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PAPER

UAV-Based Multi-Sensor Fusion for Leaf Age Detection 
in Maize Inbred Line Population Seedlings

ABSTRACT
Accurate and rapid detection of maize seedling growth is critical in early breeding decision- 
making, smart management, and yield improvement. Traditional leaf age detection still relies 
heavily on labor-intensive and low-efficiency manual field surveys, underscoring the urgent 
need for high-throughput phenotyping. Integrating multisource sensor data from unmanned 
aerial vehicle (UAV) with measured information such as crop height can further enhance the 
estimation accuracy of crop phenotypic parameters. Accurate field plot segmentation is crit-
ical for field-scale phenotypic analysis. However, current approaches remain largely depen-
dent on slow, manual segmentation. Automating this step would greatly reduce the workload 
of agronomists. This study used UAV RGB and multispectral imagery collected over maize 
inbred line population plots before the canopy closure stage to perform automatic plot seg-
mentation on field orthophotos and combined measured plant height with relative flight dates 
to achieve high-throughput detection of leaf age during the maize seedling stage. First, this 
study proposed a maize plot automatic segmentation method based on orthophotos. Then, it 
extracted texture features, RGB, and multispectral vegetation indices of each plot. Combined 
with relative flight date and plant height, four datasets were constructed. Support vector 
regression (SVR), random forest regression (RFR), and automatic machine learning (AutoML) 
regression algorithms were used to build the leaf age detection model. The results showed 
that the orthomosaic from March 23 achieved the best plot-segmentation performance, with 
minimum intersection over union (IoU), mean IoU, and IoU standard deviation of 14.67%, 
96.47%, and 8.65%, respectively. Incorporating relative flight dates and plant-height measure-
ments improved model performance, and the AutoML demonstrated the greatest robustness, 
achieving a validation R2 of up to 0.862 and an RMSE as low as 0.715. This study proposed 
a leaf age estimation method that offers practical technical support for field-based maize 
seedling assessment and reduces manual labor demands.
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1	 INTRODUCTION

Leaf age during the maize seedling stage is a critical indicator of crop devel-
opmental status and plays an essential role in agronomic management, breeding 
decision-making, and yield formation [1, 2]. Accurate characterization of leaf devel-
opment dynamics enables a more comprehensive understanding of crop responses 
to environmental conditions and supports optimized management strategies [3]. 
In maize breeding programs, especially those involving inbred line populations, 
the ability to efficiently monitor leaf age at scale is particularly important, as large 
numbers of genotypes must be evaluated within limited field space.

Conventional leaf age assessment relies primarily on manual leaf counting and 
visual evaluation of leaf expansion. Although widely adopted, these approaches are 
labor-intensive, time-consuming, and subject to observer bias, making them unsuit-
able for high-throughput phenotyping [4, 5]. To address these limitations, early 
studies primarily developed leaf age estimation indices based on established leaf 
growth curves under controlled indoor environments [4, 6, 7]. Consequently, there is 
a need for robust methodologies capable of estimating leaf age under complex field 
conditions.

With the rapid advancement of computer vision techniques, extracting leaf-
level features from images to estimate leaf age has gained considerable research 
attention [8–10]. RGB image-based methods have been widely investigated due to 
their low cost and high spatial resolution, enabling the extraction of canopy color and 
texture features related to leaf development. However, accurate leaf age estimation 
remains challenging due to the diversity in leaf morphology, posture, and appear-
ance, as well as frequent inter-leaf overlap and occlusion [11]. Moreover, many exist-
ing studies have been validated on publicly available RGB datasets, which may not 
fully represent real-world field conditions characterized by variable illumination, 
complex soil backgrounds, and dense canopy structures. Therefore, reliable leaf age 
estimation under plot-scale conditions presents a significant persistent challenge in 
the field of high-throughput phenotyping.

Given the complexity of leaf age estimation, which is influenced by multiple 
interacting factors, the development of accurate methods that can effectively lever-
age high-dimensional data from multi-sensor systems is of particular importance. 
Y. Bai et al. (2023) combined unmanned aerial vehicle (UAV) RGB and multispectral 
imaging with XGBoost and GBDT to detect maize seedling leaf age at the individual 
plant level [1]. In addition, incorporating ground-measured variables—such as plant 
height, nutrient status, or phenological timing—has been reported to improve model 
performance by partially compensating for sensor-related uncertainties. For exam-
ple, W. Zhai et al. (2023) improved maize AGB prediction by incorporating SPAD 
measurements [12], and Y. Liu et al. (2023) enhanced yield estimation by introduc-
ing a lodging index [13]. Despite these advances, many existing studies focus either 
on individual plant-level analysis or on large-area field-scale estimation, while 
the intermediate plot scale, which is particularly relevant for breeding trials, has 
received comparatively less attention.

