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Abstract: Maize (Zea mays L.) is one of the most consumed grains in the world. Within the context 
of continuous climate change and the reduced availability of arable land, it is urgent to breed new 
maize varieties and screen for the desired traits, e.g., high yield and strong stress tolerance. Tradi-
tional phenotyping methods relying on manual assessment are time-consuming and prone to hu-
man errors. Recently, the application of uncrewed aerial vehicles (UAVs) has gained increasing at-
tention in plant phenotyping due to their efficiency in data collection. Moreover, hyperspectral sen-
sors integrated with UAVs can offer data streams with high spectral and spatial resolutions, which 
are valuable for estimating plant traits. In this study, we collected UAV hyperspectral imagery over 
a maize breeding field biweekly across the growing season, resulting in 11 data collections in total. 
Multiple machine learning models were developed to estimate the grain yield and flowering time 
of the maize breeding lines using the hyperspectral imagery. The performance of the machine learn-
ing models and the efficacy of different hyperspectral features were evaluated. The results showed 
that the models with the multi-temporal imagery outperformed those with imagery from single 
data collections, and the ridge regression using the full band reflectance achieved the best estima-
tion accuracies, with the correlation coefficients (r) between the estimates and ground truth of 0.54 
for grain yield, 0.91 for days to silking, and 0.92 for days to anthesis. In addition, we assessed the 
estimation performance with data acquired at different growth stages to identify the good periods 
for the UAV survey. The best estimation results were achieved using the data collected around the 
tasseling stage (VT) for the grain yield estimation and around the reproductive stages (R1 or R4) for 
the flowering time estimation. Our results showed that the robust phenotyping framework pro-
posed in this study has great potential to help breeders efficiently estimate key agronomic traits at 
early growth stages. 

Keywords: maize; high-throughput phenotyping; hyperspectral imagery; uncrewed aerial vehicle 
(UAV); machine learning; flowering time; grain yield 
 

1. Introduction 
The world is facing crop production challenges due to the rapid expansion of the 

human population and the adverse agricultural environments caused by climate change, 
urbanization, soil degradation, water shortages, and pollution [1–4]. Breeding new varie-
ties of major crops to achieve higher yield potential and stress tolerance is considered to 
be a promising solution to ensure food security [5–8]. Maize (Zea mays L.) is one of the 
most consumed grains globally, serving as an essential resource for human food, animal 
feed, and bioenergy [9]. In 2020, the U.S. produced more than 360 million tons of maize, 
accounting for 34.28% of the total production worldwide [10]. Maize production, never-
theless, is reduced by a few frequently occurring limitations, such as limited water 
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availability or nitrogen deficiency [11,12]. Thus, developing maize varieties with im-
proved yield and environmental adaptability is a primary breeding target [13–15]. Ad-
vances in high-throughput genotyping have enabled the development of large mapping 
populations and diversity panels of thousands of recombinant inbred lines for breeding 
selection [16–18]. High-throughput phenotyping has substantial potential to accelerate the 
selection process and improve the efficiency within the breeding cycle [19]. Conventional 
phenotyping methods primarily rely on manual assessments and visual ratings [20,21], 
requiring intense workloads and being prone to human bias [22–24]. Therefore, there is 
an urgent need to develop an advanced high-throughput phenotyping (HTP) framework 
for breeding maize and other species. 

The efficiency of breeding strategies is assessed by genetic gain, i.e., the improvement 
of the primary trait (grain yield for maize) due to selection within a population over cycles 
of breeding [25,26]. Timely and accurate estimation of grain yield prior to harvesting is 
vital for the maize breeding process since it allows breeders to boost the genetic gain by 
increasing the population size, reducing the phenotypic variability, enhancing the genetic 
dissection, improving the selection accuracy, and consequently shortening the breeding 
cycle [23,26–28]. Traditionally, breeders evaluate the yield at the end of the season by har-
vesting maize and measuring the weight of the grain. Even though the harvest is per-
formed with combines, human effort and time are required to evaluate thousands of hy-
brid lines, making field trials an expensive component of the breeding process. Moreover, 
breeders often need extensive in-season measurements to fully understand the physiolog-
ical mechanisms underlying the hybrids with diverse genetic backgrounds and their in-
teractions with the environment. This in-season measurement data will help breeders con-
duct genome-wide association analyses and dissect the genetic basis of seedling growth, 
crop stress tolerance, and, finally, improve crop yield [29]. However, measuring plant 
traits manually in field conditions throughout the growing season is labor-intensive and 
time-consuming [23,30]. 

