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Abstract

Aircraft stands impose asymmetric spatial and procedural constraints that cannot be
represented by geometric free space alone. This study proposes a Structured Operation
Corridor for unmanned ground support equipment (SOC-UGSE), which converts existing
stand markings, aircraft-side boundaries, and operating rules into machine-interpretable
corridor constraints and corridor-specific actions. The framework distinguishes a detour-
permitted Longitudinal Transfer Corridor (LTC-UGSE) from a no-detour Lateral Service-
Approach Corridor (LSAC-UGSE), and maps object class, motion state, distance, corridor
occupancy, and available clearance to Normal, Warning, or Stop responses. Standard vision,
ranging, LiDAR, and temporal-processing modules are used only to instantiate these
decision variables. On a controlled 1:10-scale platform, the implemented perception chain
achieved an overall corridor-perception success of 83.9%, while frame-level agreement
with rule-derived reference states reached 90.95%. Across 63 independent interaction
sequences, sequence-level success was 95.2%, with no complete missed-stop event or
prohibited boundary crossing. In a separate balanced comparison of 150 sequences, SOC-
UGSE achieved the highest overall scenario-response compliance of 94.7%, outperforming
distance-only stopping and corridor-free obstacle avoidance by reducing unnecessary
stops and prohibited actions, respectively. These results support the structured-corridor
rule-execution concept under controlled scaled-platform conditions, rather than full-scale
operational safety or deployment readiness.

Keywords: unmanned ground support equipment; structured corridors; corridor-specific
avoidance; safety-state classification; multisensor fusion; aircraft stand safety

1. Introduction
Aircraft stands are among the most constrained and interaction-intensive areas of

airport ground operations. Aircraft, ground support equipment (GSE), personnel, and
service facilities operate in close proximity, so local vehicle motion is governed not only
by free space but also by marked boundaries and operating procedures. ICAO A-SMGCS
specifications emphasize continuous management of airport-surface traffic and operational
boundaries [1], with corresponding implementation guidance from EUROCONTROL [2].
In near-aircraft areas, IATA AHM 913 defines ground-handling requirements [3], while
MH5001-2021 specifies relevant aircraft-side safety and operating constraints [4].

As unmanned ground equipment (UGSE) is introduced into these environments,
stand-side rules must be converted into machine-interpretable constraints. Existing studies
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have examined aircraft-stand management and operational efficiency [5,6], GSE automation
and control [7–9], visual monitoring of personnel and vehicles [10–12], and related apron
conflict assessment, aircraft-motion behavior analysis, trajectory anomaly analysis, and
aircraft-scene understanding [13–16].

Safe-corridor construction and constrained trajectory planning provide useful geomet-
ric representations for navigation in restricted environments [17–20], while vision-based
lane and boundary detection can extract structured regions from images [21–23]. Near-
aircraft operation nevertheless differs from general road or free-space navigation because
avoidance permissions are asymmetric: constrained detouring away from the aircraft
may be permitted in one region but prohibited in a more restricted service-approach re-
gion. Geometric free space alone is therefore insufficient to represent stand-side UGSE
operating constraints.

Multi-source perception provides the measurements needed to instantiate these con-
straints. Visual–LiDAR–inertial methods support localization and state estimation [24–26],
camera–LiDAR fusion provides complementary geometric observations [27–29], safety-oriented
models convert geometric observations into interpretable decision variables [30–32], and camera
calibration supports physical-space projection [33–35]. Object detection and tracking further
provide object class and motion information [36–42]. For vehicle-side decision-making, these
outputs must be converted into structured variables tied to corridor boundaries, occupancy
relationships, and operating rules.

To address this gap, this study develops a Structured Operation Corridor for Un-
manned Ground Support Equipment (SOC-UGSE) and a corridor-aware rule-based safety-
state framework for near-aircraft operation. SOC-UGSE converts stand markings, aircraft-
side boundaries, and operating rules into machine-interpretable spatial and behavioral
constraints, distinguishing the Longitudinal Transfer Corridor for Unmanned Ground
Support Equipment (LTC-UGSE), where constrained outward detouring may be permitted,
from the Lateral Service-Approach Corridor for Unmanned Ground Support Equipment
(LSAC-UGSE), where lateral detouring is prohibited. Multi-source perception supplies
corridor geometry, object class, distance, motion state, occupancy, and clearance, which are
mapped to Normal, Warning, and Stop states and corridor-specific actions. The overall op-
erational workflow of SOC-UGSE, linking UGSE task assignment with structured-corridor
selection and corridor-constrained movement within the aircraft stand, is illustrated in
Figure 1.

Figure 1. Schematic workflow of UGSE operations under the SOC-UGSE.

The main contributions of this study are as follows:

1. A structured-corridor representation for near-aircraft UGSE operation is established.
SOC-UGSE formalizes stand markings, aircraft-side hard boundaries, nominal travel
references, and corridor-specific operating permissions as explicit spatial constraints.
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The distinction between the LTC-UGSE and LSAC-UGSE enables asymmetric detour
permissions specific to aircraft-stand operation to be represented beyond conventional
geometric free space.

2. A corridor-aware safety-event and rule-mapping mechanism is formulated. Object
class, motion state, distance, corridor occupancy, and available clearance are mapped
to Normal, Warning, and Stop states and to corridor-specific permissible actions. Con-
servative fallback is applied when critical perception, motion, or clearance information
is invalid or uncertain.

3. The framework is evaluated at perception, decision, and closed-loop execution levels.
Experiments include corridor-perception stress tests, object-detection and ranging
evaluation, frame- and sequence-level rule-execution analysis, corridor-specific de-
touring, braking, and stopping trials, and a balanced 150-sequence comparison with
distance-only stopping and obstacle avoidance without corridor constraints.

Standard HSV processing, ground-plane homography, lightweight YOLO detection,
monocular ranging, LiDAR gating, and exponential moving average (EMA) smoothing are
implementation components used to instantiate the required decision variables rather than
independent methodological contributions. Validation is limited to low-speed operation on
a controlled 1:10-scale platform; full-scale dynamics, real-apron environmental variability,
operational authorization, independent safety validation, and certification remain outside
the validated scope.

2. Related Work
2.1. UGSE at Aircraft Stands and Near-Aircraft Operational Safety

Studies of aircraft-stand operations have mainly addressed stand management,
ground-handling simulation, GSE scheduling, and automated ground operations [5–9].
Related work has examined ground-staff behavior, turnaround monitoring, vehicle states,
stand conflicts, and aircraft-scene understanding [10–16]. Together, these studies provide
an important basis for airport-surface automation and monitoring.

Their outputs are nevertheless usually expressed as operational states, detected ob-
jects, or trajectories rather than vehicle-side constraints that directly determine whether
UGSE should continue, decelerate, detour, or stop. Near-aircraft autonomy therefore re-
quires stand markings and operating procedures to be translated into explicit spatial and
behavioral constraints.

2.2. Structured Navigation and Corridor Representation

Safe-corridor construction, constrained trajectory planning, and visual boundary extrac-
tion provide complementary tools for navigation in restricted environments [17–23]. Linear
and relative safe-corridor methods represent locally feasible space [17,18], cooperative plan-
ning and constrained optimization incorporate geometric and interaction constraints [19,20],
and vision-based lane-detection methods support structured boundary extraction [21–23].

These methods are primarily designed for general road or free-space navigation.
Aircraft stands impose additional asymmetric constraints: motion toward the aircraft side
may be prohibited, and permissible avoidance behavior changes with the operating corridor.
A stand-side corridor representation must therefore encode both navigable geometry and
corridor-specific operating permissions.

2.3. Multi-Source Perception and Safety-State Inputs

Multi-source state estimation and camera–LiDAR fusion have been widely studied for
localization, ego-motion estimation, and environmental perception [24–29]. Safety-oriented
models further convert geometric observations into interpretable proximity or decision
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variables [30–32], while camera calibration, object detection, and multi-object tracking support
physical-space projection, object recognition, and temporal motion estimation [33–42]. For
stand-side UGSE, these perception outputs must additionally be related to aircraft-side
boundaries and corridor occupancy. Relevant decision variables therefore include not
only object class and distance but also motion state, occupancy relationship, and available
rule-compliant clearance.

2.4. Safety-State Classification and Corridor-Specific Avoidance

Airport-surface conflict detection and collaborative trajectory planning have consid-
ered interactions among aircraft and ground vehicles [43,44]. These studies, however,
primarily address conflict resolution or trajectory generation and do not explicitly encode
different permissible actions for distinct near-aircraft operating corridors.

Accordingly, this study uses rule-based safety-state classification rather than proba-
bilistic risk estimation. SOC-UGSE distinguishes the detour-permitted LTC-UGSE from the
no-detour LSAC-UGSE and maps object class, motion state, distance, corridor occupancy,
and available clearance to the Normal, Warning, and Stop states and their corridor-specific
actions. Table 1 summarizes the main related research directions and highlights the posi-
tioning of the present SOC-UGSE framework relative to existing studies.

