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Abstract

Owing to their high‑altitude vantage point andmaneuverability, unmanned aerial vehicles
(UAVs) have emerged as an effective technical solution for real‑time parking detection in
expressway scenarios. UsingUAV cruise‑perspective images, this paper proposes an unau‑
thorized parking detection method by analyzing the time‑series variations in the relative
distances between the moving vehicle and static structure as a reference. Firstly, vehicle
and static structure targets are recognized and tracked by the DeepSort, and a Vehicle–
Structure (V‑S) distance matrix is further constructed to describe their frame‑wise relative
positions in the pixel coordinate system. Then, to eliminate the radial scale errors caused
by perspective distortion, a scale factor (SF) index is introduced to correct the original V‑S
matrix and provide a more accurate spatiotemporal representation. Finally, the stationar‑
ity of the distance series in the V‑S matrix is tested using the Augmented Dickey–Fuller
(ADF) test, and a parking detection method is proposed by introducing the parking sup‑
port ratio (PSR) to establish a multi‑structure joint decision scheme. Experimental results
show that the correctedV‑Smatrix can faithfully describe the spatial positional relationship
between road vehicles and static structures. With the optimal PSR threshold ψ0 and time
window T, the proposed method achieves better overall parking‑detection performance in
terms of accuracy, precision, recall, and F1‑score in comparison with a traditional speed
threshold approach.

Keywords: expressway parking detection; UAV; vehicle–structure distance matrix; time
series analysis

1. Introduction
Expressways are a critical component of the transportation network. The operational

safety and efficiency of expressways have become a paramount concern in both academia
and the industry. Due to the enclosed road structure and high‑speed vehicle motion, park‑
ing on expressways will lead to serious safety issues, such as severe vehicle collisions and
secondary accidents. Hence, accurate and reliable parking detection in real time on ex‑
pressways is fundamental for implementing effective vehicle management strategies and
improving road safety. According to the types of sensors used, parking detection meth‑
ods can be broadly categorized into non‑vision‑based approaches, like geomagnetic sen‑
sors [1–3], LiDAR sensors [4,5], ultrasonic sensors [6], and vision‑based approaches. Ow‑
ing to their intuitive imaging capability, rich feature representation, and the high reusabil‑
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ity of existing video surveillance devices, vision‑based approaches have become a research
hotspot in parking detection.

Traditional vision‑based parking detection methods mainly rely on basic image‑
processing techniques, such as gray‑level analysis and background modeling. In Ref. [7],
to address illumination changes caused by shadows and lighting variations in complex
road scenarios, the robustness of the HSV color model can be exploited to construct a sta‑
ble background, and vehicle parking states can be detected using frame differencing. The
authors in Ref. [8] presented a method for identifying parking‑space occupancy based on
the analysis of pixel‑intensity variations in low‑quality grayscale images, yielding a cost‑
effective solution for parking detection with roadside cameras. In Ref. [9], parking‑cell
regions were segmented according to gray‑level density and the distribution of segment
areas was further analyzed for parking detection using a roadside camera. However, these
methods excessively rely on prior knowledge and require manual configurations of inten‑
sity statistics, color rules, or gray‑level thresholds. Deep‑level image features cannot be
fully exploited to describe vehicle states, which leads to performance degradation in dy‑
namic complex road scenarios. Consequently, in addition to gray and color features, more
cross‑scale and cross‑domain features need to be further exploited for parking detection.

Since deep learning (DL) approaches can effectively extract the hierarchical and
context‑aware features of targets, they can address the limitations of traditional image‑
processing‑based methods and have become a crucial research direction for parking de‑
tection. In Ref. [10], an ensemble DL‑based parking detection model was proposed. It
combined HSV, discrete wavelet transform (DWT), discrete cosine transform (DCT), and
gradient features in a CNN model to detect the parking occupancy status under various
weather conditions. In Ref. [11], a DL‑based parking‑space detection method was pro‑
posed that took 360 degree panoramic images as its input and employed Faster R‑CNN
to localize parking spaces. Leveraging the powerful deep‑level feature representation and
self‑learning capabilities of DL methods, parking detection research has also shifted from
traditional static parking‑space occupancy state recognition to dynamic parking events.
Based on the basic road structure, the methods in Refs. [12,13] detected and tracked mul‑
tiple vehicles targets (with Ref. [13] using YOLO‑based detectors) and further recognized
driving behaviors such as illegal parking and temporary stops. However, the aforemen‑
tioned research has mainly focused on fixed roadside surveillance viewpoints, where the
parking area has been static in the image. When the camera drifted or the road structure
changed, the performance tended to degrade significantly.

