning, Ding et al. [23] proposed an extended path RRT* (EP-
RRT*) algorithm based on the heuristic sampling of the path extension area. The algorithm
combines the greedy heuristic strategy of Rapid Exploration Random Tree (RRT)-Connect
to quickly explore the environment to find a feasible path, and then expands the path to
obtain a heuristic sampling area. An iterative search is performed in this area. As the path is
optimized, the sampling area changes continuously, and finally, the optimal or suboptimal
path connecting the starting point and the target point is obtained.

In terms of path planning in marine environments, Hu et al. [7] proposed a real-
time path planning algorithm that uses marine radar to detect obstacles in real time and
achieves obstacle avoidance for high-speed ships. However, this method mainly targets
static obstacles and relies on the quality of radar data. In response to the connection and
disconnection problems of autonomous vehicles on multi-lane highways, Babu et al. [20]
developed a new path planning method. The objective function of this method includes
factors such as vehicle performance improvement, passenger comfort, vehicle collision
prevention, and road deviation avoidance. The Hunger Game Improved Archimedean
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Optimization Algorithm (HGE-ARCO) is used for path optimization. In 100 trials, the
maximum speed of the HGE-ARCO scheme reached about 99 km/h and took 12.3021 s,
which is better than other conventional methods.

In the field of Uncrewed Aerial Vehicle (UAV) path planning, Li et al. [8] designed an
auxiliary collision avoidance system based on machine vision, which has high-precision
obstacle avoidance capabilities, but may be limited in complex urban environments. Zhang
et al. [9] studied the obstacle avoidance path planning method of power grid inspection
robots, combining global and local methods to effectively avoid static and dynamic ob-
stacles, but there may be local minimum problems. In the field of electric vehicle path
planning, Xing et al. [10] proposed a path planning and charging navigation strategy based
on real-time traffic information, taking into account the impact of electric vehicles on the
power grid, but accurate real-time traffic data are required.

Other studies include path planning methods based on Linear Temporal Logic (LTL) [11],
underground vehicle path planning based on genetic algorithms [12], and energy-optimal
trajectory planning for two-wheeled self-balancing robots [13]. These methods have
achieved good results in their respective fields, but they also have some limitations.
Fuetal. [14], Li et al. [15], Nahum et al. [16], Yin et al. [17], Avola et al. [18], etc.,
have proposed innovative research results in vehicle synchronous transfer, keyword-
aware routing, multi-target evacuation model, path coverage algorithms, and drone
continuous monitoring.

In order to enable the navigation and positioning system to continue to provide reliable
services and to reduce the safety hazards caused by improper path planning, this paper
proposes a global path optimal planning model. The model is divided into four parts as
shown in Figure 1, where each node represents a different method used under different
conditions. The first is to provide an image feature extraction method for the map to
extract the major turning points of the path. The second is to perform a three-dimensional
interpolation algorithm between the major turning points to make the car drive at a
balanced, safe, and reasonable speed. The third part is to analyze road conditions—such
as congestion—to minimize driving time, fuel consumption, or distance by providing an
evaluation function for route change decisions. The cost function can be defined in sections
to avoid excessive deviation in local planning and to reduce the impact of known obstacles
on the path. The fourth part is to provide a heuristic path search algorithm based on the cost
function to search for the optimal path. Finally, experiments were conducted on uncrewed
vehicles to verify the feasibility and effectiveness of the model established in this paper
and compare the model with existing optimal path planning algorithms. The comparison
results show that the optimal path planning method proposed in this paper outperforms
existing algorithms due to its more accurate path selection, faster path determination, and
strong anti-interference ability. Its strong anti-interference ability stems from the evaluation
function and the global optimal search algorithm being unaffected by external signals.

