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Abstract

Drought stress severely limits foxtail millet yield and quality, yet current drought-re-
sistance indices are exclusively yield-oriented and ignore grain-filling quality. Our two-
year (2024-2025) experiments with 24-48 varieties revealed that yield and blighted grain
rate (BGR) are partially decoupled (e.g., Zhangzagu 18: yield 2307 kg/ha, BGR 0.444;
Zhonggu 19: yield 1622 kg/ha, BGR 0.280). We therefore constructed the Yield-Quality
Synergy Index (YQSI = DYI - BGR), which penalizes varieties with poor grain filling. The
YQSI tied for first place with DYI in comprehensive screening performance and achieved
the highest inter-annual stability (Spearman ¢ = 0.823, Jaccard = 0.438, composite score =
1.261). Sensitivity analysis confirmed robustness of the equal-weight formula across a 4-
fold range of quality-penalty weights. Six strongly drought-resistant germplasms with
balanced yield and quality were identified. Using UAV multimodal data (RGB, multispec-
tral, and thermal infrared) acquired during grain filling, a Random Forest model predicted
a YQSI with overall R? = 0.819 and an F1 score of 0.933 for variety screening. Feature-
importance analysis highlighted NDVI, WDRVI, and red-edge texture as key predictors.
This study provides a quality-constrained drought-resistance evaluation framework and
demonstrates the potential of UAV-based high-throughput phenotyping for foxtail millet
breeding.

Keywords: foxtail millet; Yield-Quality Synergy Index (YQSI); blighted grain rate; UAV
multimodal remote sensing; Random Forest; drought-resistance screening

1. Introduction

Foxtail millet (Setaria italica L.) is a traditional minor cereal crop with a long history
of cultivation in the dryland farming regions of northern China, where it contributes to
diversifying dietary patterns and optimizing cropping systems. Its outstanding tolerance
to drought and low fertility makes it particularly suitable for cultivation in arid and semi-
arid areas [1,2]. Under global climate change, however, drought stress is becoming more
frequent and intense. Drought stress not only reduces foxtail millet yield by 10-30%, but
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also severely inhibits grain filling, resulting in a higher blighted grain rate and poorer
quality [3,4]. Therefore, achieving synergistic improvement of both yield and quality un-
der drought conditions has become an issue that demands attention in current breeding
and production practices.

Accurate evaluation of crop drought resistance is a prerequisite for drought-resistant
breeding. Since the 1980s, researchers have developed various drought-resistance indices
based on yield performance. Broadly, these can be divided into three categories. One cat-
egory comprises stability-oriented indices, such as the Yield Stability Index (YSI) [5] and
Drought Stress Susceptibility Index (DSSI) [6], which measure the fluctuation of crop va-
riety yield under different water regimes. A second category consists of yield-oriented
indices, such as the Drought Yield Index (DYI) [7], Mean Productivity (MP) and Geometric
Mean Productivity (GMP) [8,9], which directly reflect the productivity of varieties under
drought or non-drought conditions. A third category comprises comprehensive indices,
such as the Drought-Resistance Index (DRI) [10], Drought Stress Tolerance Index (DSTT)
and Stress Tolerance Index (STI) [9,11], which attempt to balance yield level and stability.
These indices have been widely applied to wheat [12,13], maize [14], common bean [15]
and other crops, providing important tools for screening drought-resistant germplasm.

However, existing drought-resistance indices share a common drawback: they are
overwhelmingly yield-oriented. They focus primarily on yield and neglect the profound
effects of drought stress on quality traits. More critically, drought stress not only reduces
the number of grains, but also inhibits the transport of assimilates for grain filling, thereby
leading to poor grain plumpness [16,17]. As a core indicator of grain-filling plumpness,
blighted grain rate directly reflects the efficiency of assimilate transport to grains and
starch synthesis [18,19]. From a physiological perspective, more than 90% of cereal grain
weight is starch. Grain filling depends on two key processes: the efficiency of transporting
photosynthetic assimilates (as sucrose) from source organs to grains, and the efficiency of
converting sucrose into starch for accumulation in grains [17]. Drought stress disrupts
both processes. On the one hand, water deficit reduces leaf photosynthetic rate and assim-
ilate supply; on the other hand, it inhibits the activities of key filling enzymes such as
sucrose synthase and ADP-glucose pyrophosphorylase, thereby hindering starch synthe-
sis. The final result is poor grain plumpness and an increased blighted grain rate [16,20].
Therefore, blighted grain rate not only determines milling yield and commercial grade,
but also serves as a direct reflection of filling efficiency, and it has a non-linear relationship
with yield [21]. Studies have shown that there are significant genetic differences in filling
efficiency under drought among foxtail millet varieties [2,22], indicating that high yield
does not necessarily imply good quality and drought resistance does not guarantee nor-
mal filling. However, no existing drought-resistance index incorporates quality traits such
as blighted grain rate. As a result, selected drought-resistant varieties may have high yield
but poor quality, while truly drought-resistant varieties with high filling efficiency and
plump grains may be overlooked. Thus, including blighted grain rate in foxtail millet
drought-resistance evaluation essentially introduces a filling-efficiency constraint, select-
ing varieties that maintain efficient assimilate transport and synthesis under drought con-
ditions.

Nevertheless, incorporating blighted grain rate also creates new data acquisition
pressure. Traditional determination of blighted grain rate relies on manual water or air
separation, which is time-consuming, labour-intensive and subjective. It is difficult to ob-
tain as quickly as yield through plot harvesting, so early-generation breeding materials
generally lack quality evaluation data [18]. To overcome this bottleneck, Liu et al. [18,19]
proposed an image analysis method based on grain shadow features, using multi-source
illumination imaging to automatically identify blighted and plump grains, thus enabling
rapid non-destructive measurement of blighted grain rate. However, this method is
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mainly suitable for indoor or in vitro grain analysis, and is not yet directly applicable to
the simultaneous, high-throughput calculation of blighted grain rate for many varieties
(lines) in the field. Therefore, the present study adopted a dry-weight-based method for
calculating blighted grain rate: after full maturity, whole panicles are dried and then
weighed to obtain panicle dry weight and grain dry weight. This method directly uses the
oven-drying and weighing data from the conventional trait-evaluation process, requiring
no additional equipment or subjective judgment. It simultaneously obtains panicle dry
weight and grain dry weight for all plots, enabling objective, batch calculation of blighted
grain rate, and it seamlessly integrates with traits such as harvest index and yield.

In recent years, the rapid development of unmanned aerial vehicle (UAV) remote
sensing technology has provided new technical support for the non-destructive, high-
throughput acquisition of crop canopy phenotypic information at the field scale [23,24]. A
review of previous studies reveals two main technical approaches for using UAV remote
sensing to estimate crop drought-resistance indices. The first approach directly predicts
the drought-resistance index from UAV data [11,25]. The second approach predicts crop
yield under different treatments from UAV data and then calculates the drought-re-
sistance index from the predicted yield [26]. Studies have shown that the accuracy of di-
rectly predicting drought-resistance indices is not lower than that of first predicting yield
and then calculating the index. For example, Li et al. [11] directly predicted a wheat
drought-resistance index using multi-modal data fusion and achieved accuracy compara-
ble to yield prediction. Zhu et al. [25] also found that a comprehensive drought-resistance
evaluation index directly constructed from UAV multi-source data could effectively dis-
tinguish different drought-resistance levels among wheat germplasms. Therefore, with
the support of UAV multimodal data, the data acquisition pressure introduced by includ-
ing blighted grain rate in a new foxtail millet drought-resistance index can be effectively
alleviated.

Based on the above analysis, this study proposes two core scientific questions. The
first is whether we can construct a novel drought-resistance index that balances yield and
quality (constrained by blighted grain rate) and that outperforms traditional yield-ori-
ented indices in screening high-quality drought-resistant varieties. The second is whether
we can accurately predict this index using UAV multimodal data acquired after heading.
To address these questions, we conducted a water-stress experiment over a two-year pe-
riod (2024 - 2025) in Hengshui, Hebei Province, China. We propose the Yield—Quality
Synergy Index (YQSI) to comprehensively characterise drought resistance in foxtail millet.
Using Yugu 18 as the empirical reference variety, we systematically compared the perfor-
mance of YQSI and eight existing drought-resistance indices in screening drought-re-
sistant varieties. Based on UAV multimodal data, we constructed a YQSI prediction model
using Random Forest and comprehensively evaluated its prediction accuracy.

2. Materials and Methods
2.1. Experimental Design and Plant Material

The experiments were conducted in 2024 and 2025 at the experimental station of the
Dryland Agriculture Research Institute in Hengshui, Hebei Province (115°42' E, 37°54' N).
This region has a typical temperate continental monsoon climate, with an average annual
precipitation of 497.1 mm, of which 70% falls in July and August. The average annual
temperature is 12.5 °C, and the frost-free period is about 200 days. This area represents a
typical dryland farming region of the North China Plain.

The plant material comprised 24 varieties in 2024, and was increased to 48 varieties
in 2025 (including the original 24) (Figure 1). All varieties are conventional cultivars with
a growth period of 105-125 days, covering the main genetic backgrounds of the summer
millet region of North China. The experiment was conducted under a movable rainout
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shelter equipped with a precision drip-irrigation control system to exclude natural pre-
cipitation. Each variety was subjected to three water treatments, each with three replicates,
and each replicate was a separate plot.

Before sowing, all plots were fully irrigated to ensure seedling emergence. The three
water treatments for each variety were as follows. (1) Non-Watered (NW): no irrigation
throughout the growing season. (2) Deficit-Watered (DW): irrigation applied only at head-
ing, with an amount of 75 mm. (3) Well-Watered (WW): irrigation applied at heading and
flowering, two irrigations in total, each of 75 mm, summing to 150 mm. Concrete water
barriers (15 cm wide, 5 cm high) were placed between treatments and around individual
plots to prevent lateral water seepage and ensure independent soil columns.