Flowering time is critical in deploying varieties across environments, impacting yield 
and seed quality in maize [31]. Flowering time reflects the adaptation of a plant to its en-
vironment by tailoring vegetative and reproductive phases to local climatic effects [32] 
and is therefore related to its developmental characteristics such as plant height, total 
number of leaves, and grain fill [33]. Abiotic stresses, such as drought, will influence maize 
flowering pathways [34] and extend the anthesis-silking interval [35], leading to adverse 
effects on the fertilization rate, kernel filling, seed quality, and weight [11,31]. Therefore, 
monitoring flowering time is critical in selecting superior genotypes for particular target 
environments in maize breeding programs. Flowering time is typically scored as the date 
when 50% of the plants in a plot are shedding pollen (Days to Anthesis, DTA) and when 
50% of the ears have visible extruded silks (Days to Silking, DTS) [36]. The measurement 
of flowering time requires regular visual evaluation of each plot during the flowering pe-
riod, which is time-consuming and requires specialized domain knowledge. 

In the past decade, uncrewed aerial vehicles (UAVs) have become a new research 
frontier in the area of HTP and have been applied to various missions for breeding pur-
poses such as yield estimation [27,36,37] and stress detection [38–40]. UAV-based plat-
forms allow an ideal balance between image quality and efficiency for breeding trials with 
flexible spatial and temporal image resolution selections. Additionally, they are low-cost, 
user-friendly (in terms of operations and data access), and are more robust to weather 
conditions when gathering high-quality images. Moreover, UAV platforms have the po-
tential to carry various sensors onboard, supporting an array of modalities. 

Research using UAV-based spectral imagery to estimate maize yield and flowering 
time spans both precision agriculture and breeding applications. In precision agriculture 
applications, the same maize variety is often sown throughout with different treatments, 
and VIs are widely used to model the maize yield under these varied conditions. For ex-
ample, in estimating maize yield under different combinations of fertilizers, Guo et al. 
(2020) adopted a modified red blue vegetation index derived from UAV-based RGB 
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images, reaching a coefficient of determination (R2) of 0.57 [41]. Peng et al. (2021) inte-
grated UAV multispectral VIs into a simple algorithm for yield (SAFY) crop model, and 
the estimation reached an agreement of R2 = 0.86 with the ground measured maize yield 
under different water treatments [42]. Quemada et al. (2014) reported an accuracy of 0.82 
(Pearson coefficient r) using two hyperspectral VIs as the predictors of a linear-plateau 
model in estimating maize yield under different fertilizer rates [43]. Trait estimation for 
maize hybrids in a breeding program is more challenging than precision agriculture ap-
plication due to the genotypic complexity of varieties and the limited replicates of hybrids. 
Wu et al. (2019) estimated the yield of 25 maize hybrids using a VI based on the normal-
ized difference between the blue and near-infrared (NIR) wavelength bands (BNDVI). A 
partial least squares regression (PLSR) model trained with the time-series BNDVI 
achieved an average accuracy of r = 0.51 for grain yield and r = 0.69–0.70 for the flowering 
time [36]. Danilevicz et al. (2021) used multispectral VIs, genotype information, and field 
management data to predict maize yield of G2F breeding trails, hitting an accuracy of R2 
= 0.73 [44]. Herrmann et al. (2020) assessed maize yield over 19 maize hybrids using VIs 
extracted from a super-spectral sensor mounted on a UAV, reaching an R2 of 0.73 for grain 
yield prediction [45]. Though successful, most existing studies only used VIs or some suit-
able bands as features for estimating maize yield and flowering time, at the risk of missing 
critical spectral details. Moreover, the spectral features used in previous studies were de-
rived from limited growth stages within the growing season, without comprehensive in-
vestigations of the effectiveness of spectral features across multiple growth stages. 

Motivated by the need to facilitate the phenotyping efficiency in maize breeding, this 
study aimed to develop a robust HTP framework to estimate the yield and flowering time 
of large maize breeding populations using UAV-based hyperspectral images. To accom-
plish this, we: (1) investigated the performances of three widely used machine learning 
models for maize yield and flowering time estimation, (2) evaluated the effectiveness of 
four types of spectral features extracted from the hyperspectral images, and (3) identified 
the best time for the UAV survey. The framework proposed in this study will help maize 
breeders reduce the resource inputs of selecting the highest-performing varieties by de-
livering timely and accurate estimates of the traits of interest. 