Table 1. Summary of related studies and positioning of this work.

Research Direction Representative Studies Relevance and Remaining Gap

Aircraft-stand operations and
GSE automation [5–9,13–15]

Addresses stand management,
scheduling, automation, and surface
interactions; vehicle-side near-aircraft
spatial rules are not explicitly encoded.

Stand-scene perception
and monitoring [10–12,16,33–42]

Provides visual monitoring, object
detection, geometric projection, and
tracking; perception outputs require
further conversion into corridor
occupancy and safety-state inputs.

Structured corridors and
constrained planning [17–23]

Models safe corridors, geometric
constraints, and structured boundaries;
general methods do not distinguish
aircraft-side asymmetric
detour permissions.

Multi-source state estimation and
safety modeling [24–32]

Supports sensor fusion, state estimation,
and interpretable safety variables; most
methods target localization, road
driving, or general
proximity assessment.

Airport-surface conflict and
trajectory planning [43,44]

Models aircraft–vehicle conflicts and
collaborative trajectories; detailed
rule-based actions for near-aircraft
LTC-UGSE and LSAC-UGSE
remain unaddressed.

Present study SOC-UGSE

Integrates stand markings, structured
corridors, multi-source perception,
safety-state classification, and
corridor-specific avoidance.
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3. Problem Formulation and Overall System Framework
To represent the combined geometric and procedural constraints of near-aircraft

operation, the proposed framework maps multimodal sensor observations to structured
decision variables and then to corridor-specific control actions, as shown in Figure 2. The
processing chain is organized into sensor, perception, and decision layers.

Figure 2. Overall system architecture.

The sensor layer acquires multimodal environmental observations and ego-vehicle
states. The RGB-D camera and elevated RGB camera provide visual observations for
the Longitudinal Transfer Corridor for UGSE (LTC-UGSE) and Lateral Service-Approach
Corridor for UGSE (LSAC-UGSE), respectively. LiDAR supplies short-range geometric ob-
servations and corridor-occupancy confirmation, while IMU and wheel odometry provide
the ego-motion reference used for subsequent compensation.

The perception layer converts heterogeneous sensor data into structured safety-state
inputs. Corridor perception generates geometric boundaries and core occupancy regions
from stand markings; object detection and ranging provide object class and relative po-
sition; and motion estimation classifies targets as static, dynamic, or uncertain after local
ego-motion compensation.

The decision layer maps these structured inputs to executable actions. Object class,
motion state, corridor occupancy, and class-specific distance thresholds determine Level I
Normal, Level II Warning, or Level III Stop, after which the LTC-UGSE or LSAC-UGSE rule
set selects the permissible control response. This forms the perception–decision–control
loop used in the experiments.

4. Structured Operational-Corridor and Rule Modeling
4.1. Definitions of the LTC-UGSE and LSAC-UGSE Structured Corridors

To transform complex stand-side near-aircraft operating rules into computable con-
trol constraints for UGSE, this study constructs an SOC-UGSE model in the local stand
coordinate frame Fs = {Os, xs, ys}. In this coordinate frame, the xs-axis is aligned with the
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main travel direction of the corridor, while the ys-axis denotes the lateral offset direction.
According to the relative distance between the operating area and the aircraft, the corridor
is divided into the LTC-UGSE and the LSAC-UGSE.

(1) LTC-UGSE

The LTC-UGSE is the primary longitudinal transfer region within the aircraft stand.
Relative to the near-aircraft service-approach region, it provides greater lateral clearance
and therefore permits a constrained detour only toward the side away from the aircraft
when a static obstacle satisfies the applicable rule conditions. Intrusion toward the aircraft-
side boundary remains prohibited.

Let the aircraft-side hard boundary, the corridor center reference line, and the outward
detour extension boundary be denoted by ΓINB, ΓCRL, and ΓODEL, respectively. Let the
signed boundary functions f INB(x, y) and fODEL(x, y) describe the positional relationship
of a point (x, y) with respect to the two boundary types. The LTC-UGSE corridor region
SLTC is formally defined as:

SLTC =
{
(x, y) ∈ R2 | fINB(x, y) ≥ 0 ∧ fODEL(x, y) ≤ 0 ∧ x ∈

[
xmin

L , xmax
L

]}
(1)

where SLTC denotes the longitudinal transfer corridor region; f INB and fODEL constrain
the aircraft-side hard boundary and the detour-allowable boundary on the side away from
the aircraft, respectively; and

[
xmin

L , xmax
L

]
represents the range of the current longitudinal

transfer segment.
Under obstacle-free conditions, the vehicle travels stably within the center constraint

band CLTC, which is formed along the center reference line y = gCRL(x):

CLTC =
{
(x, y) ∈ SLTC |

∣∣y − gCRL(x)
∣∣≤ εL

}
(2)

where εL denotes the allowable lateral deviation.
The schematic structure of the LTC-UGSE is shown in Figure 3, and the physical and

rule-based semantics of the key corridor reference lines are listed in Table 2.

Figure 3. Schematic structure of the LTC-UGSE.

Table 2. Definitions of boundary and reference lines in the LTC-UGSE.

Line Position Name/Abbreviation Function

Aircraft-side solid red line Inner Non-crossing Boundary (INB-LTC) Hard aircraft-side limit; crossing is prohibited.

Central solid yellow line Center Reference Line (CRL-LTC) Nominal tracking and progress reference.

Outward-side dashed red line Outward Detour Extension Line (ODEL-LTC) Soft outer limit; temporary outward crossing is
permitted during detour.
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(2) LSAC-UGSE

The LSAC-UGSE is the more constrained corridor used as the vehicle approaches a
near-aircraft service position. Because lateral maneuvering is restricted near the aircraft,
the adopted corridor rule prohibits detouring: the vehicle follows the service-approach
centerline, decelerates when required, and stops when the applicable condition is triggered.

Let the non-crossable hard boundaries on the left and right sides of the LSAC-UGSE be
denoted by ΓL and ΓR, respectively, and let the terminal stopping reference line be denoted
by the Finish Line of LSAC-UGSE (FL-LSAC). The lateral service-approach corridor region
SLSAC is defined as:

SLSAC =
{
(x, y) ∈ R2 | fL(x, y) ≥ 0 ∧ fR(x, y) ≤ 0 ∧ x ∈

[
xmin

S , xmax
S

]}
(3)

where SLSAC denotes the lateral service-approach corridor region; fL and fR constrain the
non-crossable boundaries on the two sides of the corridor, respectively; and

[
xmin

S , xmax
S

]
represents the range of the near-aircraft travel segment.

Because this corridor follows the no-detouring straight-line travel rule, the nominal
travel band CLSAC is defined as:

CLSAC =
{
(x, y) ∈ SLSAC |

∣∣y − gSACL(x)
∣∣≤ εS

}
(4)

where y− gSACL(x) is the center constraint line, and εS denotes the allowable lateral deviation.
The schematic structure of the LSAC-UGSE is shown in Figure 4, and the related

geometric boundary definitions are provided in Table 3.

Figure 4. Schematic structure of the LSAC-UGSE.

Table 3. Definitions of boundary and reference lines in the LSAC-UGSE.

Line Position Name/Abbreviation Function

Left and right solid red lines Non-crossing Boundary (NCB-LSAC) Hard lateral limits; crossing is prohibited.

Virtual centerline Service-Approach Centerline (SACL-LSAC) Low-speed straight-line tracking reference.

Near-aircraft dashed red line Finish Line (FL-LSAC) Deceleration and stopping reference before
the service area.

https://doi.org/10.3390/aerospace13090820
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4.2. Safety-Relevant Object Classification and Corridor-Occupancy Modeling

UGSE avoidance rules depend on both detected object class and the object’s topological
relationship with the structured corridor. The four classes are not assigned probabilistic
risk scores. Instead, operational attributes, motion uncertainty, and potential consequences
are used to select conservative rule conditions, as summarized in Table 4.

Table 4. Safety-relevant object classification and applicable rules.

Object Class Operational Attribute Motion Uncertainty Main Consequence Applicable Rule

Traffic cone Small, low-profile object Low if confirmed static Minor contact or operation interruption Conditional detour only when
static in LTC-UGSE; otherwise Stop.

Ground staff Vulnerable person High Personal injury and operation interruption

Laboratory-only conditional bypass
after N f -frame static confirmation
in LTC-UGSE while all clearance

constraints remain valid; otherwise
Stop. Full-scale default: Stop unless

a separately validated,
airport-operator-approved

personnel-passage procedure
is established.

UGSE Medium unmanned vehicle Medium Collision, equipment damage, or delay Conditional detour only when
static in LTC-UGSE; otherwise Stop.

Manned GSE Large operated vehicle Medium-high Collision, operator exposure, or delay Conditional detour only when
static in LTC-UGSE; otherwise Stop.

