








growth stage to predict the final biomass or yield. The
digital biomass (SA) of the 387 individuals was calcu-
lated and showed good correlation with the manually
measured fresh weight and dry weight (Supplemental
Tables S2 and S3) and, thus, can be used to represent the
biomass. After the digital biomass of the RIL popula-
tion at 16 different time points was obtained (Fig. 5A),
we tested the six models (linear, power, exponential,
logarithm, quadratic, and logistic models) for their
ability to predict digital biomass in the early growth
stage. The digital biomass measurements at 16 time
points were divided into a training set and a testing set.
For example, if the number of time points for the training
set was six (T1–T6), the corresponding number of time
points for the testing set was 10 (T7–T16). The results
were evaluated by comparison of r2, MAPE, and stan-
dard deviation of absolute percentage error (SDAPE)
values. As shown in Supplemental Figure S6, when the
number of time points for the training set is large enough
(such as 11), the prediction results of the power, expo-
nential, quadratic, and logistic models were all satisfac-
tory (the r2 was 0.96 and theMAPE and SDAPEwere both
below 30%). However, when the number of time points
for the training set was six, only the exponential model
with the testing set showed good prediction ability (the r2

was 0.96 and theMAPE and SDAPE were both below 20%).
The comparison of actual digital biomass and predicted

digital biomass is shown in Figure 5B and indicates that,
from the seedling stage to the tasseling stage, the expo-
nential model had better prediction ability for digital
biomass accumulation, even in the early growth stage
(Supplemental Fig. S6; Supplemental Table S5).

A Number of Novel Traits Could Be Used as Indicators for
Final Yield Prediction

It would be important for plant breeding if we could
use the measured traits, especially the traits measured
in early development stages, to predict the final grain
yield. To test whether this is possible, the variance
explained for grain yield with different traits in differ-
ent stages was evaluated (Supplemental Table S6). Up
to 54.6% of the phenotypic variance of grain yield could
be explained by combining 16 traits across all 16 time
points. If only eight phenotypic traits at four time points
(T1, T8, T9, and T16) were used, 29.6% of the grain yield
variance was explained (Fig. 5C). Based on the values
of coefficients in the selected model for grain yield
(Supplemental Table S7),we established an ideotypemaize
plant (Fig. 5D). The grain yield had the following features.
(1) A positive correlation with the leaf morphological
traits (FDIC_1; r = 0.261) and the leaf angle in the upper
half of the plant (LTA_above_1; r = 0.133). This implies
that a more wavy-shaped leaf may maximize the area

Figure 3. Phenotypic trait heritability during 16 growth stages. The heat map shows broad-sense heritability (H2) of the inves-
tigated phenotypic traits over 16 time points (left) as exemplified by the digital volume for natural plant height (top right) and for
mean H2 (bottom right). Trait identifiers are given as in the heat map and colored according to their classification as indicated:
black, plant morphological traits; green, leaf architecture traits; blue, biomass-related traits; pink, histogram texture feature;
purple, color trait. MEAN, H2 of the mean value for all traits.
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receiving light in the seedling stage. (2) A positive cor-
relation with the leaf angle in the lower half of the plant
(LTA_below_9; r = 0.156) and a negative correlation
with the leaf angle in the upper half of the plant
(LTA_above_9; r = 20.152). This distribution of leaf
architecture can maximize the light-harvesting area,
thus increasing photosynthetic efficiency. (3) A positive
correlation with the SDLC_8 (SD of leaf curvature per
plant; r = 0.171); higher SDLC indicates higher varia-
bility of leaf angles within a plant. (4) A positive cor-
relation with GCV_8 (r = 0.114); higher GCV means
more dark green leaves, whichmay be related to greater
chlorophyll content. (5) A positive correlation with leaf
length in the upper half of the plant (LNL_above_16; r =
0.192). These results were consistent with the smart

canopy concept for the maize plant, which promises to
maximize the potential for light harvesting per unit of
land area (Ort et al., 2015). Interestingly, a QTL hotspot
was identified on chromosome 10 for SDLC, which
overlappedwith ametabolic trait QTL (Wen et al., 2015;
Supplemental Figs. S4 and S5). Cloning of this QTLmay
be helpful for understanding plant architecture regu-
lation and the associations with grain yield.