2. Materials and Methods 
2.1. Field Trials and Ground Truth Data Collection 

The field experiment was carried out at the Arlington Agricultural Research Station 
(AARS) in Wisconsin (latitude: 43°17′40″N, longitude: 89°23′10″W, Figure 1) as a part of 
the Genomes to Fields (G2F) initiative. G2F is a collaborative research program linking 
genomics and predictive phenomics for a comprehensive study of genotype-by-environ-
ment (GxE) interactions (https://www.genomes2fields.org, (accessed on 10 January 2022)). 
The AARS was one of the experimental sites in 2020 and experienced warm and humid 
summers and cold and dry winters. Over 1000 maize hybrids were cultivated under a 
randomized complete block design. The hybrids were developed from the W10004 popu-
lation and three inbred testers, namely PHP02, PHK76, and PHZ51. In addition, three 
check populations were repetitively planted as phenotypic references, including the local 
checks, external checks, and yellow stripe. They were planted on 13 May 2020, as two-row 
plots with 6.10 m in length and 0.69 m in row spacing and were harvested on 28 October 
2020. 
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Figure 1. Maize breeding experimental trial at AARS. 

In this study, phenotypic data, including flowering time and grain yield, were col-
lected manually and used for machine learning model development and validation. From 
early July, flowering time measurement was made by visual inspections on each plot 
every other day. Specifically, the flowering time for each plot was recorded as the number 
of days after seeding (DAS) for 50% of the plants in a plot releasing pollen (DTA) and for 
50% of the plants in a plot with visibly emerged silks (DTS). The maize plots were har-
vested at the end of the growing season (late October), and the grain mass and moisture 
content were measured for each plot. The average crop density was 61 plants per plot at 
harvest time. Finally, the grain yield was normalized to 15.5% grain moisture. 

2.2. Hyperspectral Image Acquisition and Processing 
Hyperspectral data were acquired by a Headwall nano-hyperspec push-broom scan-

ner (Headwall Photonics, Inc., Bolton, MA, USA). The scanner featured 274 spectral bands 
ranging from 400–1000 nm with a bandwidth of 2.2 nm. The DJI Matrice 600 Pro (DJI 
Technology Co., Shenzhen, China) with a three-axis gimbal stabilizer was utilized as a 
UAV platform to carry this scanner. In addition, a lightweight navigation system was in-
corporated with the UAV platform for data geo-referencing. The flight missions were con-
ducted at 42 m above ground at a speed of 5 m/s, having a 2.45 cm ground sampling dis-
tance (GSD). 
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In this study, we conducted 11 UAV surveys between June and October in 2020 under 
clear and calm weather conditions, covering critical maize vegetative and reproductive 
stages. The survey dates, corresponding DAS, and growth stages are shown in Table 1. 

Two main pre-processing steps were performed after the data acquisition, including 
geometric correction and radiometric correction. First, we orthorectified hyperspectral 
data by GNSS/INS data using SpectralView software (Headwall Photonics, Inc., Bolton, 
MA, USA) for geometric correction. For radiometric correction, the raw digital numbers 
(DN) of the hyperspectral data were converted into radiance, and then the reflectance was 
radiometrically calibrated using reference panels with the reflectance of 56%, 32%, and 
11%. Image background (e.g., shadow and soil) was removed by setting a threshold at an 
NIR band because the vegetation often has higher reflectance in the NIR region than the 
background [46]. Specifically, the pixels with reflectance below 30% at an 800 nm wave-
length were removed. Individual plots were separated by manually drawing boundaries 
outside each plot, and then the average reflectance at different bands was extracted by 
averaging the reflectance value of all the valid pixels for each plot. 

Table 1. UAV survey dates, days after seeding, and growth stages. 

Flight Dates DAS Growth Stages 
23 June 41 V6-V8 (6–8 Leaf Collars) 
30 June 48 V9-V11 (9–11 Leaf Collars) 
13 July 61 VT (Tasseling) 
27 July 75 R1 (Silking) 

03 August 82 R2 (Blister) 
11 August 90 R3 (Milk) 
17 August 96 R4 (Dough) 
24 August 103 R4 (Dough) 

02 September 112 R5 (Dent) 
18 September 128 R5 (Dent) 

03 October 143 R6 (Black Layer) 

2.3. Spectral Feature Extraction 
Four types of commonly used spectral features were extracted from the hyperspec-

tral imagery, including the full band spectral reflectance, vegetation indices (VIs), the first 
derivatives (FDR), and second derivatives (SDR) of the spectral reflectance. 

Full Band Spectral Reflectance: Spectral reflectance indicates light absorption at spe-
cific wavelengths and is linked to plant characteristics [47–50]. The average reflectance 
values were extracted from the hyperspectral imagery for each plot. 

