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Abstract: This paper presents a vision-based navigation framework for micro air vehicles (MAVs)
operating in confined warehouse environments. To address the trade-off between low localization
accuracy in mapless methods and high computational demands in map-based approaches, the pro-
posed system leverages topology-aware path guidance using monocular vision. Navigation is driven
by a digital instruction format (DIF) that encodes both the path index and target junction,
enabling autonomous navigation without environmental modifications. The framework comprises a
cascaded perception—encoding—control pipeline. For structured paths, foreground pixel density trend
analysis with sliding window smoothing for robust junction recognition, while lateral proportional-
integral-derivative (PID) control ensures accurate path tracking. For geometric trajectories, the
control logic incorporates L-junction triggers, fixed-angle turns, and spatial yaw correction to
accommodate sharp corners and curved segments. ROS-Gazebo simulations validate the method’s
effectiveness, achieving up to 94.40% junction recognition accuracy (92.01% on average), trajectory
tracking errors below 0.1 m, and terminal localization deviations under 0.2 m. These results vali-
date the method’s accuracy, stability, and suitability for computationally constrained MAV plat-

forms in warehouse automation.

Keywords: lightweight navigation technique; junction recognition; multi-path adaptation strategy;

topology-aware line guidance; warehouse logistics automation

1 Introduction

Micro air vehicles (MAVs), owing to their high
maneuverability and compact size, have attracted
significant attention in indoor automation tasks
[1,2]. Their autonomous navigation capability in

warehouse environments has become a key
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research focus in smart logistics and warehouse
management [3]. However, achieving high-preci-
sion localization and stable navigation control on
platforms with limited computational resources
remains challenging, particularly under global
positioning system (GPS)-denied and complex
confined conditions [1,2].

Vision-based navigation has emerged as a
key approach to enhancing environmental percep-
tion and navigation accuracy for MAVs, owing to
its lightweight design, low-cost sensors, and flexi-
ble algorithms [4,5]. Existing solutions can be

categorized into mapless and map-based strate-
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gies: the former offers deployment flexibility and
requires no environmental dependence but suf-
fers from limited localization accuracy and
robustness; the latter achieves higher accuracy
but imposes significant computational load, mak-
ing it unsuitable for resource constrained plat-
forms [5].

Mapless navigation strategies generate con-
trol commands directly from sensor data by
extracting visual features [6,7], yet they face sev-
eral significant limitations. Supervised learning
methods, such as DroNet, exhibit strong depen-
dency on training data and show poor generaliza-
tion in environments with glass surfaces or tex-
tureless regions. Moreover, the absence of global
constraints often leads to accumulated errors
over long trajectories [8,9]. Although deep rein-
forcement learning performs well in simulation,
its deployment in real-world scenarios suffers
from reduced tracking accuracy due to domain
shift and dynamic environmental changes [10,11].
Optical flow-based methods frequently fail in low-
texture or low-light conditions due to unreliable
feature tracking, while inertial measurement unit
(IMU) fusion performance is constrained by sen-
sor precision [12]. In addition, limited field of
view and resolution restrict accurate localization
over long distances [13].

Map-based navigation strategies can be clas-
sified into two categories: prior map-dependent
methods and real-time simultaneous localization
and mapping (SLAM)-based mapping [14]. In
the former, visual odometry (VO) estimates
motion by comparing consecutive image frames
without requiring a global map [15,16]. Land-
mark-based localization relies on pre-deployed
visual patterns, such as markers for pose estima-
tion [17], but it requires full environmental cover-
age and involves high system complexity [18]. In
the latter, visual SLAM performs simultaneous
localization and mapping. Representative meth-
ods include monocular SLAM, such as oriented

features from accelerated segment test (FAST)

and rotated BRIEF (ORB)-SLAM, which builds
sparse maps via feature matching [19], and large-
scale direct (LSD)-SLAM, which constructs semi-
dense maps through photometric optimization
[20]. Red-green-blue and depth (RGB-D) cam-
eras enable dense mapping [21], while visual-iner-
tial SLAM (V-ISLAM) integrates IMU data to
improve accuracy and robustness [22]. However,
high computational cost and strong dependency
on visual features remain key bottlenecks. Dense
mapping often requires hardware acceleration to
achieve real-time performance. Feature-based
sparse maps tend to miss structural details [19],
while direct methods suffer from significant per-
formance degradation in textureless areas [20]. As
a result, most systems are highly reliant on tex-
ture-rich environments to maintain stability.