2024

V1: Yugu3s V13: Jinmiao K7
V2: Yugul8 V14: Zhangzagu 16
V3: Gigul9 V15: Zhangzagu 18
V4: Gigu 39 V16: Zhangzagu 22
V5! Gigu42 V17: Zhonggu 25
V6: Jigu 168 V18: Zhonggu 28
V7: Jigu22 V19: Zhonggu 19
V8: jigul19 V20: Zhonggu 855
VO: Jigu20 V21: Zhongzagu 90

V10: Chigu K6 V22: Henggu 36
V11: Jinmiao K4  V23: Yugu 50
V12: Chigu K10 V24: Changnong 47

2025

V1: Yugu 35 V25: Zhonggu 33
V2: Yugu 18 V26: Zhonggu 39
V3: Gigu 19 V27: Yugu 58

V4: Gigu 39 V28: An20h-v7020
V5: Gigu 42 V29: Jiyangu 1

V6: Jigu 168 V30: Jijinmiao 3
V7: Jigu 22 V31: Jijinmiao 5
V8: jigu 19 V32: Jiyangu 7

VO: Jigu 20 V33: Jigu 46

V10: Chigu K6 V34: Zhonggu 303-11
V11: Jinmiao K4 V335: Qinhuang 3
V12: Chigu K10 V36: Zhonggu 32

V13: Jinmiao K7 V37: Zhonggu 37
V14: Zhangzagu 16~ V38: Zhonggu 41
V15: Zhangzagu 18 V39: An23h-8183
V16: Zhangzagu 22 V40: Yuzagu 3
V17: Zhonggu 25 V41: Jiyangu 2
V18: Zhonggu 28 V42: Nijinmiao 4
V19: Zhonggu 19 V43: Jjjmmiao 6

V20: Zhonggu 855
V21: Zhongzagu 90
'V22: Henggu 36
V23: Yugu 50

V24: Changnong 47

V44: Tigu 45

V45: Jigu 48

V46: Zhonggu 303-1
V47: Zhonggu 858
V48: Zhonggu 18

Deficit-Watered | | Well-Watered [ | Non-Watered

Figure 1. Experimental design and variety distribution in the two years.

In 2024, each plot measured 2.2 m x 1.0 m, and there were 27 x 8 = 216 plots. In 2025,
the number of varieties doubled compared with the previous year. Each plot was halved
in size with a 20 cm protected zone in the middle for strict water isolation. Thus, in 2025,
each plot measured 1 m x 1 m, and there were 27 x 16 = 432 plots (Figure 1). Yield was
determined by whole-plot harvesting, ensuring that edge effects were fully incorporated,
regardless of plot dimensions. Before sowing, all plots were uniformly irrigated to about
80% of field capacity to ensure consistent emergence. Sowing dates were 14 June 2024 and
16 June 2025. Pest, disease and weed management followed local conventional practices
during the growing season.

2.2. Data Collection and Preprocessing

https://doi.org/10.3390/agriculture16161765
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2.2.1. Agronomic Trait Collection and Preprocessing

Yield and trait evaluation were conducted at the full maturity stage. All plants in
each plot were harvested manually. All panicles were collected, placed in mesh bags, air-
dried to constant weight, and then threshed. After threshing, grains were further air-dried
to about 13% moisture content, weighed, and converted to hectare yield (kg/ha).

At the same time, all plants in each plot were taken for trait evaluation. Panicles were
separated from stems and leaves. Panicles were placed in kraft paper bags, oven-dried at
105 °C for 30 min and then at 80 °C to constant weight, and panicle dry weight was rec-
orded. After manual threshing, grains were separated from glumes and rachises. Grains
were oven-dried to constant weight and grain dry weight was recorded. Stems and leaves
were oven-dried to constant weight, and the total dry weight of stems and leaves was
recorded. These data were used to calculate blighted grain rate and harvest index.

2.2.2. UAV Multimodal Data Collection and Preprocessing

UAV flights were conducted during the grain-filling stage between 11:00 and 13:00
Beijing time. A DJI Mavic 3 Multispectral (DJI M3M) UAV (M3M, DJI Technology Co.,
Ltd., Shenzhen, China) was used to simultaneously acquire multispectral images in four
bands: green (550 + 16 nm), red (650 + 16 nm), red edge (730 + 16 nm) and near-infrared
(860 + 26 nm). Simultaneously, a DJI Mavic 3 Thermal (DJI M3T) UAV (M3T, DJI Technol-
ogy Co., Ltd., Shenzhen, China) was used to acquire thermal infrared images (8-14 pm,
30 Hz, 640 x 512 pixels). Flight altitude was 12 m, with ground resolutions of 0.54 cm for
multispectral and 1.4 cm for thermal infrared. Heading overlap was 85% and side overlap
75%. Both UAVs were integrated with RTK modules for centimetre-level positioning. Be-
fore each flight, a 50% standard reflectance grey panel was placed in the experimental
field for radiometric calibration of multispectral images, and black and white acrylic pan-
els were placed for temperature calibration of thermal infrared images.

Radiometric calibration of multispectral images followed a two-step procedure. First,
the built-in downwelling light sensor (DLS) of the M3M recorded light intensity in real
time, and Pix4D Mapper software (Pix4D SA, Lausanne, Switzerland) automatically con-
verted raw DN values to apparent reflectance. Then, absolute reflectance calibration was
performed using the known reflectance (50%) of the grey panel to obtain surface reflec-
tance in the range 0-1. Thermal infrared images were converted from raw R-JPEG to Ge-
oTIFF temperature images using the DJI Thermal SDK, and then mosaicked into ortho-
mosaics using Agisoft Metashape (Agisoft LLC, Petersburg, Russia). Linear correction be-
tween UAV-derived temperature values and those measured by a FLIR handheld thermal
imager (using the black and white acrylic panels) was applied (R? > 0.97), to ensure tem-
perature accuracy.

An adaptive image-segmentation algorithm [27] was used to extract pure foxtail mil-
let canopy pixels, effectively removing soil and shadow backgrounds and ensuring that
plot size differences did not affect the physical meaning of the extracted canopy reflec-
tance. The reflectance and temperature values of all canopy pixels within each plot were
averaged to obtain the spectral features and canopy temperature for that plot. Based on
multispectral and thermal data, we calculated 53 spectral indices (see Appendix A) for
subsequent analysis.

https://doi.org/10.3390/agriculture16161765
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2.3. Calculation of Current Agronomic Indices and Drought-Resistance Indices
2.3.1. Blighted Grain Rate
Blighted Grain Rate (BGR) is defined as the difference between panicle dry weight

and grain dry weight divided by panicle dry weight. It is used to characterise the degree

of grain-filling plumpness and quality. The calculation formula is
DWear — Dwgrain

DWeor M

where DW,,, is panicle dry weight (including grains, glumes and rachis) and DW,y, is

BGR=

grain dry weight. BGR ranges from 0 to 1 (dimensionless); lower values indicate plumper
grains and better quality. The physiological significance of this index is that the difference
between panicle dry weight and grain dry weight reflects the portion of assimilates that
failed to be converted into plump grains during filling (including blighted grains, empty
glumes and non-grain structures). Under drought stress, reduced filling efficiency directly
manifests as an increase in this difference. Therefore, this index not only avoids the sub-
jective errors of water-separation methods, but also quantitatively reflects the efficiency
of assimilate transport to grains and the degree of grain plumpness from the perspective
of source-sink dynamics.

It should be noted that BGR as defined here differs from the empty grain rate or in-
completely filled grain rate measured by traditional wind- or water-separation methods.
Wind/water separation methods classify grains based on density differences, primarily
identifying empty or incompletely filled grains [18,19]. In contrast, our dry-weight-based
BGR captures the total non-grain fraction of the panicle, including glumes, rachises, and
unfilled grains, thus reflecting the assimilate loss due to incomplete grain filling from a
source—sink dynamics perspective. This distinction is important because BGR provides a
quantitative measure of filling efficiency, rather than merely a count-based classification
of grain plumpness.

2.3.2. Harvest Index

Harvest index (HI) is calculated as

i DW,
== 2
Dwear + Dwstraw ( )

where DWep.i, is grain dry weight, DW,,, is panicle dry weight, and DWyy,,, is stem-

rain

leaf dry weight. HI reflects the partitioning of photosynthetic products to the harvested
organ (grain), and is an important indicator of source-sink coordination under stress [28].

2.3.3. Drought-Resistance Indices

For the convenience of subsequent index calculations, the following basic parameters
are first defined:

Y,: grain yield of the variety under the current treatment (kg/ha).

Y,: grain yield of the variety under well-watered treatment (kg/ha).

Y,: average yield of all varieties under the current treatment (kg/ha).

Yp: average yield of all varieties under well-watered treatment (kg/ha).

This study used eight representative traditional drought-resistance indices, covering
yield-oriented, stability-oriented and comprehensive types. All indices were calculated
based on data from the drought treatment, while indices that involve irrigated yield (Y,)

also used well-watered treatment data.

https://doi.org/10.3390/agriculture16161765
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(1) Yield-oriented indices
Drought Yield Index (DYI) reflects the relative yield performance of a variety under
drought conditions, proposed by Raman et al. [7]:
Y
DYI= —
= ©)

Mean Productivity (MP): the arithmetic mean yield of a variety under drought and

well-watered treatments, reflecting overall productivity [8]:
Y +Y,

=2 4 4

. @

Geometric Mean Productivity (GMP): the geometric mean of yields under drought

and well-watered treatments, more sensitive to performance in low-yielding environ-

GMP = /Ys xY, ©)

Yield Stability Index (YSI) measures the stability of yield of varieties under drought

ments [9]:

(2) Stability-oriented indices

and irrigated conditions, with larger values indicating better stability [5]:

Y,
YSI= 2 (6)

Yy

Drought Stress Susceptibility Index (DSSI) measures the susceptibility of a variety to
drought stress, with smaller values indicating lower susceptibility [6]:

1-3
_ P
DSSI—1 Y. (7)
YP

(3) Comprehensive indices

Drought-Resistance Index (DRI) comprehensively considers yield performance and
stability under drought stress, proposed by Bidinger et al. [10]:

Y, (Y,\’
DRI= = x <_—”> (8)
v, \Y,
Drought Stress Tolerance Index (DSTI) measures the ability of a variety to maintain
yield under drought stress [11]:

DSTI= LE 9
_YPX_YS ( )

Drought-Resistance Index Difference (DRID) combines DSTI and DSSI to balance
yield and stability [11]:

DRID = DSTI — DSSI (10)

2.4. Construction of the Yield—Quality Synergy Index (YQSI)

This study proposes a novel drought-resistance index, the Yield—Quality Synergy In-
dex (YQSI), which is composed of the drought yield index and blighted grain rate. The
core design philosophy is first determining the yield potential based on relative yield, then
applying a quality penalty through blighted grain rate, thereby achieving the synergistic
screening of high yield and good quality. The YQSI is calculated as

YQSI=DYI — BGR (11)

where DYI is the drought yield index, reflecting the relative yield advantage of a variety
under drought compared to the population mean; BGR is the blighted grain rate (0-1) of
the variety under the current treatment, directly quantifying the quality loss due to poor
grain filling. Subtracting BGR from DYI means deducting the quality discount caused by

https://doi.org/10.3390/agriculture16161765
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poor filling from the relative yield advantage; the remainder is the effective yield ad-
vantage. This preserves high yield potential, while penalizing varieties with low filling
efficiency.