Vegetation Indices: VIs have been widely used in different agricultural applications, 
as they reflect chemically interpretable absorption in the spectra [51–54]. In this study, 81 
published narrow-band VIs were extracted from the hyperspectral data. Detailed calcula-
tions for each VI were summarized in [55]. 

Derivative Features: The spectral derivatives are relatively insensitive to changes in 
light intensity caused by sun angle, cloud cover, and terrain [56,57]. Several studies have 
used derivative features for land-cover classification [58–60], plant stress identification 
[61], and canopy cover estimation [62]. In this study, noises along the full band spectral 
profile were removed using the Savitzky–Golay filter [63] for each plot. The first deriva-
tives (FDR) and second derivatives (SDR) were then calculated for all the bands along 
with the smoothed spectra. 

2.4. Model Development and Performance Evaluation 
To evaluate the differences in spectral profiles between high-yield and low-yield gen-

otypes, a paired sample t-test was performed on the spectral profiles of the top 10% and 
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bottom 10% yield groups. The top 10% group had 121 genotypes with a mean yield of 
16.16 ton/ha, while the bottom group had 121 genotypes with a mean yield of 6.24 ton/ha. 
The paired sample t-test was conducted using the Python SciPy package. 

This study trained three widely used machine learning models to estimate the maize 
grain yield and flowering time using the multi-temporal hyperspectral features. Ridge 
regression is a widely used model that is superior in analyzing data that suffer from mul-
ticollinearity [64,65]. Ridge regression is more robust than linear regression, which has 
constraints on regression coefficients and thus is less prone to overfitting. Different alpha 
values, which stand for the regularization strength in ridge regression models, were tested 
and optimized using the grid search method in this study. Support vector regression 
(SVR) has good model generalization ability and is widely used [66–68]. In SVR, a crucial 
step is to use a kernel function to map the input variables from the original dimensional 
space to the high-dimensional feature space. We used the radial basis function (RBF) as 
the kernel function in this study. These things considered, the hyperparameters of kernel 
coefficient and the strength of the regularization in the SVR model were grid-searched for 
the best model performance. Random forest (RF) is an ensemble learning model [69], 
which is computationally efficient in the training phase and generally has a high general-
ization accuracy. The RF model consists of a number of individual regression trees, and 
each tree represents a set of conditions or restrictions [70]. The final predictive results of 
RF are obtained by averaging the outputs of all individual trees. In this study, the number 
of trees and the tree depths in the RF model were tested using a grid search to achieve a 
fair comparison with other models. 

The spectral features collected at all 11 times were used as combined inputs to the 
machine learning models to compare their overall performance in estimating maize yield 
and flowering time. It led to a dataset including 1429 samples, with each having 3014 fea-
tures when using the full band original reflectance and the derivatives and 891 features 
when using the VIs. To evaluate the best UAV survey timing over the growing season, 
spectral features collected each day were considered as inputs to the machine learning 
models, leading to 274 features when using the full band original reflectance and the de-
rivatives and to 81 features when using the VIs. The Pearson coefficient (𝑟), mean absolute 
error (MAE), and root mean square error (RMSE) metrics between the estimated values 
and ground truth data were used as metrics for evaluating the model performance. The 
models were evaluated using a four-fold cross-validation method, with a random split in 
each fold of 75% of the data as the training dataset and 25% as the test dataset. The four-
fold cross-validation was repeated 20 times to test the model robustness, resulting in 80 
experiments of each model and each feature. The testing accuracies were calculated by 
averaging the estimation results of the 80 experiments. 

3. Results and Discussion 
3.1. Ground Truth Field Data and Spectral Profiles 

The distributions of grain yield, DTS, and DTA are shown in Figure 2. The average 
yield over all the plots was 11.5 tons/ha, and the average DTS and DTA were 69 and 67 
DAS in this experiment. Figure 3 shows the spectral profiles of the hybrids with the top 
10% and bottom 10% yield groups collected at the early (48 DAS), middle (96 DAS), and 
late growth stages (112 DAS). The paired sample t-test results of the spectral profiles be-
tween the two groups are listed in Table 2. From the early to the late growth stages, no 
significant differences were observed in the 400–700 nm (Figure 3a,d,g) and 700–800 nm 
regions (Figure 3b,e,h) between these two groups. However, the higher-yield plots tended 
to have significantly higher reflectance values in the NIR region (800–1000 nm, Figure 
3c,f,i) throughout the growing season. Similar findings were also reported on other crops, 
such as wheat [70–73], alfalfa [55,74], sorghum [75], and soybean [21,50,76]. This is because 
higher NIR reflectance values indicate more chlorophyll within plants, representing 
greater vegetation vigor and health status [77–79]. However, when maize plants enter the 
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late growth stage, the NIR region reflectance of the plant canopy decreases because of the 
increase of image pixels representing silks and tassels. Thus, those with earlier flowering 
times might have lower NIR reflectance values, and the spectral bands during these stages 
reflect the interactions of the flowering time, yield potential, and other factors [80,81]. 