Automatic plot segmentation from UAV orthophotos is a critical prerequisite 
for high-throughput, plot-level phenotyping. Field experiments often consist of 
hundreds to thousands of plots, and manual delineation of plot boundaries across 
multi-temporal datasets is both time-consuming and prone to inconsistency. 
Existing plot segmentation methods include traditional image processing tech-
niques and deep learning-based approaches. Traditional methods are generally 
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computationally efficient and do not require annotated datasets [14–16], but their 
performance may vary under different crop growth stages and field conditions. 
Deep learning (DL) approaches can achieve high segmentation accuracy [17]; how-
ever, they typically require large annotated datasets and substantial computational 
resources, which may limit their practicality for high-frequency monitoring tasks. 
Furthermore, although a number of studies have explored plot segmentation using 
UAV imagery, many methods are developed under relatively controlled conditions 
or specific growth stages, and their robustness under complex scenarios—such as 
high-resolution orthophotos with dense plot distributions and temporally varying, 
indistinct boundaries caused by canopy overlap—remains a challenge.

Despite these advances, several challenges remain in UAV-based leaf age detec-
tion. First, robust automatic plot segmentation methods that can adapt to varying 
growth stages and canopy structures are still limited. Second, the integration of 
multi-source UAV data with ground-measured variables has not been fully explored 
for leaf age estimation. Third, conventional machine learning approaches often rely 
on manual model selection and hyperparameter tuning, which may limit scalability 
and generalization when applied to heterogeneous datasets.

To address these challenges, this study proposes a UAV-based multi-sensor fusion 
framework for maize leaf age detection at the plot scale. Specifically, we (i) devel-
oped an automatic plot segmentation method based on orthophotos combined with 
mean-shift correction to improve segmentation performance across different growth 
stages; (ii) constructed multi-source datasets by integrating RGB features, multispec-
tral vegetation indices, plant height, and temporal information; and (iii) employed 
automated machine learning (AutoML) alongside conventional regression models to 
improve model robustness and predictive performance. The proposed framework 
enables high-throughput, plot-level phenotyping and provides technical support for 
maize breeding and field management.

2	 MATERIALS AND METHODS

2.1	 Experimental area and data acquisition

The experiments were conducted at the Hainan Breeding Experimental Station 
of the Beijing Academy of Agriculture and Forestry Sciences, located in western 
Sanya, Hainan Province (109°11′E, 18°23′N). The maize materials used in this 
study were derived from an association mapping panel developed by Professor 
Jianbing Yan at Huazhong Agricultural University. This panel encompasses a wide 
range of germplasm representing temperate, tropical, and subtropical ecotypes, 
thus capturing substantial genetic diversity across the maize gene pool. A total 
of 520 inbred lines were sown in March 2023 in a rectangular field measur-
ing 70 m × 52 m (3,640 m2), which was divided into 520 individual plots. Each 
plot was arranged with a row spacing of 55 cm and an intra-row plant spacing 
of 25 cm, comprising 20 plants (5 rows × 4 plants per row). Three seeds were 
sown per planting hill. Inter-plot spacing was maintained at 120 cm. For pheno-
typing purposes, a subset of plots was assigned an adjusted intra-row spacing of 
60–80 cm to facilitate sampling. The overall planting density was approximately 
6 plants per square meter. Starting from March 26, leaf age and plant height were 
measured every two days in 260 randomly selected plots, with three consecutive 
plants per plot monitored throughout the observation period. The geographical 
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location of the experimental site and the spatial arrangement of plots are shown 
in Figure 1.

Fig. 1. Overview of the research area

The UAV-based remote-sensing dataset, comprising RGB and multispectral 
imagery, was acquired using a DJI Matrice 300 RTK (M300 RTK) platform. The UAV 
was equipped with a Sony 5100 RGB camera and a MicaSense Altum PT multi-
spectral sensor, with flight settings of 60% forward overlap and 60% side overlap. 
RGB images had a spatial resolution of 5472 × 3648 pixels and were stored in JPG 
format. The MicaSense Altum PT sensor contained five narrow spectral bands and 
one long-wave infrared (LWIR) band, with central wavelengths of 475 nm (blue), 
560 nm (green), 668 nm (red), 717 nm (red edge), and 840 nm (near-infrared), and 
a thermal band covering 7.5–13.5 μm. Multispectral images had a spatial resolu-
tion of 2064 × 1544 pixels and were stored in TIFF format. The UAV platform and 
onboard sensors used in this study are illustrated in Figure 2. UAV-acquired RGB 
and multispectral images collected on April 1, 7, 9, 13, and 15, 2023, were used 
for subsequent analyses. Maize leaf age was determined based on manual leaf 
counting and assessment of leaf expansion, while plant height was measured with 
a tape measure from the base of the stem to the apical meristem. Plot-level aver-
ages of leaf age and plant height were calculated based on three representative 
plants per plot.
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a) DJI Matrice
300 RTK drone.

b) Sony 5100
RGB camera.

c) MicaSense Altum PT
multispectral sensor.

Fig. 2. UAV platform and onboard sensors

2.2	 Data processing methods

The data processing workflow in this study comprised UAV image processing, 
plot-level segmentation, feature extraction, and the development of a leaf age detec-
tion model. The overall technical pipeline is illustrated in Figure 3.