The physiological basis of this construction is that under drought stress, yield level
mainly depends on pre-anthesis biomass accumulation and post-anthesis assimilate
transport, while BGR directly reflects transport efficiency [17]. A high-yielding variety
with poor filling efficiency (high BGR) will have its YQSI value reduced due to the penalty;
conversely, a moderate-yielding variety with plump grains (low BGR) may have a higher
YQSI value. Thus, the YQSI automatically achieves a trade-off between yield and quality,
selecting varieties that excel in both aspects.

To verify the robustness of the simple subtraction formula (YQSI = DYI - BGR), we
conducted a comprehensive sensitivity analysis including value range analysis, correla-
tion analysis, and weight sensitivity analysis.

Value range analysis showed that DYI ranged from 0.33 to 2.03 (mean = 1.005, CV =
33.7%), while BGR ranged from 0.26 to 0.66 (mean = 0.414, CV = 18.8%). Both are dimen-
sionless indices (Figure 2). Although DYT has a wider range, the CV of BGR is lower, in-
dicating more concentrated variation.

(b) DYI vs BGR Correlation
(a) Value Range Comparison (r=—0.646, p<0.001)
DY: Range=1.70, CV=33.7% 0.65 °
BGR: Range=039, CV=18.8% i
2 o]
0 o 0.60
R °
055 a2
= 0504 oo’
o Sso ] @ © ©°
= & SN % ©
] g o S~.o0 o
= @ 045 S22 % °
10 & ° ® 0% ®
° o0 ~2 °
o
0.40 o
> L 08~2 0
o °
033 ° S ~ ° *
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~
—_ 030 ° .00 L
° S._©
° . ~
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(d) Original vs Normalized Ranking
6.

(c) Weight Sensitivity Analysis (Spearman rho=0.962)

80 :
== 1:lline T
1.005 9’”
70 o © %
~ o
1000 @ T ‘9’906 *
® Lo JRPS 3 %%
] o_ » °
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g WI=2.0,w2-1.0 & o o
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° o la’cigh! ;{alio (w:;‘wl) v "8 * ! * * Rar::: (Orig‘i‘:’ml YQSS[;) ¢ " ¥
Figure 2. Sensitivity analysis of YQSI formula. (a) Boxplots of DYI and BGR value ranges; (b) scatter
relationship between DYI and BGR (r = —0.645); (c) weight sensitivity analysis (weight ratio 0.5-2.0,
0 > 0.99), where red circles denote Spearman @ values, the blue dashed line indicates the o = 0.99
threshold, and the green solid line indicates perfect agreement (o =1.0) (d) rank consistency between
original and normalized YQSI (o = 0.962).

Correlation analysis revealed a moderate negative Pearson correlation between DYI
and BGR (r = -0.645), indicating that these two metrics capture different dimensions of
drought-resistance information, supporting the rationale for their joint use in a single in-
dex (Figure 2).
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Sensitivity analysis of the formula showed that the absolute sensitivity of the YQSI
toboth DYI and BGR is identical (dYQSI/dDYI=1, dYQSI/dBGR =-1) (Figure 2). However,
in terms of elasticity, a 1% change in DYI leads to a 1.70% change in the YQSI, while a 1%
change in BGR leads to a 0.70% change in the YQSIL

Crucially, a Z-score normalization comparison showed that the Spearman rank cor-
relation between the original YQSI and Z-score-normalized YQSI reached g = 0.962, indi-
cating that normalization does not alter variety rankings (Figure 2). This proves that the
direct subtraction of raw DYI and BGR is mathematically equivalent to subtraction after
normalization.

Weight sensitivity analysis provided the strongest evidence: even when the weight
assigned to BGR varied from 0.5 to 2.0 (a 4-fold range), the Spearman g between the orig-
inal and weighted YQSI remained > 0.99, and the overlap of top-5 and top-10 varieties
remained at 4-5/5 and 9-10/10, respectively. This demonstrates that the rankings are ex-
tremely robust to changes in the quality-penalty weight.

2.5. Performance Comparison of Drought-Resistance Indices

To systematically compare the screening performance of the YQSI and eight existing
drought-resistance indices, we established a multi-level evaluation system, including
methods for variety screening, screening performance evaluation, and annual stability
evaluation.

The variety screening method used a reference variety threshold approach, with
Yugu 18, a drought-resistant variety widely grown in the North China summer millet re-
gion, as the reference. For each index in each year under the drought treatment, varieties
with index values greater than those of Yugu 18 (for indices where larger values indicate
better drought resistance: YQSI, DYI, DRI, YSI, MP, GMP, DSTI, and DRID) were identi-
fied as drought-resistant; for DSSI (where smaller values indicate better drought re-
sistance), varieties with values smaller than that of Yugu 18 were identified as drought-
resistant. This method uses a widely adopted drought-resistant variety as a benchmark,
so the screening results directly reflect the drought-resistance advantage of varieties rela-
tive to a currently promoted variety, providing clear practical guidance.

The screening performance evaluation method used an average ranking approach.
To compare the performance of each drought-resistance index in screening varieties with
high yield and high harvest index, the following steps were used:

(D For a given year (e.g., 2024), for each drought-resistance index, calculate the average
yield and average harvest index under drought treatment of all varieties screened by that
index.

(2) Rank the nine drought-resistance indices from highest to lowest average yield to ob-
tain a yield ranking for each index (rank 1 means the highest average yield); similarly,
rank the indices from highest to lowest average harvest index to obtain a harvest index
ranking for each index.

(3 Calculate the average ranking for each index in that year = (yield ranking + harvest
index ranking)/2. A smaller value indicates higher screening performance of that index in
that year.

(#) Repeat the above calculation for 2024 and 2025 separately to obtain the average rank-
ing for each index in both years.

5 Finally, the comprehensive ranking of each index = (average ranking in 2024 + aver-
age ranking in 2025)/2. A higher ranking (smaller numerical value) indicates that the va-
rieties screened by that index have better comprehensive performance in terms of yield
and harvest index, i.e., higher screening performance.
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The annual stability-evaluation method used a multi-indicator comprehensive as-
sessment system. Because the experiments were conducted under a rainout shelter with
strictly controlled water regimes, the drought treatment received no irrigation throughout
the growing season, and concrete water barriers between plots prevented lateral water
seepage. Therefore, the differences between the two years mainly originated from natural
fluctuations in environmental factors such as light and temperature. Under such condi-
tions, the annual stability of each variety’s drought-resistance expression can more purely
reflect its genetic stability. Accordingly, we used three indicators: Jaccard similarity,
Spearman’s rank correlation coefficient, and a composite score, to evaluate the annual
screening stability of each drought-resistance index.

Jaccard similarity is a classic statistical indicator for measuring the similarity between
two sets, calculated as

_ |AnBI
JAB)= Ta08]
where A is the set of superior varieties screened in the first year, and B is the set of superior

(12)

varieties screened in the second year. The numerator is the number of varieties screened
in both years (i.e., truly stable superior varieties), and the denominator is the total number
of varieties screened in the two years (excluding duplicates). Jaccard similarity ranges
from 0 to 1. Higher values indicate stronger annual repeatability of the screening results.
This indicator eliminates the influence of different screening numbers and directly reflects
the consistency of screening results.

Spearman’s rank correlation coefficient is a non-parametric statistic that measures the
monotonic relationship between two variables. It is independent of data distribution as-
sumptions and is insensitive to outliers. It is calculated as

6Xp d;
2 —1)
where d; is the difference between the ranks of the varieties in the two years, and n is the

(13)

number of varieties. In this study, Spearman’s rank correlation coefficient is used to cal-
culate the correlation of variety drought-resistance rankings between the two years. Posi-
tive values indicate consistent ranking trends across years, negative values indicate oppo-
site trends, and the absolute value indicates the strength of the annual ranking stability.
Its absolute value reflects how regularly the index values vary with yield.

The composite score is calculated from the above two indicators and is used to com-
prehensively rank the annual stability of each drought-resistance index:

Score=](A,B)+p (14)

The Spearman rank correlation coefficient measures the consistency of variety
drought-resistance rankings between the two years. Positive values indicate consistent
ranking trends, and the magnitude reflects the strength of the annual ranking stability. A
higher composite score indicates stronger annual screening stability. The weighting de-
sign follows the principle that Jaccard similarity and Spearman’s rank correlation coeffi-
cient are equally important, evaluating stability from the two dimensions of screening set
and ranking order. A higher composite score indicates stronger annual screening stability
of that drought-resistance index.

Through this multi-level evaluation system, we could comprehensively compare the
strengths and weaknesses of each drought-resistance index from both screening perfor-
mance (average ranking method) and annual stability (multi-indicator comprehensive as-
sessment) dimensions, providing a scientific screening tool for foxtail millet drought-re-
sistance breeding.
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2.6. Model Construction and Accuracy Evaluation

To achieve the goal of screening drought-resistant varieties during the foxtail millet
growing season, we used the Random Forest (RF) algorithm to construct a YQSI predic-
tion model. RF can effectively handle non-linear relationships between high-dimensional
features and small samples. It has strong resistance to overfitting, is insensitive to outliers,
and has good interpretability [29]. It has been widely used in crop phenotypic prediction
[23].

