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Abstract. This study addresses the challenge of automated high-throughput phenotyping of wheat spike characteristics
using modern computer vision and deep learning methods. Accurate estimation of spikelet number is a key indicator of plant
productivity, yet traditional manual counting approaches are labor-intensive, slow, and difficult to scale to large breeding
datasets. To overcome these limitations, we propose a spikelet detection strategy based on simplified point annotations,
where an expert marks only the centers of spikelets rather than drawing detailed segmentation masks or bounding boxes.
This significantly reduces annotation time and lowers the overall cost of preparing training datasets for machine learning
models. To determine the most effective way of utilizing such simplified annotations, three computational methods were
explored: segmentation of binary masks using a U-Net architecture, density regression based on two-dimensional Gaussian
distributions optimized via Kullback-Leibler divergence, and detection of fixed-size bounding regions using the YOLOv8
object detection framework. The models were evaluated on dedicated test datasets using both quantitative metrics (MAE,
MAPE) and spatial localization metrics (Precision, Recall, F1 score). The results demonstrate that U-Net-based approaches
provide consistently high accuracy in spikelet localization and counting while maintaining robustness to annotation
imperfections. In contrast, the YOLOv8-based method showed reduced performance, likely due to the geometric mismatch
between fixed-size boxes and the natural elongated shape of spikelets. Overall, the proposed methodology highlights
the effectiveness of combining minimalistic point-level annotation with advanced segmentation models for automating
phenotyping workflows. This approach has the potential to accelerate breeding programs, enhance the efficiency of large-
scale phenotypic data collection, and support further development of robust computer-vision tools for plant science
applications.
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HeTeKI1ys KOJIOCKOB B KOJIOCe IMIIeHNIIbl Ha RGB-13006paxeHnsIxX
C JICIIOJIb30BaHMEM INTYOOKOro MalIMMHHOI'O OOyUeHIS
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AHHoTauuA. B paboTe paccmaTpuBaeTca 3afjaya aBTOMATU3MPOBAHHOTO BbICOKOMPOMU3BOAMTENbHOIO GEHOTUMUPOBaHUA
NMPW3HaKOB KOJIOCA MLUEeHMLbI C UCTONIb30BAaHNEM COBPEMEHHbBIX METOLIOB KOMIMbIOTEPHOIO 3PeHUs 1 Fy6oKoro obyyeHus.
TouHaa oueHKa uMcna KOMOCKOB ABMAETCA Ba)KHbIM KOMMOHEHTOM aHanv3a NPoAyKTVBHOCTW PacTeHuA, OAHaKo Tpaau-
LIMOHHbIe METOAbl PYYHOW Pa3MeTKM 1 MofdcyeTa KpaliHe TPYLOEMKY, NIOX0 MacWTabupyoTca 1 TPebyT 3HaUMTENbHbIX
BpPEMeHHbIX 3aTpaT. B uccnegoBaHuv npepnoxeH noaxop AnA 3dbeKTUBHOW AETEKUUM KONOCKOB, OCHOBAHHbIA Ha
MNCMONb30BaHNN YMNPOLEHHON TOYEUYHOW pPa3MeTKW, NPy KOTOPOW 3SKCMEepT OTMEeYaeT TOMbKO LeHTPbl KONOCKOB, 6e3
HeobxoanMocT GOPMMPOBaTb TPYAOEMKME MUKCENbHbIE MAaCKU WM OrpaHMyMBaloWme pamkn. Takaa cxema nossonaer
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Wheat spikelet detection on RGB images
using deep machine learning

