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Abstract: The invasive morning glory, Ipomoea purpurea (Convolvulaceae), poses a mounting challenge
in vineyards by hindering grape harvest and as a secondary host of disease pathogens, necessitating
advanced detection and control strategies. This study introduces a novel automated image analysis
framework using aerial images obtained from a small fixed-wing unmanned aircraft system (UAS)
and an RGB camera for the large-scale detection of I. purpurea flowers. This study aimed to assess the
sampling fidelity of aerial detection in comparison with the actual infestation measured by ground
validation surveys. The UAS was systematically operated over 16 vineyard plots infested with
I. purpurea and another 16 plots without I. purpurea infestation. We used a semi-supervised segmen-
tation model incorporating a Gaussian Mixture Model (GMM) with the Expectation-Maximization
algorithm to detect and count I. purpurea flowers. The flower detectability of the GMM was compared
with that of conventional K-means methods. The results of this study showed that the GMM detected
the presence of I. purpurea flowers in all 16 infested plots with 0% for both type I and type II errors,
while the K-means method had 0% and 6.3% for type I and type II errors, respectively. The GMM
and K-means methods detected 76% and 65% of the flowers, respectively. These results underscore
the effectiveness of the GMM-based segmentation model in accurately detecting and quantifying
I. purpurea flowers compared with a conventional approach. This study demonstrated the efficiency
of a fixed-wing UAS coupled with automated image analysis for I. purpurea flower detection in
vineyards, achieving success without relying on data-driven deep-learning models.

Keywords: Gaussian mixture model; invasive species; pest management; Ipomoea purpurea; unmanned
aerial vehicles; unmanned aircraft system; drone; Vitis vinifera

1. Introduction

Tall morning glory Ipomoea purpurea (L.) Roth is an annual climbing vine and a trou-
blesome weed in many annual and perennial crop fields. With over 500 species, Ipomoea is
the largest genus in the family Convolvulaceae [1,2]. While some species within the genus
are considered invasive weeds, not all species exhibit invasive behavior. I. purpurea is a
highly sought-after ornamental plant that graces many cultivated gardens. They feature
vibrant, purple-hued, trumpet-shaped blossoms, and their rapid growth and climbing na-
ture underscore their aesthetic allure. I. purpurea has distinctive, heart-shaped, alternating
leaves with inflorescences consisting of axillary clusters that are either solitary to a few or in
groups of three to five. The flowers are funnel form with purple corollas (2–6 mm in length),
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which can possess a blue to white hue with a white center [3]. I. purpurea can produce
5000–26,000 seeds per plant [4], and thus, it is vital to apply control methods before the
production and distribution of seeds to prevent the spread of this weed. While pre-planting,
pre-emergence, and post-emergence applications of herbicides are commonly used to con-
trol I. purpurea in agronomic crops, it still can be difficult to control with herbicides when
both the weed and crop share physiological similarities or when both exhibit vining growth
and become entangled, compromising select control measures [4,5]. If I. purpurea is not
controlled, it can reduce yield by 25% to 90% in various crops [4].

To manage I. purpurea in vineyards, a weed cutter or weed knife is commonly used to
reduce the weed population in the orchard [6]. Although the shading effect of plants can
keep I. purpurea under control in general, the weed becomes a greater nuisance in vineyards
due to the lack of shade and the difficulty in the use of the weed knife [6]. Although
growers can also apply salt, kerosene, lime, and other substances to control I. purpurea
in vineyards, the applications must be spread all over the infested area because of the
habits of the roots and rootstocks, which makes the cost so high that these materials can
be used profitably in only a limited number of cases [6]. I. purpurea is sometimes found
growing in patches, but it is more common to find patches distributed throughout a field [6].
I. purpurea has become an increasingly problematic species because of the increased use of
glyphosate [7,8]. In addition to the weedy nature of I. purpurea, Wistrom and Purcell [9]
detected Xylella fastidiosa, a causative bacterial agent of Pierce’s disease of grapevine, in
I. purpurea. Therefore, the need for weed control in and near vineyards has become more
important, especially in regions with chronic Pierce’s disease and established populations
of sharpshooters, a major insect vector of the disease. Various chemical and cultural weed
control methods have been developed [6,10], but they still can be problematic when the
detection of I. purpurea is needed in large areas.

Pest detection over large areas can assist in understanding the ecology or epidemiology
of pests such as insects, plant diseases, and weeds [11]. When the pattern of pest distribution
is described with accurate detection methods, logical hypotheses about factors driving the
distribution can be explored and used to develop new pest management strategies [12]
including site-specific or spatially targeted pest management. While remote sensing to
acquire aerial imagery by using manned aircraft is well established, it carries with it an
inherent risk of crashes and loss of life and property. Therefore, the current unmanned
aircraft system (UAS) technology has become an attractive tool for safe aerial surveys
of crop stress and pests such as weeds. The UAS can be classified into fixed-wing and
rotary-wing UASs. Each type of UAS has its advantages and drawbacks in the context
of applications in agriculture. A rotary-wing UAS does not need forward motion to stay
aloft, and instead leverages the vertical thrust generated by the propulsion system. It can
hover and fly very slowly, which provides the potential for acquiring high-resolution aerial
imagery. However, the major disadvantages of a rotary-wing UAS are its limited range
and flight duration, mainly due to the capacity of the onboard battery. In contrast to a
rotary-wing UAS, a fixed-wing UAS leverages the forward thrust generated by an engine
to stay aloft. This has the advantage of long endurance flights, which are desirable when
it comes to surveying large areas. However, a disadvantage of a fixed-wing UAS for this
application is its need for a clear runway for takeoffs and landings and its inability to
precisely hover at a location. Therefore, using a fixed-wing UAS for detecting weeds is
recommended at landscape scales [13].