Recently, unmanned aerial vehicles (UAVs) have been extensively applied in road
monitoring [14,15]. Equipped with multi‑sensors and edge computing devices [16–18],
the UAVs can detect and track vehicle targets and further analyze real‑time traffic
events [19–21]. For static parking‑space detection, the authors of [22,23] used UAVs to col‑
lect aerial perspective images of parking lots and applied feature matching or CNN‑based
methods to recognize the parking‑space occupancy. For UAV‑based dynamic parking de‑
tection, the authors inRef. [24] developed SmartUAV‑PS, amulti‑UAVparking supervision
system that used a pre‑trained CNN‑based detector to recognize improperly parked vehi‑
cles in real urban scenes. In Ref. [25], a parking‑violation detection (PVD) framework that
followed a suspect‑and‑investigate paradigm was proposed, which integrated an efficient
unsupervised optical‑flow CNN, a flow‑guided detection RCNN, and a visual SLAM for
illegally parked car identification. Although these studies have demonstrated the great po‑
tential of UAV platforms, many existing methods do not explicitly address the challenges
introduced by UAVmotion under realistic flight conditions, such as motion blur and dras‑
tic viewpoint changes. These issues remain key bottlenecks that affect detection accuracy
and overall system reliability.
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To address the aforementioned issues, this paper proposes a parking detection
method using UAV cruise‑perspective images for expressway scenarios. The main con‑
tributions of this work include two aspects: (1) A three‑dimensional tensor based on the
V‑S distancematrix is built in the pixel coordinate system to describe the relative positional
relationship between vehicles and static structures. (2) The stationarity of each distance se‑
ries in the V‑S matrix is analyzed using the Augmented Dickey–Fuller (ADF) test, and a
parking detection method is presented referring to the parking support ratio (PSR), which
is introduced to fuse the multi‑structures decisions.

2. Modeling of the V‑S Distance Matrix
The overall architecture of the proposed unauthorized parking detection method is

illustrated in Figure 1.

 

Figure 1.The overall system architecture.

2.1. Vehicle and Structure Detection and Tracking

The cruise UAV is used to capture videos of road traffic conditions and the surround‑
ing environment in expressway scenarios. In this paper, YOLOv5 is used to extract mul‑
tiple categories of road traffic targets. To meet the modeling requirements of parking
detection, a labeling framework containing the vehicles and structures is presented, and
the details are elaborated in Table 1. In this paper, static roadside structures (e.g., speed
limit signs, gantries, and guidance arrows) are utilized as the references for unauthorized
parking detection.

Table 1. Labeling of targets.

Category Target Label

Vehicle

Passenger car
Medium bus
Large bus
Light truck

Medium truck
Heavy truck

Structure

Speed limit sign
Channelization zone

Gantry
Signboard
Speed bump

Guidance arrow

Using YOLOv5, vehicle and structure targets are detected. Furthermore, the targets
are tracked using the DeepSort model. The resulting output data structure is summarized
in Table 2.
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Table 2.Target tracking output data structure.

Column Data Type Description Example

Target_ID int The unique ID for tracking the target ‘15’

Class string Category name of the target ‘Passenger car’

Confidence float Detection confidence of targets (in range [0, 1]) ‘0.92’

Frame_ID int Video frame sequence number ‘120’

Bbox tuple The upper‑left and lower‑right coordinates of the
boundary box ‘[(125,80), (245,180)]’

Timestamp string Timestamp in “YYYY‑MM‑DD HH:MM:SS” format ‘2025‑11‑22 13:45:12’

2.2. Construction of the V‑S Matrix

In this paper, the relative positions between moving vehicle targets and static struc‑
ture targets in the image coordinate system are used for parking detection. Referring to
Table 2, the vehicle target can be described by Equation (1).

V(i) =
{
(xv

i,min, yv
i,max), (xv

i,max, yv
i,min), Pv

i , Iv
i , Cv

i
}

(1)

where (xv
i,min, yv

i,max) and (xv
i,max, yv

i,min) denote the upper‑left and lower‑right coordinates
of the boundary box, respectively; Pv

i is the confidence; Iv
i is the target ID; and Cv

i is the
vehicle category.

Similarly, the structure target can be described by Equation (2).

S(j) =
{
(xs

j,min, ys
j,max), (xs

j,max, ys
j,min), Ps

j , Is
j , Cs

j

}
(2)

where (xs
j,min, ys

j,max) and (xs
j,max, ys

j,min) denote the upper‑left and lower‑right coordinates
of the boundary box, respectively; Ps

j is the confidence; Is
j is the target ID; and Cs

j is the
structure category.