CyLLeCTBEHHO CHM3WUTb CTOMMOCTb MOArOTOBKYM 0byuvatoLleit BbIGOPKY 1 YCKOPUTb NpoLecc aHHoTauuu. [ina onpepeneHus
ONTVManbHOro cnocoba 06paboTKY yNPOLLEHHO Pa3MeTKy BblIn NCCNefoBaHbl TPU METOAA: CerMeHTaLsa 6MHaPHbBIX MAacoK
c nomoubio apxutekTypbl U-Net, perpeccuna NNOTHOCTHbIX KapT Ha OCHOBE [IBYMEPHOIr0 HOPMAaJIbHOTo pacnpeaeneHnsa n
byHKUUM gusepreHummn Kynbbaka—/leinbnepa, a TakxKe fetekumsa obnactein GUKCUPOBaHHOIO pasmepa C UCMosb30BaHEM
mopenun YOLOVS. lMpoBefeHo cpaBHEHME TOYHOCTM MeTooB Mo KonuyectBeHHbIM (MAE, MAPE) n npocTpaHCTBEHHbIM
meTpukam (Precision, Recall, F1) Ha TecTtoBbix Habopax n306paxeHnin. AHanu3 pesynbTaToB MOKasas, YTo MOAXOAbl,
ocHoBaHHble Ha U-Net, o6ecneumBaloT BbICOKYIO TOYHOCTb JIOKanM3aLumMm 1 NoacyeTa KoNoCcKoB NPy MUHMMAJTbHbIX 3aTpaTax
Ha pa3MeTKy aHHbIX, Torga Kak metof YOLOV8 meHee yCTONUMB K reOMETPUYECKON BapnaTUBHOCTA PeasibHbIX O6bEKTOB.
MpennoXeHHbIi NOAXOA AEMOHCTPUPYET, UTO KOMOMHALMA TOYEYHOWN Pa3sMETKM U COBPEMEHHbBIX MOAENen cermeHTaumm
aABnAetcA 3OPEeKTUBHBIM MHCTPYMEHTOM ANA aBToMaTtM3auuvm GpeHOTUMNMPOBAHMA, UTO MOXET 3HAUUTENIbHO YCKOPWUTb
cefleKUMOHHblE WCCNefoBaHUA U PacWMpPUTb BO3MOMHOCTU BbICOKOMPOU3BOAUTENBHOIO aHanu3a Mopdonornyeckrx
NPY3HAKOB PaCcTEHUIA.

KnioueBble c/IoBa: KOMMbIOTEPHOE 3peHue; ry6oKkoe obyueHue; NeHNLa; KOTOC; YUCIO KONOCKOB; GEHOTUMMPOBAHNE;
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Introduction

Population growth and local and global climate change
necessitate accelerated breeding of agricultural crops, such as
wheat, to increase yield and resistance to biotic and abiotic
environmental factors (Efimov et al., 2024). One of the key
stages of breeding is the phenotyping of spike parameters — the
assessment of phenotypic traits, among which the number of
spikelets in a spike is one of the most important indicators of
wheat plant productivity (Afonnikov et al., 2016; Skripka et
al., 2016; Maslova et al., 2018; Vahamidis et al., 2019).

The number of spikelets in a wheat spike has complex
genetic control (Zhang B. et al., 2015) and is often associated
with spike density, another important breeding and taxonomic
trait (Vavilova et al., 2017, 2019; Savin, 2019).

Traditional methods of phenotyping spike parameters based
on visual assessment by experts are slow, expensive, and
subjective (Konopatskaia et al., 2016). This has stimulated the
development of automated, computer vision-based solutions
for high-throughput analysis (Li et al., 2017; Liu et al., 2017,
Genaeyv et al., 2019).

Deep learning-based computer vision methods have proven
effective in automating the phenotyping of agricultural plants
(Artemenko et al., 2024). Existing approaches to solving the
problem of counting spikelets can be divided into several
types. The first type is based on object detection. For example,
F. Khoroshevsky et al. (2021) used the RetinaNet architecture
to detect and count spikelets directly in the field, achieving
mean absolute percentage error (MAPE) values ranging from
9.2to 11.5%. L. Shi et al. (2023) applied the YOLOv5s model
to detect the number of spikelets in images of spikes, obtaining
an average absolute error (MAE) of 0.43 for the number of
spikelets in a test sample of mature wheat. The second type of
approach uses semantic segmentation. T. Misra et al. (2020)
proposed the SpikeSegNet architecture based on U-Net, which
achieved an accuracy of 95 %. However, what these methods
have in common is the need for labor-intensive and costly full
data annotation (using bounding boxes or pixel masks), which
becomes a key limitation when scaling up research.

As an alternative to reduce annotation costs, point annota-
tion is proposed, where the expert only needs to mark the
center of the object. F. Chen et al. (2021) demonstrated that
training with incomplete point annotation, where only 50 %

of spikelets are annotated, results in a 6.5 % loss in accuracy
(F1 drops from 84.15 to 78.65 %) compared to full annotation.
Reducing the proportion of labeled objects to 10 % leads to a
16.5 % decrease in accuracy. Thus, reducing the labor costs of
labeling by a factor of 10 preserves 83.5 % of the original ac-
curacy, which confirms the promise of this approach. Another
way to simplify data preparation is semi-automatic labeling
(Alkhudaydi et al., 2019). R. Qiu et al. (2022) proposed a
method where the initial model is trained on sparsely labeled
data and then used to automatically generate labels, on which
a new model is retrained.