In the context of warehouse navigation, sev-
eral studies have explored path tracking using
line detection from ground textures via down-
ward-looking cameras [6,23,24]. Control strate-
gies often rely on proportional-integral-deriva-
tive (PID) controllers [25,26], with some adopt-
ing advanced techniques like non-singular termi-
nal sliding mode control (NTSMC) for robust-
ness and fast convergence. These systems typi-
cally focus on path following without precise
localization or environmental context awareness.

Among these, the method in [23] stands out
for using Canny—Hough transforms to extract
ground path centroids, followed by Kalman filter-
ing for smoothing. However, it lacks the ability
to localize the MAV within the structured lay-
out of the environment and is not designed to
generalize across various structured and geomet-
ric path topologies.

These limitations motivate a lightweight,
structure-aware navigation strategy that oper-
ates without maps or dense visual features and
remains compatible with constrained onboard
Processors.

To address this, we propose a novel topology-

based navigation framework that leverages floor
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refer-
tech-

markings in warehouses as navigational
ences. Our method uses classical vision
niques for efficient line segmentation and intro-
duces a novel junction recognition algorithm
based on the trend of segmented pixel density.
This allows the MAV not only to follow paths,
but also to recognize its position at key junc-
tions and navigate toward target nodes using a
compact numeric encoding referred to as the digi-
tal instruction format (DIF).

As shown in Fig.1, warehouse layouts are

categorized into two main types: static storage

=T Double-sided high-bay rack
—> DIF a03: 00—01—02—03

zones (Fig.1 (a)) and dynamic storage zones
(Fig.1(b)—(d)).

fixed shelving units arranged in regular grids,

Static storage zones feature
with straight yellow guidelines forming struc-
tured junctions, such as L-, T-, and cross-shaped
nodes. These configurations support reliable rout-
ing among inventory locations. In contrast,
dynamic storage zones accommodate temporary
or overflow storage and exhibit less regular lay-
outs, such as circular, square, or octagonal paths
surrounding irregular shelf clusters.

The DIF encodes navigation targets in a

Ground path line @ Initial position of the MAV

— — — - DIF a23: 00—10—20—21—-22—23

------------------ » DIF al3: 00—10—11—12—13 — — = DIF a53: 00—10—20—30—40—50—51—52—53

® Initial position of the MAV
n Square-shaped high-bay rack O Octagonal-shapcd high-bay rack

— — » DIFb01: 0001
------------ > DIF b02: 00—01—02
—> DIF b03: 00—03

—— DIF ¢01: 00—01
------------ > DIF c02: 00—01—02
— — > DIF c04: 00—01—02—03—04

. Random rack

(O DIF d00: 00—00

Fig. 1 Example warchouse layouts and corresponding MAV flight paths for static and dynamic storage zones: (a)ground trajectory

consisting of yellow lines featuring L-shaped, T-shaped, and cross-shaped juncions;(b) ground trajectory following a square path

featuring T-junctions; (c)ground trajectory following a octagonal path featuring T-junctions;(d) ground trajectory following

acircular path around atemporary storage area

— 614 —



Yongmei Dou et al. / Topology-Aware Line Guidance for Warehouse MAVs: Lightweight Junction-Driven ...

Tab. 1 DIF encoding rules

Zone Range of coordinate (i5)
a
. Any whole number
static
b =0
square 7=0,1,2.3
c =0
octagonal 7=0,1,2,3.4,5,6,7
d o
. =0, =0
circular

three-digit format, as presented in Tab. 1. The
first digit indicates the zone type (e.g., a for
static, b-d for dynamic), while the second and
third digits represent the (ij) grid coordinates of
the target junction, with (00) denoting the take-
off point. This format allows the MAV to inter-
pret task goals efficiently without prior mapping,
lightweight,

across varying warehouse topologies.

supporting real-time navigation

This paper makes the following key contri-
butions:

1) A novel topology-based visual navigation
method that performs map-free autonomous navi-
gation using junction recognition derived from
ground-line topology.

2) A robust yet efficient visual encoding
approach for junction recognition, which uses
foreground pixel density trends in segmented
images to identify various types of path junc-
tions and enable early prediction of upcoming
junctions even under partial visibility.

3) A unified navigation strategy supporting
both structured grid paths and irregular geomet-
ric layouts through a shared perception—encod-

ing—control pipeline.

