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Detection method for the guidance directrix of daylily
in the field environment
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Abstract: The daylily (Hemerocallis citrina Baroni) is an herbaceous perennial whose flowers are rich in nutritional and
functional components. It is typically cultivated in rows but harvested manually, a labor-intensive process that this study aims
to automate by developing a robotic harvesting system. A critical component of such a system is autonomous navigation, which
poses significant challenges in unstructured field environments due to changing natural light, randomly distributed weeds, and
varying inter-row density. To address these challenges, this study adopted vision-based navigation technology and proposed a
guidance directrix detection algorithm. The proposed approach begins with converting the color model from RGB to HSV to
decouple the brightness, thereby mitigating the impact of natural light variations. Morphological dilation is applied to suppress
noise from weeds in the inter-row regions. Furthermore, an innovative coarse segmentation strategy based on hue and
saturation is introduced to handle the problem of different sparsity in the inter-row. Finally, the inter-row axis is accurately
extracted by employing concepts from physics, namely, the center of mass and moment of inertia. Experimental results
demonstrate an accuracy of 98.25%, a recall of 100%, an average navigation processing time of 8.7521 ms, and a compact
model size of only 18 KB. These findings empirically confirm that the proposed approach achieves high precision and real-time
performance under unstructured, uncertain, and dynamically changing field conditions. Additionally, the algorithm operates
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with high computational efficiency and requires neither expensive hardware nor large-scale training datasets.
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1 Introduction

The daylily (Hemerocallis citrina Baroni) is rich in nutrition
the human body needs and is a good accompaniment to meals. It is
extensively cultivated in China, with smaller-scale cultivation
occurring in countries such as Malaysia, Japan, Indonesia, and
Madagascar. Harvesting daylilies is highly labor-intensive. The
harvest season spans approximately 40-50 d, during which peak
harvesting periods require 10-12 h of work daily. To alleviate this
labor burden, the development of a robotic daylily harvester was
proposed by the team of authors of this study, the schematic of
which is shown in Figure 1. The robotic system is designed to
identify mature daylilies and locate picking points using a detection
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camera, grasp the flower with a harvesting manipulator and end-
effector, and guide a motion vehicle with a navigation camera. To
enable autonomous navigation, the image captured by the
navigation camera was processed to generate a guidance directrix
(or course). This directrix, along with other tractor state parameters
such as velocity and orientation, was used by the navigation planner
to produce steering commands. This study focused on the extraction
of the guidance directrix to facilitate autonomous navigation for the
robotic daylily harvester.

As the daylily is cultivated in rows, it is effective to explore a
row-recognition system, which will allow the robotic daylily
harvester to follow a row of daylily plants accurately. During the
last several decades, many innovations in vision-based navigation
technology and row-recognition algorithms have been explored,
which can be divided into two kinds. The first is to extract some
discriminative points of the crop and then cluster or fit lines to these
points. The clustering algorithm, such as the Hough transform, was
reported in several studies”. The fitting algorithms, such as the
Thei-Sen estimator'”, least squares”'”, and other robust linear
regression methods!""'” have been investigated. The second is to
segment the rows and/or inter-rows, calculate the center lines of
these regions, and further gain the guidance directrix"*l. Han et al.
achieved row segmentation by the K-means clustering algorithm,
row detection by a moment algorithm, and guidance line selection
by a cost function!. Our research team segmented the crops based
on color features, extracted the axes using a rotary inertia method,
and selected navigation baselines by angle tolerance and distance
tolerance!". With the development of deep learning in recent years,
semantic segmentation and instance segmentation have been used to
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extract crop rows or inter-rows, from which guidance directives are
subsequently derived based on either boundary contours or center
lines!"**".

1. Motion vehicle 2. Control system 3. Harvesting manipulator 4. Camera for
detection 5. End-effector 6. Container for daylilies 7. Fixing rod located on the
horizontal midline of the motion vehicle 8. Camera for navigation

Note: H is the height of the navigation camera, m, and @ is the angle between the
camera’s optical axis and the fixing rod, (°).