Key turning Interpolating Define Global Optimal Output
point selection between turning  Valuation Path Search application
points Function Method

Figure 1. Global path optimal planning model.
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The contributions of this study are summarized as follows: (1) A global path optimal
planning model is proposed, which enables the navigation and positioning system to
continuously provide reliable services and reduce the safety hazards caused by improper
path planning. (2) A map image feature extraction method is proposed to extract the
key turning points of the path. Interpolation is performed between key turning points to
smooth the vehicle trajectory. A cost function was designed, and a heuristic path search
algorithm was proposed to search for the optimal path. (3) The experimental results show
that the global path optimal planning algorithm proposed in this paper performs well, with
an average accuracy of 96.71% and a search time of 2.78 ms.

2. Overview

The overall pipeline of the proposed method is shown in Figure 2. Initially, the traffic
map undergoes denoising to remove redundant information. Next, key areas within the
traffic map are identified, and the local loss in each area is calculated to extract key points
(i.e., road intersections). To address potential discontinuities between these key points,
topological interpolation is applied to generate a smooth, locally optimal path. Finally,
the key points are further refined and supplemented through a global valuation function,
ensuring optimal decisions at each road intersection and thereby achieving a globally
optimal path.

Calculating local losses ;

valuation Key feature

Traffic map ———> Noise Reduction ———> Rol Extraction — =~ extraction

Global valuation function

Global optimal <9 Building local | Modify key points between _ Interpolation between
path optimum topological paths key points

Figure 2. The pipeline of the proposed global path optimal planning method.

3. Key Turning Point Selection Method

In scenarios involving intersections across multiple roads, accurately determining
the location of these intersections and the direction of each road is crucial for optimal
path selection. The “key turning point selection method” offers an effective approach for
identifying these pivotal points, thereby supporting subsequent path planning decisions.

3.1. Region of Interest (ROI) Extraction

Search for changes in grayscale values along the image’s width or height direction, and
record the positions Py, Py, . . ., P, of pixels where the grayscale values suddenly increase or
decrease. Connect these points P;, P, . .., P, to form an information-rich target area, and
then crop the image to this area as the ROI, as shown in Figure 3. The ROI obtained by
this algorithm effectively eliminates the effects of noise, rotation, translation, etc. Experi-
ments have shown that the ROI obtained by this method is more conducive to subsequent
feature extraction.

The ROI area segmented by this algorithm is large and almost completely covers
the turning points on the traffic map, which improves the accuracy of subsequent feature
extraction and feature matching.
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Figure 3. Selecting areas of interest. The area of interest in the traffic map is indicated by a red box.

3.2. Extract Key Turning Point Characteristics Within ROI

Image features are a reflection of the discontinuity of local characteristics of the image,
which marks the end of one area and the beginning of another area. The discontinuities in
the local characteristics of the image can be easily detected using first- and second-order
derivative methods. Feature detection can be achieved by convolving the image with
spatial differential operators, or using the discrete Z-transform for convolution. Here, a
given digital matrix is used as a template to perform discrete convolution on the image.
The method is as follows:

Implement feature extraction on the target image. Assume that the operators used are
two 3 x 3 operators. Perform discrete convolution on the image to obtain the horizontal
(Gx) and vertical (Gy) gradient values, respectively. If the combined gradient magnitude
exceeds a certain threshold 6, the point is considered a feature point and is marked. The
method for extracting objects from images is as follows:

3.2.1. Convolution Operation Between the Extraction Algorithm and the Target

A and B are templates, and I is an image, Then:

-1 0 1 -1 0 1
Gr=|-2 0 2|®LA=|-2 0 2 1)
-1 0 1 -1 0 1
1 2 1 12 1
Gy=|0 0 O0|®LB=|0 0 0 @)
-1 -2 -1 -1 —2 -1

3.2.2. Gradient and Direction

Calculate the gradient value of the image; that is, the horizontal and vertical feature
values of each pixel of the image are calculated using the following formula to calculate the

size of the point feature:
G=,/G:+Gj 3)

To calculate the approximate gradient magnitude of an image, a non-square root
approximation is usually used to improve efficiency: |G| = |Gx| + |Gy
The gradient direction can then be calculated using the following formula:

0= arctan(g—z) (4)
Given a threshold value 6, if G > J, the point is considered an edge point, and its
feature information is stored. Then, the pixel values in flat areas are masked, and only the
stored feature pixels are displayed. In this way, the feature edges are extracted.
Next, smooth the features: Let the original image be f '(x, y). Use a low-pass filter H
to smooth f'(x,y) in the spatial domain, and the output image is g(u, v):
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gu0) =YY fxy)Hu—x+10—y+1) )
¥y

After filtering, an image with relatively complete target features can be obtained, and
then an appropriate threshold # is selected to binarize g(u,v). The processed image is
flxy):

1, g(u,0)>h

0, g(u,v)<h ©)

flxy) ={

Based on this image feature extraction algorithm, the results of the traffic map feature
extraction are shown in Figure 4.

Figure 4. Feature extraction within the area of interest. The purple box represents the area of interest,
the red box represents the turning point area of interest, and the purple dots represent the key turning
points of the extracted route.

As can be seen from Figure 4, on the given image, the feature extraction algorithm can
completely outline the turning point features, eliminate background effects, reduce noise,
and contain almost all the information of the traffic map. In experiments, it was found that
its extraction effect is better than that of other existing algorithms.

4. Interpolating Between Turning Points

After extracting the key turning points above, and according to mechanical analysis
theory, the car can drive along a continuous curve with a certain arc radius, allowing it
to move smoothly, effectively avoid obstacles and ensure safety. Therefore, it is necessary
to consider two key aspects of path optimization. We add virtual points between turning
points. Here, the cubic spline interpolation method is given as follows:

Let S(x) be the cubic interpolation function of the position nodes in the horizontal
direction X and vertical direction Y. Here, X refers to the set of the abscissae of the position
nodes, and Y refers to the set of ordinates of the position nodes. Then, y = S(x), x € X, and
y € Y. Let us assume that the second derivative at each node is s” (x) =My, k=0,1,...,n.

Since in each subinterval S(x) is a polynomial of at most three degrees, its second-order

. . " . . . . . .
derivative S (x) is a linear function in each subinterval, given by
" X — X X — Xg—1
§ (x) = Mg + My
X — Xk—1 X — Xk—1

X — X X — Xp—1
+M X € |[Xp_1,X
hk—l k hk_l ’ [ k-1, k]

while hy_1 = x; — x_1. If we integrate s" (x) twice and apply the node conditions,

= M4

S(xk-1) = Yr—1,S(xk) = Y& ()

Then, we can obtain the expression of the cubic interpolation function S(x) on the
subinterval [x;_1, xx] as follows:
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3

3
Xk — X X = Xk My qh2 Xk — X M2, (x — x1) 8
6hk_1 6hk_1 + (yk—l - 6 ) hk—l + ( k= 6 ) hk—l ( )

Here, My_1 and M} are the second derivatives at the endpoints x;_1 and x; of the
subinterval [x_1, x|, respectively. It follows that once the second derivatives M; at each
node (k = 0,1,...,n) are determined, the cubic function S(x) on each subinterval is

also determined.
Using the above method with Equation (8), by pairing data points, Equation (8) can be

extended into a higher-dimensional function. Figure 5 shows the relationship between the
function obtained with this fitting method and the actual measured data.

True experimental data and fitting
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Figure 5. Relationship between fitted function and measured data.

As shown in Figure 5, the cubic interpolation function closely fits all the actual mea-

sured data.