The occupancy relationship between the object and the corridor is formally modeled
by spatial set intersections as follows:

Occ(oi) =


outside, Ωi ∩ Scorr = ∅

buffer, Ωi ∩ Scorr ̸= ∅∧ Ωi ∩ Score = ∅
core, Ωi ∩ Score ̸= ∅

(5)

where Occ(oi) denotes the occupancy state of safety-relevant object oi; Ωi denotes its
spatial envelope; Scorr denotes the current nominal corridor region; Score denotes the core
occupancy region; and the empty set indicates no spatial intersection.

This topological relationship determination jointly considers the object envelope, the
ego-vehicle safety envelope, and the corridor boundaries. Reducing the multidimensional
geometry to the discrete occupancy state Occ(oi) provides a reproducible rule input for
standardized safety-event generation and subsequent decision-table lookup.

5. Multi-Source Perception of Stand Markings and Safety-Relevant Objects
5.1. Perception of SOC-UGSE at Aircraft Stands

SOC-UGSE perception uses existing stand markings to generate navigable regions,
core occupancy areas, and hard/soft boundary constraints. The LTC-UGSE and LSAC-
UGSE are then instantiated from these geometric references according to vehicle width and
operating rules.

To reduce sensitivity to illumination, shadows, and ground reflections, ROI brightness
is used to switch among three pre-calibrated HSV parameter sets for low, normal, and
strong illumination/local reflection. This lightweight implementation supports SOC-UGSE
instantiation on the current platform rather than introducing a new segmentation method.
Equations (6)–(8) define the ROI brightness, switching rule, and HSV mask, with calibrated
thresholds reported in Section 7.1.

Bt =
1

Ng
∑

(u,v)∈Rg

Vt(u, v) (6)
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kt =


1, Bt < β1

2, β1 ≤ Bt < β2

3, Bt ≥ β2

(7)

Mt
0(u, v) = 1

[
ηkt

− ≤ Xt(u, v) ≤ ηkt
+
]

(8)

(1) LTC-UGSE perception process

For the LTC-UGSE (Figure 5), the brightness-selected HSV mask is processed using
standard morphological operations, after which center points are fitted to the longitudinal
reference marking. Ground-plane projection and geometry-based expansion then generate
the core region, INB-LTC, and ODEL-LTC from the vehicle width, safety margins, and
corridor rules.

Figure 5. Process of stand-marking extraction and corridor-region generation for the LTC-UGSE.
(a) Original image; (b–d) marking extraction and mask processing; (e,f) ROI filtering and center-point
extraction; (g,h) geometric projection and corridor-region generation.

(2) LSAC-UGSE perception process

For the LSAC-UGSE (Figure 6), connected-component filtering and ROI-based scan-
ning are applied to the brightness-selected mask to extract the lateral guidance line and
FL-LSAC. Standard camera calibration and ground-plane projection then generate the
bilateral NCB-LSAC boundaries and the no-detour service-approach corridor.

Figure 6. Process of stand-marking extraction and corridor-region generation for the LSAC-UGSE.
(a) Original image; (b–d) marking extraction and mask processing; (e,f) ROI filtering and center-point
extraction; (g,h) generation of the lateral near-aircraft corridor and finish-line constraint.

The extracted marking points are mapped to the local stand frame using the calibrated
ground-plane homography in Equation (9), and the resulting reference line is expanded
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along its normal direction to form the corridor boundaries in Equation (10). These are
standard geometric operations; the corridor-specific contribution lies in assigning the
resulting boundaries different hard/soft constraints and operating permissions.xi

yi
1

 ∼ H

ui

vi

1

 (9)

Pl
i = Pi + wlni, Pr

i = Pi − wrni (10)

Detected-object footprints are intersected with the corridor polygons to obtain occu-
pancy states. If the principal marking or FL-LSAC cannot be reconstructed reliably, or
if the polygon is incomplete or unstable, that observation is rejected. In the no-detour
LSAC-UGSE, the vehicle defaults to Stop-and-wait until a valid corridor is re-established.

5.2. Lightweight YOLO Detection for Safety-Relevant Objects

A lightweight YOLO detector identifies safety-relevant objects and outputs object class,
confidence, and two-dimensional bounding boxes. Because object class selects downstream
safety rules and distance thresholds, the detector is evaluated under small-object conditions,
partial vehicle occlusion, and illumination variation in the stand-scene dataset.

YOLOv5s is used as the baseline for edge-oriented lightweight reconstruction. To
reduce computation while retaining the P3, P4, and P5 detection scales required for low-
profile obstacles, personnel, and GSE of different apparent sizes, the modified network
combines a lightweight backbone with low-cost feature-fusion modules, as shown in
Figure 7.

Figure 7. Architecture of the improved YOLOv5s model.

The lightweight reconstruction contains two modifications. Backbone lightweight-
ing: selected high-cost convolutional structures are replaced by ShuffleNetV2 modules to
reduce edge-side computation while preserving multiscale feature extraction, as shown
in Figure 8b. Neck redundancy reduction: conventional C3 modules in the multiscale
feature-aggregation stage are replaced by C3Ghost modules, which reduce redundant
computation through low-cost feature generation, as shown in Figure 8a.

https://doi.org/10.3390/aerospace13090820
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Figure 8. Structures of the improved modules: (a) C3Ghost module; (b) ShuffleNetV2 module.

5.3. Obstacle Ranging and Motion-State Estimation

YOLO detections are converted into the spatial variables required by the safety-state
decision layer. Camera projection, LiDAR-sector processing, and temporal smoothing are
implementation components; their role is to provide decision-valid distance, lateral offset,
and motion state under the conservative validity rules defined below.

Figure 9 summarizes monocular ranging based on ground-plane geometric projection
and size-prior fusion, using the detected ground-contact point to relate image observations
to ground distance.

Figure 9. Principle of monocular ranging based on geometric projection and size-prior fusion.

(1) Visual ranging and size-prior fusion for small objects

For low-profile obstacles, the vertical pixel coordinate of the detection-box ground-
contact point is first corrected to reduce reference-point jitter caused by pose variation:

vground = ymax − δhbbox (11)

where vground is the corrected vertical coordinate of the ground-contact point, ymax is the
lower-edge coordinate of the detection box, δ is the ground-contact correction coefficient,
and hbbox is the detection-box height.

The geometric-projection depth Zgeo is then fused with the size-prior depth Zprior to
obtain the visual-depth estimate Zcam:

Zcam = (1 −ω)Zgeo +ωZprior (12)

where ω is the fusion weight.

https://doi.org/10.3390/aerospace13090820
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This fusion is used to reduce the sensitivity of small-object ranging to ground-contact-
point jitter and apparent-scale variation.

(2) Safety-oriented gated camera–LiDAR depth fusion for large objects

For large vehicle targets, visual ranging is susceptible to contour truncation, partial
occlusion, and rapid apparent-scale variation at short range. The object bearing is therefore
estimated from the center of the YOLO detection box, and valid points are extracted from
the corresponding LiDAR angular sector. The LiDAR sector-based distance observation is
calculated using the sector median:

Zlidar = median{rk | θk ∈ Θo, rmin < rk < rmax} (13)

where Θo is the object azimuth sector; rk and θk denote the radial range and azimuth angle
of the kth LiDAR point, respectively; and rmin and rmax define the valid LiDAR range in
the current scaled experiment. In the present narrow forward sector, this radial range is
used as a line-of-sight approximation to the longitudinal decision distance; a full-scale
implementation should explicitly transform LiDAR points into the vehicle frame before
extracting the longitudinal component.

The median, rather than the single-point minimum, attenuates sparse reflections,
isolated returns, and background points. Let N be the number of valid candidate ranges in
the sector and Z the true target distance. If more than half of the candidates lie within an
interval of radius b around Z, then

card{i ∈ {1, . . . , N} : |ri − Z| ≤ b} >
N
2

⇒ |median(r1, . . . , rN)− Z| ≤ b (14)

Thus, fewer than half of the candidate points may be arbitrary outliers without moving
the median outside the bounded inlier interval; equivalently, the median has an asymptotic
breakdown point of 50% [45]. This property bounds the influence of sparse contamination
under the stated inlier condition, but does not imply rejection of all measurement noise.