Line-Guided
MAY Navigation Framework

2 Topology-Aware

This section introduces our topology-based visual
navigation framework for autonomous MAV
flight in warehouse environments using only a
downward-facing monocular camera. Fig. 2 pre-
sents an overview of the proposed autonomous

navigation framework for structured paths. The

Path visual perception using pixel segmentation
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Fig. 2 Overview of the proposed topology-based visual naviga-
tion framework using DIF and foreground pixel density
analysis

system integrates real-time visual perception,
junction recognition, and a multi-stage motion
control strategy to guide an MAV along floor-
marked paths in indoor environments. The
pipeline consists of image preprocessing, junction
recognition, and DIF-driven control actions for
structured and geometric paths.

The following subsections detail each compo-
nent of the methodology: Section 2.1 outlines the
visual perception process for extracting path fea-
tures; Section 2.2 introduces the junction recogni-
tion algorithm and instruction mapping; Section
2.3 describes the multi-stage control strategy;
and Section 2.4 discusses adaptations for irregu-

lar geometric layouts.

2.1 Path Visual Perception Using Pixel Segmen-
tation

The visual perception module is responsible for

processing raw camera input into a binary repre-

sentation that reveals the structural layout of the
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path. A downward-facing monocular camera
mounted on the MAV continuously captures
images during flight. These images are first stan-
dardized by converting them into a format com-
patible with the onboard computer vision stack,
and resized to a fixed resolution R xR, which pro-
vides a consistent trade-off between processing
speed and spatial resolution.

To mitigate the effects of varying ambient
lighting, each image is transformed from the
RGB to hue-saturation-value (HSV) color space
[27].

intensity enables more robust segmentation of

HSV’s decoupling of chromaticity from

the yellow path features. A thresholding opera-
tion on the HSV channels produces a binary
mask highlighting the path regions of interest.
However, due to environmental noise and
sensor limitations, the segmented image may con-
tain fragmented regions and high-frequency arti-
facts. To address this, a two-step enhancement
process is applied. First, a median filter with a
window of size k;x k; removes salt-and-pepper

noise while preserving edge details [28]. This is

Path junctions classification FPD trends
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followed by a morphological closing operation
using a structuring element of the same size to
restore continuity and fill gaps in the segmented
foreground [29].

The resulting binary image captures a clean
and coherent structure of the navigation path.
To extract semantic information, the system ana-
lyzes the density of foreground pixels along both
the horizontal and vertical axes. The trends of
these densities are encoded as directional varia-
tion curves, which serve as input to the junction
recognition module described in the next section.
2.2 Junction Recognition using Pixel Distribu-

tion Trends
To achieve lightweight and accurate path junc-
tion recognition, we introduce a classification
method based on the spatial distribution of fore-
ground pixels along each axis, as illustrated in
Fig. 3. Following image preprocessing and bina-
rization, the image is uniformly divided into N,
bins along both horizontal and vertical image
axes. In each bin, the foreground pixel density
(FPD), D,, in the k-th bin is defined as

FPD trends
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L > F(x,y) (D

| By
(z,y)EBY

Dk =

where B, is the set of pixel coordinates in the k-
th bin, |B,| is the total number of pixels in bin
B,, and F(z,y) €{0,1} denotes the binary
image, with 1 representing a foreground pixel and
0 a background pixel.

After computing the FPD along both the
horizontal and vertical axes, their distribution
trends are used to classify junctions labeled from
JO to J9, as illustrated in Fig. 3. To reduce noise,
bins with near-zero density, which represents
background, are excluded. Adjacent bins with
minimal deviation of FPD(< ¢,)are grouped and
averaged, producing smoother trend curves. Each
axis is then analyzed for directional trends cate-
gorized as increasing (), decreasing (), or
constant (). The combined horizontal and verti-
cal trends form a unique signature that reflects
the topological features of the environment,
which enable robust identification of straight
paths, L-shaped, T-shaped, and cross junctions.

Start-point detection is handled separately
by identifying red regions in the HSV color
space; once detected, the system assigns a prede-
fined code JO and bypasses further junction clas-
sification. If no start point is found, trend analy-
sis proceeds to determine the junction type. For
example, an inverted T-junction may show an
“increase—decrease” pattern horizontally and
“increase” vertically. A symmetric peak across
both axes indicates a cross junction, while flat
trends correspond to straight paths. Unrecog-
nized patterns are assigned a default label J1,
which ensures that only valid topological configu-
rations trigger control decisions. Each junction
code directly links to the DIF-based control logic,
which enables real-time transitions between flight
modes, such as forward motion, turning, or hov-
ering.