Previous studies presented a small UAS as a promising tool in agriculture [13–19], al-
though the studies generally concentrated on mechanical configurations of the UAS [20,21].
For aerial detection of weed species, most of the previous studies utilized rotary-wing
UASs. These studies include Rasmussen et al. [22], who used a rotary-wing UAS to test
practical applications of UAS imagery and reported that one image at a 50 m altitude cov-
ered a 0.2 ha area without losing information about the cultivation impacts on vegetation.
Torres-Sanchez et al. [23] also used a rotary-wing UAS to capture aerial images for early
season weed management by using the image spatial and spectral properties required for
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weed seedling discrimination. Hameed and Amin [24] detected weeds in a wheat field by
using image segmentation and classification based on images acquired with a rotary-wing
UAS. The UAS also has been used for site-specific weed management. Example studies
include the use of two separate UASs for weed mapping and site-specific spraying in sod
fields [25] and the development of a computer vision algorithm for mapping the spatial
distribution of weeds and creating a prescription map to perform site-specific weed control
in a cornfield [26]. Shahi et al. [27] developed deep learning-based segmentation models
for weed detection using an RGB image dataset acquired with a UAS. All of these studies
indicated that a small rotary-wing UAS could be a potential tool for site-specific weed
management. However, when a large landscape is the subject of the aerial survey, a fixed-
wing UAS is more suitable as a main platform because it can cover large areas in a short
period [13].

This study introduces a novel automated image analysis framework using aerial
images obtained with a small fixed-wing UAS for the large-scale detection of I. purpurea
flowers in vineyards. The objective of this study was to develop an automated image
analysis protocol and determine the sampling fidelity of the aerial detection of I. purpurea
flowers to actual infestation measured by ground survey. In addition, this study tested a
fixed-wing UAS as part of a search for an inexpensive, user-friendly, and reliable aircraft for
practical applications of a UAS for the large-scale aerial detection of I. purpurea infestation in
vineyards. The new methods developed in this study will enhance the identification and de-
tection of I. purpurea and contribute to species-specific and site-specific weed management
in horticultural and perennial crops.

2. Materials and Methods
2.1. Study Site and Ground Truthing

This study was conducted in a vineyard located near Arvin, CA, USA (Figure 1a).
The vineyard was planted with the grape (Vitis vinifera) variety Flame and suffered from
I. purpurea infestation (Figure 1b). A total of 32 plots were established within the vineyard:
16 plots infested with I. purpurea and 16 plots without infestation. The size of each plot
was 3 m by 6 m, which included two grapevines in the same row. The geocoordinates of
each grapevine were recorded with a handheld GPS with <1 m resolution (GeoXT, Trimble,
Sunnyvale, CA, USA). The UAS was flown over the 32 plots at two altitudes: 44 ± 2.5 m
and 96 ± 8.2 m above the vineyard to capture aerial images.

AgriEngineering 2024, 6, FOR PEER REVIEW    3 
 

 

early season weed management by using  the  image spatial and spectral properties  re-

quired  for weed  seedling discrimination. Hameed and Amin  [24] detected weeds  in a 

wheat field by using  image  segmentation and  classification based on  images acquired 

with a rotary-wing UAS. The UAS also has been used for site-specific weed management. 

Example studies include the use of two separate UASs for weed mapping and site-specific 

spraying in sod fields [25] and the development of a computer vision algorithm for map-

ping the spatial distribution of weeds and creating a prescription map to perform site-

specific weed control in a cornfield [26]. Shahi et al. [27] developed deep learning-based 

segmentation models  for weed detection using an RGB  image dataset acquired with a 

UAS. All of these studies indicated that a small rotary-wing UAS could be a potential tool 

for site-specific weed management. However, when a large landscape is the subject of the 

aerial survey, a fixed-wing UAS is more suitable as a main platform because it can cover 

large areas in a short period [13].   

This study introduces a novel automated image analysis framework using aerial im-

ages obtained with a small fixed-wing UAS for the large-scale detection of I. purpurea flow-

ers in vineyards. The objective of this study was to develop an automated image analysis 

protocol and determine the sampling fidelity of the aerial detection of I. purpurea flowers 

to actual infestation measured by ground survey. In addition, this study tested a fixed-

wing UAS as part of a search for an inexpensive, user-friendly, and reliable aircraft for 

practical applications of a UAS for the large-scale aerial detection of I. purpurea infestation 

in vineyards. The new methods developed  in this study will enhance the  identification 

and detection of I. purpurea and contribute to species-specific and site-specific weed man-

agement in horticultural and perennial crops.   

2. Materials and Methods   

2.1. Study Site and Ground Truthing   

This study was conducted  in a vineyard  located near Arvin, CA, USA (Figure 1a). 

The vineyard was planted with the grape (Vitis vinifera) variety Flame and suffered from 

I. purpurea infestation (Figure 1b). A total of 32 plots were established within the vineyard: 

16 plots infested with I. purpurea and 16 plots without infestation. The size of each plot 

was 3 m by 6 m, which included two grapevines in the same row. The geocoordinates of 

each grapevine were recorded with a handheld GPS with <1 m resolution (GeoXT, Trim-

ble, Sunnyvale, CA, USA). The UAS was flown over the 32 plots at two altitudes: 44 ± 2.5 

m and 96 ± 8.2 m above the vineyard to capture aerial images.   