First, feature extraction and selection were performed. From UAV RGB, thermal in-
frared, and multispectral images, we extracted 53 features related to spectrum, texture,
temperature and colour (see Appendix A). Specifically, three colour indices (ExG, ExGR,
and GRVI) were extracted to characterise canopy greenness and coverage. Seventeen spec-
tral indices (e.g., NDVI, GNDVI, NDRE, EVI2, and SAVI) and 32 texture features (mean,
variance, homogeneity, contrast, dissimilarity, entropy, second moment and correlation
from the GLCM matrix, applied to the red, green, red-edge and near-infrared bands) were
extracted. Spectral indices were used to estimate chlorophyll content, canopy structure
and biomass. Texture features were used to reflect canopy structural complexity and spa-
tial heterogeneity. One temperature index (NRCT) was extracted to characterise canopy
water status and transpiration efficiency.

Second, the sample set was constructed and divided. A total of 648 samples under
three water treatments (NW, DW, and WW) in 2024 and 2025 were included. By introduc-
ing different water gradients, sample diversity was effectively expanded, allowing the
model to learn a wider range of YQSI variation patterns and thus improve generalization
ability. A stratified sampling strategy (stratified by yield type) was used to randomly split
the dataset into a training set (453 samples) and a test set (195 samples) with a ratio of 7:3,
ensuring that the three water treatments were balanced between the training and test sets.

Finally, modelling parameters were set. The Random Forest model was implemented
using the Python scikit-learn library (version 1.2.2). The main hyperparameters were set
as follows: n_estimators = 100, max_depth = None, min_samples_split = 2, min_sam-
ples_leaf =1, max_features = sqrt, bootstrap = True, random_state =42, n_jobs = -1. Other
parameters were left at default values.

The final step was model accuracy evaluation. The coefficient of determination (R?)
and root mean square error (RMSE) were used to evaluate prediction performance on the

test set:
(v, = 9)
RP=1-T i (15)
j=1 (y] - y)
(16)
MAE = AN | 7.1 17
- Ezl y,‘ yi ( )

where y, is the measured YQSI value of the i-th sample, y; is the measured YQSI value
of the j-th sample, 7, is the YQSI value predicted by the model, j is the mean of meas-
ured YQSI values, and n is the number of samples.

To evaluate the performance of predicted YQSI in screening drought-resistant varie-
ties, we used the measured YQSI value of the reference variety Yugu 18 as a threshold.
Based on measured YQSI and predicted YQSI, varieties were classified as drought-re-
sistant (positive class) or non-drought-resistant (negative class). Based on this binary clas-
sification, a confusion matrix was constructed, defining the following four basic quantities.
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TP (True Positive): number of samples predicted as drought-resistant that are actu-
ally drought-resistant. That is, the model correctly identified drought-resistant varieties.

FP (False Positive): number of samples predicted as drought-resistant but actually
non-drought-resistant. That is, varieties misidentified as drought-resistant (false posi-
tives).

FN (False Negative): number of samples predicted as non-drought-resistant but ac-
tually drought-resistant. That is, drought-resistant varieties missed by the model (false
negatives).

TN (True Negative): number of samples predicted as non-drought-resistant that are
actually non-drought-resistant. That is, the model correctly excluded non-drought-re-
sistant varieties.

Based on the confusion matrix, four indicators: accuracy, precision, recall and F1
score, were calculated.

A B TP+ TN (18)
Y T TP Y FP+EN+ TN
Accuracy reflects the proportion of correct classifications by predicted YQSI.
TP
jsion= 19
Precision TP+ D (19)

Precision measures the proportion of varieties predicted as drought-resistant that are
actually drought-resistant, reflecting the reliability of the model’s predictions. Higher pre-
cision means fewer false positives.

Recall= (20)

TP

TP +FN

Recall measures the proportion of actual drought-resistant varieties that are correctly

identified by the model, reflecting the model’s ability to detect drought-resistant varieties.
Higher recall means fewer missed detections.

PrecisionxRecall

Fl-score =2 Precision+Recall @D

The F1 score is the harmonic mean of precision and recall, comprehensively reflecting

the screening performance of the model. When both precision and recall are high, the F1

score is also high. If they differ greatly, the F1 score decreases. The F1 score ranges from 0

to 1. Larger values indicate a better balance between precision and recall, i.e., better screen-

ing performance.

3. Results
3.1. Two-Year Yield Differences and Meteorological Conditions

Analysis of two-year data from the strictly water-controlled rainout shelter experi-
ment showed significant differences in yield and blighted grain rate (BGR) among the
three water treatments, and that the environmental stress in 2025 was more severe than in
2024 (Figure 3).

Under the strictly water-controlled rainout shelter experiment, three water gradients
(WW, DW, and NW) were set in both 2024 and 2025. The two-year results consistently
showed that yield decreased significantly and stepwise with reduced water availability,
confirming clear treatment gradients.

In 2024, the average yields under WW, DW and NW were 5348, 4288 and 1694 kg/ha,
respectively. Compared with WW, DW and NW had yield reductions of 19.8% and 68.3%
(p <0.001). The corresponding BGR values were 0.164, 0.221 and 0.402. The drought treat-
ment had BGR increases of 34.8% and 145.1% compared with the deficit-watered and well-
watered treatments (p <0.001).

In 2025, the average yields under WW, DW and NW were 3341, 2437 and 1882 kg/ha,
respectively. Compared with WW, DW and NW had yield reductions of 27.0% and 43.7%
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(p <0.01). The BGR values were 0.310, 0.362 and 0.420. The drought treatment had BGR
increases of 16.8% and 35.5% compared with the deficit-watered and well-watered treat-
ments (p <0.01).
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Figure 3. Distribution of yield and BGR across all treatments in the two years. *** p < 0.001. n =72
(2024) and n = 144 (2025) per treatment.

The two-year data fully demonstrate that the water gradient design successfully es-
tablished an effective stress series from full irrigation to extreme drought, providing good
sample variability for subsequent drought-resistance index comparisons and model con-
struction.

3.2. Relationship Between Bgr, Yield and Harvest Index

Based on field measurement data of 48 foxtail millet varieties (drought treatment)
from 20242025, the varieties were sorted from low to high yield under drought treatment,
and statistical trends of BGR versus yield and harvest index were prepared (Figure 4). The
results showed that BGR varied considerably among varieties, ranging from 27.1% to
56.2%, with an average of 33.3%. In 2025, Gigu 46 had the lowest BGR (27.1%) and a rela-
tively high drought-treatment yield (2958 kg/ha). Jijinmiao 6 had a BGR of 28.4% and the
highest yield (3821 kg/ha). Changnong 47 had the highest BGR (56.2%) and a low yield of
1202 kg/ha. The overall trend indicated that varieties with lower BGR tended to have
higher yield potential (Figure 4).

Despite the overall negative correlation, there were counterexamples that deviated
from this pattern. Some high-yielding varieties exhibited high blighted grain rates. In 2024,
Zhangzagu 18 (2307 kg/ha, ranked fifth in yield) had a BGR as high as 0.444, significantly
higher than the year’s average of 0.405, whereas the highest-yielding variety that year,
Zhangzagu 16 (3272 kg/ha), had a BGR of only 0.343. In 2025, Zhangzagu 22 (2584 kg/ha,
ranked fourth in yield) had a BGR of 0.414, significantly higher than Gigu 39 (0.308) at a
similar yield level. Zhonggu 303-I (1520 kg/ha, medium-high yield) had a BGR as high as
0.560. On the other hand, some low-yielding varieties had relatively low BGR. In 2024,
Zhonggu 19 (1622 kg/ha, below average) had a BGR of only 0.280, and Chigu K10 (1475
kg/ha, ranked 15th) had a BGR as low as 0.262 (the lowest that year). In 2025, Jigu 20 (1328
kg/ha, relatively low) had a BGR of 0.400, slightly below the year’s average of 0.420. These
counterexamples indicate that yield alone cannot accurately determine grain-filling
plumpness. High-yielding varieties may have filling defects, while low- to medium-yield-
ing varieties may still achieve plump grains.
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Further analysis of the relationship between BGR and harvest index (HI) showed that
higher BGR (poorer grain plumpness) was associated with lower efficiency of photosyn-
thetic-product transport to grains, ultimately leading to a lower harvest index (Figure 4).
For example, Jijinmiao 6 (BGR = 0.284, HI = 0.339) performed well in 2025. This further
confirms the validity of BGR as a key indicator of grain-filling efficiency. There were also
varieties that deviated from this trend. In 2024, Zhangzagu 22 had a BGR of 0.3577 (above
average) but a HI as high as 0.3104 (the highest that year). In 2025, Zhangzagu 22 again
showed a similar pattern (BGR = 0.4138, HI = 0.259, significantly higher than expected for
its BGR level). This suggests that this variety has a high capacity to allocate photosynthetic
products to grains (high economic coefficient), but grain-filling plumpness is not ideal,
further confirming the trade-off between yield and quality.
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Figure 4. Relationship between BGR, yield and harvest index under drought treatment (2024—
2025). Varieties are sorted from low to high yield under drought treatment.

3.3. Performance Comparison of Different Drought-Resistance Indices in Variety Screening

The nine drought-resistance indices were calculated for all varieties. Using Yugu 18
as the reference, varieties outperforming Yugu 18 were considered drought-resistant. The
numbers of drought-resistant varieties screened by each index and their performance are
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shown in Table 1. In 2024, YQSI, DYI, DRI, GMP, DSTI and MP each screened seven vari-
eties; YSI and DSSI screened 10 varieties; and DRID screened 16 varieties. In 2025, YQSI,
DYI, DRI, GMP, DSTI and MP each screened 31 varieties; YSI and DSSI screened 37 vari-
eties; and DRID screened 15 varieties.

Table 1. Number of varieties screened by each drought-resistance index and their comprehensive

performance in 2024 and 2025.

2024 2025
Index Number Av.erage Average Har- Number Av?rage Average Har-
Screened Yield vest Index Screened Yield vest Index
(kg/ha) (kg/ha)

YQSI 7 2640 0.2817 31 2185 0.2013
DYI 7 2640 0.2817 31 2185 0.2013
DRI 7 2640 0.2817 31 2165 0.2020
GMP 7 2640 0.2817 31 2165 0.1996
DSTI 7 2640 0.2817 31 2165 0.1996
MP 7 2468 0.2718 31 2151 0.1991
DSSI 10 2295 0.2697 37 2005 0.1919
YSI 10 2295 0.2697 37 2005 0.1919

DRID 16 1277 0.1992 15 1365 0.1550

Based on the two-year average rankings, the comprehensive ranking of the indices
was as follows: YQSI and DYI tied for first, DRI was third, GMP and DSTI tied for fourth,
MP was sixth, YSI and DSSI tied for seventh, and DRID was ninth. This indicates that
YQSI performs comparably to the best traditional indices in balancing yield and harvest
index, while additionally incorporating grain quality information through the BGR pen-
alty, which no traditional index provides.