Raw RGB and multispectral images were processed using Pix4Dmapper version 
4.5.6 to generate orthomosaic images and digital surface models (DSMs). The projec-
tion coordinate system was set to WGS84 UTM Zone 49N, with a ground sampling 
distance of approximately 3 cm/pixel. A shapefile representing the field boundary 
was manually delineated based on the orthomosaic, and radiometric correction was 
applied to produce reflectance maps.

Fig. 3. Technical workflow of the data processing pipeline

2.3	 Plot automatic segmentation method

Pre-segmented plots. The experimental field consisted of 16 rows and 33 col-
umns of plots. The preprocessing steps prior to automatic plot segmentation were 
carried out as follows.
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First, the Excess Green Vegetation Index (ExG) was computed to enhance vegeta-
tion features, using the formula:

	 ExG = 2g - r - b	 (1)

where r R

R B G
�

� �
, g G

R B G
�

� �
, b B

R B G
�

� �
.

Threshold segmentation was then applied to separate vegetated areas from the 
background.

Second, the orthomosaic was manually rotated to the horizontal orientation, and 
a quadrilateral was delineated to define the region of interest (ROI) covering the 
cultivated area, thereby excluding non-cultivated buffer strips (e.g., border rows). 
Based on the coordinates of vertices A, B, C, and D, the corresponding rectangular 
area was extracted from the orthomosaic and saved as a separate image file for 
further processing.

Finally, the vector segments AB
� ���

 and DC
� ���

 were each divided into 33 equal parts, 
and AD

� ���
 and BC

� ���
 into 16 equal parts. Corresponding division points along opposite 

edges were connected to form an orthogonal grid. The intersections of the grid 
lines—defined by the 33 equal divisions of AB

� ���
 and DC

� ���
, and the 16 equal divisions 

of AD
� ���

 and BC
� ���

—were used as the initial positions for automated plot segmentation.
Mean-shift algorithm correction. The plot regions derived from the intersec-

tion points of grid lines in Section 2.3.1 still exhibited positional offsets and did not 
fully encompass the vegetated areas within each plot. Because plot segmentation 
should aim to maximize the inclusion of vegetation while minimizing background, 
the vegetation mask obtained from the threshold segmentation in Section 2.3.1 was 
used as the reference for correction, and a Mean Shift algorithm was employed to 
refine the segmentation results. The procedure consisted of the following steps:

First, the initial positions generated in Section 2.3.1 were used as starting points, 
and an appropriate search window size (neighborhood radius) was determined 
for each point. Next, the centroid of vegetated pixels within the neighborhood was 
computed and used to update the position of the corresponding initial point. This 
process was iteratively repeated until the displacement of the centroids fell below a 
predefined convergence threshold.

The final corrected plot segmentation results—including vertex coordinates, 
width, height, and rotation angle of each plot—were saved in an Excel (.xlsx) file for 
subsequent analysis.

2.4	 Alignment of RGB and multispectral imagery

In this study, manual registration was employed to align RGB and multispectral 
imagery, so that the vegetation mask derived from the RGB image and the plot seg-
mentation results could be transformed into the multispectral imagery. The RGB and 
multispectral images were designated as the registration image (j) and the refer-
ence image (k), respectively, and six ground control points (GCPs) were manually 
identified across the field to serve as key correspondences.

The vegetation mask for the multispectral imagery was obtained by applying 
the Direct Linear Transform (DLT) to the vegetation mask derived from the RGB 
image, ensuring spatial alignment between the two datasets. To transform the plot 
segmentation results from the RGB image to the multispectral image, three geomet-
ric transformation parameters were computed: the scaling factors for width and 
height, the translation vector of plot vertices, and the rotation angle. Subsequently, 
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each plot’s position in the RGB image was translated, its width (w) and height (h) 
were scaled, and its orientation was rotated by an angle θ, as illustrated in Figure 4. 
The step-by-step procedure for transforming the plot segmentation results via man-
ual registration is summarized in Table 1.

Table 1. Calculation of plot segmentation transformation parameters

Input: key points of images j and k, denoted as kpi,j and kpi,k, respectively.

Output: q, scale, [u, v]T, H, i.e., rotation angle, scaling factor, translation vector, and transformation matrix.

1 centerj centerk ← Compute the centroid of the key points in images j and k: kp kp
i,j i,k
and

2 for i = 1, 2, ……, NGCP do

3 �di,j and di,k ← Compute the distances from the key points of images j and k to their respective centers, 

which are kp center
i,j j
−  and kp center

i,k k
− .