Referring to Equations (1) and (2), the center coordinates of the vehicle and structure
targets in the image coordinate system can be expressed by Equations (3) and (4), respec‑
tively. (

xv
i,c, yv

i,c
)
=

(
xv

i,min + xv
i,max

2
,

yv
i,min + yv

i,max
2

)
(3)

(
xs

j,c, ys
j,c

)
=

(
xs

j,min + xs
j,max

2
,

ys
j,min + ys

j,max

2

)
(4)

The center points of the detection boxes are illustrated in Figure 2.

  
(a) (b) 

Figure 2. Position description of targets: (a) vehicle target; (b) structure target.
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Supposing that there are M vehicles and N structures in the t‑th sampling frame
of the UAV video, the vehicle–structure distance matrix (V‑S matrix) can be expressed
by Equation (5).

D(t) =


d11(t) d12(t) . . . d1N(t)
d21(t) d22(t) . . . d2N(t)

...
...

. . .
...

dM1(t) dM2(t) . . . dMN(t)

 (5)

where dij denotes the pixel Euclidean distance between the i‑th vehicle and the j‑th struc‑
ture, which can be calculated by Equation (6).

dij =

√(
xv

i,c − xs
j,c

)2
+
(

yv
i,c − ys

j,c

)2
(6)

The V‑S matrix describes the relative positions between static structures and moving
vehicle targets in the image coordinate system, as shown in Figure 3.

 
Figure 3.Relative position description by V‑S matrix.

2.3. Correction of the V‑S Matrix

Influenced by the forward pitch angle of the UAV camera during the cruise process,
perspective distortion occurs in the captured road images and the pixel distance scale
varies at different radial positions along the flight direction. As shown in Figure 4, as
the UAV moves forward, the pixel distance between the sample vehicle and the guidance
arrow increases, leading to errors of dij in the V‑S matrix.

Referring to the perspective projection geometry illustrated in Figure 4, themathemat‑
ical model is constructed based on the standard pinhole cameramodel and the ground pla‑
nar assumption [26,27]. This establishes the geometric mapping relationship between the
2D image coordinate system and the 3D world coordinate system. To explicitly describe
this transformation, the pixel coordinate system o‑xy and the world coordinate systemOw‑
XwYwZw are defined as below.

Pixel coordinate system o‑xy: the center of the lower edge of the image is set as the
origin. The UAV flight direction is set as the y‑axis and direction perpendicular to the
y‑axis is defined as the x‑axis.
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Figure 4. Perspective distortion of UAV‑detected images.

World coordinate system Ow‑XwYwZw: the vertical projection of the UAV onto the
ground is set as the origin. The UAV flight direction is set as the Yw‑axis and direction
perpendicular to the Yw‑axis is defined as theXw‑axis. The Zw‑axis is the upward direction
perpendicular to the ground.

At a certain radial position, for a unit pixel length ∆y in the o‑xy pixel coordinate sys‑
tem, there exists a corresponding actual distance ∆Y in the Ow‑XwYwZw world coordinate
system. In order to quantitatively describe the correspondence between the two coordi‑
nate systems and further correct the errors of dij in the V‑S matrix caused by perspective
distortion, this paper introduces a SF using the physical length of dashed lane markings as
a reference, where the lane markings can be extracted by image processing methods such
as edge detection [28] or deep learning [29].

The direction of lane markings is relatively consistent with the UAV’s flight direc‑
tion. Lane markings at the same radial position are defined as one lane group. Sup‑
posing that there are P lane groups in the image and each lane group contains Q lane
markings, the coordinates of the q‑th lane marking in the p‑th lane group can be expressed
by Equation (7).

Cp,q =
{
(xup

p,q, yup
p,q), (xdown

p,q , ydown
p,q )

}
(7)

where (xup
p,q, yup

p,q) and (xdown
p,q , ydown

p,q )denote the upper and lower endpoints of the lanemark‑
ing, respectively, as shown in Figure 5.

Referring to Figure 5, the average pixel length of all lane markings in the p‑th lane
group is calculated by Equation (8).

lavg
p =

1
Q

Q

∑
q=1

√
(xup

p,q − xdown
p,q )

2
+ (yup

p,q − ydown
p,q )

2 (8)

The average distribution interval of all lane markings in the p‑th lane group along the
y‑axis is expressed by Equation (9).

[
yup

p , ydown
p

]
=

[
1
Q

Q

∑
q=1

yup
p,q,

1
Q

Q

∑
q=1

ydown
p,q

]
(9)
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Figure 5.Description of lane groups and lane markings.

The ratio of the actual lane‑marking length and the average pixel length in the same
lane group is defined as the scale factor, as expressed by Equation (10).