To prevent invalid observations from entering the safety-state decision process, validity
indicators are defined for the camera and LiDAR branches. Camera-branch validity is
given by

Icam =

1, conf ≥ τc, pg ∈ ROI, Zmin
cam < Zcam < Zmax

cam

0, otherwise
(15)

where Icam is the camera validity indicator, con f is the detection confidence, τc is its
threshold, pg is the ground-contact point, ROI is the valid ground-contact region, and Zmin

cam
and Zmax

cam define the valid camera-ranging interval.
LiDAR-branch validity is similarly defined as

Ilidar =

1, NΘo ≥ Nl, Zmin
lidar < Zlidar < Zmax

lidar

0, otherwise
(16)

where Ilidar is the LiDAR validity indicator, NΘo is the number of valid points in the object
sector, Nl is the minimum valid-point threshold (Nl = 5 in this study), and Zmin

lidar and Zmax
lidar

define the valid LiDAR-ranging interval.
A branch is excluded from fusion when it has insufficient valid points or its robust

distance estimate lies outside the effective range.
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Before fusion, camera projection and LiDAR-sector processing convert the raw mea-
surements into direct scalar observations of the same decision-distance variable. Let Zk

denote the true distance at frame k. The fusion-layer observation model is

yk =

[
Zcam,k

Zlidar,k

]
=

[
1
1

]
Zk + vk (17)

Under the conventional assumption of two independent zero-mean Gaussian measure-
ments and without an informative dynamic prior, the minimum-variance linear unbiased
estimate is given by the following inverse-variance weighted fusion; this can also be viewed
as a static special case of Kalman-type measurement fusion [46]:

ẐG =
Zcam/σ2

cam + Zlidar/σ2
lidar

1/σ2
cam + 1/σ2

lidar
(18)

where σ2
cam and σ2

lidar are the measurement-error variances. The estimate satisfies

min(Zcam, Zlidar) ≤ ẐG ≤ max(Zcam, Zlidar) (19)

This estimator optimizes a symmetric squared-error criterion but does not guarantee
that the estimate is no greater than the nearer valid observation. For near-aircraft braking,
distance overestimation can delay braking, whereas underestimation generally produces
an earlier, more conservative response. To make this asymmetry explicit, the following loss
is introduced as a safety-oriented design criterion:

L(Ẑ, Z) = co(Ẑ − Z)+
2
+ cu(Z − Ẑ)+

2, co ≫ cu (20)

where [x]+ = max(x, 0). Equation (20) expresses the safety preference rather than defining
an estimator to be optimized directly. The implemented fusion rule in (21) instead enforces
a deterministic one-sided conservative distance constraint; no claim of minimum mean-
square error or Bayesian optimality is made.

After validity gating, Zcam and Zlidar are combined into the decision-valid depth
Z f inal using

Zfinal =


min(Zcam, Zlidar), Icam = 1, Ilidar = 1

Zcam, Icam = 1, Ilidar = 0

Zlidar, Icam = 0, Ilidar = 1

∅, Icam = 0, Ilidar = 0

(21)

where Icam and Ilidar denote branch validity, and ∅ denotes the absence of a valid distance
output. If both branches are invalid, the decision layer issues a conservative stop or wait
command rather than interpreting zero as a valid distance.

Because branch activation is class dependent, the camera estimate is the primary
observation for small targets, whereas the LiDAR constraint is additionally applied to large
vehicle targets.

For the dual-valid case, let ecam = Zcam − Z and elidar = Zlidar − Z. The fused positive
overestimation error then satisfies

efinal = Zfinal − Z = min(ecam, elidar) (22)

max(efinal, 0) = min{max(ecam, 0), max(elidar, 0)} (23)

max(efinal, 0) ≤ max(ecam, 0), max(efinal, 0) ≤ max(elidar, 0) (24)
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Hence, if at least one valid sensor does not overestimate the true distance, the fused
distance also does not overestimate it. The rule may inherit a negative bias and cause earlier
deceleration or stopping; this is the accepted conservative cost of the safety-oriented design.

EKF and UKF are appropriate when nonlinear states and covariances are recursively
propagated through a validated transition model [46,47]. At the present fusion interface,
however, the camera and LiDAR branches have already been reduced to scalar distance
observations, and no common object-specific transition model has been validated for
heterogeneous personnel, vehicles, and static obstacles. A recursive filter would therefore
introduce dynamic-model assumptions not supported by the current dataset without
adding a nonlinear measurement-update advantage at this interface. Particle filtering can
represent non-Gaussian or multimodal posteriors, but likewise requires validated transition
and likelihood models together with particle-number and resampling choices [48]. These
stochastic filters remain relevant for future continuous-target-tracking extensions.

(3) Temporal filtering and motion-state estimation

EMA is used only as a standard temporal smoother for motion-state estimation, as
summarized in Equation (25). To avoid masking a newly observed closer target, the
distance supplied to safety-state classification and braking follows the conservative rule in
Equation (26). The smoothing factor is treated as a calibrated implementation setting rather
than a methodological contribution.

Pt = αPt−1 + (1 − α)Praw (25)

Zdec,k = min(Zfinal,k, ZEMA,k) (26)

Wheel-speed odometry and IMU data are used to compensate for short-term UGSE
motion. Let ∆S be the compensated cumulative target displacement over N f consecutive
frames. A target is classified as static when ∆S < δs and its occupancy state remains stable;
it is classified as dynamic or uncertain when ∆S ≥ δs, a corridor-entry trend is detected,
tracking is lost, or the motion estimate is unreliable. For ground staff, static status is used
only as a temporary decision condition in the controlled laboratory bypass test; it is not
treated as operational permission to pass personnel. The static condition must remain valid
before and throughout the laboratory maneuver; any detected change immediately cancels
the maneuver and triggers stopping and waiting. A new laboratory bypass attempt can be
considered only after a renewed N f -frame static confirmation and an updated clearance
check. For full-scale airport deployment, detection of ground staff defaults to Stop unless
a separately validated and airport-operator-approved personnel-passage procedure is
established. Repeated tests on the scaled platform yielded N f = 5 and δs = 0.15 m.

The system finally outputs the target forward distance s, lateral offset d, object category
object_class, motion state motion_state, and occupancy state relative to the UGSE. These
variables are projected into the SOC-UGSE local frame and used for subsequent safety-state
classification and corridor-specific action selection.

6. Rule-Based Safety-State Classification and Corridor-Specific Avoidance

6.1. Safety-Event Modeling and Decision-Variable Definition

The decision layer is decoupled from raw images, point clouds, and low-level pose
data by receiving standardized safety events from the perception layer. For each detected
object, the safety-event vector is defined as:

e =
{

object_class, motion_state, corridor, s, d, occupancy_state, Dwarn, Dstop
}

(27)
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where object_class and motion_state denote object class and motion attribute, respectively;
corridor, s, d, and occupancy_state describe the object–corridor spatial relationship; and
Dwarn and Dstop are the class-specific warning and stopping thresholds derived below.

For object class c, the stopping threshold is calculated from the maximum test speed,
total system response time, constant-deceleration braking distance, class-specific ranging
uncertainty, and a conservative class margin:

Dstop,c = vmaxtsys +
vmax

2

2ab
+ εd,c + Mc (28)

where vmax is the declared maximum test speed; tsys is the end-to-end perception–decision–
control response time; ab is the conservative braking deceleration magnitude; εd,c is the
ranging uncertainty for class c; and Mc is the class-specific safety margin.

The warning threshold adds a fixed observation interval before the stopping threshold:

Dwarn,c = Dstop,c + vmaxtobs (29)

For the current 1:10-scale platform implementation, the declared calculation settings
are vmax = 0.50 m/s, tsys = 0.20 s, ab = 0.50 m/s2, and tobs = 1.00 s. The class-specific εd,c

values are 0.02, 0.02, 0.06, and 0.06 m, and Mc values are 0.20, 0.30, 0.30, and 0.40 m, for
traffic cones, ground staff, UGSE, and manned GSE, respectively. Equation (28) gives 0.57,
0.67, 0.71, and 0.81 m; conservative upward rounding to the next 0.05 m increment yields
the implemented Dstop,c values of 0.60, 0.70, 0.75, and 0.85 m. Using these conservatively
rounded stopping thresholds in Equation (29) gives the implemented Dwarn,c values of 1.10,
1.20, 1.25, and 1.35 m. These are declared control settings for this scaled platform rather
than full-scale UGSE parameters; deployment requires remeasurement of speed, response
time, braking deceleration, ranging uncertainty, and safety margins.

Equation (28) defines a conservative longitudinal operating condition for the current
scaled implementation. Continued motion is permitted only when the available clearance
remains consistent with the response distance, braking distance, ranging uncertainty, and
prescribed safety margin. For LTC-UGSE detouring, the aircraft-side requirement is expressed
by the sufficient lateral-clearance condition dINB,min > etrk,max + ecor,max + eloc,max + mlat,
where the left-hand term is the minimum planned clearance to INB-LTC, the three error
terms bound tracking, corridor-reconstruction, and localization errors, and the final term is
the prescribed lateral margin. Detouring is permitted only while this sufficient condition
is satisfied; otherwise, Stop is enforced. It is a bounded operating criterion for the present
proof-of-concept, not a formal full-scale safety guarantee or certification claim.

These variables reduce high-dimensional perception outputs to explicit, reproducible
inputs for the rule-based decision logic.

Here, occupancy_state is discretized as outside, buffer intrusion, or core occupancy,
while motion_state is static or dynamic; an uncertain motion estimate is handled conserva-
tively as dynamic. These inputs allow direct lookup by class, distance, occupancy, corridor
type, and detour feasibility.

