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Abstract

Cauliflower emergence rate and seedling growth are key indicators of field conditions and
varietal potential. Traditional manual surveys are unsuitable for continuous monitoring
across multiple varieties. This study integrates UAV RGB imagery with the DualSlim-
YOLO model to estimate cauliflower emergence rates and monitor seedling growth. Built
on YOLOv11, the model incorporates a lightweight feature extraction structure and an
optimized detection-scale configuration. It reduces computational complexity while main-
taining detection accuracy, thereby improving the efficiency of cauliflower seedling de-
tection. DualSlim-YOLO achieved P, R, Fl-score, mAP@0.5, and mAP@0.5:0.95 of 95.35%,
96.75%, 96.05%, 98.55%, and 86.65%, respectively. The number of parameters was reduced
by 38.61%, while the inference speed increased by 22.16%, demonstrating good lightweight
performance. Based on this model, UAV images of 171 cauliflower varieties acquired at
7,21, and 28 d after transplanting were used for seedling detection and emergence rate
estimation. In addition, 18 time-series seedling phenotypic traits were extracted, enabling a
comprehensive quantitative evaluation of emergence dynamics and early-growth perfor-
mance across multiple cauliflower varieties. This method effectively screens cauliflower
varieties for high emergence rates, rapid emergence, and excellent seedling growth per-
formance. It provides technical support for high-throughput, nondestructive seedling
phenotyping and early germplasm screening under field conditions.

Keywords: cauliflower; DualSlim-YOLO; emergence rate; growth monitoring

1. Introduction

Cauliflower (Brassica oleracea var. botrytis), an important cruciferous vegetable crop,
has high nutritional and economic value. As a critical developmental stage in cauliflower,
the seedling stage affects subsequent plant development and final yield. Emergence rate
and early-growth performance are important indicators for evaluating seedling conditions
and predicting final yield [1]. Traditional surveys of seedling emergence rates and growth
performance rely mainly on manual counting and visual assessments. However, these
methods are time-consuming, labor-intensive, and highly subjective, making it difficult to
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meet the requirements of multi-variety, large-scale, and continuous dynamic monitoring.
Therefore, the efficient and accurate acquisition of cauliflower seedling emergence and
growth phenotypic data is of great significance for evaluating early-growth potential and
screening superior germplasm resources.

In recent years, with the continuous development of remote sensing technology,
unmanned aerial vehicle (UAV) imagery has become an important source of data for
acquiring field crop phenotypic information [2]. High-resolution images acquired using this
platform, combined with machine learning algorithms, can enable rapid, nondestructive,
and quantitative analyses of crop canopy structure [3], growth status [4], and phenotypic
traits [5]. UAVs can be equipped with various types of sensors to acquire multidimensional
imagery, and images from different spectral bands can satisfy the diverse requirements for
crop phenotypic analysis. For example, UAV multispectral imagery combined with machine
learning models has been applied to the estimation of maize leaf nitrogen concentration [6],
plant height prediction [7], and wheat plant density estimation [8]. These studies indicate
that multispectral imagery has good potential for extracting crop growth parameters and
monitoring seedling growth. However, multispectral equipment and data acquisition are
relatively costly, and the image-preprocessing workflow is relatively complex, making it
difficult to apply this approach on a large scale for seedling-stage monitoring of multi-
variety germplasm resources.

RGB sensors are inexpensive and involve relatively simple data-processing workflows,
making UAV-mounted RGB platforms suitable for seedling morphological recognition and
emergence-related monitoring tasks. Previous research has confirmed the practicality of
UAYV RGB data in field seedling phenotyping, as this technique is capable of estimating
crop emergence rate and uniformity [9], extracting canopy phenotypic traits, including
canopy coverage and plant height [10], and achieving automatic seedling growth mon-
itoring using quantitative phenotypic indicators [11]. Nevertheless, the combination of
traditional image analysis and machine learning for RGB image interpretation is vulnerable
to field disturbances, including weeds, bare-soil backgrounds, and variable illumination
conditions [12]. Such environmental interference limits the stability and generalization
performance of crop recognition models [13].

With the advancements in relevant research, deep learning has gradually emerged as a
pivotal technical tool in crop phenotyping. These methods improve automated recognition
capability and robustness in complex field scenarios. Compared to traditional machine
learning algorithms, deep learning has an end-to-end feature-learning capability, which
can effectively improve the accuracy of crop object recognition and phenotypic parameter
extraction in complex scenarios. It has been widely applied to tasks such as crop seedling
detection [14,15], growth monitoring [16,17], and phenotypic parameter extraction [18].
However, mainstream deep learning models usually suffer from a large number of pa-
rameters, high computational complexity, and slow inference speeds, which limit their
application in large-scale field scenarios and edge devices. Therefore, the construction of a
lightweight network model with high efficiency and low computational complexity while
maintaining detection accuracy has become an important research direction in agricultural
visual detection and phenotypic monitoring [19].

In recent years, several agricultural remote sensing studies have introduced lightweight
detection models for field monitoring. Lightweight models such as Panicle-DETR [20],
YOLOVS-FLY [21], and Li-YOLOV9 [22] have been tailored for high-throughput pheno-
typing of rice and maize, enabling real-time seedling or panicle detection and counting
under resource-limited UAV platforms and complicated field backgrounds. In summary,
lightweight detection algorithms improve deployment efficiency and application scalability
in complex field environments through model compression and structural optimization
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while maintaining detection performance. They have shown good application potential in
field-monitoring tasks for staple crops such as rice, maize, and wheat.

With the continuous development of UAV remote sensing and deep learning tech-
nologies for field crop monitoring, related methods have been gradually extended to
cruciferous vegetable crops. These methods have been applied to phenotypic informa-
tion extraction and emergence monitoring at different growth stages of crops, such as
oilseed rape [23-25], Chinese cabbage [26,27], and broccoli [28,29], verifying the feasibility
of UAV-based object detection technology for seedling-stage analysis of vegetable crops.
For cauliflower, previous studies conducted harvest-maturity classifications based on UAV
time-series imagery and deep learning [30,31]. They also combined ground-based high-
throughput crop phenotyping platforms with instance segmentation techniques to achieve
cauliflower phenotypic extraction and germplasm classification [32], providing technical
support for the high-throughput phenotypic analysis of cauliflower. However, existing
studies have mainly focused on mature plants and curd trait analyses, whereas research
on seedling identification, emergence rate estimation, and multitemporal dynamic growth
evaluation of cauliflower at the seedling stage remains relatively limited. This makes it
difficult to meet the requirements for rapid large-scale field seedling monitoring and early
germplasm screening.

To address the challenges of cauliflower seedling identification, accurate emergence
rate estimation, and quantitative multitemporal evaluation of seedling growth under
complex field conditions, this study proposes a high-throughput monitoring method for
cauliflower seedlings. The proposed method integrates lightweight detection with multi-
temporal phenotypic analysis. The main innovations and contributions are summarized
as follows:

(1) A lightweight object detection model, DualSlim-YOLO, was proposed through net-
work structure optimization and feature fusion. It reduces the number of model
parameters and computational complexity while maintaining high detection perfor-
mance, thereby improving the efficiency of cauliflower seedling detection.

(2) A high-throughput cauliflower seedling monitoring method based on UAV RGB
imagery was developed. Seedling detection results were combined with the image
ground sampling distance (GSD) to enable automatic seedling identification, counting,
and phenotypic parameter extraction across multiple varieties.

(3) A multitemporal evaluation method integrating emergence rate and dynamic seedling
growth was established to characterize early-growth differences among varieties
using UAV observations acquired at different time points. Rapid, nondestructive, and
quantitative monitoring of cauliflower seedling growth status was achieved, providing
a quantitative basis for the early evaluation and screening of germplasm resources.

