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Abstract— Morning glories prevent soybean growth and re-
duce yields. However, early morning glories are small and diffi-
cult to detect visually in the vast fields. Semantic segmentation
effectively estimates the location of weeds using images captured
by drones, but a large amount of image data is required to
ensure high prediction accuracy, and an open dataset of plants
with a wide variety of species is limited. In this research, we
propose an image generation system of pseudo-dense morning
glory using PGGAN to increase the volume of the dataset for
training. The proposed pseudo images can configure the density
of multiple morning glory using the distance. As a result of
including these pseudo-densely morning glories, the F2 score of
the estimation was 0.404.

I. INTRODUCTION

In recent years, the decline in the number of agricultural
workers and the aging population have made it difficult to
manually control weeds across large fields. Therefore, the use
of drones, which can automatically capture images of entire
fields and move over large areas in a short time. Combined
with machine-learning techniques, it is expected to reduce
both time and monetary costs, facilitating more efficient
weed management through data-driven smart agriculture [1].

In research [2][3][4] focused on fields have been carried
out weed detection using machine learning with images
captured by drones. Osorio Kavir et al. [2] investigated three
weed estimation methods based on deep learning image pro-
cessing (SVM with histograms of oriented gradients (HOG),
YOLO-V3 and mask R-CNN) in lettuce crops using images
captured by drones and compared to visual estimation by
experts. The F1 scores were 88%, 94% and 94% respec-
tively. J. Rasmussen et al. [3] detected thistles in wheat
and barley fields by classifying crops and thistles based on
the excess green index (ExG) using orthomosaic images of
entire fields generated from UAV images. They employed
a semi-automatic program to determine thresholds, using
two methods: manual adjustment based on visual threshold
settings and threshold estimation based on annotated training
data. They achieved weed detection accuracy exceeding 90%.

Research [4][5] has been carried out weed detection at
the pixel level using semantic segmentation. W. Ramirez et
al. [4] implemented a model to segment weeds in sugar
beet farms using the DeepLabv3 architecture trained on
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patches extracted from high-resolution aerial images, achiev-
ing up to 0.89 and 0.81 in terms of AUC and F1 scores,
respectively.Kamath Radhika et al. [5] used three semantic
segmentation models, including SegNet, PSPNet and UNet,
were used for the segmentation of paddy crops and two weed
species (sedges and broadleaved weeds), with promising
results of over 90% accuracy. It shows that Deep Learning-
based semantic segmentation of paddy crops and weeds
can be used for sustainable site-specific weed management,
leading to safe food production.

In soybean fields targeted in this research, naturalised
morning glories such as Red morning glory and Ipomoea
lacunosa have been found to invade soybean fields and have
become a problem as difficult weeds to control in soybean
fields [6]. Weeds are reported to reduce soybean yield by
50-60% [7] if weeds are unchecked, so early detection and
control of weeds is one of the most important tasks.

Machine learning is used to estimate the location of weeds,
but a large amount of image data is required to ensure high
prediction accuracy. Research [8][9][10] has been carried
out to increase detection accuracy by adding GAN [11]-
generated images to the dataset in order to expand the
dataset. LG Divyanth et al. [8] generated artificial images
of corn and four types of weeds using conditional generative
adversarial networks (cGAN) and added them to the dataset,
which increased the F1 score from 0.97 to 0.99. Borja Espejo-
Garcia et al. [9] evaluated several architectures and configu-
rations on a dataset containing tomato and black nightshade
images. The best configuration was a combination of GAN
and Xception network, which showed 99.07% performance.

In this research, data collection was conducted by captur-
ing soybean fields with a drone, and images of early-stage
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morning glories between the rows were used as training data.
The target soybean field is shown in Fig. 1 (a), the aerial
image captured by drone is shown in Fig. 1 (b), the morning
glory images used for training are shown in Fig. 1 (c), the
dense morning glory images are shown in Fig. 1 (d), and the
mixed images of morning glory and grass weeds are shown
in Fig. 1 (e). We prepared a training dataset of early-stage
morning glories using the method by Sumi et al. [12], but
the morning glories between the rows cannot be extracted
completely. By using SegNet and training with only the
morning glory data shown in Fig. 1 (c) as training images,
we were able to detect morning glories between the rows.
However, since most images depict single morning glories,
it becomes difficult to detect regions where morning glories
are densely clustered, as shown in Fig. 1 (d), or regions
where morning glories mixed with grass weeds, as shown in
Fig. 1 (e).