These studies demonstrate progress in the automation of
spike parameter phenotyping, but also point to a major prob-
lem: the complexity and cost of data preparation. Despite
this progress, the task of developing an accurate and robust
algorithm that works effectively with simplified annotation
and maintains high accuracy remains relevant.

In this paper, we explore an alternative approach based on
the use of simplified point annotation of only the centers of
the spikes, which significantly reduces the time and cost of data
preparation (Chen et al., 2021) and may be an effective and
practical solution for widespread use in agricultural research.

Materials and methods

Biological material and data set
The study used wheat spikes from the collection of N.P. Gon-
charov. The sample of plants included representatives of vari-
ous species of diploids (2n =2x = 14), tetraploid (2n =4x = 14),
and hexaploid (2n = 6x =42) wheat. Images of the spikes were
obtained in the laboratory according to the protocol described
carlier (Genaev et al., 2018). A Canon 350D digital camera
with an EF-S 18-55 mm {/3.5-5.6 lens was used for shooting.
Shooting parameters: exposure 1/160, aperture 11, ISO 100,
focal length 55 mm. The wheat spike was placed on a blue
background next to the X-Rite Mini ColorChecker Classic
color palette card (http://xritephoto.com/colorchecker-targets).
Images of the spike obtained both on a clothespin and on a
table were used. An example of the images used for analysis
is shown in Figure 1.

In total, the dataset included 1,745 digital images of wheat
spikes (82 % of images were taken on a table and 18 % on a
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clothespin). To evaluate the generalizability of the models, a
separate holdout sample of 14 images obtained using the “on
the table” protocol was used, which we did not use in either
training or testing of the algorithms.

Marking spikelets in images

Three types of marking were used in the study: based on
binary masks, on Gaussian masks, and marking based on
bounding boxes. Initially, images were marked manually in
ImageJ (Schneider et al., 2012). The centers of the spikelets
were marked with dots on the image, and their coordinates
were saved in a separate file for each image. Based on the
coordinates of the spikelet centers, three options for generating
markings for machine learning were applied (Fig. 2).

Annotation in the form of binary masks (Fig. 2b).
A circular area with a radius of 2 mm was generated for each
spikelet. In this case, we used an image segmentation algo-
rithm: a neural network model was trained to predict areas in
the image corresponding to binary masks.

Markup in the form of a Gaussian mask (Fig. 2¢). It can
be assumed that the centers of the spikelets marked manually
do not correspond exactly to their geometric centers, but de-
viate randomly. We assumed that the density of this random
arrangement of marks around the center has the form of a
radial Gaussian distribution. Therefore, as a second marking
option, a two-dimensional Gaussian distribution was gener-
ated, the center of which coincided with the marked center
of the spikelet.

Bounding boxes (Fig. 2d). A square of fixed size (6 X 6 mm)
was automatically generated around each manually marked
spike center. The model was trained to detect these squares.

Model architectures and training

For training purposes, the images were randomly divided
into training (~60 %), validation (~20 %), and test (~20 %)
samples.

Two approaches were used to determine the centers of
spikelets in the image using deep machine learning algorithms.
The first involved segmenting the image pixels into two types:
those belonging to the mask and those not belonging to the
mask. For this, semantic image segmentation models based
on the U-Net network (Ronneberger et al., 2015) were used.
Two types of masks were used, as described above: binary and
Gaussian. In the case of a binary mask, the predicted centers
of the spikelets were considered to be the geometric centers of
the areas corresponding to the predicted masks. In the case of
a Gaussian mask, the center of the spikelet was defined as the
pixel with the maximum probability within the area satisfying
the condition: the ratio of the probability of each pixel to the
maximum probability in a given area must not be lower than
the threshold C.

The U-Net network (Ronneberger et al., 2015) can use
layer encoders of different architectures. In our work, several
encoder options were tested: efficientnet-b3, efficientnet-b4,
mit b2, mit bl, timm-resnest26d, timm-regnetx 032, timm-
res2next50, timm-gernet m, timm-efficientnet-b4, timm-
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Fig. 1. Examples of images of a wheat spike attached to
a clothespin (a) and placed on a table (b).

efficientnet-b3 (Tan, Le, 2019; Wightman, 2019; Radosavovic
et al., 2020; Zhang H. et al., 2020; Gao et al., 2021; Xie et
al., 2021).