DISCUSSION

Due to the limitations of traditional phenotyping,
which is labor intensive, time consuming, low through-
put, and costly (Chen et al., 2014), most previous QTL
studies focused on a limited number of traits, usually at

Figure 4. Chromosomal distribution of identified QTLs. A, Network of QTLs associated with the traits obtained from RAP-Maize.
Blue nodes represent the 42 traits, and pink nodes represent all identified significant loci fromQTLmapping. B, Density of QTLs of
all investigated phenotypic traits across the genome. The window size is 10 cM. Three QTL hotspots are marked with stars.
Detailed information for all detected QTLs is shown in Supplemental Data S2. C, Chromosomal distribution of dry weight (DW)
QTLs identified across 16 time points. QTL regions (represented by the confidence interval for each QTL assigned as 1 2 log of
odds [LOD] drop of the peak) across the maize genome responsible for dry weight are shown as black solid boxes. QTL hot
regions for dry weight on the chromosome are marked with the gray hollow box. D, LOD curves of QTL mapping for SA and dry
weight around the chromosome 7QTLs at the sixth time point. E, LODvalues of the bins at the peak of theQTL interval shown as a
function of their genetic positions. F, Candidate genes (GRMZM2G180490, GRMZM2G010702, GRMZM2G151649, and
GRMZM2G057023) located in the peak bin. Other candidates genes located in the two bins next to the peak bin are listed in
Supplemental Table S9.
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the mature stage (Yan et al., 2003; Osman et al., 2013;
Zhang et al., 2013). Plant growth is a dynamic process,
and the timing of end-point measurement will greatly
influence the outcome of mapping (El-Lithy et al., 2004).
In this study, using a modified image-analysis pipeline,
the RAPwas expanded for use in amaize RIL population
for high-throughput quantification of multiple traditional

and novel features at 16 development stages accurately
(r2 . 0.97) and efficiently (45 s was needed for screening
and image analysis per plant). Both traditional traits
(i.e. plant height) and many novel features (i.e. FDIC,
GCV, and LTA) could be investigated nondestruc-
tively at multiple time points. RAP-Maize provides
a good opportunity to study the dynamic development

Figure 5. Predication of maize digital biomass accumulation and yield. A, Heat map showing the difference of digital biomass
accumulation with different maize RILs. B, Comparison of actual digital biomass (blue line) and predicted digital biomass (red
line; using digital biomass of the first six time points to predict the digital biomass of the remaining 10 time points). Error bars
represent the SE of the dry weight of 167 samples at each time point. C, Scatterplot showing the relationship between the actual
grain yield and the predicted yield with the predicted formula; a, b, c, d, e, f, g, and h represent FDIC_1, LTA_above_1, GCV_8,
SDLC_8, LTA_above_9, LTA_below_9, LNL_above_16, and LSA_below_16, respectively. FDIC_1 and LNL_above_16 are leaf
morphological traits; LTA_above_1, SDLC_8, LTA_above_9, LTA_below_9, and LSA_below_16 are leaf angle traits; GCV_8 is a
plant color trait. The black line is the fitting line, and the standardized coefficients are shown in Supplemental Table S7. D,
Predicted ideotype maize plant based on the associated traits in early stages with higher GCV, FDIC, LNL_above, and LTA_below
and lower LTA_above.
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process in maize and to better understand the underly-
ing genetic mechanisms.
By combining the high-throughput maize pheno-