To further address the concern that different indices may select different numbers of
varieties, thereby affecting mean performance comparisons, we conducted a top-k con-
sistency analysis using a common selection proportion. For 2024, we set k =7 (the number
selected by most indices, including YQSI, DYI, DRI, DRID, DSTI and GMP); for 2025, we
set k = 31 (the number selected by seven indices, including YQSI, DYI, DRI, DRID, DSTI,
GMP and MP). Under this unified threshold, we recalculated the average yield, harvest
index (HI), and blighted grain rate (BGR) of the varieties selected by each index (Table 2).
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Table 2. Top-k consistency analysis: average performance of selected varieties under a unified se-
lection proportion (2024: k =7; 2025: k = 31).

2024 (k=7) 2025 (k =31)

Index Yield Yield
e/ HI BGR g/ HI BGR
YQSI 2640 04518  0.3605 2185 0.2571 0.3771
DYI 2640 04518  0.3605 2185 0.2571 0.3771
DRI 2640 04518  0.3605 2165 0.2548 0.3869
DRID 2640 04518 03605 2165 0.2548 0.3869
DSTI 2640 04518  0.3605 2164 0.2546 0.3827
GMP 2640 04518  0.3605 2164 0.2546 0.3827
MP 2468 04311 03494 2151 0.2543 0.3856
YSI 2536 04478 03674 2069 0.2448 0.4003
DSSI 1010 03105  0.4505 1721 0.2222 0.4340

The top-k analysis yielded three key findings. Under a unified selection proportion,
YQSI and DYT consistently ranked first in both years in terms of average yield and HI,
followed by DRI, DRID, DSTI, and GMP, with MP, YSI, and DSSI trailing behind. This
pattern is fully consistent with the results obtained using the reference-variety threshold
method (Table 1), confirming that our core conclusions are robust to differences in selec-
tion numbers.

Meanwhile, based on the two-year data, we calculated the nine indices for the 24
varieties in 2024 and ranked them, and did so similarly for the 48 varieties in 2025. We
then produced heatmaps of the rankings for each variety in each year (Figure 5). For each
variety, we averaged its rankings across the indices (for DSSI, smaller values give better
rankings; for all other indices, larger values give better rankings) to obtain a comprehen-
sive drought-resistance ranking. Higher comprehensive ranking indicates stronger
drought resistance, and in the heatmap this is shown by greener (lighter) colours and a
position closer to the top.

We found that among the top 10 comprehensive rankings in 2024 and the top 10 in
2025, most indices identified Zhangzagu 16 (2024) and Jijinmiao 6 (2025) as drought-re-
sistant varieties. In 2024, YQSI and DYT had the highest accuracy (10/10), in that the vari-
eties they ranked in the top 10 were exactly those that were among the comprehensive top
10. In 2025, YQSI, DRI, DRID and DYI had the highest accuracy (9/10), in that the varieties
they ranked in the top 10 were among the comprehensive top 10.

Although the selected germplasm set was identical, the internal ranking differed sub-
stantially among indices. To illustrate this, we examined the top seven varieties within
this common set (2025), which represent the most elite germplasms identified by all six
indices (Table 3).
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Figure 5. Heatmaps of variety drought-resistance rankings for each index in the two years. Numbers

in each cell represent the rank of that variety under the corresponding index. Greener (lighter) col-

ours indicate higher rankings (stronger drought resistance), and darker (redder) colours indicate

lower rankings (weaker drought resistance).

Table 3. Internal ranking of the same top seven varieties (2025) under six indices and independent

quality traits.

Ranking Under Each Index

Trait Values

Variety
YQSI DYI DRI DRID DSTI GMP BGR Yield (kg/ha) HI

Gigu 39 1 2 4 2 1 1 0.308 171.74 0.289
Zhangzagu 22 2 1 1 1 3 3 0.414 172.28 0.259
Jigu 19 3 3 3 3 6 6 0.308 157.98 0.317
Yugu 35 4 4 6 6 4 4 0.323 155.49 0.286
Gigu 19 5 7 2 4 7 7 0.300 152.07 0.261
Henggu 36 6 5 7 7 2 2 0.333 154.95 0.273
Zhangzagul6é 7 6 5 5 5 5 0.429 153.51 0.235

Despite the identical selected set, the internal rankings varied considerably across
indices. The YQSI upgraded Gigu 39 from second (under DYI) to first due to its superior
BGR (0.308), while downgrading Zhangzagu 22 from first (under DYI) to second because
of its high BGR (0.414). Similarly, Gigu 19 rose from seventh under DYI to fifth under the
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YQSI, owing to its low BGR (0.300). These re-rankings demonstrate that the YQSI does not
merely replicate DYI screening outcomes; it applies a biologically meaningful quality pen-
alty that reorders varieties within the same elite group based on independently measured
grain-filling performance (BGR).

3.4. Annual Stability of Drought-Resistance Index Screening

To evaluate the stability and repeatability of screening results across years for differ-
ent drought-resistance indices, we systematically compared the varieties screened by each
index in 2024 and 2025. In 2024, 24 varieties were tested; in 2025, 48 varieties were tested,
of which 24 were the same as in 2024. To evaluate annual stability and avoid interference
from differences in variety composition, the following analysis is based only on the 24
varieties that were used in both years.. Table 4 shows the screening results for each index
calculated, based only on these 24 common varieties. The numbers and composition of
varieties screened by each index varied between the two years.

In terms of Spearman’s rank correlation coefficient, all indices showed positive cor-
relations (Table 4), indicating that the drought-resistance rankings of varieties were gen-
erally consistent between the two years, despite differences in environmental conditions.
The YQSI achieved the highest Spearman ¢ (0.823), followed by DRI (0.796) and DYI
(0.783). Notably, the YQSI and DYI do not rely on well-watered yield, which contributes
to their higher rank consistency across years. DSSI, despite having a relatively high Spear-
man @ (0.758), screened only two common varieties between the two years, resulting in
the lowest composite score (0.912).

Table 4. Annual screening stability of each drought-resistance index based on common varieties (24)

(2024 vs. 2025 common varieties).

Number Number
Number ) Jaccard

. Screened in Screened .. Spearman Compo-

Index Screened in . Similar- .

2024 2025 (Based on in Both it o] site Score
Common 24) Years y

YQSI 7 16 7 0.438 0.823 0.781
YSI 10 21 10 0.476 0.758 0.675
DRI 7 17 7 0.412 0.796 0.725
DRID 7 18 7 0.389 0.775 0.632
DYI 7 16 7 0.438 0.783 0.751
MP 7 16 7 0.438 0.743 0.740
DSTI 7 16 7 0.438 0.737 0.698
GMP 7 16 7 0.438 0.737 0.698
DSSI 13 2 2 0.154 0.758 0.353
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Using Yugu 18 as the reference, each index screened different numbers of drought-
resistant varieties in the two years. We counted the varieties that were screened in both
years (Table 5). The results showed that YQSI, DRI, DRID, DYI, DSTI and GMP screened
exactly the same set of varieties in both years (seven varieties each). Among them, the
common varieties screened by the YQSI had an average yield of 2640 kg/ha and a harvest
index of 0.282 in 2024; in 2025, the average yield was 2363 kg/ha and the harvest index
was 0.213. These values were significantly superior to the common varieties screened by
YSIL, MP and DSSI. DSSI had only two common varieties between the two years, and their
yield (966 kg/ha in 2024, 1448 kg/ha in 2025) and harvest index (0.166 in 2024, 0.169 in 2025)
were significantly lower than those of the other indices.

Table 5. Performance of the varieties screened by each index in both years.

Average Yield of Com- Average Yield of Com-

Average HI of Common Average HI of Common

Index mon Varieties in 2024 mon Varieties in 2025 Varieties in 2024 Varieties in 2025
(kg/ha) (kg/ha)

YQSI 2640 2363 0.282 0.213
YSI 2295 2121 0.270 0.200
DRI 2640 2363 0.282 0.213

DRID 2640 2363 0.282 0.213
DYI 2640 2363 0.282 0.213
MP 2468 2256 0.272 0.210

DSTI 2640 2363 0.282 0.213

GMP 2640 2363 0.282 0.213
DSSI 966 1448 0.166 0.169

It is noteworthy that, although the YQSI and indices such as DYI and DRI screened
exactly the same common varieties in both years, the composite score of the YQSI (1.261)
was higher than that of DYI (1.221) and DRI (1.208). This is because the YQSI incorporates
BGR into its calculation, optimising the ranking of varieties and making the screening
results more aligned with the breeding goal of high yield and good quality. Compared
with YSI, the YQSI had a slightly lower Jaccard similarity, but the stable varieties screened
by the YQSI were agronomically superior, indicating that the YQSI maintains good annual
repeatability while pursuing quality constraints.

In summary, the YQSI index can effectively identify drought-resistant varieties that
are stable across years, and these stable varieties perform excellently in terms of yield and
harvest index. The six strongly drought-resistant candidate germplasms identified in this
study (Gigul9, Gigu 39, Zhangzagu 18, Zhangzagu 16, Yugu 35 and Jigu 19) can be prior-
itised for drought-resistance breeding and production promotion in arid areas.

3.5. Accuracy of Ygsi Prediction

Based on the Random Forest algorithm, the YQSI index was predicted using UAV
multimodal data. The model performed excellently on the test set (195 samples): R? =
0.8193, MAE = 0.1346, RMSE = 0.1741 (Figure 6). The mean prediction error was 0.0201
and the standard deviation was 0.1734, indicating no systematic bias. Using +0.3 as a
threshold, 173 samples (88.7%) were normal and 22 samples (11.3%) were outliers.
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YQSI Prediction Results
R2=0.8193, MAE=0.1346, RMSE=0.1741
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Figure 6. Scatter plot of predicted vs. measured YQSI values based on UAV multimodal data on
the test set. The dashed line represents the 1:1 line. Shaded area indicates the 95% confidence inter-

val.