6.2. Rule-Based Three-Level Safety-State Classification

The system assigns three categorical operational safety states—Level I Normal, Level II
Warning, and Level III Stop—using the thresholds Dwarn,c and Dstop,c, corridor occupancy,
motion state, and corridor type. These levels select conservative actions; they are not
quantitative risk values derived from a likelihood–consequence calculation.
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Distance and lateral occupancy are evaluated jointly: an object can enter Warning or
Stop because it approaches longitudinally, crosses into the buffer/core laterally, or has a
dynamic or uncertain motion state.

6.3. Corridor-Specific Decision Rules for the LTC-UGSE and LSAC-UGSE

The two corridors share the same three safety states but differ in their permissible
actions. Table 5 consolidates the state definitions, corridor-specific triggers, and category-
dependent detour parameters into a single decision table.

Table 5. Complete rule-based safety-state decision table.

Safety State/Action Applicability and Trigger Key Parameters

Level I Normal
Nominal travel

Both corridors; any class outside the corridor and
s > Dwarn,c . Class-specific Dwarn,c

Level II Warning
Decelerate; constrained detour

LTC; confirmed static non-person object; Dstop,c < s ≤
Dwarn,c ; buffer only; outward space available.

Cone: 0.60/1.10; 0.20/0.60
UGSE: 0.75/1.25; 0.30/0.80

Manned: 0.85/1.35; 0.40/0.90

Level II Warning
Laboratory-only conditional bypass

LTC laboratory test only; ground staff static for N f
frames; buffer only; no entry trend; outward clearance

available; continuous monitoring. Not a full-scale
operational rule.

Staff: 0.70/1.20; N f = 5; δs = 0.15 m

Level II Warning
Decelerate; prepare to stop; no detour

LSAC; any static object; Dstop,c < s ≤ Dwarn,c , or
buffer intrusion. Class-specific thresholds

Level III Stop
Brake, stop, and
wait; no detour

Both corridors; any object with distance ≤ Dstop or
core occupancy; dynamic/uncertain target within the

warning range or corridor. During the laboratory
staff-bypass test: ∆S ≥ δs , entry trend, tracking loss,

or clearance loss.

Class-specific Dstop/Dwarn ; N f ; δs

Conservative override
Highest state;

invalid input: Stop

Both corridors; concurrent objects/events or
unreliable critical state. Nearest threshold; no averaging

In the LTC-UGSE, a confirmed static non-person object in the Warning state can trigger
a constrained detour toward ODEL-LTC when outward passage is available. Ground staff
are not treated as ordinary static obstacles. The ground-staff bypass case retained in this
study is a controlled laboratory execution maneuver used to evaluate rule switching; it is
not an operational recommendation. Within this laboratory test, the maneuver is activated
only after the person remains stationary for N f consecutive frames, the motion estimate is
reliable, no core-corridor occupancy or entry trend is detected, and the outward clearance
and INB-LTC constraints are satisfied. Current CAAC aircraft-movement-area traffic
rules require vehicles to yield to ground staff working beside aircraft [49], while current
transport-airport regulations require airport operators and service providers to implement
documented apron operating procedures [50]. Neither requirement is interpreted here
as explicit authorization for autonomous UGSE to bypass stationary personnel. During
the laboratory maneuver, the person is continuously monitored. If displacement reaches
δs, an entry trend appears, tracking becomes uncertain or is lost, or clearance becomes
insufficient, the laboratory bypass is cancelled immediately and the UGSE stops and waits.
The previous command is not resumed directly: a laboratory bypass may restart only
after renewed N f -frame confirmation and revalidation of the updated trajectory. If the
person leaves the affected corridor region, normal centerline travel resumes only after the
corridor has been re-evaluated as passable. For full-scale deployment, detected ground
staff invoke Stop by default. Any personnel-passage maneuver would require a separately
validated procedure, explicit authorization by the airport operator, and compliance with
the applicable local operating rules.

In the LSAC-UGSE, the vehicle remains on SACL-LSAC and does not perform lateral
detouring; personnel are never bypassed. Warning initiates straight-line deceleration and
stop preparation, while Stop triggers braking and waiting. Motion resumes only after the

https://doi.org/10.3390/aerospace13090820

https://doi.org/10.3390/aerospace13090820


Aerospace 2026, 13, 820 17 of 34

core corridor has been confirmed passable. For simultaneous targets, the system applies
the highest safety state and the nearest applicable stopping threshold.

7. Experiments and Analysis
Experiments were conducted on a controlled 1:10-scale aircraft-stand platform to

evaluate SOC-UGSE corridor reconstruction, safety-event generation, rule-based state
assignment, and corridor-specific control execution. The ROSMASTER R2 mobile robot
(Yahboom, Shenzhen, China) was equipped with a Jetson Orin NX 16 GB module (NVIDIA
Corporation, Santa Clara, CA, USA), an Astra Pro Plus RGB-D camera (Orbbec, Shenzhen,
China), a DCXGW12030 monocular camera (Jierruiweitong, Shenzhen, China), and a
YDLIDAR 4ROS LiDAR (EAI Technology, Shenzhen, China), together with the onboard
IMU and wheel odometry, running Ubuntu 22.04 and ROS 2 Humble.

All experiments are interpreted within the controlled 1:10-scale platform conditions;
deployment limitations are summarized in Section 7.3.

7.1. Validation of the UGSE Perception Algorithms

This section evaluates whether the multi-source perception pipeline provides the
corridor boundaries, object classes, relative distances, and motion states required by the
decision layer under the tested physical and illumination conditions.

(1) Structured-corridor perception validation

The fixed-HSV baseline and ROI brightness-guided switching method were evaluated
on identical frames using the same downstream processing and without frame-specific
manual adjustment. Table 6 lists the four HSV configurations.

Table 6. HSV configurations for the fixed-HSV method and the ROI brightness-guided HSV threshold
switching method.

Configuration Brightness Interval (Bt) H Range S Range V Range

Fixed baseline 0 ≤ Bt ≤ 255 20–62 75–255 103–255
Switching—Low (kt = 1) 0 ≤ Bt < 103 20–62 55–255 50–255

Switching—Normal (kt = 2) 103 ≤ Bt < 145 20–62 75–255 103–255
Switching—Strong/reflection (kt = 3) 145 ≤ Bt ≤ 255 20–62 50–255 145–255

The evaluation covered low, normal, and strong illumination/local-reflection condi-
tions. Figure 10 compares the resulting marking masks, centerline point sequences, and
corridor boundaries.

Figure 10. Comparison of marking-perception results obtained using fixed-HSV and brightness-
guided HSV switching under (a) low illumination, (b) normal illumination, and (c) strong illumina-
tion/local reflection. Within each panel, the left and right columns show fixed-HSV and switching
results, respectively. Left: fixed-HSV; right: brightness-guided HSV.
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Under normal illumination, the two methods produced similar results. Threshold
switching retained more marking pixels under low illumination and reduced highlight-
induced loss under strong illumination/local reflection, yielding more complete masks
and centerlines. Figure 11 evaluates deliberately degraded markings: black/white patches
introduce localized intensity and reflection interference, while wrinkled material causes
deformation and discontinuity; locally darkened regions from repeated braking were
retained on the test surface.

Figure 11. Simulated marking-interference conditions and corresponding corridor-perception results:
(a) localized intensity/reflection interference introduced by 3 cm × 3 cm black and white patches;
(b) large-area irregular deformation introduced by wrinkled marking material.

Figure 12 shows the reconstructed corridors. LTC-UGSE is generated from the longi-
tudinal reference marking, whereas LSAC-UGSE requires both the lateral guidance line
and FL-LSAC.

Figure 12. Marking and structured-corridor perception results for the LTC-UGSE and LSAC-UGSE
under the tested illumination and simulated marking-interference conditions: (a) LTC-UGSE; and
(b) LSAC-UGSE.

Both corridors were reconstructed when their principal markings remained discernible.
LTC-UGSE depended mainly on longitudinal-marking continuity, whereas LSAC-UGSE
was more sensitive to local occlusion and terminal deformation because both the guidance
line and FL-LSAC are required.

The quantitative evaluation was designed as a stress test across three illumination
states and two marking-interference conditions rather than nominal scenes alone. Each
corridor type used 100 frames per condition (500 per type; 1000 total).

Manual corridor boundaries served as references. A frame was counted as successful
only when the principal markings produced a complete, geometrically valid corridor whose
maximum lateral deviation from the reference did not exceed 0.05 m on the 1:10 platform.
Figure 13 summarizes the results.
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Figure 13. Corridor-perception success rates of the fixed-HSV and HSV threshold switching methods
under five test conditions.

HSV threshold switching increased overall success from 76.0% to 81.4% for the LSAC-
UGSE and from 79.8% to 86.4% for the LTC-UGSE (Figure 13). The lower LSAC-UGSE
result reflects its dependence on both the guidance line and FL-LSAC; dominant failures
were marking fragmentation, unreliable FL-LSAC extraction, and incomplete or unstable
corridor polygons. Invalid observations are rejected, and the LSAC-UGSE defaults to Stop-
and-wait until a valid corridor is recovered. These results characterize corridor-perception
performance under the controlled stress-test conditions.