4. �qi,j and qi,k ← Compute the angles between the key points of images j and k and their respective centers, 

specifically tan
(kp center )[1]

(kp center )[0]
tan

(kp cente
1 i, j j

i, j j

1 i,k− −
−

−

− rr )[1]

(kp center )[0]

k

i,k k
−

5 end

6 �q ← Compute the rotation angle, which is the average of the differences between qi,j and 
qi,k, i.e., ( )� �

i, j i,k
�

7 scale ← Compute the scale factor, which is the average of the ratios of di,j and di,k, i.e., d d
i,j i,k

/

8 
u

v
t

t

�

�
�
�

�

�
�
�

 ← Compute the translation vector, which is center scale
cos sin

sin cos
center

j
T

k
T�

��

�
�

�

�
�* *

� �
� �

9 H ← Compute the transformation matrix, which is 
scale cos scale sin u

scale sin scale cos v

0 0 1

t

t

* *
* *

� �

� �

��

�

�
�
�

�

�

�
�
�

In analogy with the DLT, the coordinates (u, v) are transformed into (utrans, 
vtrans) via the homography matrix H, as shown in Equation 2.

	 u
H u H v H

H u H v H
v

trans tr
�

� �
� �

[ , ] * [ , ] * [ , ]

[ , ] * [ , ] * [ , ]

0 0 0 1 0 2

2 0 2 1 2 2
aans

H u H v H

H u H v H
�

� �
� �

[ , ] * [ , ] * [ , ]

[ , ] * [ , ] * [ , ]

1 0 1 1 1 2

2 0 2 1 2 2
	 (2)

Fig. 4. Schematic diagram of the conversion of plot segmentation results
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2.5	 Extraction of texture and vegetation index features

The features extracted in this study comprised​ multispectral vegetation indices, 
as well as RGB vegetation index and texture features. Based on the vegetation and 
plot segmentation results from Section 2.4, the registered RGB orthophotos images 
and multispectral reflectance maps were cropped to the extent of each plot. For each 
plot, a feature image was generated, and the mean value of vegetated pixels within 
the plot was computed as the feature value. The extracted RGB features (vegeta-
tion indices and texture) and multispectral features (vegetation indices) are listed in 
Tables 3 and 4, respectively.

Table 2. Features selected from RGB images and their definitions

Feature Definition References

Normalized red band r = R/(R + G + B) [18]

Normalized green band g = G/(R + G + B) [18]

Normalized blue band b = B/(R + G + B) [18]

Excess Green ExG = 2g - r - b [18]

Excess Red ExR = 1.4r - g [19]

Excess Green minus excess Red ExGR = 3g - 2.4r - b [19]

Normalized Green-Red Difference Index NGRDI = (g - r)/(g + r) [19]

Red Green Blue Vegetation Index RGBVI = (g2 - br)/(g2 + br) [20]

Normalized Green-Blue Difference Index NGBDI = (g - b)/(g + b) [21]

Green-Red Ratio Index GRRI = g/r [21]

Green-Blue Ratio Index GBRI = g/b [21]

Blue-Red Ratio Index BRRI = b/r [21]

Color Index of Vegetation CIVE = 0.441r - 0.881g + 0.38b + 18.78745 [21]
Mean

ME i(P )
i,ji, j 0

N 1

�
�

�

� [22]

Variance
VA iP i ME( )

i, j
2

i, j 0

N 1

� �
�

�

� [22]

Homogeneity
HO

P

1 (i j)

i, j

2i, j 0

N 1

�
� ��

�

�
[22]

Contrast
CO P i j( )

i, j
2

i, j 0

N 1

� �
�

�

� [22]

Dissimilarity
DI P i j

i, ji, j 0

N 1

� �
�

�

� [22]

ASM
ASM P

i,j
2

i, j 0

N 1

�
�

�

� [22]

Second Moment
SE P

i,j
2

i, j 0

N 1

�
�

�

� [22]

Correlation
COR P

(i )(j )

i, ji, j 0

N 1
i j

i
2

j
2

�
� �

�

�

�
� �

� �

[22]

Note: R, G, and B denote the grayscale values of the red, green, and blue bands of the visible-light 
images. σi and σj represent the standard deviations of P(i,⸱,r,θ) and P(⸱,j,r,θ), respectively, while μi and μj 
denote the means of P(i,⸱,r,θ) and P(⸱,j,r,θ).
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Table 3. Vegetation index selected from multispectral imagery and its definition

Vegetation Index Definition References

Blue bands Rblue –

Green bands Rgreen –

Red bands Rred –

NIR bands Rnir –

Red Edge bands Rred edge –

Difference Vegetation Index DVI = Rnir – Rred [1]

Enhanced Vegetation Index
EVI 2.5

R R

R 6R 7.5R 1
nir red

nir red blue

� �
�

� � �
[12]

Excess Green Vegetation Index ExG = 2Rgreen – Rred – Rblue [19]

Excess Green Minus Excess Red Index ExGR = 3Rgreen – 2.4Rred – Rblue [19]

Green Difference Vegetation GDVI = Rnir – Rgreen –

Green Normalized Difference Vegetation
GNDVI

R R

R R

nir green

nir green

�
�

�
[12]

Modified Soil Adjusted Vegetation Index
MSAVI (1 L)

R R

R R L
(L 0.1)nir red

nir red

� �
�

� �
� [23]

Modified Soil Adjusted 
Vegetation Index2 MSAVI2 R 0.5

(2R 1) 8(R R )

2nir

nir
2

nir red� � �
� � � [23]

Modified Simple Ratio
MSR

R R 1

R R 1

nir red

nir red

�
� �

� �
[23]

Normalized Difference Red Edge Index
NDRE

R R

R R

nir red�edge

nir red�edge

�
�

�
[24]