2. Materials and Methods
2.1. Experimental Materials

Field experiments were conducted at the experimental site of the Cauliflower Technol-
ogy Achievement Transformation Base, National Vegetable Industry Technology System,
located in Xiqing District, Tianjin, China. A total of 171 cauliflower varieties were planted,
and standardized cultivation management practices were adopted to ensure consistent
field growth conditions. The experiment was conducted between August and September
2025. UAV imagery was collected at three critical seedling growth stages: 7, 21, and 28 d
after transplanting. The workflow of this study is illustrated in Figure 1.

https:/ /doi.org/10.3390/agriculture16171883


https://doi.org/10.3390/agriculture16171883

4 of 27

Agriculture 2026, 16, 1883

a. Data acquisition
MSTE. ¢ Data annotation Data Splitting and augmentation
ianjin \) 1D, 3
: 10%
10%

39.2°N

80%
Train (80%)
Validation (10%)

Independent test set Test (10%)

7d 28d
21d

8.8°N

b. Model training

Backbone Neck Head
Conv C3k2 ————» Detect-P3
¢ A
Conv
v — Concat
C3k2 y Y
v Conv
Conv
+ Upsample
C3k2 — 1
* 4
Cony | C3k2 — Concat
MobileNetV4 |
UIBBlock
| IR
Conv Concat
MobileNetV4
UIBBlock v
* Upsample C3k2 --» Detect-P4
SPPF
v
C2PSA——

c. Emergence rate detection

2]
2
<
St
[
=
g £
5 =
) 28d
£ g
= 21d =
s
&
0 0 0 5’
8 100 12 140 16/ S

Number of varieties
Bottom 20%

d. Growth analysis
Top 20%

99-0-9

Average plant spread area

Variety

Figure 1. Overall workflow of this study.
https://doi.org/10.3390/agriculture16171883


https://doi.org/10.3390/agriculture16171883

Agriculture 2026, 16, 1883

5o0f 27

2.2. UAV System and Data Acquisition

The DJI P4M UAV platform (SZ DJI Technology Co., Ltd., Shenzhen, China) was used
to acquire field imagery data for cauliflower seedlings. Each flight simultaneously acquired
six images, including one RGB image and five grayscale single-band images. Since this
study primarily focused on seedling identification, counting, and phenotypic parameter
extraction, without involving spectral feature or vegetation index analysis, RGB images
with a resolution of 1600 x 1300 pixels were selected for subsequent analysis. Relevant
flight and camera parameters are listed in Table 1. The flight parameters were set to ensure
comprehensive image coverage of the study area.

Table 1. Parameter settings.

Type Parameters
Flight height 8m
Heading overlap rates 80%
Side overlap rates 70%
Flight speed 3m/s
Optimum image size 1600 x 1300 pixels
Sensor width 4.86 mm
Focal length 5.74 mm
GSD 0.423 cm/ pixel

To ensure consistency of the multitemporal data, unified flight route planning was
conducted for the experimental area before the first data acquisition. The same flight path
and parameters were used for image acquisition at each subsequent time point. Data were
collected at three time points (7, 21, and 28 d) after cauliflower seedling transplanting.
During image acquisition, a fixed-point hovering mode was adopted to reduce the effects
of flight vibration on image quality and improve seedling recognition stability.

Image processing and model construction in this study were performed on a 64-bit
Windows 10 operating system, using a hardware platform equipped with an NVIDIA RTX
3090 GPU with 24 GB of memory. Model training was conducted using Python 3.11 and
the PyTorch 2.2.1 framework.

2.3. Data Preprocessing
2.3.1. Orthomosaic Generation

In total, 13,344 raw UAV images were imported into DJI Terra 3.9 (DJI Technology
Co., Ltd., Shenzhen, China) for orthomosaic stitching to generate digital orthophoto maps
(DOMs). ENVI 5.6 (Harris Geospatial Solutions, Inc., Broomfield, CO, USA) was used
to crop and preprocess the generated DOMs, remove non-study areas, and retain only
the experimental area containing cauliflower seedlings. After processing, seven DOM
subregions covering the experimental area were obtained at each time point, and each
image had a size of 13,537 x 2217 pixels. A total of 21 high-quality DOMs were obtained
for subsequent analyses. In addition, an independent experimental plot with no spatial
overlap with the original 21 DOMs was selected, and the DOMs acquired from this plot at
7,21, and 28 days after transplanting were used as an independent test set.

2.3.2. Image Cropping

Non-target areas were removed from the DOMs acquired at 7, 21, and 28 d after
cauliflower seedling transplantation, and the retained field regions were cropped according
to a uniform cropping rule to construct the dataset. This ensured that the samples covered
the morphological characteristics of seedlings at different growth stages and improved the
ability of the model to recognize seedling-stage morphological differences.
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To improve the computational efficiency of the model, the original images were
cropped using Python, resulting in 931 images of 640 x 640 pixels for model training and
evaluation. The independent test set was processed using the same cropping method,
resulting in a total of 90 images, with the numbers of images at the three time points in a
ratio of 1:1:1. Each cauliflower seedling was annotated using a rectangular bounding box
in Labellmg (version 1.8.6), with the box fitted as closely as possible to the visible edges of
the plant, and the label was set to “seedling”.

2.3.3. Data Augmentation

The 931 cropped images were randomly divided into training, testing, and validation
sets in a ratio of 8:1:1, including 743 images for training, 94 images for testing, and 94 images
for validation.

To improve the generalization ability of the model, data augmentation was applied
only to the training set, including horizontal flipping, vertical flipping, and diagonal
flipping. No data augmentation was applied to either the validation set or the test set, and
both were kept in their original form. During the augmentation process, the corresponding
label files, including the target class, center coordinates (x and y), width, and height, were
updated simultaneously to ensure consistency between the augmented images and their
labels. Finally, the number of training samples was increased from 743 to 2972.

2.4. Object Detection Model Construction

YOLOV11 achieves competitive detection accuracy across various object-detection
tasks [33]. To achieve accurate counting of cauliflower seedlings and statistical analysis
of growth parameters, YOLOv11 was adopted as the baseline model. Based on this archi-
tecture, a lightweight network was designed to develop the DualSlim-YOLO model for
cauliflower seedling detection, emergence rate estimation, and growth parameter extraction.
The overall network architecture is illustrated in Figure 2.
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Figure 2. Network architecture of the proposed model.
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The main improvements in the YOLOv11 model are as follows:
(1) Optimization of the Lightweight Feature Extraction Module

In the high-level feature extraction stages (P4/16 and P5/32) of the backbone network,
the UIBBlock module from MobileNetV4 was introduced to replace some of the C3k2 feature
extraction modules. UIBBlock has a strong lightweight feature representation capability
and preserves high-level semantic information while reducing model parameters and
computational costs [34], thereby improving detection efficiency for cauliflower seedlings
under complex field backgrounds.

(2) Optimization of the Dual-Scale Detection Head

Owing to the low resolution of the P5 feature map, it is more suitable for detecting
large objects, whereas cauliflower seedlings are small targets. Therefore, the P5 detection
head in the original YOLOv11 was removed, and the P3/8 and P4/16 detection branches
were retained to enhance the model’s ability to detect small- and medium-scale seedling
targets while reducing redundant computations, resulting in a dual-scale detection structure
tailored for seedling detection tasks.

The deep semantic features from the P5 layer were preserved and fused with the P4
features via upsampling. This design reduces the number of detection branches while
retaining high-level semantic information, thereby reducing computational redundancy
and maintaining detection performance for small seedling targets.