typing platform and the high-density linkage map,
988 QTLs were identified that provided the opportu-
nity to investigate QTL distribution at the genome-
wide level (Supplemental Data S2; Supplemental Fig.
S4). The following observations were made. (1) QTLs
were different at different stages, indicating that the
plant growth regulation mechanism changes over
time. (2) Most traits were controlled by a large number
of QTLs, consistent with the quantitative nature of
these traits as well as with previously studied agro-
nomic traits (Buckler et al., 2009; Xiao et al., 2016). (3)
QTL distribution across chromosomes was not ran-
dom (Fig. 4B; Supplemental Fig. S4), and three QTL
hotspots were identified (Fig. 4B), including one hot-
spot located in the genomic region identified previ-
ously for a metabolic trait QTL (Wen et al., 2015),
which could be the key node for regulating plant
growth. In total, 53 candidate genes within the first
three peak bins (91.96–95.21 Mb) of this hotspot were
identified (Supplemental Table S8), and great effort
was still required to find the casual gene(s). Another
QTL hotspot located on chromosome 7 associated
with dry weight was identified across seven time
points (Fig. 4, C–E). In total, 28 candidate genes
were located in the first three peak bins (161.62–
162.16 Mb; Supplemental Table S9), and only four can-
didate genes (GRMZM2G180490, GRMZM2G010702,
GRMZM2G151649, and GRMZM2G057023) were lo-
cated within the peak bin (161.95–162.04Mb) of the QTL
(Fig. 4F). GRMZM2G180490 encodes an adenylyl-sulfate
kinase; GRMZM2G010702 has an unknown function;
GRMZM2G151649, the homolog of AT3G01400.1, en-
codes an armadillo (ARM) repeat superfamily protein,
which is involved in the ubiquitination pathway regulat-
ing the development of seed size in soybean (Glycine max;
Xie et al., 2014); GRMZM2G057023 encodes an interferon-
related developmental regulator and is expressed highly
in leaf (Supplemental Fig. S7), and it might be the most
likely candidate gene affecting dry weight.
Furthermore, for the biomass, significant loci detec-

ted here did not overlap with other studies (Barrière
et al., 2010; Riedelsheimer et al., 2012; Rincent et al.,
2014; Muraya et al., 2017), and only one QTL located in
the hotspot on chromosome 7 coincided with the fresh
shoot biomass and metabolite QTL identified previ-
ously (Wen et al., 2015). Cloning this QTL hotspot
should help to explain an underlying mechanism of
plant growth and metabolic regulation. In a recent
study, an automated noninvasive phenotyping method
was also used to monitor the plant sizes of 252 diverse
maize inbred lines by focusing on biomass at 11 differ-
ent developmental time points, and 12 main-effect
marker-trait associations were identified (Muraya
et al., 2017). Association mapping in maize is a very
powerful tool to identify genes with high resolution
if millions of molecular markers and a large popu-
lation size are used (Yan et al., 2011; Liu et al., 2016).

Only a few marker-trait associations were identified
for biomass in the recent study (Muraya et al., 2016),
since the marker density was low and the sample size
was median. We also compared the merits and de-
merits of high-throughput phenotyping technology
in different plant species, especially in crops (Supple-
mental Table S10). Our platform has obvious advan-
tages for detecting trait/QTL number; more importantly,
we detectedmany novel traits undetected previously that
can be used for yield and biomass prediction. However,
this was indoor shoot-based phenotyping and needs to
expand to the field or field plot level.

Predicting crop yield using simple phenotypic indi-
cators available early in development would greatly aid
maize breeding. Molecular markers have been used
widely in breeding diagnostics and are especially effi-
cient for traits controlled by major genes (Collard and
Mackill, 2008). In this study, we found that a few in-
dicators in the early growth stage of maize could be
used to predict the final grain yield. About 30% of the
variance could be explained using only eight pheno-
typic traits at four time points. This is an impressive
result, given that the grain yield data came from seven
different field environments in different years and only
a few measured traits from seedling to tasseling stage
were used. These findings provide useful clues for
ideotype-based maize breeding by optimization of leaf
and plant architecture, such as (1) smaller to bigger leaf
angles from top to ground; (2) more wave-like and dark
green leaf; and (3) longer leaf, especially around and up
ears. We simplified the model as shown in Figure 5D.
More importantly, most of thementioned traits are very
difficult to measure by the traditional method and
now can be manipulated automatically in the early
stage of maize growth. The smart canopy for maize is
an integrated concept that still needs to be tested and
proven in the field. Combining the current field phe-
notyping platforms, such as the aerial sensing plat-
form (Berni et al., 2009), ground-base field phenotyping
at the plot level (Andradesanchez et al., 2013), and the
movable imaging chamber in the field (Busemeyer et al.,
2013), the robust image-analysis pipeline also could be
transferred to the field (Berni et al., 2009; Andradesanchez
et al., 2013; Busemeyer et al., 2013) for high-throughput
phenotyping. In summary, combining the high-throughput
phenotyping technology and large-scale QTL analysis not
only greatly expanded our knowledge of the maize dy-
namic development process but also provided a new
strategy for breeders to optimize plant architecture toward
ideotype breeding in maize.