λp =
L

lavg
p

(10)

where L denotes the actual length of a single lane‑marking segment. According to relevant
expressway standards and specifications in China, the length of a lane on an expressway
is standardized to 4 m. To address the errors caused by road wear or partial occlusion, the
SF is calculated based on the average pixel length of all lane markings within a lane group
(as shown in Equation (8)). This mechanism effectively mitigates the impact of individual
non‑standard or incompletely detected markings.

When the average position of the lane markings’ lower endpoints in the same lane
group is located at the bottom edge of the image, the lane group is defined as the bench‑
mark lane group and the calculated SF is defined as the basic scale factor (B‑SF), as ex‑
pressed by Equation (11).

λ0 =
L

lavg
p

∣∣∣
ydown

p =0

(11)

The B‑SF is used as a benchmark to standardize the criteria for different SF values at
different radial positions and to correct errors caused by perspective distortion.

The SF value increases with the radial pixel coordinate, reflecting that a unit pixel
corresponds to a larger actual distance. To further describe this variation, the average y‑
coordinate of the lane markings’ center points in each group is taken as the independent
variable, and the corresponding scale factor is taken as the dependent variable, and a fitting
function is proposed and shown by Equation (12).

λ(yp) = k · (yp − y0) + b (12)

where y0 is the average y‑coordinate of the lane markings’ center points in the benchmark
lane group; and k and b are the slope and intercept to be estimated, respectively. Referring
to Equation (12), the optimal values of k and b can be determined by linear regression, as
expressed by Equation (13).

min
k,b

U−1

∑
u=0

[λ(yp)− (k · (yp − y0) + b)]2 (13)
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Under different radial positions, the distribution of SF values and the fitting function
are shown in Figure 6.

Figure 6. SF value distribution and the fitting function.

Referring to Equation (12), the SF is calculated with respect to the y‑coordinate of the
center point of the line between vehicle i and structure j as the independent variable, and
is further used for the error correction of the pixel distance.

For each pixel distance value dij in the V‑S matrix, the corrected value dr
ij is expressed

by Equation (14).

dr
ij = dij ·

λ(yij)

λ0
(14)

where

yij =
yv

i,c + ys
j,c

2
(15)

In Equation (15), yv
i,c and ys

j,c are the vertical center coordinates of the bounding boxes
of vehicle i and structure j, respectively.

By applying the above correction procedure frame by frame, the corrected V‑S matrix
is expressed by Equation (16).

Dr(t) =


dr

11(t) dr
12(t) . . . dr

1N(t)
dr

21(t) dr
22(t) . . . dr

2N(t)
...

...
. . .

...
dr

M1(t) dr
M2(t) . . . dr

MN(t)

 (16)

3. Parking Detection Based on Time‑Series Analysis of the V‑S Matrix
The specific workflow of the proposed parking detection algorithm is presented

in Figure 7.
The cruising UAV is used to record the road video, of which the frames are sampled

at an interval of ∆t. For each frame, the vehicle and structure targets are extracted and
the V‑S matrix is further constructed. To describe the temporal variation in the matrix, this
paper introduces a structured three‑dimensional spatiotemporal tensor that integrates con‑
secutive discrete observations into a unified data model and is directly suitable for further
time‑series analysis.

The V‑Smatrices obtained at different sampled frames are stacked along the temporal
dimension to form a three‑dimensional time‑series tensor, as expressed by Equation (17).

D = [Dr
1, . . . , Dr

t , . . . , Dr
T ]
T (17)
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where T denotes the length of the detection time window.

 

Figure 7. Flowchart of the detection process.

Within the time window T, Os denotes the index set of structures that appear simul‑
taneously in the image with vehicle i, as expressed by Equation (18).

Os = {o1, o2, . . . , oNs} (18)

where Ns represents the total number of structures.
The sub‑tensor corresponding to vehicle index i and structure indices belonging to

Os is extracted from the global tensor D, yielding the stationarity‑analysis matrix Ui for
vehicle i.

Ui = (dr
ins
(t))t=1,...,T;ns=1,...Ns

∈ RT×Ns =


dr

i1(1) dr
i2(1) . . . dr

iNs
(1)

dr
i1(2) dr

i2(2) . . . dr
iNs

(2)
...

...
. . .

...
dr

i1(T) dr
i2(T) . . . dr

iNs
(T)

 (19)

where dr
ins
(t) denotes the corrected V‑S distance between vehicle i and structure ns at time

t in tensor D.
In Equation (19), each column denotes the differing temporal variations in the spatial

relationship between vehicle i and structure ns. Each row denotes the spatial relationship
between vehicle i and all structures at time t.