5. Define Valuation Function
5.1. Valuation Function

According to queuing theory, the occurrence of congestion can be modeled as a
Poisson process, and the time intervals between vehicles on the road follow an exponential
distribution. Therefore, if the traffic flow density on the road is ¢(t), the probability of k

congestion arrivals in (0, ] time period is

t k
Re(6) = p{N (e = k) = DI o g gan ©)

Here, {N (t),t> 0} represents the number of congestion events within the time inter-
val (0, t].
Let Y; be the congestion intensity of the i-th road with the probability distribution
function G(x) = P{Yi < x}, where i = 1,2,.... The congestion intensities at different
intervals are independent and identically distributed, each following a Poisson distribution.
G*() (x) represents the i-fold reconvolution of G. In addition, it is assumed that the loss
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function of fuel consumption, vehicle wear, time, etc., caused by congestion on the traffic
road is F(t), and the interval time is T. When the congestion level on the road reaches
the threshold #, the traffic management’s processing capacity becomes insufficient or fails.
Then, before the time T, the congestion loss rate function is

FA(T) = /OT p{Sh < t}dF(t) = k“il G n | "Ry (1)) (10)

Since traffic congestion requires a cost per unit loss ¢ to recover, the total recovery cost
is C(T):

C(T) = cFf(T) = cki G+ (h) /OT R (t)dF(1) (11)
=1

The fifth part of the global search for the optimal path method ensures that Equation (11)
is minimized.

In addition, if there are m roads with n self-driving cars on them, then the evaluation
function can be defined as follows.

Let there be m roads labeled as x1, x5, . . ., X;,. If the roads that can be selected when the
i-th vehicle enters at a given time are x;1, xj3, . . ., Xjk, then the road smoothness probability
is g;, which is a function of the selected roads and can be written as g;(xj1, Xj, - . ., Xix)-
Therefore, how should vehicles choose these roads to minimize congestion on all roads,
that is, to maximize Equation (12), where

n
J =Y 8i(xin, X, Xim), 8 =0 (12)
i=1
Equation (12) is the evaluation function of this problem.
n
Y xi<xj, x>0 i=12...,n j=12,..m (13)
i=1

According to Equations (12) and (13) obtained from the above analysis, it can be seen
that the meaning and form of the evaluation function are different according to the needs of
different situations. It is also possible to use the shortest path and the minimum number of
intersections as the optimization objectives and the vehicle load as the constraint to obtain
an evaluation function. Based on the above situation analysis, the piecewise function in the
following form can be defined as the evaluation function of path planning.

n(t) = 1, f(t)>a
|2 f)<a

Here, h(t) is the estimation function, f(t) is the demand situation, « is the threshold or
condition, 1 is the first strategy, and 2 is the second strategy. If the graph is an even-degree
vertex graph, strategy 1 is adopted. Driving along any road on the traffic map can satisfy
customer needs at minimal cost. If the even-numbered vertex graph is not satisfied, strategy
2 is adopted to recognize the traffic network graph. An even-degree vertex graph can be
constructed by adding edges between two odd-degree vertices. At this time, driving along
any road on the traffic map can also satisfy the needs of customers on the traffic line, and
the cost is minimal. This method is the global optimal path planning method in Section 6
of the next chapter.

5.2. Simulation of the Valuation Function

Here, the evaluation function Equation (11) is simulated. Assuming G(x) =1 —e™**,

we can know that

i
G M) =1y (#;‘f) e, Y G0 (x) =
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From Equation (11), we obtain

. 1 k 1
c) = er T (1 - i o) U ST M eyany

Assume that F(t) =1 — o001 ¢(t) = cost or 0.2, and that maintenance cost C = 6.2.
Since the road congestion threshold can be obtained by measurement, it is assumed that «
is known. When the congestion threshold « is 100 vehicles per unit area, the trend in the
toll cost function with respect to the congestion level is shown in Figure 6. It can be seen
from Figure 6 that as the congestion intensity increases, the clearing cost increases. When
the congestion reaches a critical value, the clearing cost tends to stabilize.

14 Relation of congestion intensity and dredging cost

1.2F B

0.8 -

Cost

0.6 B

04+ y

0
10 20 30 40 50 60 70 80 90 100
Congestion intensity

Figure 6. The relationship between congestion intensity and dredging and maintenance costs.

6. Global Optimal Path Search Method
6.1. Euler Search Method

Now let us consider finding the minimum weight tour in a weighted connected graph,
i.e., the optimal tour. The road network on which driverless buses transport passengers can
be modeled as a weighted connected graph. It must start from the starting station, traverse
each required road at least once, and then return to the starting station; thus, the path is a
closed tour.