MATERIALS AND METHODS

Plant Materials, Growth Conditions, and
Experiment Design

In this study, a maize (Zea mays) RIL population (Chander et al., 2008a,
2008b; Wen et al., 2015) with its parents (B73 and BY804) were planted in the
RAP (Yang et al., 2014) with two replications. All the maize RILs were screened
at 16 different developmental time points (once every 3 d starting from 22 to
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67 d after sowing; e.g. T1–T16 represent 22, 25, 28, 31, 34, 37, 40, 43, 46, 49, 52, 55,
58, 61, 64, and 67 d after sowing, respectively); the sowing date and inspection
dates are provided in Supplemental Table S11. The growth conditions were as
follows. Fertilizingwas carried out at sowing, V5, andV9 stage (60 kg ofwater +
370.68 g of carbamide + 330.76 g of potassium dihydrogen phosphate + 94.24 g
of potassium chloride, to be fully dissolved with 150 mL of liquid fertilizer for
each plant per time). A subset of the association mapping population (Yang
et al., 2011; Li et al., 2013), including 100 diversity inbred lines, was randomly
selected and sown on the same day in a phenotypic platform with four repli-
cations, screened using the RAP, and measured manually at 36, 48, 60, and 70 d
after sowing (Supplemental Table S11). Destructively measured traits were
obtained for biomass modeling, and the correlation between manual measure-
ment and automatic measurement was calculated. Growth movies of the parents
and four selected recombinant lines are shown in Supplemental Videos S2 to S7.

The RIL population was also planted in Henan, Hubei, Chongqing, Yunnan,
and Hainan provinces, China, during 2011 and 2012. In the seven environ-
ments, at least five good open-pollinated ears were harvested from each row for
measuring ear weight and cob weight. Yield data (ear weight minus cob
weight) for each line was recorded. Best linear unbiased prediction (BLUP) was
obtained by fitting the mixed liner model in the R package lem4 (R Develop-
ment Core Team, 2013) for estimation of the breeding value of each line across
all environments, and the BLUP values were then combined to reduce the
prediction bias caused by the unbalanced data. Finally, the BLUP data of grain
yield across seven environments and all investigated phenotypic traits obtained
across 16 time points were put into the grain yield prediction model. The ex-
perimental design is shown in Supplemental Figure S8.

Image Analysis and Trait Extraction

Maize image analysis was carried out as shown in Supplemental Figure S1.
First, the image with the maximum plant width was selected automatically
from 15 different angles (Supplemental Fig. S1A); then, the excess green vege-
tation index (E3G) component was extracted, and the OTSU method (Ohtsu,
1979) was applied to acquire the binary image (Supplemental Fig. S1B). Second,
a region growing algorithm was used to obtain the whole-plant binary image
(Supplemental Fig. S1C). Using the binary image, plant morphological traits
and projected area were calculated. Moreover, the color trait and histogram
texture traits were computed by matching the binary image and original color
image. Then, the parallel thinning algorithm was performed to create the
skeleton image (Supplemental Fig. S1D), and the Hough transformation was
applied to distinguish the leaf skeleton from the stem skeleton (Supplemental
Fig. S1E). With this information, the stem length and total leaf were identified.
Finally, each leaf skeleton was identified and labeled (Supplemental Fig. S1F),
and the traits for each leaf were calculated, including leaf angle, leaf length, and
leaf curvature. With biomass (fresh weights and dry weights) obtained at dif-
ferent time points, growth-related traits were calculated. Detailed information
for trait definitions is shown in Supplemental Table S1, and details of trait ex-
traction are described in Supplemental Note S1. The software interface and
the source code of the image-analysis pipeline are given in Supplemental
Figures S9 and S10. In addition, the LabVIEW programs and dynamic link li-
brary enrolled in the maize image-analysis pipeline are listed in Supplemental
Table S12. All the source code and software applications, including LabVIEW
programs, dynamic link library, and cpp documents, can be downloaded using
the link http://plantphenomics.hzau.edu.cn/checkiflogin_en.action (username,
UserPP; password, 20170108pp).