To determinewhether there is relative position shift between the vehicle and the static
structure, and thus to infer the parking status, the Augmented Dickey–Fuller (ADF) test is
applied to analyze the stationarity of each column in Ui.
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During the flight process, the relative distances between the parked vehicles and static
structures remain relatively stable, manifesting as a time series oscillating around a con‑
stant mean value due to slight detection noise. Crucially, to effectively distinguish slow‑
moving vehicles from parked ones, the series must not exhibit a pronounced determinis‑
tic trend. Otherwise, including a trend term might erroneously interpret the systematic
displacement as a trend‑stationary process. Hence, an Augmented Dickey–Fuller (ADF)
model with a constant term but without a deterministic trend term is adopted for the anal‑
ysis, as expressed by Equation (20).

∆Ut = α + βUt−1 +
θ

∑
k=1

γk∆Ut−k + εt (20)

where∆Ut denotes the first‑order difference in the time series; α is the constant term; βUt−1

is the lagged level term, under the null hypothesis H0 : β = 0; the series is considered to
contain a unit root; the coefficients γk(k = 1, . . . , θ) correspond to the θ lagged difference
terms included to eliminate serial correlation—the lag order θ is automatically selected
according to the series’ length and its autocorrelation characteristics; and εt is the error
term.

The null hypothesis is given as H0; the time series has a unit root (i.e., it is non‑
stationary), and the alternative hypothesis is that the series is stationary.

For each column time series inUi (i.e., each V‑S distance series), the ADF test statistic
is calculated and compared with the critical values at the predefined significance level.
If the test statistic is smaller than the corresponding critical value, the null hypothesis is
rejected and the series is regarded as stationary. Otherwise, the series is considered non‑
stationary. When the series is stationary, it means that the relative position between the
vehicle and the structure does not change significantly in the time window T, indicating
that the vehicle is in a parking status.

For vehicle i, the stationarity of all the time series to Ns structures is tested and the
parking support ratio (PSR) is defined for the final parking status judgment, as shown
in Equation (21).

ψi =
1

Ns

Ns

∑
ns=1

I
(Reject H0 for ns−th column series)

(21)

where I(·) is an indicator function that equals one when the Augmented Dickey–Fuller
(ADF) test rejects H0 for the ns‑th column series in Ui, and 0 otherwise.

If the ψi exceeds a predefined threshold ψ0, the vehicle is classified as being in a park‑
ing state during the time window T.

4. Experimental Results and Analysis
4.1. Experimental Scenario and Datasets

The parking experiment is carried out at the Intelligent and Connected Vehicle Test
Base of Shandong Expressway, which is characterized by the most diverse scenarios and
the most authentic testing environment in China, as shown in Figure 8. The experimental
expressway features diverse road scenarios, including long straight sections, continuous
curves, ramps, and bridges. In the experiment, a DJI Mavic 3T UAV is used to collect road
traffic videos. The detailed environmental conditions, UAV hardware configurations, and
flight parameters are elaborated in Table 3.
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Figure 8.UAV and experimental scenario.

Table 3. Experimental parameters.

Category Parameter Value

Environmental
conditions

Wind scale 1–4 Bft
Temperature 10–25 ◦C
Visibility 4–10 km
Weather Clear/Partly cloudy, Daylight

UAV hardware
configurations

Platform DJI Mavic 3T (wide camera)
Camera still resolution Maximum 48 MP
Video resolution/Fps Max 3840 × 2160 p, 30 Fps

Positioning RTK ± 0.1 m
Gimbal pitch 45◦ (oblique + nadir)

Keyframe interval 1 Fps/10 s

Flight conditions Altitude (AGL) 80–100 m
Speed 12–15 m/s

Regarding data annotation, the LabelImg tool is employed to execute the manual an‑
notation of vehicles and structures. Referring to the labeling framework proposed in Sec‑
tion 2.1, vehicles and structures are manually annotated and 30,000 labeled samples are
generated. All the samples are divided into a training set, a validation set, and a test set
with a ratio of 7:2:1. The proportions of vehicle and structure targets in each subset are
shown in Table 4. The detailed label proportions of the targets are shown in Figure 9.

Table 4.Dataset target distribution.

Dataset Train Set Validation Set Test Set

Vehicle 52.37% 53.60% 47.56%
Structure 47.63% 46.40% 52.44%

YOLOv5 and DeepSort are trained using the samples in the training set. As shown in
Table 5, the detection results on the validation set show that the detector achieves an aver‑
age precision of 0.79, a recall of 0.85, and an mAP@0.5 of 0.84. Part of the target detection
and tracking results are shown in Figure 10.

Table 5.Detection performance.

Class Precision Recall mAP@0.5

Passenger car 0.95 0.97 0.98
Medium bus 0.86 0.93 0.87
Large bus 0.83 0.91 0.85
Light truck 0.76 0.95 0.79

https://doi.org/10.3390/vehicles8030049
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Table 5.Cont.