The second approach was to detect image regions bounded
by squares and corresponding to the central regions of the
spikelets. For this, the YOLO network architecture was used,
which determines the bounding rectangle for each spikelet in
the image. The YOLOv8m architecture (Redmon et al., 2016)
was used for this approach.

Thus, we applied three methods to determine the centers:
segmentation using the U-Net network for binary (hereinafter
referred to as U-Net-BIN) and Gaussian (hereinafter referred
to as U-Net-GAUSS) masks that bound the center position,
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Wheat spikelet detection on RGB images
using deep machine learning

Fig. 2. Methods for marking spikelets based on their centers, indicated manually.

a - the original image of the spike with the centers of the spikelets marked with red dots; b — binary mask for spikelets in the form of circles, the centers
of which coincide with the marking of spikelet centers; ¢ — Gaussian mask, the distribution centers of which coincide with the centers of the marked
spikelets, and the probability density has a radial distribution; d - a set of bounding boxes, the centers of which coincide with the centers of the spikelets.

and detection of the center area of the spikelet as a square
using the YOLO architecture network (hereinafter referred
to as YOLOVS).

Loss function type. For the algorithm with binary masks, the
binary cross-entropy function (torch.nn.BCEWithLogitsLoss)
was used. For Gaussian masks, the Kullback—Leibler diver-
gence (torch.nn.KLDivLoss) was used as the loss function.

Organization of the training process. All three algorithms
were trained for 500 epochs. The model weights were
initialized based on pre-trained parameters obtained from
the ImageNet dataset (Deng et al., 2009). The Adam
algorithm was used as the parameter optimization method.
During training, a set of augmentations implemented in
the albumentations library (Buslaev et al., 2020) was used.
The image was normalized to a size of 512x224 (Resize),
then the following were applied: horizontal reflection with a
probability of 0.5 (HorizontalFlip(p=0.5)); vertical reflection
with a probability of 0.277 (VerticalFlip(p=0.277)); rotation
by a random angle in the range —30...+30° with a probability
of 0.735 (Rotate(limit=30, p=0.735)); Gaussian blur with
a kernel size randomly selected in the range from 1 to 3
with a probability of 0.25 (GaussianBlur(blur limit=(1,3),
p=0.25)); addition of Gaussian noise with a probability of
0.15 (GaussNoise(p=0.15)); random brightness and contrast
adjustment with a probability of 0.5 (RandomBrightnessContr
ast(p=0.5)); random change in the intensity of the R, G, and B
channels in the range +15 with a probability of 0.5 (RGBShift(r
shift limit=15, g_shift limit=15, b_shift limit=15, p=0.5));
color transformations: random changes in brightness, contrast,
saturation, and hue (ColorlJitter(brightness=0.2, contrast=0.2,
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saturation=0.2, hue=0.2, p=0.703)); conversion of the image
to grayscale with a probability of 0.1 (ToGray(p=0.1)).

The neural network architectures/models we investigated
for identifying wheat spikelet centers depended on a number
of parameters. These included: the type of encoder architecture
for the U-Net network, the radius of the circular area r for
binary masks, the threshold C of the ratio of the probability
of a pixel belonging to the spikelet center to the maximum
probability in the case of a Gaussian mask, the parameters of
the optimization algorithm, and some others. Their complete
list and value ranges are given in Table 1.

During the process, the algorithms required the selection of
the most optimal parameter values from Table 1. To do this, a
Bayesian optimization algorithm implemented in the Optuna
library (Akiba et al., 2019) was applied using images from the
validation sample. The F1 accuracy metric described below
was used as the target optimization parameter.