 

Figure 1. Study site in a vineyard located in Arvin, CA, USA. The area of vineyard blocks surveyed 

for this study was ca. 65.5 ha (1560 m by 420 m). (a) GPS ground track of the UAS flight and (b) a 

ground view of I. purpurea infestation. The red dot on the map indicates the location of the study 

Figure 1. Study site in a vineyard located in Arvin, CA, USA. The area of vineyard blocks surveyed
for this study was ca. 65.5 ha (1560 m by 420 m). (a) GPS ground track of the UAS flight and
(b) a ground view of I. purpurea infestation. The red dot on the map indicates the location of the
study site, orange lines in (a) indicate the flight path of the UAS, and red arrows in (b) indicate
I. purpurea flowers.
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2.2. Unmanned Aircraft System (UAS) and Imaging System

A remotely controlled fixed-wing UAS (a.k.a., Foamy) was used to capture aerial
images (Figure 2). The UAS is typically used as a disposable one; however, for this study, it
was modified to include a rudder for directional control and an internal structure to house
the imaging payload and the onboard flight data acquisition system (Table 1).
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Figure 2. The fixed-wing UAS model (MiG-27 Foamy) used in this study. Please see Table 1 for
detailed specifications of the UAS.

Table 1. Specifications of the UAS model (MiG-27 Foamy) used in the study.

Aircraft Parameters Values

Wing span 1.68 m
Root chord 0.483 m
Tip chord 0.203 m
Weight 4.58 kg
Takeoff weight with payload ~6.12 kg
Average cruise airspeed 13.3 m/s
Turning radius 5.03 m
Payload capacity ~1.36 kg
Fuselage length 1.80 m
Engine type GMS 0.76 2-Stroke Glow Engine
Engine horsepower 1.9
Propeller Two blades (12 inches by 6 inches)
RPM range 2000–13,000
Flight duration ~10 min
Fuel type Glow fuel at 15% Nitro
Fuel tank capacity 16 oz.

A digital camera, Canon EOS Rebel XTi (Canon Inc., Tokyo, Japan), was used as the
onboard imaging device. A small subset of its specifications is listed in Table 2. The camera
captured digital images in continuous and remote trigger mode. Additionally, the camera
was equipped with a standard EF-S 18–55 mm lens. To trigger the image capture from the
ground, the onboard camera was interfaced with a remote trigger (Remote Switch RS-60E3,
Canon Inc., Tokyo, Japan). The remote trigger was mechanically activated by the ground
pilot using a mechanical servo connected to one of the RC channels. When a two-position
switch on the transmitter was toggled, an arm attached to the servo activated the remote
switch, which then activated the camera shutter. The camera was set up in a continuous
burst mode, which captured up to 27 frames of images per activation.
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Table 2. Onboard imaging payload specifications.

Item or Setting Specification

Camera type Digital AF/AE SLR with built-in flash
Recording media CompactFlash (CF) Card Types I and II
Image format 22.2 × 14.8 mm (APS-C-size sensor)
Pixels Approx. 10.10 megapixels
Aspect ratio 3:2 (horizontal:vertical)
Color filter system RGB primary color filters
Low-pass filter Fixed position in front of the CMOS sensor
Image format JPEG, RAW (Canon .CR2)
Auto white balance Auto white balance with the image sensor
Color temperature compensation White balance bracketing: +/− stops in 1-stop

increments. White balance correction: blue/amber
bias +/− 9 levels, magenta/green bias ± 9 levels

Autofocus TTL-CT-SIR with a CMOS sensor, 9 AF points, EV
−0.5–18 (ISO 100 at 23 ◦C)

Shutter speeds Speed of 1/4000 to 30 s. (1/3- and 1/2-stop
increments), X-sync at 1/200 s.

Remote control Remote control with Remote Switch RS-60E3 or
Wireless Remote Controllers RC-1/RC-5

Drive modes Single, continuous, self-timer/remote control
Continuous shooting speed Approx. 3 fps (at a shutter speed of 1/250 s or faster)
Maximum burst JPEG: ca. 27 frames (Large/Fine)
Dimensions (W × H × D) 126.5 × 94.2 × 65 mm
Weight 510 g (body only)
Lens: angle of view For EF-S, 18–55 mm f/3.5–5.6 II; diagonal extent:

74◦20′–27◦50′; horizontal extent: 64◦30′–23◦20′;
vertical extent: 45◦30′–15◦40′

Minimum aperture f/22–36
Closest focusing distance Distance of 0.28 m from the image sensor plane

The UAS was integrated with an onboard data acquisition system (Eagle Tree Seag-
ull Wireless Data Acquisition, Eagle Tree Systems LLC, Bellevue, WA, USA). The data
acquisition system recorded the GPS flight path of the UAS, as well as the inputs from the
remote-control (RC) receiver (i.e., flight time stamps, flight altitude, flight speed, flight path,
and camera shutter trigger) at a user-selected frequency. During the field operation of the
UAS, the data rate was set at 10 Hz. Once aerial images were downloaded from the UAS, a
composite image was generated using the software Pix4Dmapper (Pix4D, Prilly, Switzer-
land, https://www.pix4d.com/product/pix4dmapper-photogrammetry-software/, ac-
cessed on 11 February 2024) and Photoshop CS4 (Adobe Inc., San Jose, CA, USA). The
composite image was georeferenced to confer spatial attributes to the map coordinate
system, i.e., ortho-mosaicking with ArcInfo® 10 (ESRI, Redland, CA, USA). Both individual
and composite images were used for the detection of I. purpurea flowers in this study.

2.3. Machine Learning

Aerial images were cropped into the 32 plots (16 plots with I. purpurea and 16 plots
without I. purpurea) to extract information about I. purpurea flowers. One of the 16 images
with I. purpurea served as the representative image to teach the features to the model. The
framework was organized into three segments: the Image-Driven Feature Extraction Block
(supervised block), the Gaussian Mixture Model (GMM; unsupervised block), and the
flower counter (Figure 3).

https://www.pix4d.com/product/pix4dmapper-photogrammetry-software/


AgriEngineering 2024, 6 560AgriEngineering 2024, 6, FOR PEER REVIEW    6 
 

 

 

Figure  3. Overall  enhanced Gaussian Mixture Model  (GMM)  framework  for  the  detection  and 

counting of I. purpurea flowers on aerial images with unsupervised and supervised modules. 