Normalized Difference Vegetation Index
NDVI

R R

R R
nir red

nir red

�
�

�
[24]

Ratio Between NIR and Red Bands
NIR R

R

R
nir

red

/ = [12]

Simplified Canopy Chlorophyll 
Content Index SCCCI

R R

R R
nir blue

nir red

�
�

�
[24]

Structure-Insensitive Pigment Index
SIPI

R R

R R
nir blue

nir red

�
�

�
[23]

Chlorophyll Index Green
CIG

R

R
1nir

green

� � –

Chlorophyll Index Red Edge
CIRE

R

R
1nir

red�edge

� � –

Difference of Atmospherically Resistant 
Vegetation Index DATT

R R

R R

nir red�edge

nir red

�
�

�
–

Greenness and Redness Atmospherically 
Stable Vegetation Index GOSAVI (1 L)

R R

R R L
(L 0.16)

nir green

nir green

� �
�

� �
�

–

Note: Rblue, Rgreen, Rred, Rnir, and Rred edge denote the reflectance of the blue, green, red, near-infrared, and 
red-edge bands in the multispectral reflectance images, respectively.
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2.6	 Construction of a leaf age detection model

In this study, leaf age detection models were constructed using three machine 
learning algorithms: Support vector regression (SVR), random forest regression (RFR), 
and AutoML. The dataset was divided into training and testing sets at a 4:1 ratio.

The SVR and RFR algorithms were implemented using the scikit-learn library. 
RFR is an ensemble learning method that constructs multiple decision trees and 
aggregates their predictions by averaging, thereby improving prediction accuracy 
and stability. Owing to its robustness and low susceptibility to overfitting, RFR was 
configured with 20 trees in this study.

The AutoML algorithm employed in this study was implemented via the H2O 
platform. It automatically builds a diverse set of candidate models—including gradi-
ent boosting machines (GBM), generalized linear models (GLM), distributed random 
forests (DRF), deep learning (DL), and stacked ensembles—by performing hyper-
parameter optimization to maximize performance and evaluates them on a vali-
dation set to select the best-performing model. In contrast, conventional machine 
learning approaches typically require manual model selection and parameter tun-
ing. By leveraging a high degree of automation, AutoML lowers the barrier to entry 
for machine learning applications and also provides built-in model interpretabil-
ity. In this study, 5‑fold cross‑validation and 20 base models were employed for the 
AutoML pipeline.

2.7	 Evaluation indicators

Evaluation indicators for the leaf age detection model. In this study, the 
performance of the leaf age detection model was evaluated using the coefficient of 
determination (R2), root mean squared error (RMSE), and relative root mean squared 
error (rRMSE), as defined in Equations 3, 4, and 5. Here, ŷ

i  
denotes the predicted 

value, yi represents the observed value, yi is the mean of the observed values, and n is 
the total number of samples. R2 quantifies the coefficient of determination between 
the predicted and observed values, with higher R2 indicating better model fit. Lower 
RMSE and rRMSE values correspond to stronger predictive performance. represents 
the residual between the predicted and observed values, as defined in Equation 6.

	 R

y y

y y

i

n

i i

i

n

i

2 1

2

1

2

1� �
�

�

�

�

�
�

( )

( )

ˆ

	 (3)

	 RMSE
n

y y

i

n

i i
� �

�
�1

1

2( )ˆ 	 (4)

	 rRMSE
RMSE

y
i

� �100% 	 (5)

	 error y y y
i i i

_ ˆ� � 	 (6)

Evaluation indicators for automatic plot segmentation. The mean Intersection 
over Union (IoU) was employed in this study to evaluate the results of plot segmen-
tation corrected using the mean-shift algorithm [15]. The automated segmentation 
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from Section 2.3 was compared with manually delineated plots, and IoU was calcu-
lated, as shown in Figure 5 and Equation 7, where intersection and union denote the 
areas of the overlapping and combined regions, respectively.

Fig. 5. Illustration of the IoU between manually and automatically segmented plots

3	 RESULTS

3.1	 Automatic plot segmentation results from time-series UAV 
orthophoto images

In this study, automatic plot segmentation was tested using orthomosaic images 
acquired on March 23, April 1, April 7, April 9, April 13, and April 15. The segmenta-
tion results are presented in Figure 6 and Table 4.

Fig. 6. All date segmentation results

The results indicate that the plot segmentation conducted on March 23 yielded 
the highest mean IoU and the lowest standard deviation, corresponding to the best 
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segmentation performance. Segmentation results for certain dates were of lower 
quality, which can be attributed to three characteristics of the orthomosaic images. 
(1) At certain growth stages, maize leaves from different plots overlapped, inter-
fering with the determination of plot boundaries; this phenomenon was observed 
on all dates except March 23. (2) Due to the limited resolution of the orthomosaic 
images, weeds could not be reliably distinguished from maize plants, resulting in 
weeds growing along plot boundaries being incorporated into the segmented plots 
by the Mean Shift algorithm, as seen on April 1 and April 7. (3) When maize seed-
lings were overly sparsely distributed, the Mean Shift algorithm tended to incorpo-
rate crops from neighboring plots during iteration, an effect that was evident in the 
last column of plots across all six acquisition dates.