2.5. Seedling Emergence Rate Estimation and Growth Prediction
2.5.1. Emergence Rate

Based on the DualSlim-YOLO model, UAV-acquired cauliflower seedling images were
identified and counted. The emergence rate of each cultivar at all sampling stages was
calculated by comparing the model-detected seedling counts with the actual number of
transplanted seedlings (Equation (1)).

Na
ER = — x100% 1
N, x100% (1)
where ER represents the emergence rate, N; represents the number of seedlings identified by
the object detection model, and N; represents the actual number of transplanted seedlings.

2.5.2. Growth Parameter Extraction

Based on the detection results of DualSlim-YOLO, the target bounding boxes were
extracted, and the pixel scale was converted to the actual dimensions using the ground
sample distance (GSD) of the UAV images (Equation (2)).

Hxa
f

where g is the camera pixel pitch, and f is the camera focal length. The pixel pitch a is
defined in Equation (3).

GSD = 2)

_ S
Ly

where Sy, represents the width of the camera sensor and I, represents the image width

a

)

in pixels.
Based on the GSD, the pixel size P in the image can be converted into the actual size D
using Equation (4).
D =P xGSD 4)
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Using this method, the detected bounding box information was converted into ac-
tual spatial dimensions, thereby estimating individual seedling phenotypic parameters,
including plant length, plant width, and plant spread area. Plant length was defined as the
estimated long side of the bounding box, plant width was defined as the estimated short
side of the bounding box, and the plant spread area was calculated as the product of the
bounding box length and width.

2.5.3. Construction of Comprehensive Evaluation Indicators

To comprehensively evaluate the seedling growth status of different varieties, we
calculated two dynamic phenotypic indicators: emergence rate and growth performance.
These indicators were derived from the detection results at 7, 21, and 28 d after seedling
transplantation, resulting in a total of 18 features.

The emergence rate indicators included the emergence rate at 7 d (Eq), 21 d (E),
28 d (E3), mean emergence rate (E;;eqn), maximum emergence rate (E;y), area under the
emergence-rate curve (E4yc), overall emergence rate (E,y), decline in emergence rate
(Edectine), and the time when the emergence rate first reached 100% (Eji0100), comprising a
total of nine dynamic parameters.

Growth indicators were statistically analyzed based on the detection results of the
same variety at different time points (7, 21, and 28 d). These indicators included the mean
growth status at 7 d (Gy), 21 d (Gp), 28 d (G3), mean growth status (Geqn), maximum
growth status (Gyux), area under the growth curve (Gayc), overall growth rate (Goza1),
standard deviation of growth status (Gy), and coefficient of variation in growth status (G),
comprising a total of nine dynamic parameters. These indicators were used to characterize
seedling growth levels and dynamic growth changes of different varieties.

Overall, 18 phenotypic features were used for the subsequent comprehensive evalu-
ation. The extraction workflow is shown in Figure 3, and the corresponding calculation
formulae are provided in Appendix A.1 (Table A1).

Emergence rate parameter extraction

YOLO detection

Count statistics Emergence rate dynamic parameters

1. E1. E2. E3: Emergence rates at 7 d, 21 d, and 28 d;
2. Emean: Mean emergence rate;

3. Emax: Maximum emergence rate;

4. Eauc: Area under the emergence-rate curve;

5. Erwotal: Overall emergence rate;

6. Edeciine: Decline in emergence rate;

7. Etime100: Time when the emergence rate first reaches
100%.

Growth parameter extraction

Growth dynamic parameters

1. G1. G2. G3: Mean growth status at the three growth
stages;

2. Gmean: Mean growth status;

3. Gmax: Maximum growth status;

4. Gauc: Area under the growth curve;

5. Grioal: Overall growth rate;

6. Gswa: Standard deviation of growth status;

7. Gev: Coefficient of variation of growth status.

&
S
B
]
b3

Plant spread area=2050 cm”
Figure 3. Extraction of emergence-rate and seedling-growth parameters from UAV RGB imagery.

To eliminate the effects of differences in indicator dimensions and directions on the
comprehensive evaluation results, each indicator was first unified in direction and normal-
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ized using range standardization. For the positive indicators, Equation (5) was used for
normalization, whereas Equation (6) was used for the reverse normalization of negative
indicators, therefore all indicators were transformed such that larger values indicated
better performance.

X. — X .

Zij _ e ij _]},(n{unI (5)
j,max j,min

Zi' _ Xj,max - Xij (6)

/ X jmax — X j,min

Xijj represents the original value of the ith variety for the jth evaluation indicator, X; ;,, and
X; max represent the minimum and maximum values of the jth evaluation indicator among
all varieties, respectively, and Z;; represents the standardized indicator value.

To reduce information redundancy among the different indicators, principal compo-
nent analysis (PCA) was performed on the standardized evaluation indicators, and the
resulting principal components (PCs) were extracted as comprehensive variables (Fy, F»,
Fs, ..., F).

Based on the dimensionality reduction results, min-max normalization was per-
formed on the scores of each PC to obtain the corresponding membership function values
(Equation (7)). The weight of each PC is determined based on the proportion of the variance
contribution rate to the cumulative contribution rate of the selected PCs (Equation (8)).
Finally, the comprehensive evaluation D value was obtained by weighting and summing
the membership function values of all PCs (Equation (9)):

F — Fy;
X,) = i min 7
,‘l/l( ) Fmax_Fmin ( )
Pi
w; = (8)
i1 Pi
n
D= ,Zl[#(Xi) X wj] )
1=

where F; represents the ith PC; F,;;,, and Fj;y represent the minimum and maximum values
of the ith PC, respectively; w; represents the weight of the ith PC; and p; represents the
contribution rate of the ith PC.

To quantify the relationships between the phenotypic traits and the comprehensive
seedling growth indicator D, stepwise regression was used for variable selection. The
criteria for variable entry and removal were set at p < 0.05 and p > 0.10, respectively, and a
multiple linear regression (MLR) model, S, was further constructed for rapid quantitative
evaluation of seedling growth performance.

S = Bo+ Ly BiX; (10)

Bo is the regression intercept, f; is the regression coefficient corresponding to the jth
feature variable, X; represents the jth feature variable, and m represents the number of
feature variables included in the model.

2.6. Evaluation Metrics
2.6.1. Model Evaluation Metrics

To evaluate the detection performance of DualSlim-YOLO, Precision (P), Recall (R),
Fl-score, mean Average Precision at an Intersection over Union (IoU) threshold of 0.5
(mAP@0.5), and mean Average Precision averaged over IoU thresholds from 0.5 to 0.95 in
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steps of 0.05 (mAP@0.5:0.95) were used as evaluation metrics (Equations (11)—~(17)), thereby
providing a comprehensive assessment of the object-detection algorithm.

TP

P=_——
TP +FP

(11)
where TP represents true positives, namely correctly predicted target instances, and FP
represents false positives, namely incorrectly predicted target instances.

TP

R=4prEN (12)

where FN represents false negatives, namely target instances that were not detected.

2 X Precision x Recall
F1-S = 1
core Precision + Recall (13)

AP = [ P(R)dR (14)
n
mAP = 1y AP, (15)
i=1
mAPys = LY 1 APYS x 100%, IoU > 0.5 (16)

where 1 represents the total number of classes in the dataset, AP; represents the average
precision of the ith class, and AP? represents the average precision of the ith class at an
IoU threshold of 0.5.

mAPy 5095 = 15 40 MAPy 50+0.05k (17)

where k represents the index of the IoU threshold.