2.3.1. Image-Driven Feature Extraction Block   

The representative image was initially converted into a grayscale image to eliminate 

the shadows from the grapevine rows. The average intensity of the grayscale image was 

evaluated, and a binary mask with a  threshold of 0.7 was applied  to remove shadows. 

This threshold was adjusted based on lighting conditions. The thresholded mask was then 

applied to the original representative image, separating the regions of interest (RoIs), i.e., 

the vineyard blocks from the shadow regions. The segmented image was then converted 

into an HSV (hue, saturation, and value) color space to accurately identify the purple I. 

purpurea flowers [28]. Such shadow removal was crucial for this framework to avoid false 

positives in the shadow regions during segmentation. Following the HSV transformation, 

we selected two I. purpurea flower regions within the segmented HSV image. As the RoIs 

were selected only from one image to train our GMM (i.e., the unsupervised block), we 

used data augmentation [29] to provide information about the various lighting conditions 

and camera angles. Each manually selected RoI was subjected to three different data aug-

mentations  (i.e., cropping, scaling, and brightness adjuster),  thereby creating  four new 

RoIs (one original and three augmented) to train the unsupervised block. We used two 

manually selected RoIs in this work, yielding eight RoI images. These images were con-

verted into a 2-D array containing the flower pixel values. This entire block was the su-

pervised aspect in our framework as this 2-D array with flower pixel values was used to 

teach the color distribution of I. purpurea flowers to the GMM. The overall architecture of 

the  Image-Driven Feature Extraction Block  is shown  in Figure 4, and a single NVIDIA 

GeForce RTX 3090 GPU was used for machine learning. 
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2.3.1. Image-Driven Feature Extraction Block

The representative image was initially converted into a grayscale image to eliminate
the shadows from the grapevine rows. The average intensity of the grayscale image was
evaluated, and a binary mask with a threshold of 0.7 was applied to remove shadows.
This threshold was adjusted based on lighting conditions. The thresholded mask was then
applied to the original representative image, separating the regions of interest (RoIs), i.e.,
the vineyard blocks from the shadow regions. The segmented image was then converted
into an HSV (hue, saturation, and value) color space to accurately identify the purple
I. purpurea flowers [28]. Such shadow removal was crucial for this framework to avoid false
positives in the shadow regions during segmentation. Following the HSV transformation,
we selected two I. purpurea flower regions within the segmented HSV image. As the RoIs
were selected only from one image to train our GMM (i.e., the unsupervised block), we
used data augmentation [29] to provide information about the various lighting conditions
and camera angles. Each manually selected RoI was subjected to three different data
augmentations (i.e., cropping, scaling, and brightness adjuster), thereby creating four
new RoIs (one original and three augmented) to train the unsupervised block. We used
two manually selected RoIs in this work, yielding eight RoI images. These images were
converted into a 2-D array containing the flower pixel values. This entire block was the
supervised aspect in our framework as this 2-D array with flower pixel values was used
to teach the color distribution of I. purpurea flowers to the GMM. The overall architecture
of the Image-Driven Feature Extraction Block is shown in Figure 4, and a single NVIDIA
GeForce RTX 3090 GPU was used for machine learning.

2.3.2. Gaussian Mixture Model (GMM) Initialization

The RGB image of a plot containing I. purpurea flowers was transformed into an
HSV color space to separate color (hue and saturation) from brightness (value). This
separation was necessary when dealing with varying lighting conditions, as it decoupled
color variations from changes in brightness, enhancing the accuracy and adaptability of
segmentation and thereby providing a more robust segmentation model. The HSV image
was then fed to the GMM block for predicting the presence of I. purpurea flowers. The
GMM was trained using the information from flower pixels learned in the Image-Driven
Feature Extraction Block (Figure 3). The trained GMM was then applied to the HSV image
to determine which pixels in the image were likely to belong to I. purpurea flower regions.
This prediction was based on how closely the color of each pixel in the image matched the
color distribution learned from flower pixels.
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The GMM is a statistical framework that characterizes the image’s underlying distri-
bution of pixel values using the Expectation-Maximization (EM) algorithm [30]. The GMM
comprises Gaussian components, each representing a potential cluster of pixel values in
the image. In our study, the critical parameters of the GMM were the mean vector (µ),
covariance matrix (Σ), and mixing coefficient (π). The mean vector comprised one value
for each channel (H, S, and V). These values were used to obtain the average H, S, and V
values of the pixels potentially belonging to a particular cluster. The covariance matrix
captured the spread and interdependencies among the H, S, and V values within the cluster,
signifying how the pixel values within the cluster vary relative to each other. Finally, the
mixing coefficient represented the weight or proportion of the cluster in the overall mixture.
It determined the significance of the cluster in modeling the pixel distribution, thereby
giving the prior probability. We initialized the model and then used the EM algorithm to
refine the parameters. The mean values of the Gaussian components were initialized using
K-means clustering to select initial means for the Gaussian components. These means were
positioned based on cluster centers in the data. The covariance matrices were initialized
as spherical covariance matrices, where each covariance matrix was initialized with the
same scalar value computed as the average of the variances in the data dimensions. This
initialization assumed independence between dimensions. Finally, the mixing coefficients
were initialized with equal weights, considering that each Gaussian component was as-
sumed to be equally likely at the beginning of the EM algorithm’s iterations. During the
EM process, these coefficients were adjusted to reflect the actual data distribution. The
GMM was initialized by setting the number of Gaussian components/clusters to K (K = 2
in our study).