2.3 Multi-Stage Control Strategy Based on DIF
high-level

autonomous navigation, the system leverages the

To  translate instructions  into

DIF, which encodes a flight path (as defined in
Section 1) and its target destination as a
sequence Each
instruction guides the MAV from the takeoff

point through a set of predefined junctions to a

of expected junction codes.

target location. These junctions are identified in
real time through the junction recognition
method described in Section 2.2 and matched
against the expected code sequence defined in the
DIF.

Each DIF instruction corresponds to a spe-
cific path and target junction, guiding the MAV
through a sequence of visually recognized junc-
tion codes. As illustrated in Fig. 4, several repre-
sentative trajectories are extracted from the
static storage layout shown in Fig. 1(a), denoted
as paths -@. These examples demonstrate how
the system interprets consecutive junction detec-
tions —identified by codes J0-J9 —to determine
navigation decisions, such as forward movement,
turning, or hovering. For example, along path
O (DIF a03), the recognition sequence J4—J8
indicates progression toward a right-facing T-
junction. The MAV moves forward after the first
two recognitions and initiates a hover when the
third confirms arrival at the target a03. In
another case, path@ (DIF al3)

sequence of J5—J9, signaling a left-facing T-junc-

involves a

tion that triggers a 90° counterclockwise turn fol-

lowed by continued forward motion. Upon the

Path )  Path@ /B 13 Path (@)

Hovering

L
90° counterclockwise rotation | 90° counterclockwise rotation

Fig. 4 Sample trajectories showing DIF-guided navigation

using junction recognition in structured storage zones
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third recognition of a cross-junction (J7—J3),
the system confirms arrival at the target al3.
These examples illustrate how the DIF, in con-
junction with real-time junction recognition,
enables perception and control without requiring
an explicit map.

This navigation logic is underpinned by a
junction class transition strategy, in which deci-
sions are not based on isolated detections but on
the transitions between recognized junction
types. By interpreting recognition trends over
time, the vehicle can anticipate upcoming maneu-
vers, such as turns or hovers, even when junc-
tions are only partially visible or occluded. This
predictive capability improves responsiveness and
continuity, especially in complex layouts where
early context aids decision-making.

To further enhance robustness, a temporal
consistency filter that validates each recognition
is employed using a sliding window across multi-
ple frames. This suppresses transient misclassifi-
cations caused by visual noise, motion blur, or
jitter. Only when a consistent match is observed
does the system confirm a junction type and pro-
ceed with the corresponding control action.

Once a recognition is validated, the DIF-
guided sequence activates a multi-stage naviga-
tion strategy composed of modular controllers
tailored to specific junction types and flight
behaviors. The control flow is shown in Fig. 5.
The MAV continuously perceives the floor lay-
out using its downward-facing camera and
matches recognized junctions against the instruc-

tion sequence in a temporally smoothed manner

) +e® W++ PID,,(#) x <o)
|:‘ e |

+
de(t j/

kG l

il
H

Fig. 5 Lateral PID control loop for path tracking based on

‘f

centroid deviation

to ensure robustness.

For lane following along straight segments
(e.g., J2), the system employs a lateral PID con-
troller using the centroid of the yellow guide line
in the image. This centroid ¢, (t) is computed via
image moments, defined as

Mo

c.(t) = (2)

Moo

where m,, represents the total number of pixels
in the yellow region, and m,, denotes the
weighted pixel sum along the width direction.
The horizontal deviation between ¢, (t) and the
image center ¢, (t) is normalized as e, (t), as
shown

e, (1) = ) —cll) (3)

co(t)

A dead-zone filter is first applied to sup-
press minor oscillations in the error signal e, (t).
The filtered error e(t) is then used as input to
the PID controller, which generates the lateral
velocity command v,, = PID,, (t). Meanwhile, the
forward velocity command V,, is set to a con-
stant value to maintain steady forward motion.

This code-driven control architecture offers a
lightweight, real-time alternative to map-based or
learning-intensive methods, while maintaining
high flexibility and robustness in diverse indoor

layouts.

2.4 Adaptation for Irregular Geometric Paths in
Dynamic Storage Zones

The navigation framework described so far is
designed to handle regular indoor layouts in
static storage zonmes, as illustrated in Fig. 1(a),
where path networks consist of common junction
types, such as L-, T-, and cross-shaped junctions.
However, real-world warehouse environments
often include irregular zones, such as temporary
storage areas or multi-level shelf arrangements,
where paths follow non-standard geometric pat-
terns. These may include square, octagonal, or
circular layouts, requiring enhanced adaptability
in perception and control.