2.6.2. Evaluation Metrics for Counting and Emergence Rate Estimation

To evaluate the accuracy of the model in practical seedling counting and emergence
rate estimation, counting mean absolute error (Counting MAE, MAE ), counting root
mean square error (Counting RMSE, RMSE o), and emergence-rate mean absolute error
(Emergence-rate MAE, MAEER) were used as evaluation metrics (Equations (18)—(20)).

MAEcount - % ?zl‘ﬁi - Ni (18)

~ 2
RMSEcount = \/,112?1 (Ni - Ni) (19)
MAEgg = %2?:1’ﬁ2i—ERi (20)

where N; and N; represent the number of seedlings of the ith variety obtained from model
prediction and manual counting, respectively; ER; and ER, represent the emergence rates
of the ith variety calculated based on model prediction and manual counting, respectively;
and n denotes the number of varieties included in the evaluation.

3. Results
3.1. Seedling Detection Results
3.1.1. Comparison of Different Seedling Recognition Algorithms

To select an object detection model suitable for seedling-stage recognition and feature
extraction, Faster R-CNN, YOLOvS8, YOLOv11, and YOLOv12 were selected for compar-
ative experiments in this study. To ensure the comparability of the experimental results,
all models were trained and tested under the same environment and parameter settings,
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and the results are listed in Table 2. Compared with YOLOv12, YOLOv11 achieved better
performance in terms of Recall, F1-score, and mAP@0.5:0.95. Considering that missed de-
tections may affect subsequent seedling counting and emergence rate estimation, YOLOv11
was selected as the baseline model for subsequent model improvements.

Table 2. Comparison of the performance of different seedling detection models.

Model P(%) R (%) Fl1-Score (%) mAP@0.5(%) mAP@0.5:0.95 (%)
Faster R-CNN  75.27 98.18 85.21 96.52 65.23
YOLOvS8 9490 95.60 95.25 97.50 85.70
YOLOv11 9492 96.60 95.75 98.16 86.55
YOLOv12 95.32 95.25 95.28 98.28 86.25

3.1.2. Model Improvement and Comparison

To meet the requirements for real-time detection of small cauliflower seedlings in
complex field scenarios, this study used YOLOvV11 as the baseline model to investigate
lightweight and feature-enhancement improvements. The effects of different lightweight
modules and feature fusion strategies on the model performance were compared through
multiple ablation experiments, and the optimal network architecture suitable for cauliflower
seedling detection was selected. Different improvement strategies showed differences in
detection accuracy, model complexity, and inference speed, and the results are listed in
Table 3. The results showed that DualSlim-YOLO reduced the number of model parameters
and computational complexity while maintaining high detection accuracy. Its F1-score and
mAP@Q.5 reached 96.05% and 98.55%, respectively, which were higher than those of the
other models. The model had 1.59 M parameters, a computational cost of 5.51 giga floating-
point operations (GFLOPs), and an inference speed of 68.63 frames per second (FPS),
indicating better overall performance than the other models. Considering its detection
accuracy, model complexity, and inference efficiency, DualSlim-YOLO was selected as the
final cauliflower-seedling detection model.

Table 3. Performance comparison of cauliflower seedling detection models under different improve-
ment strategies.

P R F1-Score mAP@0.5 mAP@0.5:0.95 Parameters
Model %) (%) (%) %) %) ™) GFLOPs FPS
YOLOV11 9492  96.60 95.75 98.16 86.55 2.59 6.4 56.18
YOLOv11 + P2 9582  95.15 95.49 98.24 86.06 2.67 10.40 52,51
YOLOv11 + DWRSeg 9526  96.69 95.97 98.49 86.84 261 6.49 53.37
YOLOVleEEWRSQg T 9659 9528 95.93 98.26 86.24 2.61 6.50 52.21
DualSlim-YOLO 9535  96.75 96.05 98.55 86.65 1.59 5.51 68.63
DualSlim-YOLO + Gate 9525  96.51 95.88 98.29 86.37 1.64 6.10 67.79

Note: P2 represents the small-object detection layer, DWRSeg represents the convolutional feature
enhancement module, ECA represents the efficient channel attention mechanism, and Gate represents
the gating mechanism.

3.1.3. Validation of Model Generalization

To further evaluate the generalization ability of the model, the independent test set
was used as external validation data. This test set was not involved in model training,
validation, or model selection. To ensure the comparability of the evaluation results, all
tests were conducted using fixed model weights and inference parameters. The overall
detection performance of the model was evaluated using all images in the independent
test set (Table 4). The images acquired at 7, 21, and 28 days after transplanting were then
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evaluated separately to analyze the detection performance of the model at different time
points (Figure 4).

Table 4. Overall performance on the independent test set.

F1-Score mAP@0.5 mAP@0.5:0.95 Parameters
M 1 P (% R (% FLOP: FP
ode (%) (%) (%) %) %) ™) GFLOPs S
YOLOv11 96.27 95.15 95.70 96.71 81.65 2.59 6.44 56.32
DualSlim-YOLO 95.58 96.50 96.04 97.25 82.02 1.59 5.51 64.02
a. b.
[ YoLov1l [ YoLOv11
100 1 ] DualSlim-YOLO 97,61 97.75 97.31 9842 100 9 ] pualSlim-YOLO
94,89 95.27
90 - 90 - 87.60 87.72
& § 83.91 8505
2
< 80 & 80
n S
= W
n@.) S 70.31_70.44
= 701 S 70,
g <
£
60 60
50 50
7d 21d 28d 7d 21d 28d

Figure 4. Time-point-specific AP on the independent test set. (a) mAP@0.5. (b) mAP@0.5:0.95.

The results showed that DualSlim-YOLO achieved good overall performance in terms
of Recall, F1-score, mAP@0.5, and mAP@0.5:0.95, while reducing the number of model
parameters and computational complexity and improving inference speed. In the evalua-
tions at different time points, its mAP@0.5 and mAP@0.5:0.95 were consistently higher than
those of YOLOv11. These results indicate that the model achieves a good balance between
detection performance and inference efficiency while demonstrating good generalization
ability on the external cauliflower test plot.

3.1.4. Ablation Experiments

To verify the effectiveness of the improvement strategies in DualSlim-YOLO, ablation
experiments were conducted on the same dataset used in this study, and the results are
shown in Table 5. Compared with the baseline YOLOv11 model, removing the P5 detec-
tion head reduced the number of parameters from 2.59 M to 1.85 M and the number of
GFLOPs from 6.44 to 5.85. Meanwhile, the F1-score and mAP@0.5:0.95 increased to 95.93%
and 86.63%, respectively, indicating that removing the P5 detection head reduced model
complexity while maintaining good detection performance. On this basis, the UIBBlock
module from the lightweight MobileNetV4 was further introduced into the high-level
feature extraction stage to reduce redundant computations in the backbone network. The
resulting DualSlim-YOLO achieved a good balance among detection accuracy, model
complexity, and inference speed. Its P, R, F1-score, mAP@0.5, and mAP@0.5:0.95 reached
95.35%, 96.75%, 96.05%, 98.55%, and 86.65%, respectively. The number of parameters and
the number of GFLOPs were reduced to 1.59 M and 5.51, respectively, and the inference
speed increased to 68.63 FPS.
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Table 5. Results of the ablation study.