The Expectation-Maximization (EM) Algorithm

We used a 2-step EM algorithm, an iterative optimization technique, to estimate the
parameters of the GMM. In the expectation step (E-step), we evaluated the probability
of each pixel’s membership in each Gaussian component. This probability provided
us with the likelihood of a pixel’s H, S, and V values belonging to a specific Gaussian
component. The calculation used the Gaussian Probability Density Function (PDF) [31],
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which characterized the probability distribution of pixel values. The following equation
(Equation (1)) was used for the Gaussian PDF:

f
(

x
∣∣∣µk, ∑k

)
=

1

(2π)
3
2 |∑k|

1
2

exp(−1
2
(x − µk)

T ∑−1
k (x − µk)) (1)

where x represents the vector of H, S, and V values of the pixel under consideration, µk is
the mean vector for the Gaussian component (cluster) k containing the average H, S, and V
values for the pixels that may belong to this cluster, and Σk is the covariance matrix for the
Gaussian component k that captures the spread and relationships between the H, S, and V
values within the cluster.

Within the E-step, we evaluated the probability of each pixel’s membership in each
Gaussian component, determining their respective responsibilities (posterior probabilities).
These posterior probabilities represented the likelihood that a pixel belonged to each
Gaussian component, and they played a vital role in the subsequent steps of the algorithm.
Mathematically, the posterior probability P(zik = 1|xi) for data point xi and component k
represents the probability that data point xi belongs to component k, given the observed
data point xi and the current model parameters. For each pixel in the image, we calculated
the posterior probabilities (responsibilities) of belonging to each Gaussian component (k)
using the following formula (Equation (2)):

γ(zik) =
πk × f (xi | µk, ∑k)

∑K
j=1 π j × f (xi| µj, ∑j

) (2)

where xi is the vector of H, S, and V values of the ith pixel, f (xi | µk, Σk) is the likelihood
of a single Gaussian component calculated using the Gaussian PDF (Equation (1)), πk is
the mixing coefficient that gives the prior probability for component k, and zik represents
the cluster assignment of data point xi to cluster k. The latent variable zik is binary and
takes on one of two values (i.e., 1 or 0). When zik is equal to 1, it indicates that data point
xi belongs to cluster k, and when it is equal to 0, it suggests that data point xi does not
belong to cluster k. This E-step operation iterated over all pixels in the image, effectively
assessing their associations with the Gaussian components. In essence, the Gaussian PDF
quantified how well a pixel’s color and intensity align with the characteristics of a given
cluster. Smaller distances between the pixel’s values (x) and the mean (µ), adjusted by
the covariance (Σ), indicate higher likelihoods. The resulting γ(zik) values provided the
algorithm with a probabilistic understanding of the pixel–cluster relationships, serving
as a critical foundation for the subsequent maximization (M-step), where the Gaussian
component parameters (µ, Σ, and π) were updated to optimize the model.

In the maximization step (M-step), the parameters of the Gaussian components (mean
vectors, covariance matrices, and mixing coefficients) were updated to maximize the
likelihood of the observed data based on the posterior probabilities computed in the E-step.
The updated mean vector for each component (cluster) k provided a new mean vector
(µnew

k ) for component k calculated as the weighted average of all data points xi, where the
weights were the posterior probabilities P(zik = 1|xi), indicating the likelihood that data
point xi belonged to component k, which is given by (Equation (3)).

µnew
k =

∑N
i=1 γ(zik)× xi

∑N
i=1 γ (zik)

(3)

where N is the total number of data points. The new mean vector reflected a weighted
average of the data points, with each data point’s weight determined by its likelihood of
belonging to component k. Similarly, the covariance matrices for each component k were
updated by computing the new covariance matrix (Equation (4)). The new covariance
matrix (∑new

k ) for component k was calculated as the weighted summation of the outer
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products of the differences between data points (xi) and the new mean vector (µnew
k ) with

the weights being the posterior probabilities P(zik = 1|xi).

∑new
k =

1

∑N
i=1 γ(zik)

N

∑
i=1

γ(zik)(xi − µnew
k )(xi − µnew

k )T (4)

The weighted sum of the outer products generated more weight to data points that
were more likely to belong to component k, thereby representing how the data points
were spread out within the component. Finally, the mixing coefficients (Equation (5)) were
updated, depicting the proportions of data points assigned to each component. The new
mixing coefficient (πnew

k ) for component k was calculated as the average of the posterior
probabilities for all data points assigned to the component, and 1

N was used to normalize
the sum, ensuring that the mixing coefficients summed up to 1, representing proportions.

πnew
k =

1
N

N

∑
i=1

γ(zik) (5)

After updating the parameters in the M-step, the EM algorithm proceeded to the
E-step again. This iterative process continued until the convergence criteria were met,
typically when the changes in parameters became small or when the log-likelihood of
the data stabilized. The convergence of the EM algorithm relies on three key elements:
the maximum number of iterations, log-likelihood change and tolerance, and parameter
change. Firstly, to avert indefinite execution, a predefined maximum number of iterations
was set to 100 to ensure computational efficiency and prevent the algorithm from running
excessively. Secondly, the EM algorithm continuously monitored the change in the log-
likelihood of the observed data between consecutive iterations. A tolerance level, usually
set to e−3, acted as a convergence threshold. When the change in log-likelihood dropped
below this threshold, further iterations did not yield substantial improvements. Conse-
quently, the algorithm concluded that the model had converged. Finally, the algorithm
assessed changes in the GMM’s parameters, encompassing means, covariances, and mixing
coefficients. Convergence was indicated when these parameter changes became smaller
than the specified tolerance. This change reflected the stabilization of model parameters,
culminating in convergence.