(2) Obstacle-category perception validation

Because available public datasets do not reproduce the combined aircraft-background,
ground-staff, specialized-GSE, and low-profile-object distribution of the present test envi-
ronment, a platform-specific stand-scene dataset was collected on the 1:10-scale physical
platform. The dataset contains 800 images of four interaction classes—traffic cones, ground
staff, UGSE, and manned GSE—and includes wide-angle distortion, material reflections,
and physical occlusions present in the test setup. Images were divided into training, valida-
tion, and test sets at a 7:2:1 ratio; Mosaic, MixUp, and HSV color perturbation were applied
during training. Representative samples are shown in Figure 14.

Figure 14. Samples of the stand-side safety-relevant object dataset.

The four safety-relevant classes were evaluated using F1-score, mAP@0.5, and
mAP@0.5:0.95, while deployment cost was characterized by parameter count, GFLOPs, and
inference speed. Figure 15 shows representative detections in the aircraft-stand test scenes.
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Figure 15. Representative YOLO detections in aircraft-stand test scenes. (a) first test scene; (b) second
test scene.

Table 7 and Figure 16 summarize the accuracy–efficiency trade-off. Relative to
YOLOv5s, the proposed lightweight model reduces Params and GFLOPs by 67.1% and
76.3%, respectively, and increases inference speed from 51 to 104 FPS, while F1-score and
mAP@0.5:0.95 decrease from 0.969 and 0.726 to 0.941 and 0.652. The selected model is
therefore an edge-platform implementation trade-off rather than an accuracy improvement.

Table 7. Performance and efficiency comparison of lightweight YOLOv5s variants.

Model Params (M) GFLOPs Precision Recall mAP@0.5 mAP@0.5:0.95 F1-Score FPS

YOLOv5s 7.0 8.0 0.973 0.964 0.983 0.726 0.969 51
YOLOv5s-ShuffleNet 4.9 4.1 0.967 0.958 0.983 0.677 0.963 72
YOLOv5s-C3Ghost 3.9 3.1 0.963 0.948 0.975 0.660 0.956 86

Ours 2.3 1.9 0.948 0.934 0.974 0.652 0.941 104

Figure 16. Performance curves of YOLOv5s and its lightweight variants during training: (a) mAP;
(b) recall.

Table 8 and Figure 17 provide class-wise diagnostics for the final lightweight detector
on the independent test set. Ground staff achieved precision, recall, and F1-score of 0.988,
0.952, and 0.970, respectively. Among 83 ground-staff instances in the independent test set,
four were false negatives, corresponding to a 4.8% miss rate. The normalized confusion
matrix indicates that the dominant residual errors arise from background responses rather
than systematic inter-class confusion, while the F1–confidence curves show class-specific
confidence behavior. These diagnostics characterize performance on the current test set;
the selected lightweight configuration is not interpreted as evidence of operational safety,
and external-domain generalization and an operationally acceptable personnel-miss rate
require independent validation on representative real-apron data.
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Table 8. Class-wise instance counts for the full dataset and detection performance on the independent
test set.

Class Instances Precision Recall AP@0.5 AP@0.5:0.95 F1

Traffic cone 1453 0.943 0.875 0.954 0.620 0.908
Ground staff 855 0.988 0.952 0.982 0.577 0.970

Unmanned GSE 461 0.934 0.940 0.987 0.619 0.937
Manned GSE 487 0.988 0.962 0.991 0.731 0.975

Figure 17. Detection diagnostics on the independent test set: (a) normalized confusion matrix;
(b) class-wise F1–confidence curves.

(3) Controlled baseline evaluation of obstacle-distance perception

The distance-perception module was first evaluated under controlled baseline con-
ditions. For small targets with weak or sparse LiDAR returns, including ground staff
and traffic cones, monocular ranging was quantified using MAE, RMSE, MRE, bias,
and standard deviation. This segmented-distance test characterizes calibrated static
ranging accuracy on the current platform rather than robustness to all dynamic or
environmental disturbances.

Measurements were collected from 0.5 to 3.0 m, spanning the principal braking-
response range, with 20 repetitions at each distance. Results are reported in Table 9 and
Figure 18.

Table 9. Overall accuracy statistics of monocular ranging for small obstacles.

True Distance/m n Mean/m SD/m Bias/m MAE/m RMSE/m MRE/%

0.5 20 0.5 0 0 0 0 0
1.0 20 0.996 0.008 −0.004 0.005 0.009 0.5
1.5 20 1.5 0.006 −0.001 0.004 0.006 0.23
2.0 20 1.997 0.018 −0.003 0.016 0.018 0.8
2.5 20 2.496 0.021 −0.005 0.016 0.021 0.66
3.0 20 2.994 0.041 −0.006 0.032 0.04 1.07

Overall 120 — 0.02 −0.003 0.012 0.02 0.54

Measured distance tracked the reference over the tested static range (Figure 18). Stan-
dard deviation, MAE, and RMSE increased with distance, consistent with reduced target
pixel resolution and sensitivity of ground-contact extraction to the non-perfectly-flat surface.
Across 0.5–3.0 m, overall MAE and RMSE were 0.012 m and 0.020 m. These values serve

https://doi.org/10.3390/aerospace13090820

https://doi.org/10.3390/aerospace13090820


Aerospace 2026, 13, 820 22 of 34

as calibrated baseline uncertainty estimates for the present platform; they do not indepen-
dently establish robustness to moving targets, occlusion, full-scale pavement variation,
posture changes, vibration, or real-apron lighting.

Figure 18. Error trends of the monocular ranging algorithm: (a) comparison between true and
measured distances; (b) MAE and RMSE at different distances.

Table 10 lists the manufacturer-specified ranging accuracy of the YDLIDAR 4ROS
used for vehicle-type targets. The specification documents the sensor configuration and
informs the conservative uncertainty allowance used on the scaled platform; it is not treated
as experimentally verified ground truth. Accordingly, the LiDAR branch is used only as
a supplementary short-range geometric constraint for large vehicle targets after validity
gating and sector-median processing.

Table 10. Ranging accuracy of the YDLIDAR 4ROS.

Distance/mm MAE/mm

50–5000 ≤±60
5000–20,000 ≤±40

20,000–30,000 ≤±100

Figure 19 illustrates the implemented camera–LiDAR ranging chain. The camera
branch provides the primary observation for small targets, while the LiDAR branch adds a
geometric constraint for large vehicles. The figure documents implementation flow rather
than independent validation of LiDAR accuracy, sensor-noise robustness, or real-world
ranging generalization.

Figure 19. Camera–LiDAR fusion ranging results under representative stand-scene conditions.

The single-camera/2D-LiDAR configuration remains sensitive to monocular scale
and calibration error, LiDAR scanning-plane limitations, occlusion, and cross-sensor mis-
match. These effects do not scale proportionally with target size or operating distance,
and the present ground-staff tests mainly cover standing persons under different viewing
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orientations. Full-scale use therefore requires sensor recalibration and validation across
representative target sizes, distances, occlusions, pavement and illumination conditions,
personnel appearances, and sensor mounting configurations.

(4) Perception-parameter sensitivity analysis

Following the distance-segment validation in Table 9, a one-factor-at-a-time sensitivity
analysis was conducted for five calibrated perception parameters, with all other settings
fixed. The ground-contact correction coefficient δ and size-prior fusion weight ω were
evaluated on an independent set of 900 ranging observations; the confidence threshold τc

on 900 annotated targets with visually similar background interference; and the motion
parameters N f and δs on 60 stationary and 60 dynamic sequences incorporating bounding-
box jitter and vehicle vibration. Because the ranging set differed from that used in Table 9,
their absolute errors are not directly comparable.

Figure 20a,b show a local U-shaped response for both ranging parameters. The
selected settings δ = 0.02 and ω = 0.25 yielded the lowest MAE (0.0196 m) and RMSE
(0.0246 m), with a mean bias of +0.0026 m. In Figure 20c,d, smaller motion settings increased
false alarms, whereas larger settings delayed or missed brief and slow intrusions. The
intermediate settings N f = 5 and δs = 0.15 m achieved the highest balanced accuracy
(96.7%). Dynamic recognition was counted as correct only when confirmed before the
experimental stopping boundary Dstop = 1.0 m.

Figure 20. Local sensitivity analysis of the calibrated perception parameters: (a) ground-contact
correction coefficient δ; (b) size-prior fusion weight ω; (c) motion-confirmation window N f ; and
(d) displacement threshold δs.

As shown in Table 11, increasing τc reduced false detections but increased missed
detections. At τc = 0.60, recall was 99.1%, but precision was limited to 84.7% by
161 false detections. At τc = 0.90, precision reached 98.8%, whereas recall fell to 18.3%.
The intermediate setting τc = 0.80 achieved the highest F1-score (96.7%) and was adopted
for the laboratory experiments.