 
Figure 2. Box plots of the ground truth field data. 

 
Figure 3. Spectral profiles of the hybrids with the top 10% and bottom 10% yields in the 400–700 nm 
(a,d,g), 700–800 nm (b,e,h), and 800–1000 nm (c,f,i) wavelength ranges at the early (a–c), middle (d–
f), and late (g–i) growth stages. 

Table 2. Paired sample t-test results between the top 10% and bottom 10% yield groups. 

Growth Stages Region t p-Value 

Early Stages, 48 DAS 
400–700 nm −1.569091 0.117789 
700–800 nm −0.486646 0.627719 
800–100 nm −4.490146 0.000013 

Middle Stages, 96 DAS 
400–700 nm −0.755478 0.450616 
700–800 nm −0.594924 0.553421 
800–100 nm −5.709019 0.000000 

Late Stages, 112 DAS 
400–700 nm 0.191138 0.848560 
700–800 nm −0.323303 0.747233 
800–100 nm −3.763716 0.000226 
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3.2. Estimation Performance by Models and Image Features 
The performances of the three machine learning models in estimating the maize yield 

and flowering time are shown in Table 3. Each of the models were trained separately with 
full band spectra, FDR, SDR, and VIs. The data from all the 11 flights were combined as 
the model inputs. The highest accuracies for the grain yield, DTS, and DTA were achieved 
by the ridge regression models with Pearson correlations (r) of 0.54, 0.91, and 0.92, respec-
tively. Meanwhile, the SVR models yielded similar results when using full band reflec-
tance as the model input. Compared with the model performance of a previous study of 
r = 0.51 for grain yield and r = 0.69–0.70 for the flowering time over 25 hybrids [36], the 
model performance was very competitive with over 1000 different hybrids included in 
this study. The RMSE of the best yield estimation was 2.68 ton/ha, which is about 23% of 
the average grain yield. For typical maize breeding trials, a certain percentage (e.g., 10%) 
of superior breeding materials are selected for further evaluation [82], mainly based on 
the grain yield with breeders’ preferences for other traits to fit local environments [83]. 
The developed model involving variations of large hybrid populations could assist breed-
ers in improving the selection accuracy with data-driven references prior to harvesting 
and the selection efficiency by increasing the populations in yearly trials due to the cost- 
and time-saving yield estimation. 

Table 3. Performance of the ridge, SVR, and RF models in maize yield and flowering time estimation 
using the combined 11-day features. The numbers outside the parenthesis show the averaged accu-
racies of the repeated four-fold cross-validation, and the numbers in the parenthesis are standard 
deviations of the repeated testing accuracies. 

Phenotypic 
Data 

Model Features Metrics 𝒓 MAE RMSE 

Yield 
(ton/ha) 

Ridge 

Full Band Spectral Reflectance 
0.54 

(0.01) 
2.10 

(0.02) 
2.68 

(0.03) 

First Derivatives of Full Bands 0.41 
(0.01) 

2.74 
(0.03) 

3.51 
(0.04) 

Second Derivatives of Full Bands 
0.37 

(0.02) 
2.97 

(0.05) 
3.78 

(0.06) 

81 Vegetation Indices 
0.15 

(0.09) 
2.55 

(0.42) 
12.26 

(14.88) 

SVR 

Full Band Spectral Reflectance 
0.53 

(0.01) 
2.10 

(0.02) 
2.69 

(0.02) 

First Derivatives of Full Bands 
0.49 

(0.01) 
2.30 

(0.03) 
2.95 

(0.04) 

Second Derivatives of Full Bands 0.45 
(0.01) 

2.41 
(0.03) 

3.08 
(0.05) 

81 Vegetation Indices 
0.47 

(0.01) 
2.13 

(0.02) 
2.91 

(0.05) 

RF 

Full Band Spectral Reflectance 0.44 
(0.01) 

2.33 
(0.01) 

2.83 
(0.01) 

First Derivatives of Full Bands 
0.48 

(0.01) 
2.29 

(0.01) 
2.78 

(0.01) 

Second Derivatives of Full Bands 
0.46 

(0.01) 
2.34 

(0.01) 
2.82 

(0.01) 

81 Vegetation Indices 0.46 
(0.01) 

2.30 
(0.01) 

2.80 
(0.01) 

DTS 
(day) 