If the traffic graph G is a Euler graph, then any Euler tour is the optimal tour. Currently,
the algorithm for finding the optimal tour is as follows:

(1) Take any vertex vy and let Wy = vy.

(2) If trace Wy = vge1vy - - - exvx has been determined, select ey 1 € E\ {e1, -+ e}
such that

@ ey is related to vy.

@ Unless there is no alternative, choose ek 1 such that it is not a bridge in subgraph
GK =G-— {81,' s ,ek}.

(3) If step (2) cannot be continued, stop.

If G isnot a Euler graph, then its optimal tour obviously requires the repeated traversal
of some paths, so that it is possible to traverse each path at least once and eventually return
to the starting point. It is easy to see that in any optimal tour of G, each edge is repeated at
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most once. In the weighted connected graph G, finding a minimum weight tour, i.e., the
method for finding the optimal tour, is as follows:

(1) Add duplicate edges to G to create a Eulerian supergraph G*, minimizing the total
weight of the added edges w(E(G) \ E(G)) = min. In other words, the required G* is a
Eulerian supergraph of G with the minimum total added edge weight.

(2) Find its Euler tour in G*.

The following is the simplest case, i.e., if there are exactly two odd-degree vertices p
and g in the weighted graph G, it is proved that G* can be obtained by adding repeated
edges along the shortest (p, g)-path P in G, as shown in Figure 7. The numbers in Figure 7
represent the cost of each edge. In G, only p and g are odd — degreevertices; its shortest
(p,q)-pathis p — a — b — ¢ — g; the total weight of the added repeated edges is 4.

b

q
(@ (b)

Figure 7. (a) is the weighted graph G and (b) is the optimal Euler generated parent graph G*.

Proof. Itis easy to see that only p and g are odd-degree vertices in G} = G* [E*(G*) \ E(G)].
Since the number of odd-degree vertices is even, the two odd-degree vertices must be in
the same component of G;. Let P* be one of the (p, q)-paths; then, we have

w[E(G*) \E(G)] = w(P*) > w(P)

However, the graph obtained by adding duplicate edges along the shortest (p, q)-path
P in G is also a Eulerian supergraph of G, so it is the desired G*.

Here, v(G) and w(G) represent the number of vertices and edges of graph G, respec-
tively, w(G) represents the weight of graph G, and E(G) represents all edges of graph G. [

In fact, when looking for other paths, first check whether each vertex of the traffic graph
composed of key points on the map in the area is an even-degree vertex. If so, starting from
any point yields the optimal path; if not, you need to calculate the shortest paths between
all pairs of odd-degree vertices along the traffic graph and select the minimum among these
calculated shortest paths. At this point, the corresponding two odd-degree vertices can
be denoted as A and B, and a duplicate path is added along the path from A to B. Ensure
that the other vertices between points A and B are also even-degree vertices. Based on the
definition of the cost function in Part 4 and the global optimal path planning of the path,
this search algorithm ensures that each traffic line can be traversed at the lowest cost.

6.2. Reverse Search Method

For evaluation Function (12), from the Euler diagram of the figure, the global optimal
path search method is as follows: introduce a function fx (x]*) that represents the maximum
smoothness rate that can be obtained when the number of roads chosen by the first to
K-th vehicles x]iK < xj; here,j = 1,2,...,m,1 < K < n. Obviously, fn(x]') represents the
maximum smoothness obtained by all n vehicles when they choose road number x;.