Table 4. Statistical results of intersection and union ratios for different orthoimages

Date
Statistical Results for Intersection Ratio

Max Min Mean SD

March 23 100% 14.67% 96.47% 8.65%

April 1 100% 32.17% 86.60% 17.12%

April 7 100% 31.93% 93.56% 13.49%

April 9 100% 9.29% 91.67% 14.84%

April 13 100% 18.19% 90.55% 13.89%

April 15 100% 4.77% 95.95% 14.00%

In this study, two software tools were developed based on the PyQt5 and 
PyQtGraph platforms. The first software was designed for non-specialists to per-
form automatic plot segmentation, and a semi-automatic numbering function was 
also implemented. The plot segmentation result for March 23 is shown in Figure 7a. 
The second software was developed for manual registration of orthomosaic images 
acquired on different dates, enabling transformation of the March 23 orthomo-
saic into the image coordinate system of the April 1 orthomosaic, as illustrated in 
Figure 7b. In Figure 7b, the registration error is given by Equations 8 and 9, where 
uref, vref represent the pixel coordinates of the reference image, lu,i and lv,i denote 
the registration errors in the u-axis and v-axis directions, and error i indicates the 
magnitude of the error.

Fig. 7. GUI of the two software programs

https://online-journals.org/index.php/iTDAF


	 16	 IETI Transactions on Data Analysis and Forecasting (iTDAF)	 iTDAF | Vol. 4 No. 2 (2026)

Wei et al.

	 lu,i = utrans - uref  lv,i = vtrans - vref	 (8)
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3.2	 Time-series variation analysis of important features

The temporal dynamics of the six key features—DATT, DVI, CIRE, Red, leaf age, 
and plant height—across five observation nodes (Days 1, 7, 9, 13, and 15) are 
illustrated in Figure 8. Overall, DATT, DVI, CIRE, and plant height exhibited sig-
nificant positive trajectories that synchronized with the incremental progression 
of leaf age (Figure 8e), characterized by a rapid expansion phase between Day 1 
and Day 7 followed by a steady maturation phase. Conversely, the Red (Figure 8d) 
reflectance demonstrated a consistent downward trend, reflecting the intensi-
fied light absorption driven by progressive chlorophyll accumulation as leaves 
matured. While DATT (Figure 8a) maintained high stability with concentrated dis-
tributions throughout the study period, indicators such as CIRE (Figure 8c) and 
plant height (Figure 8f) showed an expansion in interquartile ranges during later 
stages, suggesting an increase in phenotypic variability within the population 
over time.

Fig. 8. Temporal variations of partial features and measured values

3.3	 Correlation coefficient matrix of features

In this study, we analyzed the correlations between the extracted RGB fea-
tures, multispectral features, and the measured leaf age and visualized the cor-
relation coefficients in a heatmap, as shown in Figure 9. The calculation of the 
correlation coefficient is given by Equation 10, where X and Y represent two  
input features, ηX,Y represents the correlation coefficient between the two features, 
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Xi and Yi denote the values of the X and Y features for each sample, X and Y are the 
means of X and Y across all samples, and σX and σY are the corresponding standard 
deviations.

The Pearson correlation matrix (Figure 9a) illustrates the quantitative relation-
ship between the extracted multispectral features and the measured leaf age. Leaf 
age exhibited strong positive correlations with several vegetation indices, most 
notably GNDVI (r = 0.82), CIG (r = 0.79), SIPI (r = 0.75), NDRE (r = 0.74), and CIRE 
(r = 0.73), indicating that these indicators are highly sensitive to the physiological 
maturation of the crop. In contrast, the visible bands (Blue, Green, and Red) and DVI 
showed significant negative correlations (|r| ≥ 0.72), which is consistent with the 
increased pigment absorption and spectral shifts observed during the leaf develop-
ment process.

The correlation matrix between RGB-derived features and leaf age (Figure 9b) 
reveals moderate to strong associations, though the coefficients are generally 
lower than those observed for multispectral indices. Among the color-based indi-
cators, NGBDI (r = 0.59) and GBRI (r = 0.57) exhibited the highest positive correla-
tions with leaf age, while the blue band (r = -0.61) and BRRI (r = -0.58) showed 
the most significant negative correlations, reflecting the shift in pigment-driven 
color properties during maturation. Regarding textural features, dissimilarity (r = 
-0.54) and contrast (r = -0.60) demonstrated moderate negative trends, whereas 
energy (r = 0.49) was positively correlated with leaf age, suggesting a progression 
toward increased surface uniformity and reduced structural complexity as the 
leaves develop.