Biomass Modeling and Digital Biomass
Accumulation Modeling

To determine the best model for measuring fresh weight and dry weight,
10 models (including linear, quadratic, exponential, and power models) were
evaluated using the adjusted coefficient of determination (adjusted r2) and the
MAPE. Statistical analysis (mainly the linear stepwise regression) for biomass
modelingwas implementedwith SPSS software (Statistical Product and Service
Solutions, version 13.0). After the predicted fresh weights and dry weights at
16 different time points were obtained, maize plant growth was modeled with
six models: linear, power, exponential, logarithm, quadratic, and logistic. In
order to test the prediction ability of the different models in the early growth
stage, the fresh weight values at 16 time points were divided into two parts: a
training set and a testing set. The results of trait fitting were evaluated by
comparison of r2, MAPE, and SDAPE values. The statistical analyses of the six
models (linear, power, exponential, logarithm, quadratic, and logistic) for

maize plant growth were implemented with LabVIEW 8.6 (National Instru-
ments) and MATLAB 2011 (The Mathworks).

Grain Yield Predication Using Plant Phenotypic Traits in
the Early Growth Stage

To evaluate the variance explained for the maize grain yield in the early
growth stages, linear stepwise regressionwasusedwithmaize plant phenotypic
traits. The entry value of use probability of F in the stepping method criterion
was 0.05, and the removal value of use probability of F was 0.1. The variable
was added into the model if the F value was less than the entry value; however,
the variable was removed if the F value was higher than the removal value. The
linear stepwise regression analysis for grain yield was implemented with SPSS
software.

Heritability Analysis

Heritability (H2) was calculated for each trait as follows:

H2 ¼ s2
G

��
s2
G þ s2

e

�
r�

where s2
G is the genotypic variance, s2

e is the error variance, and r is the
number of replications. The estimates of s2

G and s2
e were analyzed by AVOVA

using the lmer function in the lme4 package in the R environment (R Devel-
opment Core Team, 2013; version 3.1.3; http://www.r-project.org/).

Genotype, Linkage Map Construction, and QTL Mapping

The genotypic data for the RIL population obtained from a former study
(Wen et al., 2015) showed that a linkage map was 1,790.2 cM in length, in-
cluding 2,496 recombinant bins, 0.72 cM per bin on average. Details about the
map construction and its description were reported in previous studies (Wen
et al., 2015; Pan et al., 2016). In summary, the RIL population was genotyped
using the Illumina MaizeSNP50 BeadChip, which contains 56,110 SNPs (Ganal
et al., 2011). SNPs with both missing rate and heterozygosity of less than 10%
were used to construct the genetic linkage map, which contains 2,496 recom-
binant bins. In this study, 167 of the genotyped RILs were used for QTL map-
ping using the seedling emergence and growth phenotypes. QTL analysis was
performed by the composite interval mapping method (Zeng, 1994) using the
software Windows QTL Cartographer version 2.5 (Wang and Zeng, 2007) for
each investigated phenotypic trait and growth-related traits at 16 time points.
Walking step was set to 0.5 cM, and zmap (model 6) with a 10-cM windowwas
used. The bins or genetic blocks (a genomic region in which no recombination
exists) were clearly defined, and a uniform LOD value was assigned for each
bin. To determine the LOD threshold, 25 trait-time point combinations from all
736 trait-time point combinations were selected randomly for permutation tests
with 500 times (P = 0.05). The results indicated that the LOD threshold ranged
from 3.23 to 3.65, with a mean of 3.42. To simplify it, a threshold of LOD $ 3.5
was used to establish the presence of a QTL for all the traits. A QTL support
interval was defined as the 12 LOD drop position ranging from the QTL peak.
All QTLs with overlapping QTL support intervals were categorized as nonre-
dundant QTLs. Possible candidate genes were identified within the QTL hot-
spots on chromosomes 7 and 10 based on the filtered working gene list of the
maize genome downloaded from MaizeGDB (http://www.maizegdb.org).
Candidate genes were annotated according to InterProScan (http://www.ebi.
ac.uk/interpro/scan.html).