P4/16

P5/32

P5 Detect P R F1-Score mAP@0.5 mAP@0.5:0.95 Parameters
Model  UIB- UIB-  Removed (%) (%) (%) %) (%) M) GFLOPs  FPS
Block Block

YOLOv11 - - 9492  96.60 95.75 98.16 86.55 2.59 6.44 56.18
1 - - 4 95.84  96.03 95.93 98.33 86.63 1.85 5.85 68.36

2 V4 - - 9485 96.63 95.74 98.40 86.58 2.54 6.27 59.04

3 - V4 - 94.88 96.45 95.66 98.44 86.59 2.38 6.27 58.61

4 Vv v - 9629  95.17 95.72 98.42 86.27 2.33 6.10 59.51

5 Vv - 4 96.11 95.79 95.95 98.48 86.38 1.80 5.68 66.58

6 - vV V4 95.70 96.21 95.96 98.22 86.32 1.64 5.68 64.15
D;lglflém- Vv v Vv 9535 96.75 96.05 98.55 86.65 1.59 5.51 68.63

“

Note: “+/” indicates that the module was included, while indicates that it was not included.

To more clearly demonstrate the effectiveness of the improved model, the detection
results of YOLOv11 and DualSlim-YOLO were visually compared, as shown in Figure 5.
Compared with the baseline model, DualSlim-YOLO reduced missed and false detections
of cauliflower seedlings while maintaining a lightweight architecture.

4

YOLOv11 Original image

DualSlim-YOLO

Figure 5. Comparison of detection results before and after model improvement.

3.2. Evaluation of Counting Performance

To evaluate the performance of the model in practical seedling counting and emergence
rate estimation, 20 cauliflower varieties were selected, and MAEount, RMSEcount, MAEER,
and their 95% confidence intervals were calculated at different time points. The results are
shown in Table 6. DualSlim-YOLO exhibited lower counting errors and emergence rate
estimation errors than YOLOv11 at 7, 21, and 28 days. At 7 days, the MAEcount, RMSEcount
and MAEgR of DualSlim-YOLO were 2.80 seedlings, 4.40 seedlings, and 13.08 percentage
points, respectively. Compared with the baseline model, these values were reduced by
0.95 seedlings, 1.10 seedlings, and 4.89 percentage points, respectively. The results showed
that DualSlim-YOLO achieved good performance in seedling counting and emergence rate
estimation at different time points.
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Table 6. Counting and Emergence-Rate Estimation Errors at Different Time Points.
. . MAEcount, RMSEcount MAEgr
Model Time Point b1 65 95% CI)  (Plants 95% CI) (pp 95% CI)

YOLOv11 7d 3.75 (2.10-5.65) 5.50 (3.41-7.38) 17.97 (10.13-26.54)
DualSlim-YOLO 7d 2.80 (1.45-4.40) 4.40 (2.47-6.17) 13.08 (6.59-20.32)

YOLOv11 21d 0.15 (0.00-0.40) 0.50 (0.00-0.84) 0.68 (0.00-1.80)
DualSlim-YOLO 21d 0.10 (0.00-0.25) 0.32 (0.00-0.50) 0.47 (0.00-1.18)

YOLOv11 28d 0.30 (0.10-0.55) 0.63 (0.32-0.92) 1.30 (0.29-2.50)
DualSlim-YOLO 28d 0.25 (0.05-0.50) 0.59 (0.22-0.89) 1.14 (0.20-2.30)

3.3. Analysis of Emergence Rates Among Different Varieties

In this study, a lightweight DualSlim-YOLO detection model was used to automatically
identify cauliflower seedlings in images acquired 7, 21, and 28 d after transplantation. The
feature response regions of the model were visualized using heat maps, as shown in
Figure 6a. The high-response areas in the heat maps were mainly concentrated around
the seedling canopy and its edges, indicating that the model could accurately capture the
characteristics of cauliflower seedlings in the field. Based on this, the emergence rate of each
variety at 7, 21, and 28 d was calculated by combining the number of seedlings detected
by the model with the number of seedlings transplanted into the field. The varieties
were then ranked in descending order according to the final emergence rate at 28 d, as
shown in Figure 6b. The ranking results and corresponding variety codes are provided
in Appendix A.2 (Table A2). The results showed that the emergence rates of different
varieties varied markedly across the three time points. Seven days after transplantation,
the emergence rates varied considerably among the varieties, indicating clear differences
in emergence speed. At 21 d, the overall emergence rate increased substantially. By 28 d,
most varieties had reached an emergence rate of 100%, whereas a few varieties still showed
relatively low emergence rates, indicating differences in seedling establishment ability
among the varieties.

To further analyze the dynamic characteristics of emergence rates, the 171 varieties
were grouped into the top 20% and bottom 20% according to the overall distribution of
emergence rates (171 x 0.2 = 34.2, rounded up to 35 varieties per group), and heat maps
of emergence rates at the three time points were plotted separately (Figure 7). The results
showed that the top 20% of varieties had the highest overall emergence rates. By 21 d, most
of these varieties had reached emergence rates of 90-100% and maintained these rates at 28
d, indicating good emergence ability. In contrast, the bottom 20% of the varieties showed
relatively low final emergence rates with large differences among them. Some varieties
showed no improvement at 28 d, indicating slow emergence speed and poor final seedling
establishment ability.

3.4. Comprehensive Evaluation of Dynamic Seedling-Stage Characteristics

Based on the detection results of the DualSlim-YOLO model, field emergence rates and
bounding box information were used to extract nine dynamic emergence rate parameters
and nine dynamic growth parameters. Eighteen dynamic seedling-stage features were
obtained. To eliminate the effects of differences in indicator dimensions and directions
on the comprehensive evaluation results, each indicator was first adjusted to a common
direction and standardized using range normalization. To reveal the correlations and
potential information redundancies among different dynamic characteristics, a correlation
heatmap was generated (Figure 8a), which showed strong correlations between emergence
rate indicators and growth indicators. Therefore, principal component analysis (PCA) was
applied to the 18 dynamic features, and the first four principal components (PCs) were
extracted, explaining 91.57% of the cumulative variance (Figure 8b).
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Figure 6. Cauliflower seedling detection process and dynamic emergence-rate monitoring results
based on DualSlim-YOLO. (a) Visualization of the cauliflower seedling detection process. (b) Dynamic

changes in emergence rates among different varieties.
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Figure 7. Heatmaps of dynamic changes in emergence rates of different varieties at three time points.
(a) Heatmap of emergence rates for the top 20% of varieties. (b) Heatmap of emergence rates for the

bottom 20% of varieties.
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Figure 8. PCA results of the comprehensive evaluation indicators for cauliflower seedling emer-
gence rate and growth performance. (a) Pearson correlation heatmap of the evaluation indicators.
(b) Contribution rate and cumulative contribution rate of the PCs. (c) Bubble plot of PC loadings.

The contribution of each original variable to the PCs was analyzed using a PCA

loading plot (Figure 8c). The results showed that PC1 had high loading values for Ej,
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multiple growth indicators, and cumulative growth indicators, reflecting the early emer-
gence and growth advantage of the seedling population. PC2 was primarily influenced by
emergence-related indicators, representing the overall emergence ability and process of the
varieties. PC3 and PC4 focused on emergence dynamics, early-growth performance, and
growth fluctuation parameters, reflecting differences in seedling-stage dynamic changes
and stability among varieties.

These results indicate that each PC represents seedling-stage phenotypes from three
dimensions: emergence ability, growth level, and stability. These dimensions correspond
well to the multidimensional evaluation system used for the comprehensive evaluation
based on the D value.

Based on the PCA dimensionality reduction results, the D value for each variety
was calculated by integrating the scores of each PC with the corresponding contribution-
rate weights. To facilitate comparison among different varieties, the D values were further
normalized and mapped to a 0-100 range, which was used as the comprehensive evaluation
score for the seedling growth performance of different varieties.