2.3.3. Gaussian Clustering and Segmentation

To predict the segmentation labels for each pixel in the original HSV image, we
determined which Gaussian component (cluster) a pixel was most likely to belong to given
its color and brightness attributes. To achieve this, we calculated the probability of a
pixel belonging to each cluster using the Gaussian PDF (Equation (1)), which measured
how well a pixel’s color aligns with the characteristics of a particular cluster. Each pixel
was assigned to the cluster with the highest probability, resulting in segmentation labels
for the entire image. These labels partitioned the image into regions, with each region
potentially representing a different object or area of interest based on color and intensity
characteristics. Thus, the preliminary boundaries that separated the I. purpurea flowers
from the background within the HSV image were created.

The segmentation labels produced were initially organized in a format that matched
the flattened image. When this format did not align with the spatial layout of the original
image, we reshaped the labels to match the spatial arrangement of the original image.
This transformation ensured that each pixel’s assigned cluster corresponded to its correct
location in the image. The result was a label map that mirrors the image’s dimensions,
allowing us to understand where each segment was located within the image.

A binary map was generated to distinguish the segmented regions clearly. In this map,
each pixel was assigned a binary value, usually 1 or 0, indicating whether the pixel belonged
to a particular cluster or not. We chose one of the clusters, often the one representing
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I. purpurea flowers, and assigned it a binary value of 1, while the other clusters (background)
received a value of 0. This binary map outlined the segmented regions within the image,
making it easier to visualize and analyze the results. These binary flower map pixel values
were normalized to the 0–255 range to ensure these maps could be processed, displayed,
and analyzed consistently and effectively. The overall workflow is shown in Figure 5.
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Figure 5. Gaussian Mixture Model (GMM; unsupervised module) architecture with inputs as the 2-D
flower pixel array from the supervised module and the HSV image and output as a binary flower
mask indicating the presence of I. purpurea.

2.3.4. Counting I. purpurea Flowers

The flower size was used to count the I. purpurea flowers in the aerial images. As the
number of pixels per flower could vary with different drone flight altitudes, we tailored the
minimum and maximum pixel count thresholds to each distinct flight altitude level, thus
addressing the inherent variability in flower sizes that often correlated with flight altitude.
The binary flower mask was loaded with white pixels as I. purpurea flowers and the rest
as background (black pixels). Depending on the flight altitude, we manually selected the
minimum and maximum pixel count thresholds. These thresholds determined the range
of pixel counts considered as a single flower. Any connected region with a pixel count
falling within this range was counted as a single flower. The connected components in the
binary flower mask were identified, and a unique label was assigned to each connected
region and provided statistics for each component, including its area (pixel count) and
centroid. The flower counter was then initialized to keep track of the total number of
flowers in the image. We checked each labeled component’s pixel count against the defined
thresholds (minimum and maximum pixel thresholds). If the pixel count of a component
fell within the threshold range, it was directly counted as a single flower. If the pixel count
was above the threshold, an average size between the minimum and maximum pixel count
thresholds was calculated to estimate the number of flowers in that region. After processing
all connected components, the total count of flowers in the image was given. This approach
ensures that both small and large clusters of flowers are accurately quantified. An overview
of the algorithm is given below (Algorithm 1).
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Algorithm 1: I. purpurea Flower Counter

Input: Segmented binary flower mask of the high-altitude UAS image.
Output: Total number of I. purpurea flowers in the image.
Step 1: Initialize Total_Flower_Count = 0;
Step 2: Load the flower mask of the high-altitude UAS image;
Step 3: Prompt the user to select altitude;
Step 4: Determine minimum and maximum pixel count thresholds based on altitude;
Step 5: Apply Connected Component Analysis on the binary flower mask;
Step 6: for Each connected component in the mask do
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Step 7: Return Total_Flower_Count as the total number of I. purpurea flowers in the image;
Step 8: End.

2.4. Evaluation of the Gaussian Mixture Model (GMM)

We used various error metrics to evaluate and quantify the performance of both our
enhanced GMM and the conventional K-means algorithm. In this study, we leveraged
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Max error to compare
the models’ accuracy. RMSE (Equation (6)) serves as a robust precision measurement
emphasizing the importance of accurate predictions by considering the average magnitude
of differences between the predicted (Xpred) and the ground-truth values (Xtrue), thereby
optimizing the predictive accuracy. On the other hand, MAE (Equation (7)) provides a
measure of overall accuracy by determining the average absolute differences between
predictive (Xpred) and the ground-truth values (Xtrue). Lastly, Max error (Equation (8))
identifies the maximum deviation between the predicted and ground-truth values, which
was crucial for pinpointing the potential outliners.

RMSE =

√√√√∑n
i=1

(
Xtrue,i − Xpred,i

)2

n
(6)

MAE =
1
n

n

∑
i=1

∣∣∣Xtrue,i − Xpred,i

∣∣∣ (7)

Max error = max
(∣∣∣Xtrue,i − Xpred,i

∣∣∣) (8)

To assess the predictive models in the specific task of I. purpurea flower counting, we
used three key bias metrics: the Bias Ratio (BR), the Scaled Mean Bias Residual (SMBR),
and the Fractional Bias (FB). These metrics provide a comprehensive evaluation of the
models’ performance. The BR measures the average deviation between the predicted (Xpred)
and true counts (Xtrue) relative to the true counts, with lower values indicating greater
accuracy (Equation (9)). A negative BR indicates an underestimation, indicating that the
predictive counts are lower than the true counts. Conversely, a positive BR indicates
an overestimation.

BR =
∑n

i=1

(
Xpred,i − Xtrue,i

)
∑n

i=1 Xtrue,i
(9)
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The MBR (Equation (10)) calculates the average difference between the predicted and
the true counts. The SMBR scales the MBR to a standardized range of −1 to 1, facilitating
fair assessments and model comparisons regardless of the inherent scales or characteristics
of the predictions. The Scaled Mean Bias Residual (SMBR) is a normalized indicator of bias,
which underscores the efficacy of the GMM by scaling the Mean Bias Residual (MBR) to a
standardized range of −1 to 1 (Equation (11)).