To support navigation in such dynamic stor-

— 618 —



Yongmei Dou et al. / Topology-Aware Line Guidance for Warehouse MAVs: Lightweight Junction-Driven ...

age zones, the proposed system is extended to
three geometric path scenarios, as illustrated in
Figs. 1(b-d). These paths are encoded using the
DIF similar for regular layouts. For instance,
DIF b02 refers to the second key location on the
square layout, and DIF c04 corresponds to the
fourth location on the octagonal layout. For the
circular route, DIF d00 represents a complete
loop from start to end.

The same junction recognition and centroid-
based lateral control strategy are applied to these
paths, with geometric-specific adjustments. For
paths b and ¢, the classification logic for junc-
tion types remains consistent with that used in
regular layouts. However, corner handling differs:
in path b, detecting an L-type turn triggers a
fixed 90° yaw adjustment. In contrast, path c
forms an octagon with 135° internal corners,
prompting a 45° rotation at each turn.

For the circular path d, a model-based yaw
correction mechanism is introduced to continu-
ously adjust heading based on path curvature.
The pixel offset Az (t) between the yellow line
centroid and the image center is first mapped to
a spatial deviation Az,,as follows
Az (t)h
- f

The horizontal focal length f is obtained
from the horizontal field of view (HFOV) 6, and
the raw image width W

Az, (1) €Y

w

= Ztan (6,/2) )

f

The resulting spatial deviation is then con-
verted into a yaw command v through the geo-

metric projection model:
1) = arctan (Ame(t)> = arctan <A:cT(t)> (6)

The yaw control in both paths ¢ and d are
activated when the image centroid deviation
exceeds a threshold th, =1"/2h, formulated for
adapting navigation at various heights h. I' is
selected or tuned by compromising both the for-

ward velocity and the turning rate of the vehicle.

2.5 Experiment Setup

To evaluate the performance of the proposed
navigation algorithm, an MAV simulation test
platform was developed based on Ubuntu 20.04,
integrating ROS Noetic and Gazeboll (Experi-
https://youtu.be/ji_vz1R-Vgw).
The flight control systems adopts the Software-In-
The-Loop (SITL)
ArduPilot. The control logic combines high-level

ment videos:

architecture provided by
task interfaces from DroneKit-Python with cus-
tom modules developed using the ROS messag-
ing mechanism. These components commu-
nicate bidirectionally via the MAVLink protocol,
enabling a closed-loop control system for com-
mand transmission and state feedback.

The simulation platform operates within a
VMware virtual environment configured with a
dual-core CPU and 8 GB of RAM, hosted on a
machine equipped with an i9-13900H processor,
32 GB of RAM, and an RTX 3050 GPU. The
experimental design includes four representative
flight paths: a structured path for static storage
zones and three geometric closed-loop paths for
dynamic storage zones composed of square,
octagonal, and circular shapes. Fig. 6 illustrates
the simulated flight environment for the struc-
tured path, where yellow lines define the floor
paths over which the MAV autonomously tracks.
The subfigure in the lower-left corner shows real-
time images captured by the downward-looking

camera.

Fig. 6 Simulation environment of structured grid paths with

MAYV flight and downward camera view
Upon receiving a predefined DIF, the MAV
ascends from the takeoff point to an altitude of

h =0.5m and navigates along the corresponding
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yellow path to the target location. During flight,
the downward-looking camera continuously cap-
tures image data, which is converted to an
OpenCV-compatible data structure using a
bridging tool. The image is then uniformly
resized to a resolution of R x R pixels, with
R = 400, for subsequent processing.

At the takeoff point, red marker detection is
performed based on two HSV ranges: H € [0,10]U
[170,180], S €[100,255], and V € [100,255]. A
pixel count threshold of 350 is set to trigger
structure code JO. If no red region is detected,
the system proceeds to extract the yellow path
within the HSV range H € [18,175], S € [84,255],
and V € [140,255]. The resulting binary mask
image is first processed with a k; x k; median fil-
ter, where k=5, followed by a morphological
closing operation using a 5 x 5 convolution ker-
nel to restore path connectivity.