Ridge Full Band Spectral Reflectance 
0.91 

(<0.01) 
1.27 

(0.01) 
1.63 

(0.01) 
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First Derivatives of Full Bands 0.86 
(<0.01) 

1.60 
(0.03) 

2.05 
(0.03) 

Second Derivatives of Full Bands 
0.82 

(0.01) 
1.84 

(0.02) 
2.34 

(0.03) 

81 Vegetation Indices 
0.24 

(0.10) 
1.90 

(0.34) 
17.40 

(12.24) 

SVR 

Full Band Spectral Reflectance 
0.89 

(<0.01) 
1.35 

(0.02) 
1.76 

(0.03) 

First Derivatives of Full Bands 0.89 
(<0.01) 

1.42 
(0.02) 

1.81 
(0.03) 

Second Derivatives of Full Bands 0.86 
(<0.01) 

1.57 
(0.02) 

2.02 
(0.03) 

81 Vegetation Indices 
0.74 

(0.05) 
1.42 

(0.04) 
2.99 

(0.48) 

RF 

Full Band Spectral Reflectance 0.84 
(0.01) 

1.59 
(0.01) 

2.12 
(0.03) 

First Derivatives of Full Bands 
0.85 

(<0.01) 
1.54 

(0.01) 
2.02 

(0.02) 

Second Derivatives of Full Bands 
0.83 

(0.01) 
1.63 

(0.02) 
2.20 

(0.03) 

81 Vegetation Indices 0.86 
(<0.01) 

1.50 
(0.01) 

1.96 
(0.01) 

DTA 
(day) 

Ridge 

Full Band Spectral Reflectance 
0.92 

(<0.01) 
1.16 

(0.01) 
1.48 

(0.01) 

First Derivatives of Full Bands 0.87 
(<0.01) 

1.49 
(0.03) 

1.89 
(0.04) 

Second Derivatives of Full Bands 
0.84 

(<0.01) 
1.63 

(0.03) 
2.07 

(0.02) 

81 Vegetation Indices 
0.43 

(0.22) 
1.54 

(0.27) 
10.18 
(9.29) 

SVR 

Full Band Spectral Reflectance 
0.90 

(<0.01) 
1.24 

(0.02) 
1.61 

(0.03) 

First Derivatives of Full Bands 0.89 
(<0.01) 

1.32 
(0.01) 

1.69 
(0.02) 

Second Derivatives of Full Bands 0.87 
(<0.01) 

1.42 
(0.02) 

1.81 
(0.03) 

81 Vegetation Indices 
0.79 

(0.04) 
1.27 

(0.03) 
2.45 

(0.29) 

RF 

Full Band Spectral Reflectance 0.85 
(0.01) 

1.48 
(0.01) 

1.97 
(0.03) 

First Derivatives of Full Bands 
0.87 

(<0.01) 
1.39 

(0.01) 
1.84 

(0.02) 

Second Derivatives of Full Bands 0.84 
(<0.01) 

1.52 
(0.01) 

2.04 
(0.02) 

81 Vegetation Indices 0.88 
(<0.01) 

1.35 
(0.01) 

1.78 
(0.02) 

The estimation of DTS and DTA had an excellent performance with both RMSE 
around 1.6 days, considering the large duration of around 30 days (Figure 2) of the hybrids 
in this study. In maize development, the flowering stages are critical time points because 
they indicate the important plant transition from vegetative growth to reproductive 
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growth. Maize plants would take in more nitrogen, phosphorus, and water when entering 
the reproductive stages and move these nutrients into the developing grain [84–87]. 
Therefore, estimating the flowering time can help make management decisions at the right 
time, providing a greater maize response and improving grain yield. In this context, flow-
ering time is an essential trait to measure as a criterion for breeders to select those with 
suitable and stable flowering times under particular environments. Accurate estimation 
of flowering time could largely help to save time and human labor in breeding programs. 
Quantifying the flowering time over large genotypes would facilitate the genome-wide 
association studies to associate specific genetic variations with flowering time and thus 
the efficiency of molecular breeding. 

The ridge regression is superior in analyzing data that suffer from multicollinearity 
by adding a degree of constraints to the regression coefficients to balance the considerable 
variation caused by correlated predictors. The hyperspectral reflectance is captured by 
over 200 continuous bands from 400–1000 nm and consequently leads to high multicollin-
earity among neighboring bands, which was inflated by 11 data collections over the same 
group of plants. Thus, the ridge regression models showed the best performance com-
pared to other models, especially for the full band spectral reflectance. Comparatively, the 
RF and SVR models are more prone to the multicollinearity issue. It was also reported in 
[75,88] that tree-based models such as the RF are easily overfitted with a small training 
data size and a high feature dimension. It can also be seen from Table 3 that the RF models 
with 81 VIs outperformed the ones with the full spectra. With fewer collinear variables, 
the RF models had a high probability of identifying important ones during its training 
process of randomly dropping input variables. 