These numerical settings are specific to the 1:10 platform. For full-scale UGSE, δ, ω,
and τc should be recalibrated for the actual camera, targets, training data, and background.
The frame window N f should be converted into a confirmation duration using the deployed
inference rate, while δs should reflect localization uncertainty, detection jitter, vibration, and
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operationally relevant motion. The experimental Dstop = 1.0 m boundary should likewise
be recomputed from verified speed, system delay, braking performance, uncertainty, and
the required safety margin. The analysis therefore validates the calibration procedure only,
not full-scale operational effectiveness or safety.

Table 11. Sensitivity of the detection confidence threshold τc.

τc True Detections (TP) False Detections (FP) Missed Detections (FN) Precision (%) Recall (%) F1-Score (%)

0.60 892 161 8 84.7 99.1 91.3
0.70 883 61 17 93.5 98.1 95.8
0.80 862 20 38 97.7 95.8 96.7
0.90 165 2 735 98.8 18.3 30.9

7.2. Validation of the UGSE Decision-Control Algorithm

This section evaluates rule-based safety-state assignment and corridor-specific action
execution. Frame- and sequence-level consistency are assessed first, followed by a balanced
comparison with two simplified decision baselines and by closed-loop detouring, dynamic-
intrusion braking, and LSAC-UGSE stopping tests.

The decision layer prioritizes the aircraft-side boundary over unrestricted detouring:
insufficient outward clearance, dynamic or uncertain targets, and relevant LSAC-UGSE
occupancy invoke Level III Stop. The personnel bypass retained in the LTC-UGSE is a
laboratory-only rule-switching test, not an operational permission to pass ground staff. For
full-scale deployment, detected ground staff default to Stop unless a separately validated,
airport-operator-approved procedure is available.

7.2.1. Frame-Level Rule-Execution Consistency and Sequence-Level Safety Response

Object-detection metrics in Section 7.1 characterize perception performance but do not
directly evaluate the rule-based decision layer. The complete perception–ranging–decision
pipeline was therefore assessed by comparing system-generated Normal, Warning, and
Stop states with rule-derived reference states, followed by sequence-level evaluation of
complete interaction trials.

(1) Experimental setup and sampling protocol

The evaluation comprised 1006 valid sampled frames from 63 independent obstacle-
interaction sequences on the 1:10-scale physical platform. Each sequence began from a reset
initial condition and captured one complete interaction. To reduce short-term redundancy
and correlation between adjacent video frames, one frame was sampled every five frames;
samples from the same sequence still share event context and are therefore not treated as
statistically independent safety events.

The sequences covered static traffic cones, stationary ground staff, simulated moving
ground staff, stationary vehicles, and simulated moving vehicles. Sampling was concen-
trated within ±5 cm of the applicable state-transition thresholds to stress-test decision
stability. The resulting dataset is therefore a boundary-focused controlled evaluation rather
than an estimate of the natural frequency of safety states in routine stand operation.

Reference states were assigned frame by frame by one annotator from the predefined
decision rules using object class, temporal motion state, corridor occupancy, distance
relative to the applicable thresholds, and event context. Labels were assigned without
viewing the system-generated state. Because the reference states are derived from the
same formalized operating rules, this analysis evaluates implementation consistency of the
perception–decision chain rather than the independent safety or regulatory adequacy of
those rules. No inter-annotator reliability claim is made. Performance is summarized by
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the three-class confusion matrix, overall agreement, class-wise precision, recall, F1-score,
FPR, and FNR; FPR and FNR are computed one-versus-rest.

(2) Frame-level rule-execution consistency

The system-generated states agreed with the rule-derived reference states in 90.95%
of sampled frames (Table 12). F1-scores for Normal, Warning, and Stop were 90.21%,
88.94%, and 93.38%, respectively, and corridor-specific agreement was comparable for the
LTC-UGSE (90.34%) and LSAC-UGSE (91.90%).

Table 12. Performance metrics of the rule-based safety-state decision.

Safety State Precision (%) Recall (%) F1-Score (%) FPR (%) FNR (%) Support

Normal 91.62 88.83 90.21 1.98 11.17 197
Warning 87.77 90.15 88.94 8.50 9.85 406

Stop 93.97 92.80 93.38 3.98 7.20 403
Macro average 91.12 90.59 90.84 - - 1006

Weighted average 91.01 90.95 90.97 - - 1006

For the safety-critical Stop state, recall was 92.80% and FNR was 7.20%. All 29 false-
negative Stop frames were classified as Warning rather than Normal, indicating one-level
under-classification or delayed Stop triggering rather than direct Stop-to-Normal transitions.

Most frame-level errors occurred between adjacent states near transition thresholds,
consistent with ranging fluctuations, motion-state transitions, and temporal confirmation
delays. These metrics therefore characterize rule-execution consistency under boundary-
focused controlled conditions, not independent-event reliability. The corresponding confu-
sion matrix and class-wise precision, recall, and F1-score are presented in Figure 21.

Figure 21. Performance of the rule-based safety-state decision: (a) overall confusion matrix, with
each cell reporting frame count and row-normalized percentage; (b) class-wise precision, recall,
and F1-score.

(3) Sequence-level response evaluation

Each independent sequence was evaluated as a complete interaction. A sequence was
considered successful only when the prescribed corridor-specific response was completed,
including the applicable recovery or terminal-position requirement, without a missed
required Stop or prohibited corridor action. A missed-stop event was defined as a Stop-
required interaction in which the prescribed Stop response was not successfully issued or
completed during the sequence.
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Sequence success was 97.1% for the LTC-UGSE and 92.9% for the LSAC-UGSE,
yielding 95.2% overall (Table 13). No complete missed-stop event or prohibited bound-
ary crossing was observed across the 63 sequences. For Stop-required interactions,
the mean delay from the predefined intrusion trigger to Stop-command issuance was
0.27 s for the LTC-UGSE and 0.33 s for the LSAC-UGSE, with an overall mean of approxi-
mately 0.30 s. These event-level measures complement rather than replace the frame-level
consistency metrics.

Table 13. Sequence-level safety response in independent obstacle-interaction trials.

Scenario No. of Sequences Sequence
Success Rate (%) Missed-Stop Events Mean Stop-

Command Delay (s)
Unsafe

Boundary Crossings

LTC-UGSE 35 97.1 0 0.27 0
LSAC-UGSE 28 92.9 0 0.33 0

Overall 63 95.2 0 0.30 0

The three unsuccessful sequences involved response-completion or terminal-position
deviations rather than missed Stop or prohibited boundary crossing. One LTC-UGSE
sequence completed the detour without crossing the prohibited boundary but did not stably
return to the nominal travel band within the predefined recovery range. In two LSAC-
UGSE sequences, the vehicle completed the Stop response without boundary crossing
but stopped outside the predefined docking-preparation region. Thus, zero severe failure
events does not imply that every sequence satisfied the complete success criterion.

(4) Scope of validation

These frame- and sequence-level results quantify rule-execution consistency and
response completion on the current 1:10-scale platform; they do not constitute full-scale
safety certification. The balanced comparison below separately isolates the effect of corridor-
aware decision logic before the closed-loop execution tests.

7.2.2. Comparison with Simplified Decision Baselines

To isolate the contribution of corridor-aware decision logic, a separate balanced bench-
mark of 150 independent interaction sequences was constructed, with 50 sequences in
each regime: S1, LTC-UGSE static-obstacle encounters permitting constrained outward
detouring; S2, LTC-UGSE dynamic or motion-uncertain intrusions requiring Stop; and
S3, LSAC-UGSE no-detour encounters requiring straight-line deceleration or Stop. This
benchmark is distinct from the 1006-frame/63-sequence evaluation in Section 7.2.1, which
assesses rule-execution consistency of the complete system. Here, scenario-response com-
pliance is used for strategy comparison and is therefore not directly comparable with the
95.2% sequence-success rate in Table 13.

A sequence was counted as compliant only when the prescribed response for its regime
was completed. In S1, the vehicle was required to complete the permitted detour without
crossing INB-LTC and return to the nominal travel band within the predefined recovery
range. In S2, Stop had to be issued within the predefined response-timing criterion and
completed without a prohibited corridor action. In S3, the vehicle was required to remain
within the no-detour corridor and stop within the predefined docking-preparation region.
All methods used identical perception outputs and class-specific distance thresholds; only
the decision logic differed. The resulting scenario-response compliance across the three
benchmark regimes is summarized in Table 14.

The distance-only baseline was conservative in Stop-required cases but caused
19 unnecessary stops in S1, reducing task continuity. Unconstrained avoidance achieved
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the highest S1 compliance but performed poorly in S3, with 16 prohibited corridor actions
and four missed-stop events; diagnostic categories may overlap within a sequence.

Table 14. Scenario-response compliance of simplified baselines and the proposed SOC-UGSE framework.