Figure 1  Schematic of the robotic daylily harvester

In a standardized organic daylily planting base, the density of
inter-rows varies due to differences in the growth and
developmental stages of the plant during the harvest season. There
are kinds of weeds arbitrarily growing between rows, which
complicates the segmentation of inter-rows. Moreover, the
performance of visual navigation is adversely affected by changing
natural light because of the sun’s direction, clouds, and other
conditions. The row-recognition algorithms based on discriminative
points of the crop are not accessible undoubtedly; therefore, we
intend to segment the inter-rows and then measure the center lines
to obtain the guidance directrix. While semantic segmentation and

instance segmentation could be considered for inter-row

a. Cloudy, dense inter-row

segmentation, their high computational demands make them
unsuitable for hardware-constrained applications. As presented
above, the image processor embedded in the control system of the
robotic daylily harvester in Figure 1 is responsible for multiple tasks
in real time, including recognizing mature daylilies, locating
picking points, and detecting the guidance directrix. It is therefore
critical to minimize the computational resources allocated to
guidance directrix detection.

To address these challenges, we aim to develop a robust and
efficient algorithm that integrates a suite of traditional image
processing techniques. This approach is designed to accurately and
reliably extract the guidance directrix under challenging field
conditions, such as variable light, random weeds, and varying
density of the
computational load to ensure real-time performance on resource-

inter-rows, while operating with minimal

limited hardware.

2  Materials and methods

2.1 Image acquisition and downsampling

Images were taken during the 2023 and 2024 harvest seasons at
the Hemerocallis resource garden of Shanxi Agricultural University.
Two color cameras were used in the experiment: Canon EOS 550D
with a resolution of 2592x1728 pixels and HUAWEI HLK-AL10
with a resolution of 4000x3000 pixels. The height (H =2 m) and
angle (0 =50°) were set based on the height of daylily plants and
the shooting distance. Image processing was performed in
MATLAB (R2018a) on an AMD Ryzen 9 5900HX @3.3 GHz,
NVIDIA GeForce RTX 3070 GPU, 32.0 GB RAM laptop. Figure 2
presents representative field-captured examples of daylily plants
with the following characteristic measurements: row spacing

ranging from 1.2 m to 1.4 m, plant canopy spread between 1.5 m
and 2.8 m, and plant height varying from 1.05 m to 1.25 m. The left
image was taken under cloudy conditions with low illumination,
whereas the right image was acquired on a sunny day with
significantly better lighting. Additionally, the left image exhibits
dense inter-row vegetation, in contrast to the right image, which
shows a sparser inter-row distribution.

b. Sunny, sparse inter-row

Figure 2 Illustrations of images captured in the daylily field

The original captured image is of substantially high resolution,
which can result in a heavy computational load for visual
navigation. To improve computational efficiency, the image is
downsampled while maintaining acceptable quality. The
downsampling process involves selecting every tenth row and every
tenth column of pixels from the original image. As shown in
Figure 3, the downsampled versions of the images from Figure 2

retain sufficient clarity for visual navigation tasks.

2.2 Coarse segmentation

The inter-row area serves as the operational zone for the robotic
daylily harvester. During the harvest season, leaves from adjacent
daylily rows often come into contact or even overlap. The density of
the inter-row vegetation varies considerably depending on the
growth stage of the plants. Furthermore, the inter-row space
contains randomly distributed weeds, and the images captured under
real-field conditions exhibit varying illumination levels.
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a. Downsampled version of Figure 2a

b. Downsampled version of Figure 2b

Figure 3 Downsampled versions of the images in Figure 2

To achieve more effective inter-row segmentation, the HSV
(hue, saturation, value) color model is employed in place of the
RGB (red, green, blue) model. Hue is a color attribute associated
with the dominant wavelength in a mixture of light waves,
saturation represents the relative purity or the amount of white light
mixed with a hue, and value is the brightness and is used to describe
the color sensation. Hue and saturation taken together are called
chromaticity, and a color is characterized by its brightness and
chromaticity”. In this study, images are captured under varying
lighting conditions, resulting in inconsistent brightness levels. The
HSV color model is particularly suitable in such scenarios because
it separates the brightness component from the chromatic
information. This separation allows hue and saturation to be used
for the coarse segmentation of daylily inter-row regions. For a given
image in the RGB color model, the hue A and saturation §

a. Hue image of Figure 3a

c. Hue image of Figure 3b

components of each RGB pixel can be derived using the following
equations:

(R-G)+(R-B)
arccos{2\/(R—G)2+(R—B)(G—B)}’ =
H= (1
27r—arccos{ R-G)+(R-B) }, B>G
IVR-Gr+R-B\GC-B)

S = max(R,G, B)—min(R,G, B)
B max(R,G, B)

2

According to the above calculation, the hue and saturation
images can be obtained. Figure 4a and Figure 4b show the hue and
saturation images corresponding to the left image in Figure 3,
respectively, while Figure 4c and Figure 4d correspond to the hue
and saturation images of the right image in Figure 3.

d. Saturation image of Figure 3b

Figure 4 Hue images and saturation images of the images in Figure 3

In the hue images (Figure 4a and Figure 4c), the soil and dark
plastic mulch between the daylily rows exhibit relatively higher hue
values compared to the daylily plants. In contrast, the saturation
images (Figure 4b and Figure 4d) show lower saturation levels in
these areas, as they are often shaded by the plants. These

characteristics enable the segmentation of the inter-row regions
based on hue and saturation.

For images with dense inter-row vegetation (as in Figure 4a and
Figure 4b), the region of soil and mulch is limited in the hue image
but more distinguishable in the saturation image. Conversely, for
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images with sparse inter-row growth (Figure 4c and Figure 4d), the
dark plastic mulch is clearly separable from plants in the hue image,
while less evident in the saturation image. Accordingly, dense inter-
row regions are segmented primarily using saturation, whereas
sparse inter-row regions are segmented based on hue.
2.2.1 Coarse segmentation based on saturation

In the saturation image, the soil and dark plastic mulch exhibit
lower values compared to the daylily plants. Therefore, a saturation
threshold can be defined to classify the pixels into two dominant
categories: foreground and background, thereby achieving coarse
inter-row segmentation. The binarization is performed using the
following equation:

1, S(x,y) <T_saturation
Lyw(x,y) = (3)

0, otherwise

where, (x, y) is any point of the image, /gy is the binary image after
coarse segmentation, and 7 saturation is the saturation threshold.
2.2.2  Coarse segmentation based on hue

In the hue image, the soil and dark plastic mulch are higher
than those of the daylily plants. Accordingly, a hue threshold can be
set to achieve image binarization. The corresponding equation is as
follows:

1, H(x,y)>T hue
Lyw(x,y) = . (4)
0, otherwise

where, T hue is the hue threshold.
The binary images of Figure 3 are shown in Figure 5. The left

image is segmented based on saturation, and the right is based on
hue.
2.3 Noise reduction

In the binary image after coarse segmentation based on hue or
saturation, a significant number of discrete foreground points appear
within the background regions. These points, which can be regarded
as noise, may adversely affect the segmentation accuracy of the
inter-row region and should therefore be removed. Image denoising
can be achieved through spatial filtering, frequency-domain
filtering, or morphological filtering. The latter, which includes
opening and closing operations, is also an effective method for
noise reduction™. Specifically, the opening operation typically
removes thin protrusions and isolated foreground points from the
background, while the closing operation, conversely, fills narrow
gaps and small holes within the foreground. Accordingly, a
morphological opening operation is applied here to eliminate noise
points in the binary image, which can be expressed as follows:

Lienviscd = Iew © S E = (IgwOSE)®S E (5)

where, SE is a structuring element, /y....q 1S the denoised image
based on the morphological opening operation, o is the
morphological opening operator, @ is the morphological erosion
operator, and & is the morphological dilation operator. The
structuring element used in our noise reduction method is shown in
Figure 6a, and the denoised images of Figure 5 are shown in
Figure 6b and Figure 6¢c. Figure 6b is the denoised result of the left
image in Figure 5, and Figure 6¢ corresponds to the right one in
Figure 5.

a. Binary image of Figure 3a

. . b p
b. Binary image of Figure 3b

Figure 5 Binary images of the images in Figure 3

b. Denoised result of Figure 5a

a. Structuring element

c. Denoised result of Figure 5b

Figure 6 Structuring element used in noise reduction and denoised results of the images in Figure 5

2.4 Region of interest extraction

In the denoised image, the foreground includes not only the
daylily inter-row region but also portions of the sky. It is therefore
necessary to extract the region of interest (ROI) to ensure that the
foreground corresponds exclusively to the inter-row region. Since
the sky typically occupies the upper portion of the image, ROI

extraction is primarily conducted along the longitudinal direction.
Accordingly, the longitudinal foreground density distribution is first
analyzed by computing the following statistical measure:

Sum_.fore(i) = Zldenoised(is J)s l = 1,2, e, m (6)

J=1
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where, Iy 1S the denoised image, whose height is m, and width is
n, while sum fore is the longitudinal foreground density
distribution. The statistical measure described above was conducted
on Figures 6b and 6c, and the resulting curves are plotted in
Figure 7.

In the longitudinal foreground density distribution diagrams
shown in Figure 7, the upper portion of the image corresponds to
the sky, which is classified as foreground and thus exhibits high
density. The region between the sky and the inter-row is identified
as background, resulting in a significantly lower density. Due to
linear distortion introduced by the camera perspective, the number
of points and corresponding density value within the inter-row
region increase in areas nearer to the camera. In the image, these
areas correspond to the lower sections. In the area closest to the
camera, if the plants within a row are sparse, the intra-row region
may be misclassified as part of the inter-row region. To accurately
extract the region of interest (ROI) along the longitudinal direction,
it is necessary to determine the starting and ending rows, which are

oo oo
SO n oW
v — — A

(=)

160 140 120 100 80 60 40 20

a. Statistics of Figure 6b

defined by the following expressions:
start_row =max(max{ilsum_fore(i) > T start max &i < m/2},

max{jlsum_fore(j) <T start min & j<m/2}) (7)
end_row = max{k|sum_fore(k) < T _end min &k >m/2} (8)

Iror = Lienoisca(Start_row: end_row,1: n) 9)

where, T_start _max is the threshold which is the upper limit of the
starting row’s longitudinal foreground density, T_start min is the
threshold which is the lower limit of the starting row’s longitudinal
foreground density, 7 _end min is the threshold which is the lower
limit of the ending row’s longitudinal foreground density, and o
is the result of ROI extraction, namely, the ROI image. As shown in
Figure 8, red lines mark the starting (top) and ending (bottom) rows
determined for Figure 6b and 6¢. The ROI image is then defined as
the sub-image enclosed between these two rows in each respective

figure.

0
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4250
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e

b. Statistics of Figure 6¢

Figure 7 Longitudinal foreground density distribution statistics

a. Extracting ROI result of Figure 6b

b. Extracting ROI result of Figure 6¢

Figure 8 Extracting ROI results of the images in Figure 6

2.5 Morphological dilation

In the ROI image, numerous gaps are present within the inter-
row regions due to the distribution of weeds and leaves from
adjacent rows. To address this, the morphological dilation operation
is applied to expand the boundaries, bridge the gaps, and restore
broken foreground areas. The morphological dilation operation can
be expressed as follows:

Litarea = Tro1 ® S Editarea = {Z‘ [(S Eiarea). N IRO[] c IRO[} (10)

where, S E .0 1S the structuring element used in the morphological
dilation, (S/Ed;I)Z is the reflection of S E,;,.. about its origin, and
shifting this reflection by z, I..q is the dilated image. In this study,
a 10x9 quasi-square structuring element is employed based on the
slightly larger vertical extent of the gaps compared to the horizontal

extent. The dilation results of the ROI images derived from Figure 8
are shown in Figure 9.
2.6 Connected component labeling