MBR =
∑n

i=1

(
Xpred,i − Xtrue,i

)
n

(10)

SMBR =
MBR

max(|MBRGMM|, |MBRK−means|)
(11)

Finally, the Fractional Bias (FB) captures the proportional differences between the pre-
dicted and true counts (Equation (12)), affirming the superiority of the GMM in proportional
prediction precision.

FB =
mean

((
Xpred − Xtrue

)
/Xtrue

)
n

(12)

3. Results

The semi-supervised segmentation with an enhanced GMM framework we developed
in this study successfully identified I. purpurea flowers in aerial images and was also able to
count the number of flowers (Figure 6).

From the ground survey of 16 plots infested with I. purpurea, we found that the average
number of I. purpurea flowers was 39.1 ± 31.25 per grapevine (Table 3). The number of
I. purpurea flowers detected by the GMM and K-means methods were 29.8 ± 22.54 and
25.6 ± 19.61 per grapevine, respectively. This result indicates that the GMM method
detected more flowers on the aerial images than the K-means method.

Table 3. Comparative flower count predictions between conventional K-means and enhanced
GMM methods.

Plot
Number of I. purpurea Flowers Detected

Ground-Truth K-Means Enhanced GMM

1 51 27 28
2 20 18 20
3 5 4 5
4 22 15 18
5 15 9 7
6 16 15 16
7 42 29 31
8 111 76 77
9 82 48 48
10 19 11 14
11 6 5 5
12 19 17 15
13 61 46 67
14 84 48 61
15 45 24 37
16 28 18 27
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Figure 6. Illustration of our enhanced GMM framework application to an RGB image depicting:
(a) the input: original RGB image, (b) the predicted binary mask: output of our enhanced GMM
highlighting I. purpurea flower regions, and (c) the segmented output: application of the binary
mask to the original RGB image, emphasizing the identified flower locations and providing a total
count estimate. White dots in (b) and red dots in (c) indicate I. purpurea flowers detected by the
enhanced GMM.

In our comparative analysis, our enhanced GMM consistently outperformed the
conventional K-means method across all the metrics (i.e., lower RMSE, MAE, and Max error
values), indicating the reliability of our model in accurately counting I. purpurea flowers
(Table 4).

Table 4. Error metrics comparison between K-means clustering and our enhanced GMM with Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and Max error.

Image Analysis Method RMSE MAE Max Error

K-means clustering 17.73 12.7 36
Our GMM 14.78 9.52 34

The results of our study showed that the K-means predictions diverge from the actual
I. purpurea flower count, indicating potential challenges in capturing spatial distribution
patterns (Figure 7a). In contrast, our enhanced GMM exhibited more consistent alignment
with the ground-truth values, indicating an accurate capture of I. purpurea distribution. Our
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results show that K-means consistently underestimated the flower count, while our model
maintained a closer alignment with the true values across all the altitudes. The K-means
predictions tended to fluctuate more widely than our GMM predictions, indicating a less
accurate count across various instances of I. purpurea flowers.
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Figure 7. Comparison between the conventional K-means and our enhanced GMM methods for
detecting I. purpurea flowers using a line plot (a) and regression (b). The dotted line in (b) indicates a
perfect match between ground and aerial survey results (i.e., y = x).

The regression analyses showed that the GMM (slope = 1.309; d.f. = 1, 14; F = 116.0;
R2 = 0.89) and K-means (slope = 1.558; d.f. = 1, 14; F = 311.9; R2 = 0.96) methods detected
76% and 65% of the flowers, respectively (Figure 7b).

The results of this study showed that the GMM detected the presence of I. purpurea
flowers in all 16 infested plots with 0% for both type I and type II errors, while the K-means
method had 0% and 6.3% for type I and type II errors, respectively. The GMM and K-means
methods detected 76% and 65% of the flowers, respectively.

In addition, the BR, SMBR, and FB were used for a holistic assessment of our enhanced
performance of the GMM in I. purpurea flower counting from aerial imagery. The GMM
demonstrated a BR value of −0.239, outperforming that of K-means (−0.345) and indicating
better alignment with the actual number of I. purpurea flowers. The GMM exhibited
an SMBR of −0.6944, indicating a more normalized and reduced bias, while K-means
registered an SMBR of −1.0. The FB value from the GMM (−0.1986) surpassed that of
K-means (−0.2989), affirming a higher accuracy was achieved by the GMM in predicting
proportional variations.

The values of the BR, SMBR, and FB collectively offer insights into accuracy, bias
normalization, and proportional prediction precision (Figure 8). Our results showed that
both K-means and our enhanced GMM tend to underestimate the overall I. purpurea flower
count, but the enhanced GMM performed better based on lower FB and more refined SMBR
values, which aligned with a more conservative approach that is often favored in precision
agriculture. This strategy minimizes the risk of resource misallocation and unnecessary
interventions, making our model a more reliable choice.
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Overall, the results of our study showed that the enhanced GMM consistently outper-
formed conventional K-means. Our study also demonstrated that the detection and number
of I. purpurea flowers using the enhanced GMM closely aligned with the ground-truth data,
emphasizing the precision of our model in challenging visual conditions like low image
resolution and offering a robust solution for the flower detection and counting problem.