3.5. Construction of the Comprehensive Growth Evaluation Model and Variety Screening
3.5.1. Construction of an MLR-Based Comprehensive Model

To construct an interpretable quantitative evaluation model for seedling growth per-
formance, the comprehensive evaluation indicator D was used as the dependent variable.
Based on the results of stepwise variable selection, E j,¢ie and G, were excluded, and the
remaining variables were used to construct the multiple linear regression (MLR) model S
(Equation (21)). This model can directly use the original feature parameters extracted in
batches from UAV-based detection and rapidly output a comprehensive seedling growth
score for each variety, making it suitable for subsequent large-scale quantitative assessments
of field seedling conditions.

S =-259941 +0.0782 x E1 +0.0714 x E; + 0.2001 x E3 + 0.1484 X Eean — 0.0024 x

Epax +0.1269 x Eayc — 0.1471 X Eyyopar — 0.0846 X Eji,e100 + 0.0352 x Gy + 0.0065 x
Gy +0.0044 x Gz + 0.0079 X Guean + 0.0044 X Guax + 0.0086 X Gayc + 0.0941 x

(21)
Grtotul — 0.0041 x Gstd

3.5.2. Growth Indicator Selection and Validation of Comprehensive Evaluation Results

The regression coefficients in the comprehensive model S are affected by feature scales
and, therefore, cannot be directly used to evaluate variable contributions. Among all canopy
growth-related indicators (G1, G2, G3, Guean, Gmax, Gauc, Grtotat, ad Ggtg), Gauc and Gy
represent the cumulative seedling growth level and overall growth rate, respectively, and
can effectively reflect the dynamic changes in seedling growth performance. Emergence
indicators such as Eq, Ey, and Ej reflect only the number of seedlings and do not repre-
sent overall seedling growth performance. Therefore, Gayc and Gy, Were selected as
representative growth indicators to validate the discriminative performance of the model.

The top- and bottom-ranked 20% of varieties in the comprehensive evaluation ranking
were compared and analyzed. As shown in Figure 9a,b, both growth indicators showed
highly significant differences. The G4yc values of the top 20% of the varieties were mainly
concentrated around 1200, whereas those of the bottom 20% were mostly distributed
between 400 and 700. This indicates that the top-ranked varieties in the comprehensive
evaluation had greater cumulative growth and overall growth advantages during the
7-28 d observation period. The G, values of the top 20% of the varieties were mainly
between 70 and 90, whereas those of the bottom 20% were between 30 and 50. This indicates
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that the top 20% of varieties had a faster overall growth rate during the 7-28 d period and
showed greater early-seedling-growth potential.
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Figure 9. Analysis of seedling growth differences among varieties based on the comprehensive
evaluation. (a) Comparison of G4yc between the top 20% and bottom 20% of varieties in the
comprehensive evaluation. (b) Comparison of Gy, between the top 20% and bottom 20% of
varieties in the comprehensive evaluation. (¢) Dynamic changes in growth performance of the top
20% of varieties at the three time points. (d) Dynamic changes in growth performance of the bottom

20% of varieties at the three time points.
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Combined with the dynamic growth curves at the three time points (Figure 9¢c,d), the
growth levels of the top 20% of the varieties were higher than those of the bottom 20%
at7,21, and 28 d. At 28 d, the average plant canopy area of the top 20% of varieties was
approximately 2500, indicating better growth performance at this time point. In contrast,
the bottom 20% of varieties showed a relatively lower overall level at 28 d, with most
varieties distributed between 1500 and 2000 and considerable differences among varieties.
The top 20% of the varieties identified through the comprehensive evaluation showed clear
advantages in Gayc, Gyotar, and dynamic growth patterns across the three time points,
demonstrating that these varieties had high cumulative growth levels, fast overall growth
rates, and superior seedling growth performance. In contrast, the bottom 20% of the
varieties showed weaker overall growth performance and poorer growth stability within
the germplasm collection.

3.5.3. Consistency Analysis Between Emergence and Growth Performance

To further analyze the relationship between emergence ability and the comprehen-
sive level of seedling growth performance, the top 20% and bottom 20% of varieties
were identified based on emergence indicators and comprehensive growth evaluation
scores, respectively.

A Venn diagram was used to perform an overlap analysis of the two evaluation results,
as shown in Figure 10. Among the top 20% of varieties, only 15 germplasm accessions
overlapped in both emergence ability and growth performance, whereas many varieties
showed outstanding performance in only one of the two dimensions. Among the bottom
20% of lower-performing varieties, 18 germplasm accessions overlapped in both poor
emergence ability and weak growth performance, indicating that some varieties performed
poorly in both emergence ability and early seedling growth.

Top 20% Top 20% Bottom 20% Bottom 20%
emergence rate  growth performance emergence rate growth performance
20 15 20 17 18 17
Overlapping varieties Overlapping varieties
11-27 11-29 3-22 3-23 3-5 4-13 4-26 5-14 10-17 10-26 11-5 11-6 3-29 4-2 5-10 5-26
5-23 6-17 6-19 6-23 6-29 9-27 9-31 6-16-2 6-3 6-59-19-10 9-11 9-13 9-2 9-9

Figure 10. Overlap analysis of the top 20% and bottom 20% of varieties based on emergence rate and
growth performance.

4. Discussion
4.1. Model Optimization

UAV imaging technology and object detection models such as YOLO have been
applied to crop object recognition. Studies on multi-domain agricultural imagery have
shown that model selection should comprehensively consider different evaluation metrics.
Among them, YOLOvV11 exhibited relatively small performance variations under different
spectral and image-quality conditions, demonstrating good stability [35]. This provided a
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reference for selecting YOLOV11 as the baseline model in this study. In addition, previous
studies have shown that lightweight network optimization can reduce the number of
model parameters and computational complexity. Meanwhile, it can maintain the detection
performance of small-scale crop targets in complex field environments [36]. Based on this,
YOLOv11 was lightweightly optimized in this study to improve model efficiency while
maintaining high detection performance for small cauliflower seedling targets.

The C3k2 modules in stages P4 and P5 of the backbone were replaced with UIBBlock
modules from MobileNetV4 to reduce the number of network parameters and computa-
tional complexity. Meanwhile, the P5 large-scale detection branch was removed, and only
the P3 and P4 dual-scale detection heads were retained to enhance the detection capability
of the model for small-scale targets. The P5 feature map had a relatively low resolution,
which limited its ability to represent the spatial details of small seedling targets and in-
creased computational redundancy. Therefore, removing the P5 detection head helped
reduce unnecessary computations and lowered the risk of false detections. The introduc-
tion of the lightweight UIBBlock module further improved computational efficiency while
maintaining the model’s feature representation capability, thereby enhancing its potential
for real-time inference applications under field conditions.

The DualSlim-YOLO model maintained detection performance while increasing the
inference speed from 56.18 FPS to 68.63 FPS, representing an improvement of approximately
22.16%. In addition, the model maintained good detection performance on external test
images with no spatial overlap with the original dataset, indicating good generalization
ability for the same crop. The mAP@0.5:0.95 at 7 days was lower than that at 21 and
28 days. This may be because the seedlings were smaller and had weaker boundary
features at the early-growth stage, making localization errors more pronounced at higher
IoU thresholds. Lightweight models have also been shown improve the applicability of
edge-device deployment in field detection tasks for crops such as cabbage [37], potato
seedlings [38], and maize tassels [39]. Therefore, in seedling-stage small-object detection
tasks, reasonable adjustment of the detection-scale structure combined with lightweight
feature extraction modules can achieve a good balance among detection performance,
model complexity, and inference efficiency.