The objective of this research is to detect small morning
glory, including mixed and complex areas around the rows
of soybeans, using pseudo images. We build a system to
generate pseudo images of morning glory with PGGAN and
place the generated image into actual images of other weed
to create artificially dense-mixed images of grass weed and
morning glory for increasing the dataset.

II. GENERATION OF TRAINING DATA AND DEEP
LEARNING FOR WEED DETECTION

Based on morning glory’s living in the colony, we generate
morning glory images using PGGAN. The generated images
contain pseudo-dense images of morning glory. By adding
the generated images to the dataset, the trained model
estimates regions of the micro-morning glory using SegNet.

A. Generating Pseudo-Dense Images of Morning Glory
1) PGGAN: PGGAN [13] is a method in which training

starts with low-resolution image generation, and as train-
ing progresses, higher-resolution convolution and transposed
convolution layers are added to the generators and discrim-
inators, respectively, and the resolution of the generated
images is increased step by step.

2) Selecting background images of the grass weed: For
adding the images of morning glory, we prepare background
images containing other plants in the soybeans field. In this
paper, the other plants are grass weed and soil.

I. Image Cropping
• Original aerial images (Fig. 1 (b)) captured by

drones are cropped to 50×50 pixels.
II. Grass Weed Detection

(a) RGB (b) predict
(14.3%)

(c) RGB (d) predict
(19.1%)

Fig. 2: Results of grass weed detection using SegNet

• The obtained images include four main types: soy-
bean, morning glory, grass weeds, and soil.

• Figure 2 shows the input images (a) and (c) and the
detection results (b) and (d) (white: grass weed).
To obtain label images of grass weeds, the grass-
weed model is trained using Segnet using 400 grass
weed images through manual annotation to perform
a two-class classification between grass weeds and
others. The trained grass-weed model is used to
detect grass-weed regions.

III. Selecting Images
• Based on the number of the pixels detected as the

grass weed (Fig 2 (b) and (d)), images containing
10-20 % white pixels in each image are selected.

ExG = 2G−R−B (1)

(a) RGB (c) RGB(b) Binarization
(33.2%)

(d) Binarization
(37.6%)

Fig. 3: Binaryisation of soybean areas using ExG index

• Figure 3 shows the selected images (a, c) and binary
images using ExG index [14]. Equation 1 calculates
ExG value using RGB values in the image. To remove
images that contain large soybean leaves, we calculate
ExG in the RGB images to classify the green areas.
Binarization was implemented with ExG values of 1
for pixels with an ExG value of 130 or more and 0
for pixels with an ExG value of less than 130. Exclude
images with white areas of more than 20%.

3) Placing Pseudo-Dense Images of Morning Glory to
Background Images without Overlapping: We calculate co-
ordinates to place the pseudo-dense images of the morning
glory, which do not overlap with the grass weeds in generated
images. The generated images overlapping with grass weeds
lose the realness, and the trained model reduces the detection
rate.

I. Calculating the Coordinate to Place the First Pseudo
Morning Glory

• An image is randomly selected from the 517 grass
weed background images as shown in Figure 4 (a).

• The selected image is divided into a 64×64 pixel
grid. By calculating the number of pixels that
contain white pixels in each grid, we find a black-
only grid. The coordinates (x0, y0) of the black-only
grid cells are randomly selected to avoid overlap
with the grass weed region (Figure 4 (b)).

II. Placing the First Morning Glory Image
• The first GAN image (Figure 5 (a)) is rotated by

0, 90, 180, or 270 [deg].
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(a) Label images
of grass weed

(!0, y0)

(b) Grids and
a selected coordinate

Fig. 4: Selection of coordinate to place the first pseudo image
of morning glory (white area grass weed (weed), black: the
others)

• Configuring a green bounding box of the morning
glory region using OpenCV’s findContours func-
tion cv2.findContours()

• Moving the green bounding box and the GAN im-
age to the coordinates (x0, y0) obtained in Fig. 4 (b)
(Figure 5 (b)). Placing them to the background
images (Figure 4 (b)) as shown in Figure 5 (c).