Analysis by water treatment (Table 6) showed that the deficit-watered treatment had
the highest accuracy (R2 = 0.8457), followed by the well-watered treatment (R2 = 0.8235),
and the drought treatment had relatively lower but still acceptable accuracy (R?=0.6140).
The overall R? = 0.8193 indicates that the model has acceptable predictive ability. The in-
clusion of multiple water treatments effectively enhanced sample diversity, enabling the
model to maintain good predictive ability under different water conditions and signifi-
cantly improving generalisation.

Table 6. YQSI test set accuracy under different water treatments.

Water Treatment Sample Size R2 RMSE MAE
Non-Watered 54 0.6140 0.1931 0.1500

Deficit-Watered 68 0.8457 0.1598 0.1259
Well-Watered 73 0.8235 0.1803 0.1433

Analysis of the 5% of samples with the largest absolute prediction errors (10 samples,
5.1% of the test set) (Figure 7) revealed two main types. First, high-YQSI varieties were
underestimated. Examples include Chigu K10 (drought treatment, measured YQSI =
0.8704, predicted YQSI = 0.4270, error + 0.4434) and Jijinmiao 4 (drought treatment, meas-
ured YQSI = 0.8777, predicted YQSI = 0.4211, error + 0.4567). This may be because rapid
canopy senescence during late filling reduced greenness while the filling process was still
ongoing, causing a mismatch between spectral features and YQSI dynamics. Second, low-
YQSI varieties were overestimated. Examples include Gigu 42 (well-watered treatment,
measured YQSI = 0.3646, predicted YQSI =0.7873, error - 0.4227) and Zhonggu 25 (deficit-
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watered treatment, measured YQSI = 0.7008, predicted YQSI = 1.0511, error — 0.3503).
These varieties may exhibit abnormal spectral features such as premature canopy senes-
cence or leaf rolling. Overall, the proportion of outliers was low, indicating that the model
has stable and reliable predictive ability for the vast majority of varieties.

The overall R?=0.8193 indicates that the model has good predictive ability across the
combined dataset. The R? of 0.614 under the non-watered treatment, while lower than
under other treatments, is comparable to, or exceeds, values reported in similar UAV-
based drought-resistance prediction studies, and is acceptable for early-stage breeding
screening where the primary goal is to rank varieties, rather than to achieve absolute yield
prediction accuracy.
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Figure 7. Prediction error distribution and representative outlier samples. The dashed lines indicate

+5% error thresholds.The black solid line indicates zero prediction error.

To identify the key remote sensing variables influencing YQSI prediction, we con-
ducted a feature-importance analysis based on the Random Forest model (Figure 8). The
top 20 features accounted for approximately 53.9% of the total importance. NDVI was the
most important feature (5.88%), followed by WDRVI (5.43%) and RE_MEA (5.38%). The
top five features (NDVI, WDRVI, RE_MEA, NRCT, and RVI) contributed approximately
26.5% of the total importance.

Notably, both vegetation indices (e.g., NDVI, WDRVI and RVI) and texture features
(e.g., RE_MEA and NIR_COR) played important roles, indicating that integrating spectral
and textural information is essential for accurate YQSI prediction. The canopy tempera-
ture index (NRCT, ranked fourth, 5.05%) was also among the top features, confirming the
importance of thermal information for drought-resistance assessment.
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Figure 8. Top 20 feature-importance ranking for YQSI prediction based on Random Forest.

3.6. Comparison of Drought-Resistant-Variety Screening Based on Predicted vs. Measured Ygsi

To comprehensively evaluate the performance of predicted YQSI in screening
drought-resistant varieties, we systematically analysed the prediction results from two
dimensions: variety ranking consistency and screening accuracy. Based on the full
drought-treatment samples in 2024 and 2025, using the screening criterion of Yugu 18 as
reference (YQSI > reference value), we identified predicted drought-resistant varieties and
true drought-resistant varieties based on predicted YQSI and measured YQSI, respec-
tively, and calculated the Spearman rank correlation coefficient and screening perfor-
mance indicators (accuracy, precision, recall, and F1 score).

The Spearman rank correlation coefficient between predicted YQSI and measured
YQSI for all drought-treatment samples was calculated (Figure 9). The results showed that
in 2024, Spearman o = 0.821 (p = 0.0234), and in 2025, Spearman ¢ = 0.891 (p = 2.20 x 10-19).
Both were significant or highly significant. This indicates that the predicted values and
measured values are highly consistent in ranking the drought resistance of varieties, ac-
curately reflecting the relative differences in drought resistance among varieties. The cor-
relation was even stronger in 2025 (o close to 0.9), suggesting that the model performs
more robustly with a larger sample size.

Based on the above screening criteria, we counted the numbers of drought-resistant
varieties identified by predicted YQSI and measured YQSI and their overlap, and calcu-
lated accuracy, precision, recall and F1 score (Table 7). Using Yugu 18 as the reference,
varieties outperforming it were identified. In 2024, the measured YQSI identified seven
drought-resistant varieties, the predicted YQSI identified eight, and the overlap was seven.
The screening accuracy of the prediction was 96.0%, precision was 87.5%, recall was 100%,
and the F1 score was 0.933. In 2025, the measured YQSI identified 31 drought-resistant
varieties, the predicted YQSI identified 29, and the overlap was 28. The screening accuracy
of the prediction was 91.7%, precision was 96.6%, recall was 90.3%, and the F1 score was
0.933.
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Figure 9. Rank correlation of foxtail millet varieties based on predicted vs. measured YQSI rankings.

Blue circles represent varieties selected by both predicted and actual YQSI.

Table 7. Performance comparison of predicted YQSI versus actual YQSI in screening drought-re-

sistant varieties.

Number Num )
Year Pre- ber TP FP FN TN Accu- Prf:‘" Reﬂ sF:
dicted True racy si0on ca core
1.0
2024 8 7 7 1 0 17 0.960 0.875 " 0.933
0.9
2025 29 31 28 1 3 16 0.917 0.966 0 0.933

Notably, the F1 score was the same in both years (0.933), but the compositions dif-
fered. In 2024, recall reached a perfect 100% (all true drought-resistant varieties were iden-
tified by the prediction model, no misses), while precision was 87.5% (one false positive
among the eight predicted varieties). In 2025, precision reached 96.6% (only one false pos-
itive among the 29 predicted varieties), and recall was 90.3% (three true drought-resistant
varieties were missed). The identical F1 score indicates that the model achieved different
but equivalent balances between no misses and no false positives. Overall, the F1 score
exceeded 0.93 in both years, indicating that the prediction model has very high screening
reliability under full drought-treatment conditions.

Combining the high consistency in variety ranking (Spearman @ > 0.82, p < 0.05) and
the excellent screening performance (F1 = 0.933), we conclude that the Random Forest
model based on UAV multimodal remote sensing can effectively predict the YQSI index
under drought-treatment conditions for the purpose of variety screening. The predicted
values maintain a strong positive correlation with measured values in variety ranking and
achieve high accuracy and recall in screening drought-resistant varieties. However, vali-
dation in independent years, locations, and germplasm populations is needed before the
model can be proposed as a general breeding-screening tool.
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4. Discussion
4.1. Advantages of YQSI in Balancing Yield and Quality in Drought-Resistance Screening

The core innovation of the Yield—Quality Synergy Index (YQSI) proposed in this
study is the introduction of blighted grain rate (BGR) as a quality-penalty term into the
drought-resistance evaluation system, thereby achieving the synergistic screening of yield
and quality. Traditional drought-resistance indices, whether yield-oriented (DYI, MP, and
GMP), stability-oriented (YSI and DSSI), or comprehensive (DRI, DST], etc.), all use yield
as the core evaluation criterion [6-12]. Although these indices have played important roles
in drought-resistance screening in various crops [6-12,14], their common drawback is ig-
noring the profound impact of drought stress on quality.

However, the impact of drought stress on crops is multidimensional. It not only re-
duces grain number, but also inhibits the transport efficiency of assimilates to grains dur-
ing grain filling, leading to reduced grain plumpness [16]. The key finding of this study is
that yield and BGR are partially decoupled across varieties. High yield does not neces-
sarily imply plump grains, and vice versa (Figure 4). This finding implies that any yield-
oriented drought-resistance index may misclassify high-yielding but poor-grain-filling
varieties as drought-resistant, while overlooking genotypes with moderate yield but su-
perior filling efficiency. By introducing BGR as a quality-penalty term, YQSI is designed
not to pursue mathematical optimality, but to directly address the practical breeding ques-
tion of how to eliminate filling-defective varieties while maintaining yield potential.

It should be noted that the BGR defined in this study differs in connotation from the
empty grain rate determined by traditional wind or water separation methods. Wind or
water separation classifies grains based on density differences, and is essentially a count-
based indicator. In contrast, BGR captures the mass proportion of total non-grain compo-
nents of the panicle, quantifying assimilate loss due to incomplete grain filling from a
source-sink dynamics perspective. This distinction is agronomically significant. BGR not
only reflects grain plumpness itself, but also integrates information on the allocation of
assimilates to glumes and rachises, thereby providing a more comprehensive measure of
carbon-assimilate partitioning efficiency during grain filling. This is conceptually con-
sistent with the image-based blighted-grain identification method proposed by Liu et al.
[18,19], but the dry-weight method used here is better suited for batch measurement in
field settings.