	 �
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a) Correlation Coefficients: Multispectral Features vs. Measured Leaf Age

Fig. 9. (Continued)
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b) Correlation Coefficients: RGB Features vs. Measured Leaf Age

Fig. 9. Correlation between predictor variables and observed leaf age

After extracting features from multispectral and RGB images, datasets were con-
structed based on RGB, MS, and RGB + MS. For the RGB + MS dataset, features were 
selected from the RGB and MS sources on the basis of their Pearson correlation with 
the measured leaf age—specifically, those exhibiting a correlation coefficient |r| > 0.5 
(i.e., r > 0.5 or r < -0.5). The RGB + MS + date + plant_height​ dataset was subsequently 
developed by augmenting the RGB + MS set with two additional predictors: the rel-
ative flight date (date) and plant height (plant_height). The variable date represents 
the number of days between March 31 and the acquisition date of the leaf age and 
plant height measurements, whereas plant_height corresponds to the mean of the 
three individual plant height measurements recorded for each plot, as detailed in 
Section 2.2. For all four datasets, the response variable was defined as the average 
plot‑scale measured leaf age over a five‑day period, yielding a total of 1,300 samples. 
Data was partitioned into training and testing subsets at a 4:1 ratio. Three regression 
approaches—SVR, RFR, and the h2o AutoML platform—were employed to develop leaf 
age prediction models. The features selected for the four datasets are listed in Table 5.

Table 5. Predictor variables selected within each dataset

Dataset Total Features Features Selected

RGB 21 r, g, b, ExG, ExR, ExGR, NGRDI, RGBVI, NGBDI, GRRI, GBRI, BRRI, CIVE, 
ME, VA, HO, CO, DI, ASM, SE, COR

MS 23 Rblue, Rgreen, Rred, Rnir, Rred_edge, DVI, EVI, ExG, ExGR, GDVI, GNDVI, MSAVI, 
MSAVI2, MSR, NDRE, NDVI, NIR/R, SCCCI, SIPI, CIG, CIRE, DATT, GOSAVI

RGB + MS 22 CO, DI, b, BRVI, GBRI, NGBDI, r, Rblue, Rgreen, Rred, Rred_edge, DVI, EVI, GDVI, 
GNDVI, MSAVI2, NDRE, NDVI, NIR/R, CIG, CIRE, DATT

RGB + MS + date 
+ plant_height

24 CO, DI, b, BRVI, GBRI, NGBDI, r, Rblue, Rgreen, Rred, Rred_edge, DVI, EVI, GDVI, 
GNDVI, MSAVI2, NDRE, NDVI, NIR/R, CIG, CIRE, DATT, date, plant_height
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3.4	 Results of the leaf age detection model

The predictive performance of each dataset and model is summarized in Table 6. 
The AutoML algorithm achieved the best estimation performance on the RGB + MS +  
date + plant_height dataset, with a testing R2 of 0.862, an RMSE of 0.715, and an 
rRMSE of 6.95%. Among the algorithms, RFR exhibited the best training perfor-
mance (R2 = 0.981), whereas AutoML exhibited superior performance on the cor-
responding test datasets. In the MS training dataset, the maximum difference in R2 
between RFR and AutoML was 0.106; however, the predicted results of the two algo-
rithms were similar in the test dataset. The SVR algorithm exhibited lower R2 values 
and higher RMSE and rRMSE than RFR and AutoML across both training and test 
datasets, indicating the poorest fitting capacity due to its inability to capture the 
complex relationships between features and leaf age. The RFR algorithm showed 
a greater discrepancy between training and test datasets, demonstrating lower 
robustness compared with AutoML. Across the four datasets, the RGB + MS + date + 
plant_height dataset exhibited the best training and estimation performance. This 
can be attributed to the presence of highly leaf-age-correlated texture features in the 
RGB dataset and highly leaf-age-correlated spectral features in the MS dataset, while 
leaf-age progression is also related to the flight date and plant height. Compared 
with the RGB + MS dataset, all three algorithms showed improved performance. 
Excluding features with low correlation to leaf age and incorporating the flight date 
and measured plant height contributed to enhanced estimation performance of 
maize seedling leaf age at the plot scale using the UAV platform.

Table 6. Model performance on different datasets

Dataset Modeling  
Algorithm

Training Testing

R2 RMSE rRMSE R2 RMSE rRMSE

RGB SVR 0.455 1.423 13.67% 0.556 1.244 12.05%

RFR 0.959 0.385 3.69% 0.734 1.034 10.08%

AutoML 0.877 0.670 6.43% 0.761 0.941 9.15%

MS SVR 0.694 1.060 10.18% 0.677 1.094 10.59%

RFR 0.964 0.361 3.49% 0.762 0.946 8.96%

AutoML 0.858 0.722 6.93% 0.770 0.923 8.96%

RGB + MS SVR 0.609 1.196 11.48% 0.610 1.207 11.72%

RFR 0.962 0.369 3.55% 0.770 0.939 9.08%

AutoML 0.872 0.685 6.58% 0.778 0.906 8.81%

RGB + MS + date + 
plant_height

SVR 0.739 0.977 9.37% 0.728 1.005 9.81%

RFR 0.981 0.266 2.57% 0.817 0.810 7.63%

AutoML 0.978 0.285 2.74% 0.862 0.715 6.95%

3.5	 Distribution of prediction residuals for the leaf age detection model

For the datasets incorporating both visible-light and multispectral features, the 
error distributions of the three algorithms are presented in Figure 10. All three error 
distributions approximate a normal distribution, where μ and σ represent the mean 
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and standard deviation of the normal distribution, respectively, and p denotes the 
result of a t-test comparing the model predictions with the observed values. The 
p-values for all three models exceeded 0.05, indicating no significant differences 
between the two datasets. The error distribution of the model constructed with the 
RFR algorithm exhibited the smallest standard deviation, whereas the model con-
structed with the SVR algorithm exhibited the largest standard deviation. After incor-
porating measured plant height and the relative flight date, the models constructed 
using the AutoML and SVR algorithms exhibited reductions in both the mean and 
standard deviation of errors (see Figure 11).