• The blue bounding box is configured to enlarge by
20 pixels from all sides of the green bounding box
instead of the green bounding box. Adjusting the
size of this bounding box can control the density
of the pseudo images of the morning glory.

(a) Label image
generated by GAN

(b) Rotation and
moving to (x0, y0)

(c) Image placing
label image

Fig. 5: Composition of GAN image of morning glory on
grass weed background image (1st image)

III. Placing the Second and Subsequent Morning Glory
Images.

• To express the naturalness of the density of morn-
ing glory in the image III, the locations of all plants
should be configured. Based on the location of
the first pseudo-morning glory, we define the area
where to place the second and subsequent morning
glory images. In the second and subsequent images,
the distance to the grass weed (the white area) in
the four directions (top, bottom, left, and right) is
calculated from the coordinates calculated in the
Fig 4 (b).

• For calculating the distance between the coordinate
and the plants, we count the number of the grid that
has no white pixels NNN ∈

{
Ntop,Nbottom,Nleft,Nright

}

as shown in Algorithm 1. By calculating the largest
N, the area that has fewer plants is defined. The

pixel size of the grids is s.

Algorithm 1 Calculate the largest distance N

Require: III ∈ (0,1),x0,y0
1:

{
N,Ntop,Nbottom,Nleft,Nright

}
= 0

2: w = III.width(),h = III.height()
3: while 0 ! xo ± i · s, y0 ± i · s ! w,h do
4: if ∑h

i=0 III (x0,y0 − i · s) = 0 then
5: Ntop = Ntop +1
6: if ∑h

i=0 III (x0,y0 + i · s) = 0 then
7: Nbottom = Nbottom +1
8: if ∑w

i=0 III (x0 − i · s,y0) = 0 then
9: Nleft = Nleft +1

10: if ∑w
i=0 III (x0 + i · s,y0) = 0 then

11: Nright = Nright +1
12: else
13: break
14: ++ i
15: N = maxNNN
16: return N

• If there are no pixel values of 1 (white) in the
grid, the function is iterated. The count numbers
Ntop,Nbottom,Nleft,Nright are incremented for each
direction.

• Algorithm 1 is used to calculate the largest NNN in the
four directions. The center position of the morning
glory region in the second GAN image is composed
with any edge of the blue bounding box in the
direction with the largest NNN. Lines 4 to 5 show the
algorithm that also finds Ntop in the top direction,
lines 6 to 7 show the algorithm that also finds
Nbottom in the bottom direction, lines 8 to 9 show the
algorithm that also finds Nleft in the left direction
and lines 10 to 11 show the algorithm that also
finds Nright in the right direction. The III size of the
image is 512. The width of the image is denoted
as ’width’ and the height as ’height’.

• For example, the left edge of the blue bounding box
is selected because the distance in the left direction
is the largest as shown in Figure 6. The second and
subsequent GAN images are placed on the left edge
as shown in Fig. 6 (a)). Figure 6 (b) is the RGB
image generated by proposed placing.

B. SegNet

SegNet [15] is a type of semantic segmentation used to
estimate images at the pixel level. It consists of an encoder
that extracts features from the input image using a convolu-
tional layer, and a decoder that maps the extracted features
to their correspondence with pixel positions in the source
image. We use SegNet to estimate the pixel of the morning
glory using training data, including proposed pseudo-dense
images.
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(a) Left edge is selected (b) Result of placing

Fig. 6: Edge selection and result for placing the second GAN
image

III. EXPERIMENTAL RESULT

A. Data Acquisition
In this research, the field images were acquired on 11 July

2022 from a growing season soybean field in Sabae, Fukui
Prefecture, Japan. We used DJI Air 2S（Fig. 7） drone for
capturing the field images, and the height capturing photos
was 10 m from the ground. Sowing took place from 1 June
1 to 15 June 15 2022.