Construction of the Trait-Locus Network

The nodes of the trait-locus network contain all traits across 16 development
stages and their corresponding significant loci with the threshold value of LOD
$ 3.5. All traits were labeled blue, and all loci were labeled pink (Fig. 4A). The
network was visualized using the software Cytoscape version 2.6.3 (Shannon
et al., 2003).

Supplemental Data

The following supplemental materials are available.

Supplemental Figure S1. Maize image analysis and trait extraction.

Supplemental Figure S2. Distribution of QTL mapping resolution.
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Supplemental Figure S3. Correlation coefficients between paired traits for
42 traits investigated at 16 time points.

Supplemental Figure S4. Chromosomal distribution of identified QTLs
with 42 primary phenotypic traits and 64 growth-related traits.

Supplemental Figure S5. Comparison of heat maps for QTL density be-
tween metabolic and investigated phenotypic traits in the BY804/B73
recombination population.

Supplemental Figure S6. Predication ability comparison of six models for
digital biomass accumulation.

Supplemental Figure S7. The RNA sequencing gene atlas for four genes
(GRMZM2G180490, GRMZM2G010702, GRMZM2G151649, and
GRMZM2G057023).

Supplemental Figure S8. Experimental design.

Supplemental Figure S9. The image-analysis interface designed in this
study.

Supplemental Figure S10. Flow chart of the program.

Supplemental Table S1. Classification and abbreviations for 106 traits.

Supplemental Table S2. Statistical summary of the 10 developed models
for fresh weight estimation.

Supplemental Table S3. Statistical summary of the 10 developed models
for dry weight estimation.

Supplemental Table S4. Summary of QTLs for growth rate-related traits
identified at 16 time points.

Supplemental Table S5. Statistical summary of the six developed models
for digital biomass accumulation.

Supplemental Table S6. Detecting the phenotypic traits significantly asso-
ciated with yield and calculating the percentage of the phenotypic var-
iance explanation.

Supplemental Table S7. Statistical details of coefficients in a selected
model for yield.

Supplemental Table S8. Candidate genes and their annotations located in
the first three peak bins in the QTL hotspot located on chromosome 10.

Supplemental Table S9. Candidate genes and their annotations
located in the first three peak bins in the QTL hotspot located on
chromosome 7.

Supplemental Table S10. Comparison of published work for the combi-
nation of high-throughput phenotyping and QTL/genome-wide associ-
ation study analysis.

Supplemental Table S11. Experimental schedule of maize plant phenotyp-
ing.

Supplemental Table S12. Detailed information of Subvi and the dynamic
link library used in this study.

Supplemental Data S1. Variation of investigated phenotypic traits in the
BY804/B73 population and two parents at different stages.

Supplemental Data S2. QTL information summary of all traits across
16 time points.

Supplemental Video S1. Operating procedure for RAP-Maize.

Supplemental Video S2. Growth movie of the parent B73.

Supplemental Video S3. Growth movie of the parent BY804.

Supplemental Video S4. Growth movie of the recombinant line BB048.

Supplemental Video S5. Growth movie of the recombinant line BB054.

Supplemental Video S6. Growth movie of the recombinant line BB078.

Supplemental Video S7. Growth movie of the recombinant line BB096.

Supplemental Notes S1. Definitions of the features.
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