From Table 3, the models with the full band spectral reflectance reached the highest 
accuracies in estimating the grain yield and flowering time, followed by the models with 
the FDR and SDR, while narrow-band VIs had a relatively low performance with an av-
erage 𝑟 of 0.36 for yield, 0.61 for DTS, and 0.70 for DTA estimation. We also noted that 
using VIs as input features in the Ridge and SVR models may lead to larger estimation 
errors and standard deviation among model validation. Compared to the full band reflec-
tance and their FDR and SDR, less information was given by the narrow-band Vis, as each 
of them just took a few spectral bands (typically 2–4) into consideration. In addition, only 
a few spectral bands, such as 780 and 800 nm in the NIR region, were represented by the 
81 Vis, as these bands were repeatedly used to compute the VIs. Phenotypic traits of ex-
tensive hybrids may be too subtle to distinguish without a joint consideration of the full 
band reflectance spectra. Moreover, in maize fields where the vegetation covers a large 
proportion, VIs are easily saturated as the plants grow [89–92]. In the large vegetation-
covered area, the red light can be largely absorbed and finally reach a peak, while NIR 
reflectance can still respond significantly to canopy changes due to the increased number 
of leaves and multiple scattering [93]. This imbalance between the decrease in red bands 
and the increase in NIR bands will easily lead to the saturation of some VIs. In this study, 
for example, the normalized difference between red and NIR reflectance was found to be 
saturated around the VT stage (>0.99). Therefore, the VIs may have relatively weak effec-
tiveness in estimating similar traits among large breeding varieties. 

Figure 4 shows the 𝑟 between the spectral information and maize grain yield. The 
correlations were averaged for each band from all the data collections. The full band spec-
tral reflectance showed a clear pattern of the feature importance, with the bands higher 
than 750 nm having averagely high and stable correlations with yield, while those below 
700 nm all had lower correlations. The first and second spectral derivatives both showed 
positive peaks at the red edge region (around 750 nm), highlighting the importance of the 
reflectance between the red and NIR wavelengths. However, most spectral derivatives 
had correlations with a yield around 0, which might be because the differentiation process 
magnified the fluctuations in the original reflectance at the NIR regions [56], which was 
also reported in maize breeding lines with varied phenotypes in [94]. Consequently, it 
may introduce more noise to the models and compromise the estimation performance. 
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Figure 4. Pearson correlations between the spectral information and maize grain yield. The correla-
tions were calculated for each spectral band at individual data collections. The averaged correlations 
over all the dates are shown in the plot. 

3.3. Model Performance by the UAV Survey Timing 
Predicting flowering time and end-of-season yield as early as possible during the 

growing season is highly desirable for breeders and farmers to coordinate field work and 
possibly accelerate selection. To evaluate the potential of remotely sensed data in estimat-
ing maize yield and flowering time at early growth stages, the performance of ridge re-
gression models (Figure 5) was compared when they were trained and validated with the 
full band spectral reflectance collected at the 11 dates. For yield estimation, the best accu-
racy was achieved with imagery at 61 DAS around the tasseling stage (VT) (Figure 5a). 
The VT stage is an important process for the determination of grain yield. It begins when 
the last branch of the tassel emerges from the whorl [95]. Before reaching the VT stage, 
maize plants quickly grow to the maximum height and accumulate dry matter. Some of 
the key traits regulating the final yield, such as the potential ovule number and ear size, 
have also been determined [96–98]. From the VT stage, the plant will shed its pollen at an 
approximate time as silk emerges. At this time, a few factors could greatly affect the suc-
cess of fertilization and consequently influence the potential grain yield at harvest time. 
For example, inappropriate wind speed, air humidity, and temperature decrease the pol-
len shed. Moreover, the maize plants are most vulnerable to hail damage at the VT stage, 
as severe leaf loss at this time results in huge yield loss by harvest [99,100]. Therefore, 
significant physiological changes on the maize canopy relating to the end-of-season yield 
can be captured by the UAV imagery around the VT stage for the best yield estimation. 