Concerning the robustness of the YQSI formula, the sensitivity analysis provides
three lines of evidence. First, DYI and BGR show a moderate negative correlation (r =
—0.645), indicating that these two metrics capture different dimensions of drought-re-
sistance information. DYI reflects relative yield advantage, while BGR reflects filling effi-
ciency. Their direct subtraction is therefore reasonable in information-theoretic terms, ra-
ther than being a simple dimensional mismatch. Second, Z-score normalization compari-
son shows that the variety rankings of original YQSI and normalized YQSI are highly
consistent (0 = 0.962), demonstrating that the range difference between DYI and BGR does
not materially affect rank order. Third, and most importantly, even when the penalty
weight on BGR varies over a four-fold range, variety rankings remain highly stable (o >
0.99), with the overlap of the top-five and top-ten varieties remaining virtually unchanged.
This result implies that YQSI rankings are insensitive to weight selection. Breeders need
not worry that subjective weight choices will distort screening outcomes. This directly
addresses a core concern in breeding practice: if an index requires weight adjustment for
different germplasm populations, its objectivity and repeatability will be substantially
compromised. The simplicity of the subtraction formula is not a weakness, but an ad-
vantage, in this context.
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Furthermore, although the YQSI and DYI identified identical numbers of varieties in
both years, the YQSI introduced meaningful internal re-ranking through the BGR penalty.
Taking 2024 as an example, Zhangzagu 18 ranked fifth under DYI but was downgraded
to seventh under the YQSI, due to its BGR of 0.444, the highest among the selected group.
Conversely, Gigu 39 ranked seventh under DYI, but was upgraded to fifth under the YQSI
because of its relatively moderate BGR, of 0.357. The biological significance of this re-
ranking is that it directly reflects varietal differences in filling efficiency, and these differ-
ences correspond to independently measured grain quality data. In other words, the YQSI
does not simply subtract a constant from DY]I, but applies differentiated quality penalties
based on each variety’s actual filling performance. From a breeding perspective, the value
of this internal re-ranking lies in the following. When breeders make choices among vari-
eties with similar yield levels, the YQSI provides a basis for differentiation based on filling
quality, which traditional yield-oriented indices cannot offer.

The inter-annual stability of the YQSI further supports its practical value. After cor-
rection of the calculation error, the Spearman ¢ of YQSI for two-year variety ranking was
0.823, the Jaccard similarity coefficient was 0.438, and the composite score (1.261) was the
highest among all nine indices. This means that the YQSI not only selects similar sets of
varieties across years (Jaccard = 0.438, comparable to DYI), but also maintains more stable
relative rankings among varieties (0 = 0.823, higher than DYI at 0.783 and DRI at 0.796).
For breeding practice, the stability of ranking order is more important than the stability of
the selected set, because it determines whether breeders can confidently infer varietal rel-
ative advantages from single-year data. Methodologically, this study used the widely cul-
tivated variety Yugu 18 as the screening benchmark. Yugu 18 is a leading variety in the
Huang-Huai-Hai summer millet region. Using it as a reference means that screening re-
sults directly reflect the drought-resistance advantage of test varieties relative to a cur-
rently promoted production variety, rather than abstract statistical rankings.

4.2. Physiological Basis and Environmental Adaptability of Ygsi-Screened Drought-Resistant
Varieties

The design logic of YQSI is first to determine yield potential and then to screen for
quality. The core is to subtract the penalty for blighted grain (BGR) from the relative yield
advantage (DYI), which essentially quantifies the efficiency of carbon-assimilate transport
to grains and conversion to starch. From a physiological perspective, filling efficiency de-
pends on two key processes: the transport efficiency of photosynthetic assimilates (as su-
crose) from source organs to grains, and the synthesis efficiency of converting sucrose into
starch for accumulation in grains [17]. Drought stress disrupts both processes, leading to
poor grain plumpness and an increased blighted grain rate [16]. The negative correlation
between BGR and harvest index observed in this study (Figure 4) confirms that BGR is a
key indicator of the efficiency of photosynthetic-product allocation to grains. Therefore,
by penalizing varieties with high BGR, YQSI essentially selects genotypes that maintain
efficient assimilate transport and starch synthesis under drought, consistent with the
source—sink dynamics framework proposed by Yang and Zhang [17]. This physiological
interpretation is also supported by the observation that YQSI-selected varieties main-
tained significantly higher harvest index under drought than varieties selected by other
indices (Table 1), indicating superior dry-matter partitioning to the harvested organ.

Vadez et al. [21] emphasized that ensuring water supply during grain filling is crucial
for yield formation, because grain filling depends on current photosynthesis and remobi-
lization of pre-anthesis reserves. Under drought stress, the ability to maintain assimilate
supply and conversion becomes the primary determinant of both yield and quality. Vari-
eties with high YQSI values, such as Gigu 19 and Zhangzagu 16, likely possess superior
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water-regulation mechanisms, enabling them to maintain more favourable canopy tem-
perature (as reflected by NRCT, ranked fourth in feature importance) and higher photo-
synthetic efficiency during grain filling, thus ensuring a continuous supply and efficient
conversion of filling assimilates. This is consistent with the findings of Wu et al. [27] that
canopy temperature is a reliable indicator of drought stress severity and correlates with
yield maintenance under water deficit.

The environmental adaptability of the YQSI is reflected in its robust performance
across the contrasting climatic conditions of 2024 and 2025. The advantage of YQSI-se-
lected varieties in yield and harvest index was even more pronounced under the more
severe stress in 2025 (Table 1). This suggests that the YQSI is not only suitable for general
drought screening, but can also identify genuinely stress-tolerant germplasms under ex-
treme climatic events, aligning with the view of Tardieu [30] that the value of any drought-
related trait depends on the specific drought scenario, and that traits should be evaluated
under the target environment, rather than under a single standardized condition. By cou-
pling yield and filling efficiency, YQSI is precisely adapted to drought scenarios charac-
terized by combined stress during grain filling, which traditional yield-oriented indices
find difficult to achieve.

From a breeding perspective, the physiological interpretation of the YQSI has practi-
cal implications. The index does not require physiological measurements such as enzyme
activities or carbon isotope discrimination, which are costly and time-consuming to obtain.
Instead, it uses BGR, a trait that can be derived from standard agronomic measurements,
as a proxy for filling efficiency. This makes the YQSI readily applicable in breeding pro-
grams without additional specialized equipment. The six strongly drought-resistant
germplasms identified in this study (Gigu 19, Gigu 39, Zhangzagu 18, Zhangzagu 16,
Yugu 35 and Jigu 19) exhibited consistently superior performance in both yield and BGR
across years, suggesting that they possess stable genetic mechanisms for maintaining as-
similate transport and starch synthesis under drought. These germplasms provide valua-
ble genetic resources for further physiological and molecular dissection of drought-toler-
ance mechanisms in foxtail millet.

4.3. Prediction Feasibility of Predicting YQSI Using UAV-Based Multimodal Remote Sensing
Data and Machine Learning

This study validated the feasibility of predicting the YQSI after heading in foxtail
millet using UAV multimodal data and the Random Forest (RF) algorithm. The model
achieved good prediction accuracy on the test set (R2=0.8193). More importantly, the per-
formance in screening drought-resistant varieties based on predicted YQSI was excellent,
with an F1 score of 0.933 in both years.

Compared with previous studies, the advantage of this study lies in directly predict-
ing a comprehensive index that integrates yield and quality (blighted grain rate), rather
than merely predicting yield or evaluating drought-resistance grades. For example, Li et
al. [11] used a multimodal data fusion model to predict a wheat drought-resistance index
and achieved high accuracy, but their index was still centred on yield. Zhu et al. [25] used
UAV multi-source data to construct a comprehensive evaluation index (D-value) for
wheat drought resistance, which could effectively distinguish different drought-re-
sistance grades, but the evaluation of this comprehensive index still required validation
using traditional traits such as final yield. This study directly targets YQSI for prediction;
the index already embeds yield and quality information, making the prediction results
more directly valuable for breeding selection.

A fundamental question that needs to be addressed is why UAV remote sensing data
can predict a composite index that simultaneously contains yield and quality information.
We argue that this involves the coupling between canopy optical properties and grain-
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filling physiology. At the physical level, multispectral vegetation indices such as NDVI
and WDRVI are closely related to leaf-area index and chlorophyll content, which directly
determine canopy photosynthetic capacity and thus influence yield potential. This is con-
sistent with the well-established relationship between NDVI and biomass accumulation
[31,32]. At the physiological level, thermal infrared canopy temperature (NRCT) is a sen-
sitive indicator of plant water status [33]. Water deficit during grain filling simultaneously
reduces photosynthetic rate and assimilate-transport efficiency, leading to canopy warm-
ing and incomplete grain filling. These two pathways occur synchronously in time and
are co-localized in the canopy in space. UAV multimodal data can, therefore, indirectly
capture signals of grain-filling quality. In addition, texture features such as RE_MEA re-
flect the spatial heterogeneity of canopy structure, capturing patchy senescence induced
by drought stress. This is a canopy-level manifestation of uneven grain filling, which is
directly related to the BGR component of YQSI. This mechanistic explanation is consistent
with the findings of Wu et al. [27] and Li et al. [11] in UAV-based prediction of yield and
drought-resistance indicators, but the unique contribution of this study is the demonstra-
tion that remote sensing signals can simultaneously capture information from both yield
and quality dimensions.

The feature-importance ranking revealed the key remote sensing variables control-
ling YQSI prediction. NDVI ranked first with 5.88% importance, consistent with its role as
a core indicator of canopy greenness and photosynthetic capacity. WDRVI (5.43%) and
RE_MEA (5.38%) followed closely. WDRVI is more sensitive to vegetation signals over a
wide dynamic range [34], while RE_MEA reflects texture information in the red-edge
band. The red edge is the transition zone between chlorophyll absorption and near-infra-
red reflectance, and its texture features are highly sensitive to changes in canopy structure
and leaf angle. Notably, the top five features (NDVI, WDRVI, RE_MEA, NRCT, and RVI)
cumulatively contributed approximately 26.5% of the total importance, with a relatively
even distribution. No single feature dominated. This pattern indicates that YQSI predic-
tion relies on the complementarity of multi-dimensional information, with spectral, tex-
tural, and thermal features all contributing. This, in turn, validates the necessity of a mul-
timodal data fusion strategy. It should be noted that the purpose of using the RF algorithm
in this study is not to identify the optimal prediction model, but to validate the fundamen-
tal assumption that machine learning can achieve YQSI prediction. RF’s built-in feature
selection and resistance to overfitting make it suitable as a proof-of-concept tool, while
multi-model comparison and hyperparameter optimization are directions for future im-
provement.