In the dilated ROI image, the connectivity of the inter-row
regions is significantly enhanced. However, certain segments of
these regions remain fragmented into multiple sections due to weed
distribution. To facilitate guidance directrix detection, connected
component labeling may be applied to the ROI image. This allows
for further analysis of each connected component, enabling accurate
identification of inter-row areas and ultimately supporting the
detection of guidance directrix within the daylily inter-row regions.

A variety of classical connected component labeling algorithms
are available. In this study, a space-efficient two-pass algorithm was
employed, as described in Computer and Robot Vision™!. Following
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the labeling process, each foreground region is assigned a distinct
numeric label. To facilitate visual interpretation, different connected
components are filled with different colors. Figure 10 shows the
connected component labeling results corresponding to the dilated
ROI images shown in Figure 9.

a. Dilated result of the ROI image derived from Figure 8a

b. Dilated result of the ROI image derived from Figure 8b

Figure 9 Dilated results of the ROI images derived from Figure 8

a. Connected component labeling result of Figure 9a

b. Connected component labeling result of Figure 9b

Figure 10 Connected component labeling results of the images
in Figure 9

2.7 Connected components of interest extraction

In the labeled ROI image, not every connected component
corresponds to the dominant daylily inter-row region. Hence, it is
necessary to extract the connected components of interest (COI).
Since the navigation camera is mounted along the horizontal
midline of the robotic daylily harvester, the inter-row region
typically aligns with this midline in the image. Accordingly, the
COI extraction algorithm is formulated as follows:

COI={CICiNR,s # 2}, i=1,2,..,N (11)

Ruia = Litarea(1: Mgor,Nror /2 — R_radius: nge/2+ R _radius)  (12)

1, (x,y) e COI
Teor(x,y) = { y (13)

0, otherwise
where, C, is the ith connected component, and there are N connected
components altogether in the labeled ROI image; R, is the
rectangle neighborhood of the horizontal midline in the dilated ROI
image ..., R_radius is the distance from the horizontal midline to
the vertical boundary of R,4, and the width of R, is

2x R _radius +1; the size of Ljea 1S Mgor X ngor; COI is the set of
COl, Iy is the result of COI extraction.

Based on the COI
corresponding to Figure 9 are shown in Figure 11, where all
connected components labeled in Figure 10 are preserved. It should
be noted, however, that not all labeled connected components
necessarily represent COI in other experimental contexts.

extraction algorithm, the results

a. Extracting COI result of Figure 10a

b. Extracting COI result of Figure 10b

Figure 11 Extracting COI results of the images in Figure 10

2.8 Axis measurement of COI

The COI can represent the main part of the inter-row region in
the daylily field. By measuring the axis of the COI, the guidance
directrix of the robotic daylily harvester can be detected. Assuming
that each point within the COI has equal mass, the axis of the COI
can be determined by calculating the moment of inertia of a rigid
body with surface mass distribution®".

In physics, the moment of inertia of a rigid body with surface
mass distribution is defined as follows:

J= erO'ds (14)

where, J is the moment of inertia, » is the perpendicular distance
from each point-mass to the axis of rotation, o is the areal density,
and ds is the differential area element within the COI. Since the
mass is uniformly distributed and the pixel coordinates of each
point are known, o can be set to 1. Thus, Equation (14) can be
further expressed as:

J= ff[(x—)‘c)sina'—(y—y)cosa]zdxdy (15)

where, D is the domain of the COI, « is the angle from the X-axis of
the Cartesian coordinate system to the axis of rotation, and (X,¥) is
the center of mass of the COI. In the context of a two-dimensional
digital image, Equation (15) can be expressed as follows:

I=3 " lx=Hsina-(-Fcosal’, if ka1 =1 (16)

y=1 =l

X =myo/my, §=mg /My (17)

where, m,, is the (p+¢)th order moments, which are defined as:

MROL  NROI

My =3 S Yl 0)p. =012, (18)
y=1  x=1

In Equation (16), the moment of inertia J is minimized when
the axis at angle a passing through the center of mass (X,7)
coincides with the axis of the COI. Through mathematical
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derivation, the angle a is given by the following expression:

1 2
a= farctan(A) (19)
2 Hao = Hoz
where, u,, are the central moments, which are defined as:
MROL  MROI
=D > =D G- ea(0p, ¢=0,1,2  (20)

y=1  x=1

Since the angle a and the center of mass (X,y) are known, the
axis of the COI can be determined. According to the actual
condition, the angle from the X-axis to the axis of COI may be 90°.
Given that Equation (19) for the angle a involves the arctangent
function, and for computational convenience, the axis of the COI
can be expressed as follows:

x=k(y-y)+x (21)

k=1/tana (22)
Based on Equations (19)-(20), Equation (22) can be derived as:

k=1/(A+ N1+2%), A=2u1/ (tta — o) (23)

Thus, the calculation of the axis of the COI is completed. It
should be noted that the Cartesian coordinate system used in this
calculation differs from the image’s pixel coordinate system, where
the origin is located at the upper-left corner, the positive X-axis
extends to the right, and the positive Y-axis extends downward.

Based on the axis measurement of the COI, the results for

)

a. Guidance directrix detection result for Figure 2a

Figure 11 are shown in Figure 12, and the red line is the axis
of COL

a. Axis measurement of COI for Figure 11a

b. Axis measurement of COI for Figure 11b

Figure 12 Axis measurement of COI for the images in Figure 11

Based on the downsampling ratio and the starting row defined
in Equation (7), the calculated axis of the COI is mapped back to
the original image. Figure 13 shows the results of guidance directrix
detection for Figure 2. It should be noted that the ending row
specified in Equation (8) is not involved in this mapping process;
instead, the guidance directrix is directly aligned with the bottom
row of the original image.

b. Guidance directrix detection result for Figure 2b

Figure 13 Guidance directrix detection results for the images in Figure 2

2.9 Opverall algorithm
of  processing
noise

Following a series steps, including
downsampling, reduction, ROI
extraction, morphological dilation, connected component labeling,
COI extraction, and axis measurement of COI, the guidance
directrix has been successfully detected. However, the coarse

segmentation step is designed to accommodate two distinct

coarse segmentation,

scenarios: dense and sparse inter-row regions. To enable adaptive
selection of the coarse segmentation method, the foreground
density, which is defined as the total number of foreground pixels,
is computed for the binary image obtained from each method based
on hue and saturation. The binary image with the higher foreground
density is then selected and passed to the next step. Therefore, an
overall workflow is proposed, as illustrated in Figure 14.

3 Experiments and results

3.1 Experimental settings
In this study, the experimental parameters are listed in Table 1,
where the parameters of 7 _start max, T_start min, and

T _end_min are set based on the denoised image’s width n.

Table 1 Parameters in the algorithm of detection
guidance directrix

Parameters ~ Value Description

The saturation threshold
The hue threshold
The threshold, which is the upper limit of the starting
row’s longitudinal foreground density
The threshold, which is the lower limit of the starting
row’s longitudinal foreground density
The threshold, which is the lower limit of the ending
row’s longitudinal foreground density
The distance from the horizontal center line to the
vertical boundary of Rpig

T _saturation 0.3
T _hue 0.5

T start_max 0.4xn
T _start_min 0.01xn
T end min (.15xn

R _radius 3

3.2 Experimental results

Two cameras were used in this study, Canon EOS 550D and
HUAWEI HLK-AL10, to capture 400 images during the 2023 and
2024 harvest seasons at the Hemerocallis resource garden of Shanxi
Agricultural University. The pixel resolutions of these images are
2592x1728 and 4000%x3000. The two illustrative images in the
previous section are 2592x1728 pixels, and the following
experiments contain two images with a resolution of 40003000
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Image acquisition