For evaluation Function (12), based on the Euler diagram in the figure, the global
optimal path search method involves introducing a function fK(x]*) that represents the
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maximum smoothness rate that can be obtained when the cumulative number of times
road j has been chosen by the first to the K-th vehicles is x;f < Xj, wherej =1,2,...,m
and 1 < K < n. Obviously, this represents the maximum smoothness obtained when all n
vehicles have chosen a road.

fn(xj) = Jmax (14)

Now let us derive the relation that fx (x]*) should satisfy. It is known that the cumula-
tive number of times road j has been chosen by the first K vehicles is x;f. If the number of
times road j is chosen by the K-th vehicle is xg;, then the cumulative number of times road
j has been chosen by the previous K — 1 vehicles is x; — xg;. Considering the choices of the
K vehicles as a K-step decision process, fK(x]*) represents the optimal index value of the
K-step decision; that is, it represents the smoothness probability value of the K-th step when
the number of times road j is chosen is xk;; fg—1(x] — x;) represents the optimal value of

]
the remaining K — 1 decision steps. According to the principle of optimality, we have

fr(xf) = n;gx{gk(ij) +f1<71(x;ux,<j)} (15)

This shows that if the optimal choices of the first to the K-th vehicles for road j
are x1j, - - -, Xg;j, then the optimal allocation of x}‘ — xkj among the first K — 1 vehicles is
X1j, ,xK_lj,wherej =1,2,---,mand1 < K < n.

This type of optimal planning has two characteristics: first, it is computed backward
from the last stage; second, it transforms an n-stage decision problem into # single-stage
decision problems, i.e., it transforms a complex problem into multiple simpler problems
to solve.

7. Experiment

In order to compare the advantages of the proposed global path optimization algorithm
with existing path optimization algorithms, this study conducted experiments on a dataset.
The dataset sources were divided into two parts: (1) data collected by the developed
verification platform; (2) data from a road section under the jurisdiction of a transportation
bureau. Based on this, an evaluation method was designed.

7.1. Verification Platform Construction

The platform used to verify the effectiveness of the algorithm is a self-developed
mobile robot, as shown in Figure 8.
Delta_2A LiDAR
— Raspberry PI

— IMU

Figure 8. Physical image of verification platform.

7.2. Datasets

The steps to create the path databases and test sample databases for the three traffic
types used in the experiment—sparse traffic, medium-density traffic, and complex traffic—
are as follows:
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® Randomly select 200 traffic routes under different environments from the collected
databases of the three traffic types. For each route, randomly select 2 traffic maps out of
10 available traffic maps, resulting in a total of 400 traffic maps.

@ From each route’s 2 traffic maps, randomly select 1, totaling 200, to form the experi-
mental traffic map database; the remaining 200 traffic maps form the test sample database.

® Apply the above global optimal search method to perform optimal path planning
on the 200 traffic maps in the experimental traffic map database, obtaining 200 planning
templates, each containing a labeled map. Store the planned labeled maps in the collected
traffic library as training samples.

7.3. Problem Definition

In this study, the problem of global optimal path planning for driverless cars is defined
as follows: the optimal global path of the vehicle is planned based on the traffic map
collected by the integrated camera, and the globally optimized path map is used as the
output. The input is the traffic map G(t) € RH*W*3 and the output is the optimal
global path planning map M(t) = (x1,y1)t, (X2, Y2)t, - -, (Xn, Yn )¢, where t represents time
(Figure 9).

Figure 9. Traffic map.

7.4. Evaluation Methodology

A path planning and optimization path counting program was developed. Assume
that a total of N; optimization path experiments were performed in the i-th time period,
and n; times were counted as optimal paths by the counting program. The experiment
was repeated NO times. Then, the accuracy P; of the i-th experimental optimization path is
defined as -

i
Pl-:ﬁi, i=12---,NO (16)

The total average accuracy p;, repeated NO times, is

_ X
=N 47
After many experiments, we found that when the experiment was repeated approxi-
mately 50 times, the results tended to stabilize, so we finally chose to repeat the experiment
50 times as the standard.
We repeated the experiment 50 times and used the counting program to statistically
obtain the effective response n; each time. Then, we calculated the average accuracy and
total average accuracy values according to Equations (16) and (17), respectively.