Method S1 (%) S2 (%) S3 (%) Overall (%)

Distance-only stopping 62.0 100.0 90.0 84.0
Unconstrained obstacle avoidance 98.0 86.0 74.0 86.0

SOC-UGSE 94.0 96.0 94.0 94.7

SOC-UGSE achieved the highest overall compliance of 94.7%. Its eight non-compliant
sequences comprised three S1 recovery deviations, two S2 Stop-response timing deviations,
and three S3 terminal-position deviations. The two S2 cases ultimately completed Stop but
exceeded the predefined timing criterion, and no complete missed-stop event or prohibited
corridor action occurred. Overall, SOC-UGSE better balanced permitted maneuverability
with aircraft-side and no-detour constraints under the tested conditions.

7.2.3. Validation of Corridor-Specific Decision-Control Execution

Figure 22 illustrates how object class, relative position, motion state, and corridor
geometry are combined for safety-state classification. Core-corridor occupancy is a suf-
ficient trigger for Level III Stop, whereas objects in the buffer or outside the corridor
are evaluated jointly with distance, motion state, object class, and corridor-specific rules.
This representation links structured perception outputs to the subsequent detouring and
braking tests.

Figure 22. Representative safety-state classification results.

(1) Constrained detouring experiment in the LTC-UGSE longitudinal corridor

This experiment evaluates constrained outward maneuver execution under the Level
II Warning rule in the LTC-UGSE on the controlled platform. Static non-person targets use
the category-specific detour parameters D and L. For the ground-staff case, the bypass is
retained only as a laboratory rule-switching test and is not intended to represent a real-
airport operating recommendation. In this controlled test, the maneuver is enabled only
after N f -frame static confirmation and verification of the outward clearance and INB-LTC
constraints. The vehicle then proceeds at restricted speed while continuously monitoring
the person. Any motion, tracking uncertainty, or clearance loss immediately cancels the
maneuver and triggers Stop. The evaluation focuses on boundary compliance, lateral peak
offset, and longitudinal return range.

Figures 23 and 24 show that the repeated LTC-UGSE trajectories remained on the out-
ward side of INB-LTC and returned to the nominal travel band under the tested conditions.
The ground-staff trajectory in Figure 23b is the laboratory-only case defined in Section 6.3;
any detected motion, tracking uncertainty, or clearance loss switches the state to Level III
Stop, as exercised in the dynamic-intrusion test of Figure 25.

https://doi.org/10.3390/aerospace13090820

https://doi.org/10.3390/aerospace13090820


Aerospace 2026, 13, 820 28 of 34

Figure 23. Controlled LTC-UGSE maneuver trajectories: (a) traffic cone; (b) laboratory-only
conditional bypass test for ground staff confirmed as stationary; (c) UGSE; (d) manned ground
support vehicle.

Figure 24. Comprehensive comparison of avoidance trajectories for different obstacles.

Figure 25. Distribution of braking points for dynamic-obstacle intrusion in the LTC-UGSE
longitudinal corridor.

(2) Braking experiment for dynamic-obstacle intrusion in the LTC-UGSE
longitudinal corridor
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This experiment evaluates the stopping response when a dynamic target enters the
forward travel region of the LTC-UGSE. Scenarios include lateral entry by ground staff,
brief intrusion by a manned GSE, and dynamic approach by a UGSE. Unlike the static
ranging test, these trials exercise the complete perception–decision–braking chain dur-
ing target and vehicle motion, including detection, ranging, ego-motion compensation,
motion-state estimation, corridor-occupancy assessment, and braking control. The observed
response therefore reflects combined effects of target motion, platform vibration, surface
irregularity, and local illumination/reflection variation rather than an isolated test of the
monocular estimator.

As shown in Figure 25, braking-trigger points under dynamic intrusion are con-
centrated near the applicable forward stopping threshold. A laterally intruding object,
including ground staff whose displacement reaches δs, is treated as dynamic and triggers
Level III stopping and waiting. For multiple targets, the highest safety state and nearest
applicable stopping threshold take precedence. Restart is prohibited until the target state
and updated corridor clearance have been revalidated.

Braking-distance error was further quantified across the LTC-UGSE trials, as shown in
Figure 26.

Figure 26. Braking distance error analysis.

Across 10 valid LTC-UGSE braking trials, mean braking-distance error was 0.070 m,
with SD = 0.038 m and RMSE = 0.079 m; the maximum and minimum errors were 0.120 m
and 0.004 m. These results provide system-level evidence of repeatable dynamic-intrusion
braking under the combined disturbances of the present scaled platform, but do not
independently validate monocular-ranging robustness or full-scale braking performance.

(3) Automatic braking experiment in the LSAC-UGSE lateral near-aircraft corridor

This experiment evaluates whether the vehicle can reduce a prescribed initial heading
offset and stop before the reference stopping line while remaining within the LSAC-UGSE
boundaries. The task is corridor-constrained docking-preparation stopping on the scaled
platform, not final precision docking at an aircraft door or service interface. After stopping,
the vehicle remains in a waiting state; subsequent precision docking would require a
separately validated localization and control stage with task-specific tolerances.

In the trials shown in Figure 27, trajectories converged toward the LSAC-UGSE center
region from the prescribed initial heading offsets, remained within the corridor boundaries,
and terminated in the predefined stopping region. Because lateral detouring is prohibited,
forward core-corridor occupancy or unstable object/tracking states invokes the conser-
vative stopping rule. Motion resumes only after the core corridor has been re-evaluated
as passable.
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Figure 27. Distribution of automatic stopping points in the LSAC-UGSE lateral near-aircraft corridor.

LSAC-UGSE stopping repeatability was further quantified using lateral error, longitu-
dinal error, and Euclidean position deviation relative to the reference docking-preparation
point (Figure 28).

Figure 28. Positional deviation analysis: (a) lateral error statistics; (b) longitudinal error statistics;
(c) Euclidean position error distribution.

The lateral MAE was 0.180 m (SD = 0.071 m), and the mean longitudinal error was
−0.267 m (SD = 0.029 m). The negative longitudinal bias indicates a repeatable early-
stopping tendency under the current scaled-platform settings. Euclidean position MAE was
0.326 m. These values characterize docking-preparation stopping repeatability only and are
not interpreted as final docking tolerances for full-scale UGSE. Operational tolerances must
be established for the specific vehicle, aircraft interface, service task, braking dynamics,
and ground-handling procedure.

7.3. Scope and Deployment Limitations

The present validation does not reproduce the full diversity of aircraft-stand operation.
Ground-staff tests primarily cover standing persons under controlled orientations, while
large posture changes and unpredictable behavior were not systematically evaluated. The
illumination and marking-interference tests represent controlled perturbations rather than
outdoor day/night or weather validation. The current camera/2D-LiDAR configuration
also remains sensitive to calibration, scanning-plane, occlusion, and cross-sensor errors.
Rain, snow, fog, wet or oil-contaminated pavement, severely worn markings, and the
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associated changes in sensing and braking dynamics are outside the capability of the indoor
scaled platform. Because sensing geometry, vehicle dynamics, and control parameters
do not scale proportionally, the 1:10 results cannot be transferred by geometric scaling
alone. Full-scale deployment requires representative real-apron data, external detector
validation, sensor and vehicle recalibration, vehicle-specific braking identification, fail-safe
redundancy, cybersecurity assessment, operational authorization, and certification under
applicable airport procedures.

8. Conclusions
This study proposes SOC-UGSE as an applied aviation safety framework for trans-

lating aircraft-stand geometry and operating rules into explicit spatial and behavioral
constraints for low-speed UGSE operation. The contribution lies in the structured-corridor
representation and corridor-specific rule mapping, while the perception, ranging, and
temporal-processing modules are implementation components.

(1) SOC-UGSE formalizes two asymmetric operating regions: the LTC-UGSE permits
constrained outward detouring when rule-compliant clearance is available, whereas
the LSAC-UGSE prohibits lateral detouring and requires straight-line deceleration or
Stop. This representation enables stand markings and operational rules to be used
directly as decision constraints rather than as geometric free space alone.

(2) The corridor-aware safety-state mechanism maps object class, motion state, distance,
occupancy, and available clearance to Normal, Warning, and Stop responses, with
conservative fallback under invalid perception or insufficient clearance. Frame-level
agreement with rule-derived reference states reached 90.95%, and 63 independent
interaction sequences yielded a 95.2% sequence-level success rate with no complete
missed-stop event or prohibited boundary crossing.

(3) The 150-sequence balanced comparison further isolated the contribution of corridor
semantics. SOC-UGSE achieved 94.7% overall scenario-response compliance, whereas
distance-only stopping was overly conservative in detour-permitted interactions and
unconstrained avoidance produced prohibited corridor actions in no-detour scenarios.
Closed-loop tests further confirmed corridor-specific detouring, braking, and docking-
preparation stopping under the tested conditions.

The present evidence remains limited to a controlled 1:10-scale platform. Real-apron
sensing, full-scale vehicle dynamics, weather and personnel variability, operational autho-
rization, independent safety validation, and certification remain deployment requirements.
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