Algorithm accuracy metrics

Two types of metrics were used to evaluate the effectiveness
of spike center detection. Quantitative metrics evaluated the
error in counting the number of spikes in the spike cluster in
the image. The mean absolute error (MAE) and mean absolute
percentage error (MAPE) of spike counting were evaluated
as follows:

n
MAE =} 31 pi,

n
MAPE = 100 % $* |ti_pi|,
n Sl g
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Table 1. Hyperparameters used in methods for determining the position of the center of spikelets in an image

Method Hyperparameters

U-Net-BIN Encoder architecture

Value ranges

efficientnet-b3, efficientnet-b4, mit_b2, mit_b1, timm-resnest26d,

timm-regnetx_032, timm-res2next50, timm-gernet_m, timm-efficientnet-b4,
timme-efficientnet-b3

Gradient descent coefficient
at the initial stage of optimization

Gradient descent coefficient

at the final stage of optimization
Binary mask radius (r, mm) [0.5, 3]

U-Net-GAUSS  Encoder architecture

[0.0001, 0.001]

[0.000001, 0.00005]

efficientnet-b3, efficientnet-b4, mit_b2, mit_b1, timm-resnest26d,

timm-regnetx_032, timm-res2next50, timm-gernet_m, timm-efficientnet-b4,
timme-efficientnet-b3

Gradient descent coefficient
at the initial stage of optimization

Gradient descent coefficient
at the final stage of optimization

Parameter o for Gaussian distribution

Probability threshold for selecting
the position of the spikelet center (C)

YOLOv8 Gradient descent coefficient

at the initial stage of optimization

Gradient descent coefficient
at the final stage of optimization

DropBlock parameter [0,0.5]

where t; — the true number of spikelets in the image, counted
manually; p; — the number of spikelets determined based on
machine learning methods; n — the number of images in the
sample used to evaluate accuracy.

To evaluate the accuracy of determining the position of the
center of the spikelets in the image, the metrics of precision,
recall, and F1-measure were calculated.

TP __
TP+ FP’

__TP
TP+ FN’

Precision =

Recall =

. Precision - Recall
Precision + Recall’

F1:2

where TP (true positive) is the number of correct positive
predictions of the position of the spikelet, FP (false positive)
is the number of incorrect predictions of the position of the
spikelet, and FN (false negative) is the number of false predic-
tions of the position of the spikelet. The following rule was
used to determine the TP, FP, and FN parameters (Fig. 3):
the predicted center position was considered a true positive
(TP) if it was within a radius of 2 mm from the true center; a
false positive prediction (FP) if the spikelet center was pre-
dicted incorrectly; a false negative prediction (FN) if there
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[1/9,1/2]

[0.0001, 0.001]

[0.000001, 0.00005]

[0.000002, 0.0002]

[0.01, 0.00005]

[0.000005, 0.000001]

Fig. 3. Visualization of true positives (green dots), false positives
(red dots), and false negatives (yellow dots) in the calculation of
spatial metrics for assessing the quality of spikelet detection.

were no predicted centers within a radius of 2 mm from the
true center.

The programs we used were implemented in Python 3.11
using the PyTorch 2.3.0, OpenCV 4.9.0, and scikit-learn 1.5.0

31



M.A. Genaey, I.D. Busov, Yu.V. Kruchinina
V.S. Koval, N.P. Goncharov

libraries. The calculations were performed on a workstation
with an AMD Ryzen 9 7950X processor, 64 GB of RAM,
and an NVIDIA GeForce RTX 2080 Ti (11 GB) graphics
accelerator.

Results and discussion

The optimal values of hyperparameters for three models pre-
dicting the position of spikelets in the image, selected using
Bayesian optimization, are listed in Table 2.

The best encoder architecture for determining the center
of the spikelet based on segmentation and a binary mask was
MiT-B2 (Mix Transformer-B2) (Xie et al., 2021). This archi-
tecture combines convolutional layers with a self-attention
mechanism, which allows it to simultaneously capture local
features and global contextual dependencies in the image. This
is especially important for the accurate positioning of small
objects, such as spikelet centers.

For the Gaussian mask, the EfficientNet-B4 architecture
(Tan, Le, 2019) showed the best results. The model uses a
compound scaling method that balances the depth, width,
and resolution of the input data. This approach provides a
good balance between accuracy and computational efficiency,
making the architecture well suited for density distribution
regression tasks.

Wheat spikelet detection on RGB images
using deep machine learning

The evaluation results on the test sample (Table 3) showed
that both U-Net-based approaches significantly outperform
the YOLOv8-based method.

As shown in Table 3, both approaches based on the U-Net
architecture demonstrated high and comparable accuracy in
terms of both quantitative (MAE ~0.5) and spatial (F1 >0.96)
metrics on the test sample. The insignificant superiority of the
U-Net-GAUSS model in terms of MAE (0.502 vs. 0.512) and
the U-Net-BIN model in terms of F1 (0.965 vs. 0.962) allows
us to consider them equally effective for data, the distribution
of which corresponds to the training sample. At the same
time, the YOLOvV8 model showed significantly lower results
(MAE =3.641, F1 = 0.679), which indicates its unsuitability
for solving the problem in the current configuration with
automatically generated square bounding boxes.