Class Precision Recall mAP@0.5

Medium truck 0.96 0.73 0.76
Heavy truck 0.94 0.98 0.97

Gantry 0.93 0.69 0.72
Channelization zone 0.73 0.87 0.88

Signboard 0.94 0.84 0.90
Guidance arrow 0.85 0.88 0.92
Speed bump 0.79 0.73 0.72

Speed limit sign 0.82 0.75 0.76
Mean 0.79 0.85 0.84

Figure 9.Detailed label proportions of targets.

4.2. Parking Detection Results and Analysis

To quantitatively evaluate the performance of the proposed method, four standard
metrics are adopted: accuracy, precision, recall, and F1‑score. The metrics are defined as
follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(22)

Precision =
TP

TP + FP
(23)

Recall =
TP

TP + FN
(24)

F1 − score = 2 × Precision× Recall
Precision+ Recal

(25)

In Equations (22)–(25), TP represents the number of correctly detectedparkedvehicles,
FP denotes moving vehicles incorrectly identified as parked, TN refers to moving vehicles
correctly identified as non‑parking, and FN indicates parked vehicles missed.
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Figure 10.Part of the target detection and tracking results. The non‑English characters painted on the
road surface in some image panels (e.g., ‘减速’, ‘学校’) are Chinese, which translate to ‘Slow down’
and ‘School’ in English.

(1) Analysis of the rolling detection time window T and PSR threshold ψ0

The detection time window T is set to vary from 2 s to 6 s in steps of 1 s, and the
parking support ratio (PSR) threshold ψ0 is simultaneously varied from 0.1 to 1.0 in steps
of 0.1. The accuracy, precision, recall, and F1‑score of the parking detection results are
presented in Table 6.

Table 6. Parking detection performance under different time windows T and PSR threshold ψ0.

Time
Window Metrics

PSR Threshold
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

T = 2 s

Accuracy 0.49 0.51 0.53 0.58 0.67 0.73 0.75 0.74 0.73 0.73
Precision 0.43 0.48 0.49 0.50 0.58 0.63 0.69 0.63 0.69 0.71
Recall 0.76 0.78 0.78 0.79 0.83 0.82 0.85 0.83 0.80 0.75
F1‑score 0.55 0.59 0.60 0.61 0.68 0.71 0.76 0.72 0.74 0.73

T = 3 s

Accuracy 0.53 0.56 0.59 0.65 0.73 0.79 0.89 0.89 0.88 0.87
Precision 0.45 0.50 0.53 0.57 0.64 0.70 0.78 0.76 0.80 0.88
Recall 0.82 0.82 0.82 0.82 0.85 0.84 0.87 0.85 0.80 0.76
F1‑score 0.58 0.62 0.64 0.67 0.73 0.76 0.82 0.80 0.80 0.82

T = 4 s

Accuracy 0.63 0.64 0.68 0.78 0.82 0.83 0.93 0.93 0.91 0.90
Precision 0.48 0.53 0.59 0.65 0.71 0.78 0.82 0.79 0.83 0.93
Recall 0.96 0.94 0.94 0.90 0.90 0.89 0.88 0.87 0.77 0.75
F1‑score 0.64 0.68 0.72 0.75 0.79 0.83 0.85 0.83 0.80 0.83
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Table 6.Cont.

Time
Window Metrics

PSR Threshold
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

T = 5 s

Accuracy 0.52 0.54 0.56 0.62 0.71 0.78 0.88 0.88 0.86 0.84
Precision 0.44 0.49 0.51 0.53 0.60 0.66 0.75 0.73 0.78 0.86
Recall 0.80 0.80 0.81 0.82 0.86 0.85 0.86 0.84 0.78 0.74
F1‑score 0.57 0.61 0.63 0.64 0.71 0.74 0.80 0.78 0.78 0.80

T = 6 s

Accuracy 0.47 0.49 0.51 0.56 0.65 0.70 0.78 0.78 0.76 0.74
Precision 0.40 0.45 0.47 0.49 0.56 0.61 0.68 0.66 0.70 0.78
Recall 0.78 0.78 0.79 0.80 0.83 0.82 0.83 0.81 0.76 0.72
F1‑score 0.53 0.57 0.59 0.61 0.67 0.70 0.75 0.73 0.73 0.75