The relatively low accuracies (r < 0.3) at the 41 (V6–V8) and 48 DAS (V9–V11) indi-
cated that these stages were too early for predicting maize yield using the UAV imagery. 
This is because, in the early growth stages before V11, the plant is still in the stage of 
nutrient accumulation and increasing leaf area. The yield potential was still developing 
and not accurately determined [101,102]. Additionally, the estimation performance 
started declining when entering the reproductive stages (75 DAS). This decreasing ten-
dency was probably due to the canopy greenness alteration caused by the presence of 
well-developed tassels. Similar results were also reported in [102,103]. 
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Figure 5. Line chart of the Pearson correlation coefficients (r) and RMSE between the observed and 
predicted (a) yield, (b) DTS, and (c) DTA using the full band spectral reflectance along the growing 
season. 

The model predictions for the DTS and DTA had a similar pattern (Figure 5b,c). The 
best results for both occurred at two critical time points, 75 DAS and 103 DAS, when the 
plants were at the R1 and R4 growth stages, respectively. The UAV survey date of 75 DAS 
was very close to the average DTS (69 DAS) and DTA (67 DAS) in the experiment. The 
flowering time was recorded for a maize plot when 50% of the plants in it displayed tassels 
or silks. Tassel and silk development change rapidly on a daily basis, and thus breeders 
have to visit each plot every other day during the flowering period. The variation in the 
flowering process among maize hybrids (i.e., some had more tassel branches or silks while 
some had fewer) was recorded by the image features collected during the process by av-
eraging the image reflectance values of tassels or silks and vegetation. It was also reported 
that the BNDVI values had the highest correlations with the flowering time when they 
were collected slightly before the manually assessed flowering time (average for all gen-
otypes) [36]. 

It was also noted that one UAV survey at the 103 DAS also reached good estimation 
performance post-flowering when all the tassels and silks were well developed. During 
this period, pollen grains that were received by silks quickly developed into pollen tubes 
that would penetrate the silk tissue and fertilize the ovules. Soon after the fertilization 
success, the silks dropped away, and the kernels started to develop. The substantial phys-
iological changes that happened after the flowering process could be captured by the UAV 
imagery and used to infer back to the following time. Figure 6 shows canopy images of a 
maize plot collected at four growth stages. It is clearly seen that, as the plants developed, 
more tassels and silks were displayed in the plot and took up more pixels in the canopy 
images. At 103 DAS, almost all the plants had thoroughly displayed tassels and silks, and 
the substantial presence of the flowers during this period largely altered the maize canopy 
appearance. Consequently, this distinct canopy transformation provided a direct mecha-
nism for flowering time prediction, resulting in higher estimation accuracy. Thus, it was 
observed in the experiment that the UAV survey timing for estimating the flowering time 
of maize hybrid could be flexible since the beginning of the flowering process, and we 
obtained the best estimates with imagery around the R1 and R4 stages. 
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Figure 6. Canopy images of a maize plot at (a) the V6–V8 stage (41 DAS), (b) the VT stage (61 DAS), 
(c) the R1 stage (75 DAS), (d) the R3 stage (90 DAS), and (e) the R4 stage (103 DAS). The images were 
taken by the hyperspectral camera at a 42 m height and composited using the red (620 nm), green 
(530 nm), and blue (465 nm) bands from the hyperspectral imagery. Red boxes highlight the tassel 
parts on the maize canopy. 

4. Conclusions 
In this study, a robust HTP framework was developed to estimate two important 

traits for large maize breeding populations, namely grain yield and flowering time. Four 
types of image features, i.e., reflectance, first and second derivatives of the full band spec-
tra, and 81 narrow-band VIs, were extracted from the hyperspectral images collected 
along the growing season. Three machine learning models, i.e., ridge, SVR, and RF, were 
developed for the yield and flowering time estimation, and their performance with each 
of the four feature types was evaluated. The results showed that the ridge model achieved 
the highest prediction accuracy with the time-series reflectance features and outper-
formed the other models. Besides, the full band reflectance was the most effective feature 
type in the estimation regarding the correlations with ground data and model accuracy. 
Additionally, we evaluated the best UAV survey timing in the maize growing season to 
estimate these two traits. The results showed that the image features at the VT stage (61 
DAS) had the best accuracy for maize grain yield estimation (𝑟 = 0.51), and those collected 
at R1 (75 DAS) or R4 (103 DAS) had the estimation performance of 𝑟 over 0.8 for both 
DTA and DTS. 

The results of this study demonstrated the efficacy of using machine learning models 
and hyperspectral features for estimating critical agronomic traits of large maize breeding 
populations. The proposed HTP framework can allow maize breeders to efficiently phe-
notype breeding material in field trials and facilitate the decision-making process in the 
selection of superior genotypes with data-driven references. For future work, we plan to 
incorporate plant geometric features, genomic information, environmental data, and man-
agement practices to further facilitate estimation accuracy. 
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