During the junction recognition stage, the
image is divided into N, =40 regions along both
the horizontal and vertical directions, with each
region having a width or height of 10 pixels. The
FPD is computed for each region. Regions with
zero FPD are first discarded. Clusters of adja-
cent regions with FPD differences smaller than
g, = 0.01 and a minimum length of two are iden-
tified and merged. Each cluster is then assigned
the mean FPD value in place of the original val-
ues. Based on the trend of the cluster mean val-
ues, each is classified as “increasing” (/),
These

trends are matched jointly across horizontal and

“decreasing” (), or “constant” (— ).

vertical directions to recognize 10 junction pat-
terns, which are encoded as codes JO to J9. If the
current frame is recognized as J1, the result from
the previous frame is retained to enhance tempo-
ral stability. The final code output is smoothed
using a sliding window of size 5, as determined
from the analysis in Section 3.1, to enhance sys-
tem robustness.

When the recognition result is J2, the sys-
tem calculates the centroid of the yellow region

using image moments and determines its pixel

deviation from the image center. This deviation
is normalized and compared with a predefined
dead zone threshold &g = 0.05. If the thresh-
old is exceeded, a PID controller is triggered. The
parameters are set to K,=0.5,
K, =0.01, and K,=0.25, with the integral term
constrained within +50 to prevent integral
windup. The controller output is the MAV’s lat-

eral velocity command V,,, while maintaining a

controller

constant forward velocity of V,, = 0.1 m/s.

If a special structure code is detected, the
system triggers a predefined yaw adjustment of
+90° or a hovering operation. All actions, includ-
ing takeoff, forward motion, turning, and hover-
ing, are executed via application programming
interface (API) interfaces provided by DroneKit-
Python.

For the octagonal path, a fixed yaw rota-
tion of +45° is required at each corner. For the
circular path, the MAV achieves stable path
tracking through continuous yaw adjustment.
The core principle lies in mapping the lateral
pixel deviation between the yellow line centroid
and the image center to an actual yaw angle. The
horizontal focal length f of the camera is com-
puted using the pinhole camera model, where the
required horizontal field of view (HFOV) 6, and
the raw image width W are predefined parame-
ters obtained from the SDF file of the IRIS MAV
model used in the simulation. Specifically, the
HFOV is set to 6, =1.57 radians and the raw
image width is W =640 pixels, resulting in a
computed focal length of f = 320 pixels. The yaw
control strategy incorporates a dynamic thresh-
old th,, which is adaptively determined accord-
ing to the flight height h, to activate the control,
where I' is tuned to be 45. This enables a more
robust response for navigating at various heights.

3 Results and Discussion

This section presents the evaluation of the pro-
posed vision-based navigation framework across
different path scenarios. The analysis is orga-

nized into three parts: Section 3.1 assesses the
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junction recognition performance based on fore-
ground pixel density trends and examines the
effect of temporal smoothing using a sliding win-
dow; Section 3.2 quantifies the MAV’s tracking
accuracy and target localization on static stor-
age zones; and Section 3.3 demonstrates the sys-
tem’s navigation performance in dynamic stor-
age zones, including square, octagonal, and circu-

lar trajectories.

3.1 Junction Recognition Accuracy and Sliding

Window Smoothing Analysis
To evaluate the performance of the proposed
junction recognition method, frame-by-frame
comparison are conducted between the recogni-
tion results and manually annotated ground
truth junction types. Accuracies are computed
from raw, unsmoothed predictions to assess the
core recognizer’s performance objectively.

Across all evaluated paths D to @, the sys-
tem consistently achieves recognition accuracies
exceeding 90%, despite variations in task com-
plexity, trajectory geometry, and visual condi-
tions. Path (D records the highest recognition
accuracy at 94.40%, as summarized in Tab. 2.

Tab. 2 Accuracy of junction recognition under different flight

over multiple consecutive frames. This approach
reduces spurious transitions by enforcing tempo-
ral consistency before control decisions are made.
Fig. 7,
(Fig.7(a)), the recognition output fluctuates fre-

As shown in without smoothing
quently. A 3-frame window (Fig.7(b)) partially

suppresses noise, while a 5-frame window
(Fig.7(c)) significantly suppresses unstable out-
puts while introducing minimal delay —only
2 frames exhibit switching lag. Although the 9-
frame configuration (Fig.7(d)) achieves greater
smoothness, the response latency becomes notice-
able, which introduces a maximum delay of
approximately 4 frames. A 5-frame window pro-
vides optimal stability—latency trade-off and is

therefore adopted.

paths.
Flight Duration Captured Misclass Accuracy
path frames frames
@® 76.87s 696 39 94.40%
@ 117.25s 1031 75 92.73%
® 153.48s 1416 137 90.34%
@ 312.69s 2509 237 90.55%
Mean 165.07s 1413 122 92.01%

Note: Duration: total flight time; Misclass frames: number of

misclassified frames.