7.5. Evaluation of the Correctness of Optimal Path Planning
The basic evaluation steps are as follows:
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P1. Use the global optimal search method to perform optimal path planning on the
traffic maps in the test sample library to obtain the planned maps, and then match the
obtained planned maps with the samples in the traffic library.

P2. Compare the traffic map to be tested with all optimal traffic maps in the training
sample gallery, perform 100 random selection and matching tests, and take the traffic map
corresponding to the most similar one as the test result.

P3. Test each traffic map in the test sample database 100 times according to steps
P1~P2, record the number of correct and incorrect planning results, and calculate the
correct planning rate.

7.6. Quantitative Results

For each traffic map, 20 repeated experiments were performed according to steps P1
to P3 in the simulation. Each experiment used a different number of samples and was
compared with the current optimal planning methods [18,25]. After 100 simulations, the
average optimal planning accuracy rates were 96.71%, 87.85%, and 79.69%, respectively.
The simulation results are shown in Figure 10 and Table 2.

Comparison of correct rate of new & old planning methods

r T

Correct Rate
o
o

04

o
w

0.2~

Automatic genetic matching method (old)
O IMM estimation method (old)
Global optimal model method (new)

0 2 4 6 8 10 12 14 16 18 20
Times

Figure 10. Comparison of accuracy between the proposed method and existing optimal path plan-
ning methods.

As shown in Figure 10, in the experiment, at the beginning, the environment was
unknown, the accuracy was low, and the ability of several optimization methods to block
noise was weak. As the number of experiments increased, the average accuracy continued
to increase, which also means that it has a better ability to clear congestion. When the
number of experiments reached a certain number, the curve did not change much when
the number of experiments was increased. The three methods gradually stabilized because
they all had memory functions. The ability to block noise increased after repeating the path
many times. If the experiment continued, they were basically in a stable state.

As shown in Figure 10, at the beginning of the experiment, the environment was
unknown, the accuracy was low, and the ability of several optimization methods to filter
noise was weak. As the number of experiments increased, the average accuracy continued
to rise, which also indicates a better ability to alleviate congestion. When the number of
experiments reached a certain point, the curve did not change significantly with further
increases in the number of experiments. The three methods gradually stabilized because
they all have memory functions. The ability to filter noise improved after repeating the path
many times. If the experiment continued, they would basically remain in a stable state.
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Table 2. Comprehensive comparison of proposed and existing optimal planning algorithms.

Optimal Planning Methods  Average Accuracy (%)

Optimization Anti-Interference Adapting to the

Speed (ms) Capability Environment
Our proposed 96.71 78 strong highly complex and
method dense
IMM estimation .
method [25] 87.85 3.82 weak relatively dense
Automatic genetic 79.69 4.08 weak medium density

matching method [18]

As shown in Table 2, the accuracy of the global optimal path planning method pro-
posed in this paper was compared with existing path optimal planning methods [18,25]. The
experimental results show that the average accuracy of the global optimal path planning
algorithm proposed in this paper is 96.71%, the average accuracy of the IMM estimation
method [25] is 87.85%, and that of the automatic genetic matching method [18] is 79.69%.
In addition, the search speed of the algorithm in this paper is 2.78 ms, while that of the
IMM estimation method is 3.82 ms, and the automatic genetic matching method is 4.08 ms.
Compared with existing planning algorithms, the proposed method has a higher correct
planning rate, a shorter optimization time, and a stronger anti-noise ability, making it
suitable for sparse, medium-density, and dense complex environments.

Finally, to verify that the established global optimal path planning model was sta-
ble and robust, a stability experiment was conducted. The results show that the error
gradually decreases as the number of experiments increases, tending toward stability and
convergence, indicating that the established global optimal path planning model has stable
performance and strong anti-noise ability. Here, the error is a relative difference, that is, the
ratio of the absolute value of the difference between the estimated value of the model and
the true value to the true value, as shown in Figure 11.

0.5 Robustness of global optimal model

0.6 b

0.5+

Error

04F 1

0.35+ B

03r B

0 X 25 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

Times

Figure 11. Robustness of the global optimal path planning model.