Fig. 7: DJI Air 2S 1

B. Morning Glory Generation by PGGAN
PGGAN was used to generate morning glory images

for pseudo-image creation. A total of 680 images with
90◦rotation and vertical inversion data augmentation were
used as training images for the 85 morning glory images
obtained using the dataset collection method of Sumi et
al [12]. Figure 8 shows input images of PGGAN in this
research generated by the dataset collection method, which
contains the various sizes from one field of the morning
glory. The total iteration was set to 120,000 and the training
was divided into four steps for each iteration: generating
images with resolutions of 4×4 and 8×8, 16×16, 32×32
and 64×64, respectively. Learning is carried out in sequence,
and a 64×64 image is finally generated.

Fig. 8: GAN input images extracted by the dataset collection
method [12]

Using PGGAN, the images generated at each step are
shown in Figure 9. The image generated in step 4 of Fig. 9

1https://www.dji.com/jp/support/product/air-2s

is the final image, and it successfully generated an image
similar to Fig. 1 (c). The size of the generated images is
similar to the input images at the leaf age (Section III-A).

iteration   ：30000
step          ：1
画像サイズ：8×8

iteration   ：60000
step          ：2
画像サイズ：16×16

iteration   ：90000
step          ：3
画像サイズ：32×32

iteration   ：120000
step          ：4
画像サイズ：64×64

Iteration ：30,000
Step ：1
Image Size ：8×8

Iteration ：60,000
Step           ：2
Image Size ：16×16

Iteration ：90,000
Step ：3
Image Size ：32×32

Iteration ：120,000
Step           ：4
Image Size ：64×64

Fig. 9: Image generation result of morning glory by PGGAN

The generated pseudo morning glory data (Fig. 9 step 4)
were labeled using α from Section III-D.1, with the morning
glory regions estimated and used as the labeled images.

C. Image Generation of Pseudo-Dense Morning Glories

Region detection of grass weeds is implemented on 7848
cropped original aerial images, and 860 images are selected.
In addition, soybean exclusion is implemented using ExG
and 517 images are selected to be used as background im-
ages. Then, 300 morning glory images generated by PGGAN
are used to generate pseudo-dense morning glory images.

(b) Success (background：soil)(a) Success (background：grass weed)

(c) Failure (covered with soy beans) (d) Failure (covered with shadows)

Fig. 10: Results of the image generation of pseudo-dense
morning glories

Using the proposed image generation method, a successful
image with grass weeds in the background is shown in
Fig. 10 (a). A successful image with soil in the background is
shown in Fig. 10 (b). A failed image covered with soybean is
shown in Fig. 10 (c). A failed image covered with shadow is
shown in Fig. 10 (d). Images that were placed into areas
of soybean that could not be removed by ExG, or that
were estimated to be negative by the grass weed model but
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were actually covered by shadows, resulting in unnatural
composites, were considered as failed images.

Adjust the ratio between Fig. 10 (a) and (b), omitting the
failed images and adding them to the dataset.

D. Estimation of morning glory
1) Training without Generated Images of Pseudo-Dense

Morning Glory using PGGAN（α）: SegNet is used to learn
the model to estimate the morning glory region. The model
uses three classes for classification, which are morning glory,
grass weeds, and the others (soil and soybeans). The morning
glory and grass weed areas between the ridges in the drone
image (5472×3648) are cropped to a size of 50×50 and
used as one input image. Perform 90 [deg] rotation, vertical
flipping, and contrast transformation on the 85 morning
glory images obtained from trimming to expand the morning
glory images to 1,360 images. Similarly, for 50 images of
grass weeds, perform 90[deg] rotation and vertical flipping
to expand them to 400 images. In addition, 400 images of
soybean areas were cropped to a size of 50×50 pixels and
added as another class, for a total of 2,160 images as training
data. The input images are resized to 512×512 and divided
8:2 for training and validation. The kernel size is 5 and 100
epochs are used for training. The label image of the ground
truth was manually annotated.

(a) Test image (b) Ground truth image

Fig. 11: Test image for estimation (red area: morning glory,
blue area: grass weed, black: the others)

2) Training with using Generated Images of Pseudo-
Dense Morning Glory Created with PGGAN（β）: As same
as the configuration without GAN images in Section III-D.1,
data augmentation on the cropped images was performed. We
added 700 images of dense morning glory (Percentage of
grass weeds used as background: 5%) to the 1,360 morning
glory images, 100 grass weed images, and 400 soybean
images, for a total of 2,560 images as training data. The
input images were resized to 512×512 and divided 8:2 for
training and validation. The kernel size was 5 and 200 epochs
were used for training.