The prediction accuracy under the non-watered treatment (R?=0.614) was lower than
under deficit-irrigated and well-watered treatments. This pattern is common in similar
studies. Extreme drought-induced canopy senescence and leaf rolling cause spectral-
physiological relationships to deviate from normal trajectories (11; 25). Error analysis in-
dicated that approximately 11% of samples contributed the majority of prediction errors,
with these samples mostly coming from genotypes with abnormal canopy architecture.
Nevertheless, the F1 score for variety screening based on predicted YQSI reached 0.933,
indicating that the current error level has limited substantive impact on variety screening
decisions. However, it should be clearly stated that the data split in this study used strat-
ified random sampling based on yield level, and all F1 scores were calculated on an inde-
pendent test set, avoiding resubstitution bias. Nevertheless, different replicates of the
same variety may be distributed across training and test sets, which could lead to overes-
timation of model generalization ability. Therefore, before extending this model to inde-
pendent years, locations, and germplasm populations, its predictive reliability should be
regarded as requiring validation, rather than having been established.
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4.4. Limitations and Future Perspectives

Several limitations of this study need to be explicitly acknowledged. First, the YQSI
currently incorporates only BGR as a quality constraint, whereas foxtail millet quality also
includes dimensions such as protein content, starch composition, and taste quality [35].
This means that varieties selected by the YQSI have advantages in grain-filling complete-
ness, but their performance on other quality dimensions has not been verified. The prac-
tical implication of this limitation is that YQSI is currently better suited as an early-gener-
ation screening tool in breeding programs, rather than as a substitute for refined quality
evaluation.

Second, prediction accuracy under extreme drought conditions still has room for im-
provement, and the current validation is limited to a single location and two years of data.
This means that the cross-environment generalizability of the model has not been estab-
lished. The reliability of this model in practical breeding programs requires independent
validation across multiple locations and years.

Third, the construction and validation of the YQSI are based on foxtail millet as a
specific crop. Its applicability to other crops such as wheat, maize, and sorghum remains
to be tested. The grain-filling physiology and drought-resistance strategies differ among
crops, and the effectiveness of BGR as a quality constraint may vary across species. How-
ever, the design logic of the YQSI, deducting filling defects from yield advantage, is trans-
ferable across crops, because grain-filling completeness is a common quality dimension
for all cereal crops.

Looking forward, three directions merit priority attention. First, incorporating addi-
tional quality dimensions into the YQSI framework, such as protein content estimated via
near-infrared spectroscopy, to construct a comprehensive evaluation system with multi-
dimensional quality constraints. Second, validating the screening efficacy of YQSI and the
predictive generalization of the model in independent years, multiple locations, and
larger germplasm populations. This is a necessary prerequisite for translating the YQSI
from a research tool into a breeding screening tool. Third, systematically comparing mul-
tiple machine-learning algorithms, including deep-learning models, for YQSI prediction,
and introducing time-series remote sensing data to capture grain-filling dynamics. This
approach is expected to further improve prediction accuracy under extreme conditions.

Ultimately, this study demonstrates that incorporating quality dimensions into
drought-resistance evaluation is not only methodologically feasible, but also of substan-
tial practical value in breeding. It provides breeders with quality-differentiating infor-
mation beyond yield without increasing screening costs. This is of significant importance
for improving variety development efficiency in arid and semi-arid regions.

5. Conclusions

This study constructed the Yield—Quality Synergy Index (YQSI) to address the ne-
glect of grain quality in conventional foxtail millet drought-resistance evaluation. The in-
dex penalizes varieties with poor grain filling while retaining yield potential, and its sim-
ple subtraction formula is robust to weight selection, with variety rankings remaining sta-
ble across a four-fold range of quality-penalty weights. Compared with eight traditional
indices across two years, the YQSI tied with DYI for first place in comprehensive screening
performance, while achieving the highest inter-annual stability (Spearman g = 0.823, com-
posite score = 1.261), and introduced meaningful internal re-ranking among yield-similar
varieties based on independently measured grain-filling quality. Six germplasms (Gigu
19, Gigu 39, Zhangzagu 18, Zhangzagu 16, Yugu 35 and Jigu 19) were identified as
strongly drought-resistant; among them, Zhangzagu 16 and Gigu 19 consistently showed
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high yield with moderate BGR, while Yugu 35 and Jigu 19 demonstrated stable perfor-
mance across water regimes and years, making them suitable as parents for breeding pro-
grams targeting both yield stability and grain-filling quality.

Using UAV multimodal data and Random Forest, the YQSI was predicted with an
overall R? of 0.819 on the test set, and screening based on predicted YQSI achieved an F1
score of 0.933 (calculated on the independent test set), confirming the feasibility of UAV-
based high-throughput phenotyping for this index. Feature-importance analysis identi-
fied NDVI, WDRVI, and red-edge texture (RE_MEA) as the most influential predictors.
However, the model has been validated only within a single-location two-year experiment;
its generalization to independent years, environments, and germplasm populations re-
quires further validation. Future work should proceed in three phases: short-term optimi-
zation of prediction through multi-algorithm comparison and time-series remote sensing
data, medium-term extension to additional quality dimensions and multi-location valida-
tion, and long-term multi-omics dissection of the six identified germplasms to reveal mo-
lecular mechanisms underlying their stable drought resistance and superior filling effi-
ciency. This study provides a quality-constrained drought-resistance evaluation frame-
work for foxtail millet and demonstrates a practical pathway for accelerating variety im-
provement in arid and semi-arid regions.
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Appendix A
Table A1. List of features for random forest model construction.
Category Feature Description/Formula Refer-
ence
Excess Green Index:
ExG ExG=2¢—r—1b [36]
Excess Green minus Red Index:
Colour Index ExGR ExGR=3¢ —24r—1b [37]
Green-Red Vegetation Index:
GRVI GRVI=g —-r [38]
§*r
Difference Vegetation Index:
bvi DVI=NIR — R (311
Two-band Enhanced-Vegetation Index:
EVI2 EVD= 5 NIR =R [39]
= X ———
" NIR+2.4xR+1
Green Chlorophyll Index:
GCI NIR [40]
GCl=———1
G
Green Normalized-Difference Vegetation In-
dex:
GNDVI DL NIR — G [41]
~ NIR+G
Infrared Percentage Vegetation Index:
1IPVI PV NIR [42]
Spectral Index NIR+R
Modified Chlorophyll Absorption in Reflec-
MCARI tance Index: [43]
MCARI=[(RE — R) — 0.2%(RE — G)]x{R}
MCARI/OS Ratio of MCARI to OSAVI:
AVI MCARI/OSAVI= MCARI [43]
~ OSAVI
Modified Soil-Adjusted Vegetation Index:
MSAVI 2xNIR+1- ‘/sz11<+1)2 — 8x(NIR — R) [44]
MSAVI=
2
Modified Simple Ratio:
NIR
MSR MSR= R [45]
ﬂ +]_
R
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NDRE

Normalized-Difference Red Edge:
NIR — RE [46]

NDRE=-IRiRE

NDREI

Normalized-Difference Red-Edge Index (using
RE and G):
RE-G 471
RE+G

NDREI=

NDVI

Normalized-Difference Vegetation Index:
vpy VR - R 132]
" NIR+R

OSAVI

Optimized Soil-Adjusted Vegetation Index:
OSAVI=- NIR — R [48]
" NIR+R+0.16

RECI

Red-Edge Chlorophyll Index:

RECI= NIR . [40]
" RE

RVI

Ratio Vegetation Index:

RV _NIR [31]
"R

SAVI

Soil-Adjusted Vegetation Index:
SAVI-15 NIR - R [49]
= X —
" NIR+R+0.5

WDRVI

Wide Dynamic-Range Vegetation Index:
wiryAZNIR ~ R [34]
" 0.12xNIR+R

Texture Fea-
ture (Red
Band)

R_MEA

Mean (GLCM):
N-1<N-1
MEA = Z Z ix PG, )) (50]
i=0 4= j=0

R_VAR

Variance (GLCM):

I o [50]
VAR= 2“ O 2 (= ) <Pli)

R_HOM

Homogeneity (GLCM):

-1 -1 P(ii
HOM= E E ) 1501
=0 =0 1+1i— ]|

R_CON

Contrast (GLCM):

-1 -1
CoN=-)" " 37 i i xp(ij) (50]
=0 £~ j=0

R_DIS

Dissimilarity (GLCM):

-1 1
DIS= § § li — jI xP(i,j) 1]
i=0 &~ j=0

R_ENT

Entropy (GLCM): [50]

https://doi.org/10.3390/agriculture16161765



Agriculture 2026, 16, 1765 32 of 35
-1 -1
ENT= )" 3" P(ij)log P (i)
i=0 =0
Second Moment ( GLCM)
R_SEM seu- ' 3 e -
Correlation (GLCM):
R_COR o1 w1 G )*P) [50]
COR=275" 2% BT

G_MEA Mean (GLCM)—formula same as R_MEA [50]
G_VAR Variance (GLCM)—formula same as R_VAR [50]

Homogeneity (GLCM)—formula same as
G_HOM R_HOM [50]
G_CON Contrast (GLCM)—formula same as R_CON [50]

Texture Fea-

ture (Green Dissimilarity (GLCM)—formula same as
Band) G_DIS R_DIS [51]
G_ENT Entropy (GLCM)—formula same as R_ENT [50]

Second Moment (GLCM)—formula same as
G_SEM R_SEM [50]
Correlation (GLCM)—formula same as

G_COR R_COR [50]
RE_MEA Mean (GLCM)—formula same as R_MEA [50]
RE_VAR Variance (GLCM)—formula same as R_VAR [50]

Homogeneity (GLCM)—formula same as
RE_HOM R_HOM [50]
RE_CON Contrast (GLCM) —formula same as R_CON [50]

Texture Fea-
ture (Red- RE DI Dissimilarity (GLCM)—formula same as 1
Edge Band) - S R_DIS [5 ]
RE_ENT Entropy (GLCM)—formula same as R_ENT [50]
Second Moment (GLCM)—formula same as

RE_SEM R_SEM [50]
RE_COR Correlation (GLCM)—formula same as [50]

R_COR
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NIR_MEA Mean (GLCM)—formula same as R_MEA [50]
NIR_VAR Variance (GLCM)—formula same as R_VAR [50]
Homogeneity (GLCM)—formula same as
NIR_HOM R_HOM [50]
NIR_CON Contrast (GLCM)—formula same as R_CON [50]
Texture Fea-
ture (NIR Dissimilarity (GLCM)—formula same as
Band) NIR_DIS R_DIS (1]
NIR_ENT Entropy (GLCM)—formula same as R_ENT [50]
Second Moment (GLCM)—formula same as
NIR_SEM R_SEM [50]
Correlation (GLCM)—formula same as
NIR_COR R_COR [50]
Temperature NRCT Normalized Relative ]E:a_nc%pyl Temperature: -
Index NRCT= ——"—

Tcmax - Tcmin
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