4.2. Emergence Rate Estimation and Dynamic Growth Monitoring

Automatic seedling recognition, estimation of emergence rates, and dynamic evalua-
tion of early-growth performance are of great significance in crop breeding. In this study,
the emergence rates and dynamic growth parameters of different cauliflower varieties
were extracted using multitemporal UAV RGB imagery and an improved lightweight
object detection model, enabling a comprehensive evaluation of seedling-stage growth
performance. Existing studies have mostly focused on single-dimensional analyses, ei-
ther estimating only seedling numbers [40,41] or evaluating seedling-stage growth based
only on growth parameters [42,43]. This study found that integrating emergence rate and
dynamic growth parameters enabled a more comprehensive analysis of seedling-stage
growth differences (Figure 9). Among them, the top 20% of varieties in the comprehensive
ranking showed significantly higher Gauc, Gytotal, and mean projected area at different
time points than the bottom 20% of varieties, indicating that the comprehensive evaluation
could effectively distinguish seedling-stage growth performance among different varieties.
The emergence rate reflects the number of established seedlings of each variety, whereas
the comprehensive growth evaluation reflects the early-growth status of the seedling pop-
ulation. A combination of these two methods can improve the accuracy and stability of
variety screening.
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As shown in Figure 10, the Venn overlap analysis between emergence rate and compre-
hensive growth evaluation showed that some varieties, such as 11-27, 11-29, and 3-22, were
common to top 20% of the groups selected based on emergence rate and comprehensive
growth evaluation. This indicates that some varieties have advantages in both emergence
ability and seedling-stage growth performance. In contrast, varieties such as 10-17, 10-26,
and 11-5 ranked in the bottom 20% for both emergence rate and growth performance,
indicating that these varieties may have poor emergence and slow growth during the
seedling stage. Some cultivars may exhibit a high emergence rate but weak overall growth,
whereas others may exhibit good overall growth but a relatively low emergence rate. This
indicates that a single indicator could not fully and objectively evaluate the comprehensive
performance of cauliflower seedlings. Therefore, in the identification and evaluation of
multiple cauliflower cultivars at the seedling stage, combining emergence rate estimation
with the dynamic analysis of early growth can effectively identify superior cauliflower culti-
vars with stable emergence and outstanding early-growth potential, thereby demonstrating
the advantages of the multi-feature fusion quantitative evaluation model.

In addition, the results of stepwise variable selection showed that E i and Gep
were not retained in the final regression model. This may be related to the correlations
and information overlap among different emergence-rate and dynamic growth indicators.
When the other variables were included in the model, Edecline and Gev provided only
limited additional contributions to the model. Variable selection can reduce redundant
variables while retaining the key phenotypic information, thereby improving the simplicity
and interpretability of the comprehensive evaluation model.

4.3. Limitations and Future Research Directions

This study used multi-temporal UAV imagery to monitor the emergence rate and
seedling growth of different cauliflower varieties, effectively distinguishing varietal differ-
ences in emergence rate and early-growth traits. This provides reliable technical support
for cauliflower germplasm identification and resource screening at the seedling stage.

However, this method still has certain limitations. DualSlim-YOLO has not yet been
deployed on actual edge-computing platforms, and its inference efficiency and practical
performance on resource-constrained devices require further evaluation. In addition, the
plant spread area derived from rectangular bounding boxes of cauliflower seedlings in this
study was used only as an approximate representation of canopy size. Future studies could
extend the monitoring period to the entire growth cycle of cauliflower and incorporate field
measurements to validate the accuracy and applicability of the estimated plant spread area.

5. Conclusions

This paper proposes a cauliflower seedling growth evaluation method based on UAV
imagery and object detection. UAV images acquired at 7, 21, and 28 d were integrated
with the DualSlim-YOLO model to achieve automatic cauliflower seedling identification,
seedling counting, and batch extraction of seedling-stage phenotypic parameters. The
DualSlim-YOLO model effectively reduced model complexity and improved inference
efficiency while maintaining high detection accuracy, making it suitable for batch processing
of UAV images and rapid seedling identification at the cauliflower seedling stage.

For emergence rate estimation, this study obtained the number of seedlings for differ-
ent cultivars at three time points based on the seedling detection results and then calculated
their emergence rates and dynamic variation characteristics. These results enabled rapid,
nondestructive, and quantitative monitoring of the cauliflower emergence process. For
growth analysis, this study combined UAV image ground resolution parameters to extract
and comprehensively evaluate seedling-stage growth parameters of different cultivars,
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thereby achieving dynamic monitoring of the early-growth status of different cauliflower
cultivars. The cross-validation results between emergence and growth indicated that a
single emergence indicator could not fully reflect the comprehensive seedling-stage per-
formance of cultivars, whereas integrating multidimensional phenotypic features enabled
a more accurate evaluation of early-growth potential. This study provides efficient and
nondestructive technical support for the precise monitoring, high-throughput phenotyping,
and early screening of superior germplasm resources at the cauliflower seedling stage.
It also provides a reference for intelligent monitoring of Brassicaceae vegetables at the
seedling stage.
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Abbreviations

The following abbreviations are used in this manuscript:

GSD Ground Sampling Distance

PCA Principal Component Analysis

P Precision

R Recall

IoU Intersection over Union

mAP@0.5 mean Average Precision at IoU = 0.5

mAP@0.5:0.95 mean Average Precision averaged over IoU thresholds from 0.5 to 0.95 with steps of 0.05
YOLO You Only Look Once

D D value (comprehensive evaluation index)

S Final model developed using multiple linear regression (MLR)
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Appendix A
Appendix A.1

Table Al. Growth feature extraction parameters and definitions.

Parameter Description
Eq1 Eq: Emergence rate at 7 d
E> E;: Emergence rate at 21 d
E; E3: Emergence rate at 28 d
Emean = Eitlotks Einean: Mean emergence rate

3
Epax = max(Ell Ey, EB)

E,+E;
Z%:](tiﬂ*ti)'lfwl

Equc = —
£ _ B
rtotal — T—f
Ejectine = max(0,E; — Ep)+max(0,E; — E3)
t1, E1 > 100

tr, E1 <100, E; > 100
ts3, E; <100, E; < 100, Ez > 100
t3 + Atp3, E; < 100, E; < 100, E3 < 100
Gr = iy L A(Af = (W] x GSD)(H; x GSD))
Gy = ,TZE A%ld
Gs = ,%Z A28d
G1+Gy+Gs

Etime100 =

Gmean = 3
Gmax = maX<G1/ Go, G3)
G;+G;
Li(hy, —t) =5
t3—t
G — G3*él
rtotal — T3 TH
G td _ \/(Gl_Gmean)z"r(GZ_Gmen)2+(G3—Grneun)2
std =

Gauc =

— Gstd
GCU ~ Gueante

Ejax: Maximum emergence rate
E4uc: Area under the emergence-rate curve

Etota: Overall emergence rate
Ejectine: Decline in emergence rate

Etime100: Time when the emergence rate first reached 100%

G1: Mean growth status at 7 d
Gy: Mean growth status at 21 d
G3: Mean growth status at 28 d

Gean: Mean growth status
Gmax: Maximum growth status

Gauc: Area under the growth curve
Grtota: Overall growth rate
Gstq: Standard deviation of growth status

Geo: Coefficient of variation of growth status, e:
Infinitesimal constant

Note: t; denotes the time point (i = 1, 2, 3); Af denotes the area of the ith plant at time f; Wl-t denotes
the width of the detection box; Hlt denotes the height of the detection box; and #; denotes the number
of samples at the corresponding time point.

Appendix A.2

Table A2. Ranking results for different cultivars and their corresponding codes.