As shown in Table 6 and Figure 11, both the parking support ratio (PSR) threshold ψ0

and the time window T have a significant impact on the parking detection performance.
Under a fixed time window T, with the increase in the parking support ratio (PSR) thresh‑
old from 0.1 to 0.7, the accuracy, precision, and F1‑score significantly improve, while the
recall decreases slightly. In this paper, the parking support ratio (PSR) denotes the pro‑
portion of structural sequences that rejectH0 for the ns‑th column series in the Augmented
Dickey–Fuller (ADF) test. When the parking support ratio (PSR) threshold is small, as long
as the time series of a small number of structures exhibit stationarity, the vehicle will be
classified as parked. In this case, the parking events are almost detected (high recall), while
part of the moving vehicles are misclassified as parked due to the lack of enough structure
references, leading to lower precision and F1‑score values. When the parking support ra‑
tio (PSR) threshold ψ0 is larger than 0.7, the performance degrades since a higher parking
support ratio (PSR) threshold makes the decision rule much stricter. When there are fewer
structures, even parked vehicles may fail to satisfy such a strict parking support ratio (PSR)
threshold condition and be misclassified as non‑parking, leading to a reduction in recall
and F1‑score.

When the parking support ratio (PSR) threshold is fixed and the timewindowsT takes
small values, each window contains only a limited number of samples, and the parking
detection is more sensitive to transient motion or jitter, leading to unstable decisions and
degraded accuracy. Conversely, when the time window T is set too large, part of targets
fail to enter a valid detection windowwhen tracking drift occurs. Hence, some parking ve‑
hicles are misclassified as non‑parking, leading to missed detections. An appropriate time
window T can provide enough samples for a reliable Augmented Dickey–Fuller (ADF)
test and simultaneously reduce the probability that the vehicle target disappears caused
by tracking drift. Referring to Table 6 and Figure 11, when T = 4 s and ψ0 = 0.7, the pro‑
posed method achieves the best performance.

(2) Ablation analysis of V‑S matrix correction

To provide an intuitive illustration of the correction effect of V‑S matrix by the SF, the
V‑S distance tensor for a parking vehicle with three static structures is shown in Figure 12.
In Figure 12a, the distance values for each vehicle in the original V‑S matrix exhibit an ob‑
vious structure‑dependent trend and scale discrepancy. After the correction, the distance
values become much more uniform and approximately horizontal in Figure 12b, making
the description of the relative position between the vehicle and the structuremore objective
and authentic.
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(a) (b) 

  
(c) (d) 

Figure 11.Effect of PSR threshold ψ0 and time window T on parking detection metrics: (a) accuracy;
(b) precision; (c) recall; and (d) F1‑score.

(a) (b) 

Figure 12.V‑S matrix correction effect by SF: (a) original V‑S matrix; (b) corrected V‑S matrix.

To analyze the parking detection performance using corrected V‑S matrix by SF com‑
pared to the original matrix, experiments are designed and conducted for four cases,
as follows:
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Case A: the original V‑S matrix is used and the nearest structure to the vehicle is ap‑
plied for the only reference.

Case B: the original V‑S matrix is used and multi‑structures around the vehicle are
applied for references.

Case C: the corrected V‑S matrix is used and the nearest structure to the vehicle is
applied for the only reference.

Case D: the corrected V‑S matrix is used and multi‑structures around the vehicle are
applied for references.

Referring to the experimental results presented in Table 6, the detection time window
T is set to 4 s and the parking support ratio (PSR) threshold ψ0 is set to 0.7. The accuracy,
precision, recall, and F1‑score of the parking detection results under different cases are
presented in Table 7.

Table 7. Parking detection performance under different V‑S matrix and referenced structure cases.

Case Accuracy Precision Recall F1‑Score

A: Original V‑S matrix, nearest structure as only reference 0.78 0.54 0.97 0.69
B: Original V‑S matrix, multi‑structures as references 0.84 0.62 0.93 0.74

C: Corrected V‑S matrix, nearest structure as only reference 0.89 0.68 0.88 0.77
D: Corrected V‑S matrix, multi‑structures as references 0.93 0.82 0.88 0.85

As shown in Table 7, when the nearest structure is used as the only reference (Case A
and Case C), the parking detection performance is the worst compared to the cases us‑
ing multi‑structures as references (Case B and Case D). By adopting the parking support
ratio (PSR) to aggregate the detection results over multiple distance–time series between
the vehicle and all structures, false positives caused by noise in any single distance–time
series can be effectively suppressed. Hence, the accuracy, precision, and F1‑score can be
significantly improved while the recall is slightly reduced.

After the correction of the V‑Smatrix by the SF, perspective distortion and radial scale
inconsistency under the UAV view are effectively compensated, making the distance–time
series between the vehicles and the structures more discriminative. Under the same num‑
ber of referenced structures, the accuracy, precision and F1‑score values of CaseC andCase
D are superior to those of Case A and Case B, respectively. In particular for Case D, the in‑
tegration of the corrected V‑S matrix and multi‑structures as references reduces both false
positives and missed detections, and therefore achieves the most balanced performance in
parking detection.