Downsampling

| Converting colors from RGB to HSV |

| Obtaining hue and saturation image |
v
Coarse segmentation base on hue and saturation respectively
(Output: BW_H and BW_S)

Binary image selection based on foreground
density comparison of BW H and BW S

Noise reduction

i

Longitudinal foreground density distribution statistics

ROI extraction

| Morphological dilation |

i

| Connected component labeling |

COI extraction

1f COI has been extracted?
Y

| Axis measurement of COI |

| Mapping the axis of COI to the original image |

v
|Guidance directrix detecti0n| | Failed guidance directrix detection

Figure 14 The overall workflow of our algorithm

pixels and one with a resolution of 2592x1728 pixels.

In the three experiments illustrated in Figure 15, the inter-row
regions in Experiments 1 and 2 are relatively sparse, while that in
Experiment 3 is denser. Accordingly, different coarse segmentation
methods based on hue or saturation were applied, both of which
yielded equally effective segmentation results. Experiment 1
exhibits noticeable weeds in the inter-row region, and Experiment 3
shows overlapping leaves from adjacent daylily rows within the
inter-row region. Although these factors slightly affect inter-row
segmentation, they do not impair visual navigation performance.
The original images across the three experiments were captured
using two different cameras with varying pixel resolutions, yet all
achieved high accuracy.

Throughout the experiments, all captured images were
successfully detected, with 393 out of 400 images accurately
processed. This corresponds to an accuracy rate of 98.25% and a
recall rate of 100%. Additionally, we recorded the navigation time,
which averaged 8.7521 ms per image, with the longest execution
time remaining under 13 ms.

3.3 Comparative experiments

This subsection presents a comparative evaluation of the
proposed algorithm against other methods using various semantic
segmentation models. Specifically, the semantic segmentation
models are first employed to identify the inter-row regions,
following which the inertia-based axis extraction method in Section
2.8 is applied to detect the guidance directrix. The 400 captured
images were augmented by horizontal flipping, brightness
enhancement, and brightness reduction, yielding 1600 images for
the dataset. The experimental results are summarized in Table 2.
The algorithm proposed in this study achieves slightly higher

accuracy and recall rates compared to models such as YOLOv5n-
seg-axis, YOLOvS5s-seg-axis, YOLOvS8n-seg-axis, YOLOv8s-seg-
axis, and YOLOv11n-seg-axis, while demonstrating significantly
lower average navigation time and a substantially reduced model
size.

Table 2 Comparison of different methods

Average

Mod Ao Rl Mo
time/ms
YOLOv5n-seg-axis 96.32 96.57 12.6135 41M
YOLOvS5s-seg-axis 97.03 96.88 20.8432 152M
YOLOv8n-seg-axis 96.81 96.67 19.1723 6.8 M
YOLOv8s-seg-axis 97.15 97.13 27.3667 239M
YOLOvVI In-seg-axis 97.88 98.84 18.1448 6.0 M
Our algorithm 98.25 100 8.7521 18.0K

4 Discussion

Our algorithm is specifically tailored for the robotic daylily
harvester. Some processes, such as coarse segmentation, ROI
extraction, morphological dilation, and COI extraction, are closely
related to the growth characteristics of daylily plants, the visual
contrast between the crops and the field environment, as well as the
practical demands of navigation. As a result, the algorithm is not
directly applicable for detecting guidance directrices in other crop
types, or even for daylilies at different developmental stages.

The detected guidance directrix provides a visual representation
of the navigation path, whereas the relative yaw angle deviation and
lateral deviation of the robotic daylily harvester must be derived for
motion control. Since the navigation camera is mounted along the
horizontal midline of the vehicle, the yaw angle can be determined
based on the value of o in Equation (19). More precisely, it equals
to 90° — . The lateral deviation is then given by d-sin(90° — ),
where d represents the horizontal distance from the fixing rod (on
which the navigation camera is mounted) to the center of mass of
the vehicle.