On the deferred sample (Table 4), the U-Net-BIN model
showed the best accuracy, while the U-Net-GAUSS model
showed lower accuracy. The largest error was observed for
the YOLOv8 model.

The results on the holdout sample, collected at a different
time and having a slightly different distribution, demonstrate
more pronounced differences between the methods. The
U-Net-BIN model maintained high accuracy, showing only a
slight increase in error (MAE increased from 0.512 to 0.538),

Table 2. Hyperparameters for neural network models for identifying the position of spikelet centers in an image,

selected using Bayesian optimization

Model Hyperparameters

U-Net-BIN Encoder architecture

Optimal values

mit_b2

Gradient descent coefficient at the initial stage of optimization
Gradient descent coefficient at the final stage of optimization

Binary mask radius (r, mm)

0.001

0.000001

1.5999

U-Net-GAUSS Encoder architecture efficientnet-b4
Gradient descent coefficient at the initial stage of optimization 0.0001
Gradient descent coefficient at the final stage of optimization 0.0000063723
Parameter o for Gaussian distribution 0.00001121
Probability threshold for selecting the position of the spikelet center (C) 0.214564

YOLOv8 Gradient descent coefficient at the initial stage of optimization 0.00042
Gradient descent coefficient at the final stage of optimization 0.000001
DropBlock parameter 0.48

Table 3. Evaluation of the effectiveness of methods for determining the position of the spikelet center on the test sample

Model MAE MAPE F1

U-Net-BIN 0.512 0.032 0.965
U-Net-GAUSS 0.502 0.032 0.962
YOLOv8 3.641 0.280 0.679
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Table 4. Evaluation of the effectiveness of methods for determining the position of the spikelet center

on a deferred sample (n = 14)

Model MAE

U-Net-BIN 0.538
U-Net-GAUSS 0.846
YOLOv8 3.000

Fig. 4. Model results.

MAPE F1

0.035 0.972
0.062 0.942
0.231 0.704

a - manually labeled centers of spikelets in a spike; b — the result of the model trained on binary masks superimposed on the actual
image of the spike; ¢ - the result of the model trained on binary masks; d - the result of the model trained on radial Gaussian distribution
masks; e - the result of the model trained on bounding boxes.

which indicates its high generalizability and reliability. In
contrast, the accuracy of the U-Net-GAUSS model on the
holdout sample decreased significantly (MAE = 0.846 vs.
0.502 on the test sample). This suggests that this approach
may be more sensitive to data variability. The YOLOv8 model,
as in the test sample, showed the worst result (MAE = 3.0),
further confirming the conclusion that the selected method of
generating bounding boxes is not suitable for describing the
shape of spikelets.

Both proposed methods based on U-Net showed good
results on the test sample. However, the model trained on
binary masks demonstrated significantly better generaliza-
tion ability on the holdout sample, indicating its greater
reliability for working with data with a different distribu-
tion. Regression analysis of the predicted and true number of
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spikelets showed a strong linear relationship for U-Net models
(R%>0.95 on the test sample), confirming the high accuracy
of the count.

Measuring the inference speed on a single graphics ac-
celerator showed that the processing time for a single image
for the model trained on Gaussian masks is approximately
0.67 seconds, while for the model on binary masks it is ap-
proximately 0.64 seconds. Thus, the U-Net-BIN approach
demonstrates not only higher accuracy but also slightly higher
speed.

The low performance of YOLOVS is probably due to the
suboptimality of automatically generated square frames for
describing the elongated and curved shape of spikelets (Fig. 4).
This indicates that detection methods require more careful and,
possibly, manual adjustment of the markup.
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Conclusion

This study demonstrates that the use of simplified point la-
beling of spikelet centers in combination with modern deep
learning architectures allows for accuracy comparable to the
best modern methods using more complex and expensive la-
beling (Misra et al., 2020; Khoroshevsky et al., 2021; Zhou et
al., 2021; Shi et al., 2023). The use of a simplified annotation
scheme not only reduces the cost of experiments but also opens
up the possibility of rapidly expanding datasets. The proposed
approach can be adapted to solve other problems of counting
morphological traits of plants and integrated into automated
phenotyping systems to accelerate breeding programs.
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