(3) Parking detection results and analysis

TakingT = 4 s and ψ0 = 0.7, the performance of the parking detection based on time se‑
ries analysis is evaluated. Part of the time series of the V‑S distance values for both parking
and non‑parking vehicles are shown in Figure 13. For parking vehicles, it can be observed
that the corrected V‑S distance series fluctuate around a nearly constant level. The ADF
test with a constant term and without a deterministic trend term is carried out referring
to Equation (20). The detailed ADF test results are presented in Table 8. It shows that
the t‑statistics are strongly negative and p‑values are close to zero, indicating that the unit‑
root null hypothesis is rejected and the series are regarded as stationary. In contrast, the
non‑parking samples exhibit obvious increasing or decreasing trends, and the ADF tests
fail to reject the null hypothesis, indicating their non‑stationarity characteristics. These
results verify that the proposed method can effectively distinguish between parking and
non‑parking behaviors.
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Figure 13.V‑S distance series and ADF test results.

Table 8.ADF test results of V‑S distance–time series for typical parking and non‑parking cases.

Case Vehicle
No.

Structure
No. Lag p t‑Stat p‑Value Stationary

Parking

1 1.1 0 −15.3788 0.0000

stationary
(reject H0)

2 2.1 0 −21.3487 0.0000
2 2.2 2 −15.1082 0.0000
3 3.1 0 −4.1629 0.0008
3 3.2 0 −22.4153 0.0000
3 3.3 1 −21.5282 0.0000

Non‑
parking

4 4.1 1 2.9773 1.0000
non‑

stationary
(accept
H0)

5 5.1 5 −0.0656 0.9505
5 5.2 10 −0.2451 0.9293
6 6.1 3 −0.9794 0.7588
6 6.2 1 0.0866 0.9635
6 6.3 6 0.1836 0.9707

To evaluate the performance of the proposed algorithm, a parking detection method
based on a speed threshold [30] is selected for comparison. By calculating vehicles’ instan‑
taneous speeds based on multi‑object tracking and spatial coordinate transformation [31],
the parking state is determined when the vehicle’s speed remains below a predefined
threshold for a specified number of consecutive frames. Specifically, the speed threshold
is set as 5.38 km/h. The duration threshold of the optimal time window is set as 4 s. Both
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methods are evaluated on the test set presented in Section 4.1, and the detailed results are
shown in Table 9.
Table 9. Performance of different parking detection methods.

Method Accuracy Precision Recall F1‑Score

Speed threshold 0.74 0.72 0.96 0.83
The proposed method 0.93 0.82 0.88 0.85

As shown in Table 9, the proposed method in this paper achieves better performance
compared with the speed threshold method. In the speed threshold method, the parking
detection performance relies on the accuracy of vehicles’ continuous speed variation in
the world coordinate system. However, influenced by localization noise, calibration errors
during the coordinate transformation process, UAVpose jitter, and frame‑rate fluctuations,
the errors can be amplified when estimating vehicles’ real‑time speeds, producing false
positives and consequently degrading accuracy and precision.

The proposed method presents better performance in terms of accuracy (0.93), preci‑
sion (0.82), and F1‑score (0.85), while maintaining a relatively high recall (0.88). This is be‑
cause the parking detection does not directly rely on the vehicles’ speed values, but on their
relative positions to static structures in the pixel coordinate system. By performing park‑
ing analysis directly within the pixel coordinate system, the proposed method bypasses
the systematic errors that traditional speed threshold method can often introduce when
calculating vehicle speeds in the world coordinate system. As long as the relative position
between the vehicle and at least one structure does not exhibit a persistent trend during
certain time, the V‑S distance series can provide sufficient statistical evidence (via the ADF
test and PSR) to support a parking detection, yielding greater accuracy.

5. Conclusions and Future Work
This paper investigates a vehicle parking detection method using UAV cruise‑

perspective images for expressway scenarios. By constructing a V‑S distance matrix, the
method describes the relative positional relationship between vehicles and structures, ap‑
plies SF‑based correction to these distances, and then determines parking states using
time‑series analysis. In the pixel coordinate system, a PSR‑based multi‑structure joint de‑
cision strategy is further introduced to achieve accurate parking detection. Experimen‑
tal results demonstrate that the proposed approach attains a more balanced performance
in terms of accuracy, precision, recall, and F1‑score compared with the traditional speed
threshold method.

Future work will focus on conducting systematic experiments in more complex road
expressway scenarios (e.g., nighttime and rainy conditions) to further evaluate the appli‑
cability of the proposed method, and more refined behavioral modeling strategies will be
explored to enhance the parking detection performance in short stops and frequent stop‑
and‑go behaviors.
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