As can be seen from Figure 11, the vibration amplitude of the optimal planning model
is large at the beginning, and then gradually converges to a stable value as the number of
experiments increases. This shows that the established global optimal path planning model
is truly stable and convergent.
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After adding a noise reduction smoothing filter in front of the physical platform device
in Figure 8, the oscillation amplitude of the previous planning model is improved, and its
vibration amplitude is significantly reduced, as shown in Figure 12.

Robustness of global optimal model
0.62 ‘ ‘ ‘ | ‘

06 h

0.58 7

0.56 - J

Error

0.54 1

052 | h

0.48 . . | | | | . | !
0 10 20 30 40 50 60 70 80 90 100

Times
Figure 12. The vibration amplitude of the optimal planning model is reduced.

7.7. Qualitative Results

As show in Figure 13, the map area increases, the complexity also increases. The upper
half of the map contains more concave obstacles, while the obstacles in the lower half are
randomly distributed. The proposed algorithm can navigate through concave or randomly
distributed obstacles with fewer turning points, and the quality of the generated path is
significantly improved compared to traditional algorithms.

Our path
search method

Figure 13. The proposed algorithm plans the path for complex traffic conditions.
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A relatively complex test environment is designed for the algorithm proposed in this
paper. The actual scene is shown in Figure 14a.

The path generated by the unmanned driving path search method proposed in this
paper is shown in Figure 14b, where the starting point and the end point are marked in
green and yellow, respectively, and the generated path is marked in red. The path shown
in the figure represents the movement path of the robot chassis center. When avoiding
obstacle No.1, the expansion layer adjacent to the obstacle is used. Due to the presence of
an expansion layer, the robot could traverse this area smoothly.

(b)

Figure 14. The generated path is realized based on the path search method proposed in this paper.

(a) is the experimental scene, and (b) is the generated car path in this scene.

In Figure 14b, the generated path first moves forward for a distance and then turns
right to avoid the obstacle on the left. Although the path generated by the proposed
algorithm is close to the obstacle, due to the presence of the expansion layer, the robot can
still safely avoid obstacle No.1. At this point, the mobile robot is surrounded by obstacles
and is prone to collision. Therefore, it needs to move at a lower speed. After turning right, it
moves to the left. At this point, there are obstacles on both sides of the robot. The generated
path maintains a safe distance from the obstacles on both sides, which improves the safety
of the robot’s passage. The subsequent path gradually moves away from the obstacles and
finally reaches the end position.

In summary, in an actual environment where obstacles appear randomly in size,
orientation, and spacing, the path generated by the path search method proposed in this
paper can plan a path that keeps as far away from obstacles as possible while minimizing
path length, thereby improving the travel efficiency and safety of the mobile robot.

8. Conclusions

In order to ensure that autonomous traffic can continue to provide reliable services
and reduce the safety hazards caused by improper path planning, this paper proposes a
global optimal path planning model. By extracting the key turning points of the path and
performing cubic interpolation between them, an evaluation function for driving route
change decisions is provided, and the Euler graph path search algorithm is proposed. The
experimental results verify the feasibility and effectiveness of the model for autonomous
vehicles. The comparison shows that the optimal path planning method proposed in this
paper is superior to existing optimal path planning algorithms in terms of path selection
accuracy, path determination speed, and robustness against external interference.

The method proposed in this paper is deployed in an autonomous traffic section in
a certain area. In an environment where there is an obstacle in each path, the planned
optimal path speed reaches 80 km/h; however, under strong light and backlight conditions,
the performance is reduced and can only reach 60 km/h, which is a limitation of the current
research. Future research can target this weakness and further improve the robustness of
the algorithm in complex lighting environments, possibly by improving the perception
system or optimizing the algorithm’s adaptability to lighting changes. In addition, the
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practicality and applicability of the model should be expanded to enable it to cope with
more complex real-world scenarios and diverse obstacle distributions.
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