a) Residual distribution based
on the AutoML algorithm.

b) Residual distribution based
on the RFR algorithm.

c) Residual distribution based
on the SVR algorithm

Fig. 10. Residual distribution of leaf age (Model without plant height and relative date features)

a) Residual distribution based
on the AutoML algorithm.

b) Residual distribution based
on the RFR algorithm.

c) Residual distribution based
on the SVR algorithm

Fig. 11. Residual distribution of leaf age

4	 DISCUSSION

4.1	 Impact of plant height and relative flight date on the leaf age 
detection model

A comparison between the multi-sensor dataset (RGB + MS) and single-sensor 
datasets (RGB or MS) revealed that models based on RFR and AutoML achieved 
higher accuracy on the multi-sensor dataset, differing from the results reported by 
Y. Bai et al. [1]. High-resolution RGB imagery captures fine-scale texture variations, 
while multispectral indices reflect physiological and biochemical characteristics, 
jointly enhancing model performance. However, the stability of sensors may be 
influenced by various external environmental factors, such as crop growth condi-
tions and soil characteristics [25]. Incorporating plant height and relative flight date 
significantly improved model performance by providing additional temporal and 
structural constraints.
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4.2	 Impact of regression algorithms on leaf age detection models

Among the evaluated algorithms, AutoML achieved superior generalization per-
formance compared with SVR and RFR. Although RFR exhibited higher accuracy on 
the training set, its performance degraded on the test set, indicating potential overfit-
ting. In contrast, AutoML maintained stable performance across datasets, benefiting 
from automated model selection and ensemble learning strategies. The improved 
robustness of AutoML can be attributed to its ability to integrate multiple base learn-
ers and optimize hyperparameters, reducing dependence on manual tuning. These 
results suggest that AutoML is a promising approach for handling high-dimensional, 
heterogeneous phenotyping datasets.

4.3	 Contribution of automatic plot segmentation

The proposed plot segmentation method demonstrated adaptability across multi-
ple growth stages, addressing challenges such as canopy overlap and sparse vegeta-
tion. Previous studies have often focused on specific growth stages or relatively stable 
conditions [16, 26], whereas this study evaluated segmentation performance using 
multi-temporal UAV data, enabling assessment under dynamically changing field 
environments. The best performance was achieved at early growth stages, when 
canopy structure was relatively simple and plot boundaries were distinct. As canopy 
complexity increased, segmentation accuracy declined, indicating that dynamic can-
opy conditions remain a key challenge for plot-level phenotyping. Additionally, this 
study implemented cross-sensor and cross-temporal plot transformation using man-
ual registration, enabling consistent plot-level analysis across datasets. This strategy 
improves data usability but still requires manual intervention.

4.4	 Limitations and future work

In this study, leaf age estimation was conducted at the plot scale using the average 
of three representative plants, which reflects the general growth status of each plot 
but may not fully capture within-plot variability. In addition, although the AutoML 
framework achieved superior predictive performance, the resulting ensemble mod-
els remain less interpretable, and the contribution of individual features has not been 
thoroughly quantified. Moreover, the proposed plot segmentation method was eval-
uated under relatively regular plot layouts, where plots were uniformly arranged 
and clearly structured. Such conditions may differ from more complex field sce-
narios with irregular plot shapes or heterogeneous spatial distributions, potentially 
limiting the general applicability of the method. Future work will therefore focus 
on extending the current framework to finer scales and more diverse conditions, 
including individual-plant-level phenotyping, enhanced model interpretability, and 
the development of more flexible segmentation approaches applicable to irregular 
field configurations and different cropping systems.

5	 CONCLUSIONS

This study developed a UAV-based multi-sensor fusion framework for plot-level 
maize leaf age estimation by integrating RGB imagery, multispectral data, plant 
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height, and temporal information. The results demonstrate that multi-source data 
fusion significantly improves prediction accuracy compared with single-sensor 
approaches.

Among the evaluated models, AutoML achieved the best overall performance 
and robustness, highlighting its effectiveness for high-dimensional phenotyping 
tasks. The incorporation of plant height and relative flight date further enhanced 
model accuracy by providing complementary structural and temporal information. 
In addition, the proposed automatic plot segmentation method enabled efficient 
extraction of plot-level features across multiple growth stages, although its perfor-
mance was influenced by canopy complexity.

Overall, this study provides an effective and scalable solution for high-throughput 
plot-level phenotyping using UAV data. Future research will focus on improving 
model interpretability, extending segmentation methods to complex field conditions, 
and advancing toward individual-plant-level phenotyping.
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