The experimental images were captured using two different
cameras at an earlier stage. However, during the development of the
daylily harvesting robot, we selected the Z30C industrial camera as
the navigation camera.

The experimental images were initially captured with two
cameras: Canon EOS 550D and HUAWEI HLK-AL10. However,
during the development of the daylily harvesting robot, we selected
the Z30C (Daying digital industrial camera, made in Changsha,
Hunan, China) industrial camera as the navigation camera. It
features a resolution of 640x480 pixels, a maximum frame rate of
60 frames per second, and a 46° field of view. As presented in
Section 2.1, the navigation camera is mounted at a height of 2 m,
with its optical axis tilted at an angle of 50° relative to the fixing
rod. Based on the schematic diagram shown in Figure 16, we
analyze the effective navigation distance. Here, point C represents
the navigation camera, OC corresponds to the installation height H
(as introduced in Figure 1), @ denotes the angle between the optical
axis and the fixing rod, and w represents half of the field of view. In
the captured image, the Y-coordinate range corresponds to the actual
photographed distance between points 4 and B (i.e., AB). However,
this photographed distance does not represent the actual navigation
distance used in our algorithm. According to Equation (7), the
starting row during ROI extraction is constrained to no more than
m/2, where m is the image height. Consequently, the effective
navigation distance spans from AD to AB.
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[ Downsampling

Il Coarse segmentation

I Noise reduction

IV ROI extraction

V Morphological dilation

VI Connected component labeling

VI COI extraction

VIl Axis measurement of COI

IX Guidance directrix detection

a. Experiment 1

b. Experiment 2 c. Experiment 3

Figure 15 Experimental results at different pixel resolutions and inter-row densities

AD = H - (tan6 — tan(6 — w)) (24)

AB = H - (tan(6 + w) — tan(f — w)) (25)

where, H is the height of the navigation camera, it is 2 m; 0 is the

angle between the camera’s optical axis and the fixing rod, it is 50°;

w is half of the field of view, it is 23°, so the navigation distance
ranges from 1.36 m to 5.52 m.

The pixel resolution of Canon EOS 550D is 2592x1728,
HUAWEI HLK-AL10 is 4000%3000, and Z30C is 640%x480. As
described in subsection 2.1, images captured by the Canon EOS
550D and HUAWEI HLK-AL10 are downsampled at a factor of
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10x10. To maintain a balance between image quality and
computational efficiency, images from the Z30C can be
downsampled at a factor of 2x2. As summarized in subsection 3.2,
the longest navigation time remains below 13 ms, enabling the
system to support image capture at the camera’s maximum frame
rate of 60 frames/s. This corresponds to a navigation rate exceeding
81 meters per second, which adequately meets the operational speed
requirements of the robotic daylily harvester.

B D A O

Figure 16 The schematic for the analysis of navigation distance

5 Conclusions

The proposed algorithm successfully detected guidance
directrix for the robotic daylily harvester under challenging field
light,
distribution, and varying density of the inter-rows. Downsampling

conditions, including changing natural random weed
significantly reduced computational load without compromising
navigation feasibility. Conversion from RGB to HSV color model
effectively mitigated the impact of natural light variations. Coarse
segmentation based on hue or saturation accommodated differences
in inter-row density. Noise in binary images was suppressed
through morphological opening operations. ROI extraction on the
basis of longitudinal foreground density distribution excluded
irrelevant areas such as the sky. Morphological dilation connected
discontinuous regions caused by weeds and overlapping leaves from
adjacent rows. COI were extracted to represent a valid inter-row
region, and the axis was accurately determined via inertia-based
calculation.

Experimental results demonstrated that the proposed algorithm
achieves accurate and real-time detection of navigation lines in
unstructured field environments, while also offering advantages
such as low computational cost, no need for expensive hardware,
and independence from large-scale training data. However, the
algorithm has not yet been implemented on an actual vision-based
robotic daylily harvester, representing a critical direction for future
research and development.
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