4. Discussion

Traditionally, precision weed management utilizes optical sensors mounted on ground
vehicles [32]. However, the ground sensing of weeds becomes very challenging at a large
scale and in very dense weed populations. With recent advances in UAS and sensor
technologies, aerial surveys have become a key method for precision agriculture and smart
farming because UASs can cover a larger area of land in less time for the creation of weed
and treatment maps. In addition, the UAS has found widespread applications in crop and
soil monitoring [33–35], pest detection [22,36,37], aerial release of natural enemies [38,39],
and pesticide application [40]. In this study, we developed an automated method for
detecting I. purpurea flowers using an enhanced GMM. Because I. purpurea can be readily
removed by the use of a weed knife [6] rather than applying herbicide throughout the
vineyard, locating individual patches of I. purpurea flowers can guide where to visit and
control the weed mechanically and site-specifically. We opted for a fixed-wing UAS as
a near-real-time and cost-effective aerial survey tool in this study. While it cannot hover
or hold a position over a specific location for detailed remote sensing, its extended flight
endurance and longer duration, compared with a rotary-wing UAS, offer the potential for
large-scale pest detection and site-specific weed management. Moreover, the flexibility of
the UAS and the modularity of its onboard payload allow for easy retrofits with a variety
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of high-resolution imaging payloads. The implementation of an onboard control system
enables tailored UAS flights to meet site-specific monitoring strategies, with the ability
to program coverage of specific areas requiring additional monitoring. Recent significant
advances in miniaturized flight control technology, coupled with the expanded capabilities
of the UAS for autonomous flight, open the possibility of conducting these aerial surveys
repeatedly and potentially even without human intervention.

In this study, we found that I. purpurea flowers were too small to be characterized by
the existing region-based object detection methods; I. purpurea flowers in the image formed
clusters of 5–10 pixels, suggesting that the color of the flower is a more reliable feature
than shape or region for this specific application. Therefore, we compared the performance
of semi-supervised machine learning algorithms, K-means, and our enhanced GMM for
the detection and estimation of I. purpurea flowers in aerial images. Our enhanced GMM
approach provided a comprehensive solution by combining the strengths of unsupervised
and supervised learning, addressing specific challenges and enhancing the robustness of
I. purpurea flower detection in aerial images compared with traditional GMM and K-means
methods. In contrast to traditional GMM, our model incorporated user interaction, allow-
ing for manual selection of I. purpurea regions and providing a semi-supervised aspect.
This not only refined the GMM by utilizing specific RoIs for training but also introduced
data augmentation to account for varying lighting conditions and camera angles, resulting
in a more robust model. Our enhanced GMM outperformed K-means in I. purpurea flower
detection due to its probabilistic nature and ability to model clusters of varying shapes
and sizes. The probabilistic framework allowed the GMM to assign probabilities to data
points, accommodating diverse flower characteristics. However, our model was computa-
tionally intensive and sensitive to component selection. K-means, on the other hand, while
computationally efficient, fell short in capturing the granular distribution of I. purpurea
flowers with its assumption of spherical clusters. Its simplicity and interpretability are
advantages, but the rigid cluster shape assumption limits its applicability. The amalgama-
tion of preprocessing, user-defined input, and data augmentation contributes to superior
performance, making our approach a comprehensive and effective solution for I. purpurea
flower detection in aerial imagery.

Our innovative approach to I. purpurea flower detection in aerial images diverges
from data-driven deep learning models [41–44], emphasizing a combination of traditional
image processing techniques and machine learning. Notably, our method distinguishes
itself from conventional flower count clustering algorithms [41,45,46] by introducing a
semi-supervised aspect. The semi-supervised nature of our approach significantly reduces
reliance on large, annotated datasets, making it particularly advantageous in scenarios
where obtaining extensive labeled data is challenging. This characteristic enhances the
model’s adaptability and practicality, positioning it as a valuable solution for flower de-
tection in aerial images while minimizing the need for extensive annotated datasets. By
incorporating user interaction and semi-supervised learning into our enhanced GMM
framework, we aim to generate accurate ground truths for future deep learning mod-
els [47,48]. Apart from I. purpurea flower counting, our method also provides valuable
segmentation results (Figure 6). These segmentation results enable one to precisely identify
the location of I. purpurea flowers by providing the spatial distribution. These insights aid in
targeted interventions allowing for more efficient and resource-effective agricultural prac-
tices, contributing to improved yield and crop management. However, our model has some
limitations. Uncertainties regarding adaptability may result in variable performance across
real-world scenarios due to a lack of validation across diverse datasets and environmental
conditions. Additionally, the subjectivity and reliance on manual input pose challenges for
large-scale applications and efficiency. With the requirement of human effort for annotation
in datasets with a high volume of images as well as difficulties with handling changes in
lighting and camera angles, we may have scalability concerns. An alternative approach
to automatic image analysis is learning-based methods, such as support vector machines
(SVMs) [49] or the more recently developed convolutional neural networks (CNNs) [50].
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In contrast to model-based methods like K-means and GMM clustering, learning-based
methods rely on extensive training data to optimize a model for a specific analysis task.
Therefore, the application of artificial intelligence and machine learning could further
enhance automated image processing and weed detection capabilities in the future. We
recognize the potential of few-shot learning [51] and zero-shot learning [52] in expanding
the model’s capabilities, enabling it to adapt to new classes or variations in I. purpurea.

5. Conclusions

This study demonstrated that a combination of a fixed-wing UAS and automated
image analysis could be used to effectively detect I. purpurea flowers in vineyards. In
addition, the results of this study imply three important applications of the fixed-wing UAS
along with automated image analysis for site-specific I. purpurea management in vineyards.
Firstly, a low-cost fixed-wing UAS with an off-the-shelf camera can be used for a large-scale
aerial survey of I. purpurea in vineyards. This overcomes the limitations of rotary-wing
UASs including less flight endurance and shorter flight duration. Secondly, automated
image analysis for detecting and counting I. purpurea flowers could be performed with
semi-supervised segmentation with a GMM. Determining the location and number of
I. purpurea flowers in vineyards is the key step for management decision-making and site-
specific removal of I. purpurea by using control measures. Lastly, this system can be applied
to places where a large-scale weed survey using a UAS is needed such as rangelands and
open forests.
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