Variety Eq E; E; Rank Variety Eq E; E; Rank
5-14 91.30 95.65 100.00 1 9-18 82.61 95.65 91.30 87
4-26 91.30 91.30 100.00 2 9-27 95.65 91.30 91.30 88
11-25 82.61 100.00 100.00 3 3-17 60.87 91.30 91.30 89
9-25 91.30 100.00 100.00 4 9-17 58.70 86.96 89.13 90
9-28 67.39 93.48 100.00 5 9-6 89.13 93.48 89.13 91
6-24 95.65 95.65 100.00 6 4-21 82.61 89.13 89.13 92
119 100.00 100.00 100.00 7 9-12 63.04 89.13 89.13 93
4-20 91.30 95.65 100.00 8 6-7 43.48 82.61 86.96 94
9-30 52.17 100.00 100.00 9 9-5 45.65 91.30 86.96 95
5-35 86.96 91.30 100.00 10 9-4 47.83 86.96 86.96 96
11-1 78.26 100.00 100.00 11 9-13 30.43 65.22 86.96 97
9-22 39.13 100.00 100.00 12 5-33 82.61 91.30 86.96 98

6-2 4.35 100.00 100.00 13 9-9 30.43 91.30 86.96 99
10-5 67.39 97.83 100.00 14 4-29 100.00 91.30 86.96 100
4-28 86.96 95.65 100.00 15 4-24 69.57 82.61 86.96 101
10-22 60.87 95.65 100.00 16 4-13 100.00 91.30 86.96 102
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Table A2. Cont.
Variety Eq E; E; Rank Variety Eq E; E; Rank

9-21 95.65 100.00 100.00 17 4-1 69.57 86.96 86.96 103
10-20 65.22 91.30 100.00 18 3-4 95.65 91.30 86.96 104
4-30 86.96 95.65 100.00 19 10-17 8.70 82.61 86.96 105
3-15 100.00 100.00 100.00 20 4-22 91.30 86.96 86.96 106
5-23 86.96 95.65 100.00 21 3-14 82.61 86.96 86.96 107
3-23 91.30 100.00 100.00 22 10-19 100.00 86.96 86.96 108
4-10 86.96 95.65 100.00 23 3-25 59.42 85.51 85.51 109
10-7 82.61 93.48 97.83 24 4-6 75.36 85.51 85.51 110

3-5 97.83 97.83 97.83 25 11-12 56.52 84.78 84.78 111
9-31 89.13 97.83 97.83 26 11-23 56.52 84.78 84.78 112

6-6 86.96 100.00 97.83 27 6-32 82.61 84.78 84.78 113

6-9 80.43 95.65 97.83 28 6-26 89.57 86.09 84.35 114
6-29 88.41 100.00 97.10 29 9-19 69.57 86.96 84.06 115

5-6 82.61 100.00 97.10 30 10-13 89.86 85.51 84.06 116
4-11 91.30 91.30 95.65 31 3-7 95.65 82.61 82.61 117
5-30 95.65 100.00 95.65 32 3-16 56.52 95.65 82.61 118
5-21 100.00 94.20 95.65 33 11-24 65.22 85.87 82.61 119

5-3 78.26 95.65 95.65 34 6-4 60.87 82.61 82.61 120

6-8 78.26 91.30 95.65 35 10-8 68.12 81.16 82.61 121

3-3 65.22 100.00 95.65 36 9-1 26.09 82.61 82.61 122

4-5 95.65 91.30 95.65 37 4-15 91.30 82.61 82.61 123

4-4 84.78 93.48 95.65 38 4-27 82.61 82.61 82.61 124
5-32 50.72 88.41 95.65 39 4-8 82.61 82.61 82.61 125
6-19 100.00 95.65 95.65 40 5-28 91.30 82.61 82.61 126
5-34 60.87 95.65 95.65 41 4-9 95.65 86.96 82.61 127
5-36 60.87 86.96 95.65 42 9-8 65.22 82.61 82.61 128
9-14 21.74 95.65 95.65 43 4-25 42.24 78.88 81.37 129

6-1 26.09 82.61 95.65 44 9-34 65.22 78.26 78.26 130
6-17 86.96 95.65 95.65 45 10-26 41.30 78.26 78.26 131

3-9 78.26 95.65 95.65 46 3-13 100.00 86.96 78.26 132
5-16 34.78 91.30 95.65 47 10-18 60.87 78.26 78.26 133
3-22 95.65 95.65 95.65 48 5-19 60.87 73.91 78.26 134
9-15 86.96 91.30 95.65 49 4-3 91.30 78.26 78.26 135
9-26 91.30 95.65 95.65 50 10-12 73.91 78.26 78.26 136

9-7 56.52 100.00 95.65 51 4-17 82.61 78.26 78.26 137
10-23 91.30 95.65 95.65 52 6-5 26.09 73.91 78.26 138
11-10 82.61 91.30 95.65 53 4-14 82.61 82.61 78.26 139
11-20 78.26 95.65 95.65 54 4-12 82.61 78.26 78.26 140
3-18 60.87 91.30 95.65 55 3-8 73.91 78.26 78.26 141
11-21 34.78 95.65 95.65 56 6-28 78.26 78.26 78.26 142
11-27 95.65 97.83 95.65 57 11-7 65.22 78.26 76.09 143
11-3 34.78 86.96 95.65 58 3-26 68.12 78.26 75.36 144
11-5 17.39 78.26 95.65 59 9-10 26.09 60.87 73.91 145
10-11 85.51 94.20 94.20 60 5-10 21.74 69.57 73.91 146
9-23 89.13 93.48 93.48 61 6-21 91.30 84.78 73.91 147
9-24 73.91 95.65 93.48 62 6-30 78.26 73.91 73.91 148
9-16 80.43 93.48 93.48 63 11-6 4.35 60.87 73.91 149
9-38 77.17 92.39 93.48 64 3-11 47.83 89.13 71.74 150
6-20 97.83 89.13 93.48 65 6-27 63.04 80.43 71.74 151
11-29 96.74 93.48 93.48 66 5-26 73.91 69.57 69.57 152
10-3 89.86 93.48 92.75 67 9-3 63.04 71.74 69.57 153
5-25 77.39 95.65 92.17 68 3-27 54.35 67.39 69.57 154
10-16 82.61 95.65 91.30 69 4-2 43.48 69.57 69.57 155
9-37 32.61 93.48 91.30 70 3-28 69.57 65.22 65.22 156
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Table A2. Cont.

Variety Eq E; E; Rank Variety Eq E; E; Rank
10-21 67.39 86.96 91.30 71 11-19 56.52 69.57 65.22 157
6-31 85.51 92.75 91.30 72 5-27 45.65 63.04 63.04 158
5-29 95.65 91.30 91.30 73 9-2 26.09 60.87 60.87 159
4-23 82.61 91.30 91.30 74 6-3 17.39 60.87 60.87 160
10-14 86.96 86.96 91.30 75 3-6 65.22 60.87 60.87 161
5-11 26.09 95.65 91.30 76 5-24 47.83 52.17 52.17 162
5-13 7391 91.30 91.30 77 5-12 47.83 47.83 52.17 163
5-1 7391 91.30 91.30 78 3-20 56.52 47.83 47.83 164
4-18 91.30 91.30 91.30 79 3-21 44.93 49.28 46.38 165
9-33 100.00 91.30 91.30 80 11-18 28.26 45.65 45.65 166
4-16 73.91 91.30 91.30 81 11-8 43.48 43.48 43.48 167
11-2 52.17 93.48 91.30 82 3-10 41.30 43.48 43.48 168
3-12 43.48 91.30 91.30 83 3-24 33.70 42.39 40.22 169
9-11 21.74 86.96 91.30 84 3-19 30.43 30.43 34.78 170
6-23 100.00 91.30 91.30 85 3-29 2.17 10.87 10.87 171
3-2 89.13 91.30 91.30 86
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