3) Morning Glory Region Estimation using SegNet: For
estimation, a single aerial image cropped to 1800×1800
pixels was used. At the edges the image was distorted caused
by the drone’s camera lens, and we used cropped image for

evaluation. Additionally, due to resizing of the test images,
estimation was performed on enlarged images resized by a
factor of 10.24. The test image is shown in Fig. 11 (a). The
ground truth image with manually annotated morning glory
regions is shown in Fig. 11 (b). In this research, the focus
was on whether data augmentation with PGGAN can enable
the detection of dense morning glory without missing, so
the Recall value was more important, and the F2 score was
selected.

E. Result of Estimation
TABLE I: Evaluation of the estimation of the morning glory
region using pseudo-dense images of morning glory

Recall Precision F2 score
α：Not including pseudo images 0.279 0.415 0.299

β：Including pseudo images 0.402 0.411 0.404

The ground truth image with manual annotation is shown
in Fig. 12 (a), the estimation results without adding the
pseudo-image to the dataset are shown in Fig. 12 (b), and
the estimation results with the pseudo-image added to the
dataset are shown in Fig. 12 (c). The Recall, Precision, and
F2 score for each are presented in Table I calculated by using
the morning glory data in the ground truth image as shown
in Fig. 11 (b).

The enlarged images of the dense areas in Figs. 12 (a), (b)
and (c) are shown in Figs. 13 (a), (b) and (c) respectively,
and the estimated results of increasing the proportion of grass
weeds used as background in the creation of pseudo-dense
images from 5 % to 30 % are shown in Fig. 13 (d).

1) Without Generated Images of Pseudo-Dense Morning
Glory using PGGAN（α）: As shown in Table I (α), Recall
was 0.279, Precision was 0.415 and F2score was 0.299.
Fig. 12 (b) shows that the area is well estimated for grass
weeds. However, comparing Fig. 13 (a) and (b), the dense
area of morning glory can hardly be estimated. It is not
possible to estimate the morning glory in dense areas without
pseudo-dense morning glory images.

2) With Generated Images of Pseudo-Dense Morning
Glory using PGGAN（β）: As shown in Table I (β ), Recall
was 0.402, Precision was 0.411 and F2score was 0.404.
Fig. 12 (c) shows that the estimated rate of grass weeds
is decreasing. The estimated dense area of morning glory in
Fig. 13 (c) shows an increase in the estimated area compared
to Fig. 13 (b), although not as much as in Fig. 13 (a). As
can be seen from the F2score values, the overall detection
rate has increased. However, Precision has decreased. This
may be due to the addition of complex representations such
as‘ dense areas of morning glory ’and‘ mixed areas of
morning glory and grass weeds ’during learning.

3) 30% of grass weeds used in the background: Increas-
ing the proportion of grass weeds in the background image
from 5 % to 30 % mis-estimated morning glory as a grass
weed because the proportion of grass weeds was too high.
A small change in the proportion of grass weed images can
significantly change the estimation results. Adjustment of
the density proportion of morning glory and grass weeds
is considered important.
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(a) Ground truth data (b) Not including pseudo-images (α) (c) Includes pseudo-images (β )

Fig. 12: Estimation results from SegNet using each dataset (red area：morning glory (weed), blue area：grass weeds (weed))

(a) Ground truth
image

(b) Enlarged view of Fig. 12b
(without pseudo images (α))

(c) Enlarged view of Fig. 12c
(with pseudo images (β ))

(d) Percentage of grass weed
used as background 30%

Fig. 13: Enlarged image of the dense area (red area: morning
glory, blue area: grass weed)

IV. CONCLUSION

In this research, PGGAN was used to generate images of
morning glories, which were then used to create pseudo-
dense images of morning glories and mixed images of
morning glories and grass weeds. By adding pseudo-images
to the dataset, the trained model could classify species in
dense areas, and the F2score was increased from 0.299 to
0.404.

In future works, we will implement to improve the algo-
rithm for dense representation when creating pseudo-images
and select background images of grass weeds to reduce the
number of failed images as much as possible. We would also
like to adjust the proportion of grass weeds and morning
glories and improve the estimation model to make it easier

to estimate smaller targets. consider using a new model.
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