Analysis of misclassified frames reveals that
most errors stem from transient, frame-level
inconsistencies—typically caused by motion blur,
partial occlusions, or viewpoint changes (often
resulting from MAYV rotations will be further dis-
cussed in Section 3.2). These transient fluctua-
tions can lead to premature transitions if not
smoothed.

To address this issue, a temporal sliding win-
dow filter is applied to smooth recognition results
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Fig. 7 Effects of different sliding-window sizes on smoothing
junction recognition over sequential frames: (a)without
sliding window; (b)sliding window size of 3; (c) sliding

window size of 5; (d)sliding window size of 9

3.2 Error Analysis of MAV Trajectory Tracking
in Static Storage Zones
Fig. 8 compares the actual and desired trajecto-
ries of the MAV along four representative flight
paths (D-@) in the static storage zone. Gray
dashed lines denote desired paths, and colored
solid lines represent the actual flight trajectories.
Key positions, such as start points, turning cor-
ners, and endpoints are marked for clarity—gray
circles indicate target locations, and colored cir-
cles show the actual arrival points. The results

demonstrate close alignment between the desired
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and actual paths, with minimal deviation along
straight segments. Slight offsets occur near the
starting areas and at 90° turns, but overall track-

ing consistency remains high.

Zoomed-in views of
different flight paths

Start  Junction| End

o
0000

Ceaall 6, oo

(S 1 funcior)

tart

ﬁ

=
3

{ oo

Comparative analysis of actual and desired trajectories
of the MAV under different flight paths, with zoomed-in

i

Fig. 8

views of key positional deviations

To quantify tracking accuracy, Tab. 3
reports four error metrics —root mean square
error  (RMSE), maximum error (ME), mean

absolute error (MAE), and standard deviation
(STD) —based on lateral coordinate deviations.
For all paths, RMSE, MAE, and STD are each
maintained below 0.1 m, while the higher ME
values stem from isolated peaks during turns, as
evident in the time-varying deviations shown in
Fig. 9.

Fig. 9 presents the temporal evolution of lat-
eral deviation for each path. For path O, which
follows the Y -axis, deviations in the X direction
are plotted. For paths @-@), the MAV initially
tracks the X-axis (blue curve) and then switches
to Y-axis (red curve) after turning, with verti-
cal dashed lines indicating turn moment. The

spikes observed at these transitions correspond to

the turning phases and align with the ME values
reported in Tab. 3, highlighting that most devia-
tions arise during cornering maneuvers rather
than straight segments. Therefore, ME alone is
not a reliable indicator of overall accuracy.
Terminal accuracy is further evaluated using
the Euclidean distance D between the actual and

target end points, shown as

D= /@ — 0’ + (o — )’ (D

where (Z., y.;) i the target point, and (%, Ymes)
is the actual arrival point.

Tab. 4 shows that endpoint deviations
remain under 0.2 m for all paths. Path
achieves the best result (0.14 m), while path @
exhibits the largest deviation (0.19 m). These
results verify that the proposed vision-based nav-
igation framework reliably guides the MAV to
the designated endpoints with high spatial preci-

sion, even in dynamic flight conditions.

3.3 MAV Trajectory Tracking Results in

Dynamic Storage Zones
Unlike the structured paths evaluated earlier, the
dynamic storage zone introduces irregular geo-
metric layouts and frequent direction changes,
making precise coordinate alignment and frame-
by-frame error computation difficult. Due to this
variability, direct quantitative comparison of
tracking errors (e.g., RMSE or MAE) between
the desired and actual trajectories is less informa-
tive. Instead, this section provides a qualitative
assessment based on visual alignment between
the planned and executed paths.

Fig. 10 illustrates the MAV’s actual trajecto-
ries compared with the desired paths for square
and octagonal layouts. Figs. 10 (a)—(c) corre-
spond to square trajectories (DIFs b01, b02,
b03), while (d)—(f) show octagonal trajectories

Tab. 3 Error analysis of trajectory tracking in X - and Y- directions for flight paths D-@

Flight path RMSE, ME;, MAE, STD, RMSE, ME, MAE, STD,
@® - - - - 0.09 m 0.23 m 0.07 m 0.06 m
@ 0.01 m 0.05 m 0.003 m 0.01 m 0.03 m 0.16 m 0.01 m 0.03 m
&) 0.03 m 0.19 m 0.008 m 0.03 m 0.06 m 0.35 m 0.03 m 0.06 m
@ 0.04 m 0.18 m 0.020 m 0.03 m 0.04 m 0.26 m 0.02 m 0.04 m
Note: “~” indicates no deviation data in that direction due to one-dimensional movement.
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Fig. 9 Time-varying trajectory deviation of the MAV along
flight paths (each subplot shows lateral devia-
tion over time, relative to the X- or Y-axis): (a) flight
path @;(b) flight path @;(c) flight path ®);(d) flight
path @

Tab. 4 Target and actual arrival coordinates of the MAV for
flight paths (D-@ and the corresponding euclidean dis-

tances
Flight Target Actual arrival Euclidean
path point point distance
@® (0.6 m,7.4 m) (0.64 m,7.24 m) 0.16 m
@) (4.2 m,7.4 m) (4.21 m,7.24 m) 0.16 m
@ (7.8 m,7.4 m) (7.78 m,7.26 m) 0.14 m

@ (18.6 m,7.4 m) (18.62 m,7.21 m) 0.19 m

(DIFs c01, c02, c04). In each plot, the gray
dashed lines represent the desired path, and col-
ored solid lines indicate the actual MAV trajec-
tory.

Despite the layout complexity and repeated
sharp turns, the MAV maintains close adherence
to the desired paths, demonstrating stable and
responsive tracking. Paths b02 and c04, in partic-
ular, involve dense turning sequences yet show
strong trajectory conformity. Minor fluctuations
occur at corners, but overall deviation remains
within an acceptable range, indicating good
robustness under geometric complexity.

Fig. 11 presents the MAV’s flight along a

(a) (b)

(©) (d)

Fig. 10

Fig. 11
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(© Q)
Comparison of desired and actual MAV trajectories for
square and octagonal paths in dynamic storage zones:
(a) DIF b01; (b) DIF b02; (c)DIF b03; (d)DIF c01;
(e)DIF ¢02; (f) DIF c03

DIF d00

Comparison of desired and actual MAV flight trajecto-
ries along a circular path in the dynamic storage area
(the gray dashed line represents the desired trajectory,
and the blue solid line corresponds to the actual flight
trajectory along the path)
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circular path (DIF d00) in the dynamic storage
zone. The MAV successfully tracks the continu-
ous curved path, with minimal deviation from
the desired ring. An initial offset is observed, but
the vehicle quickly realigns, confirming the effec-
tiveness of the yaw control and tracking strategy
in non-angular trajectories.

Across both structured and geometric navi-
gation tasks, the proposed system demonstrates
robust and consistent performance. In structured
storage zones, junction recognition accuracy
exceeds 90% on all tested paths, reaching a peak
of 94.40%. Lateral trajectory tracking demon-
strates high precision, with RMSE, MAE, and
STD consistently maintained below 0.1 m for all
paths. Terminal localization accuracy remains
within 0.2 m, with the smallest endpoint devia-
tion measured at only 0.14 m. In dynamic stor-
age zones, the MAV successfully tracks square,
octagonal, and circular paths with minimal drift,
maintaining smooth flight even under frequent
turning conditions. These results validate the
method’s high control precision, recognition sta-
bility, and adaptability across diverse path struc-
tures.

4 Conclusion

This paper presents a vision-based navigation
framework that enables a MAV to autonomously
navigate structured and geometric warehouse tra-
jectories using a DIF. The navigation relies on a
single numerical instruction specifying the path
index and target junction. The system integrates
a novel junction recognition module based on
foreground pixel distribution trend analysis for
decision-making, along with a lateral PID con-
trol mechanism for path tracking. Simulation
experiments validate the method’s effectiveness:
the average junction recognition accuracy reaches
92.01%, with RMSE, MAE, and STD of trajec-
tory tracking all remaining below 0.1 m, and ter-
minal localization deviation consistently under
0.2 m. These results demonstrate the system’s

high recognition reliability, trajectory tracking

precision, and suitability for deployment on
resource-constrained platforms.

To further evaluate practical adaptability,
future work will proceed in two directions. First,
the proposed method will be benchmarked
against existing path recognition algorithms
under unified computational constraints on typi-
cal onboard processors, assessing recognition
accuracy, trajectory tracking precision, and com-
putational load to evaluate real-time perfor-
mance. Second, real-world flight validation will
be conducted in indoor warehouse environments
to examine the system’s robustness and applica-

bility in practical autonomous logistics scenarios.
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