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Abstract

Unoccupied aerial systems (UAS) were used to phenotype growth trajectories of inbred
maize populations under field conditions. Three recombinant inbred line populations were
surveyed on a weekly basis collecting RGB images across two irrigation regimens (irrigated and
non-irrigated/rain fed). Plant height, estimated by the 95" percentile (P95) height from UAS
generated 3D point clouds, exceeded 70% correlation to manual ground truth measurements and
51% of experimental variance was explained by genetics. The Weibull sigmoidal function
accurately modeled plant growth (R?: >99%; RMSE: < 4 c¢m) from P95 genetic means. The mean
asymptote was strongly correlated (r>=0.66-0.77) with terminal plant height. Maximum absolute
growth rates (mm d-') were weakly correlated to height and flowering time. The average inflection
point ranged from 57 to 60 days after sowing (DAS) and was correlated with flowering time
(r>=0.45-0.68). Functional growth parameters (asymptote, inflection point, growth rate) alone
identified 34 genetic loci, each explaining 3 to 15% of total genetic variation. Plant height was
estimated at one-day intervals to 85 DAS, identifying 58 unique temporal quantitative trait loci
(QTL) locations. Genomic hotspots on chromosome 1 and 3 indicated chromosomal regions
associated with functional growth trajectories influencing flowering time, growth rate, and
terminal growth. Temporal QTL demonstrated unique dynamic expression patterns not observable
previously, no QTL were significantly expressed throughout the entire growing season. UAS
technologies improved phenotypic selection accuracy and permitted monitoring traits on a
temporal scale previously infeasible using manual measurements, furthering understanding of crop

development and biological trajectories.


https://doi.org/10.1101/848531

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

bioRxiv preprint doi: https://doi.org/10.1101/848531; this version posted November 19, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC 105 and is

also made available for use under a CCO license.

Author summary

Unoccupied aerial systems (UAS) now can provide high throughput phenotyping to
functionally model plant growth and explore genetic loci underlying temporal expression of
dynamic phenotypes, specifically plant height. Efficient integration of temporal phenotyping via
UAS, will improve the scientific understanding of dynamic, quantitative traits and developmental
trajectories of important agronomic crops, leading to new understanding of plant biology. Here we
present, for the first time, the dynamic nature of quantitative trait loci (QTL) over time under field
conditions. To our knowledge, this is first empirical study to expand beyond selective
developmental time points, evaluating functional and temporal QTL expression in maize (Zea

mays L.) throughout a growing season within a field-based environment.

Introduction

Phenotypic characterization of agricultural plant populations has lagged in scale, density,
and accuracy when compared with genomic data [1]. Due to resource demands of labor and time-
sensitive components in conventional phenotyping, most manually measured traits are acquired at
only one time point in the growing season and constrained in the number of samples. This creates
a limited scope of biological understanding when associating genomic information with the
underlying traits of interest through plant development [2]. Advances in technologies including
computer vision, robotics, remote sensing, and unoccupied vehicles have facilitated the
development of high-throughput phenotyping (HTP) platforms which can minimize phenotypic
bottlenecks [3, 4].

Implementation of HTP systems provides the ability to collect temporal phenotypic

measurements on large representative populations within field settings, to understand how
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individuals interact with their environments [3, 5, 6]. Unoccupied aerial systems (UAS) are
especially useful to increase the size of populations and field studies investigated, collecting RGB
images, and reconstructing three dimensional representations of field crop trials using structure
from motion methodology [6-15]. UAS height estimates of maize have previously been validated
using correlations to traditional manual measurements and evidence of equivalent or greater
phenotypic variation partitioned to genetic factors [7, 9, 15, 16]. To our knowledge the majority
of reported field based phenotyping of maize with HTP platforms has focused on hybrid trials [6-
9, 15, 17-19] but, limited reports have been published on the evaluation of inbred trials [20-22],
specifically genetic mapping populations. Inbred lines in maize are substantially shorter and have
less biomass than hybrids, lacking heterosis.

Maize height is important as a physiological and a highly heritable agronomic trait [23-26]
commonly collected due to its ease of measurement, agronomic importance, and correlation to
hybrid grain yield in some environment and management scenarios [15, 27-32]. Manually
measured plant height is commonly collected after reproductive maturity as the distance from the
ground to the tip of the tassel, flag leaf, or peduncle. The genetic architecture of plant height in
maize has been determined to fit an infinitesimal model (i.e. very large numbers of small additive
effect loci) with some large effect loci likely fixed during domestication and early selection [23].
Functional genetic variation in terminal plant height has been shown to be controlled through
hormones; mutations within the (i) gibberellin biosynthesis pathways [33] and crosstalk with other
phytohormomes including: (ii) auxin [34] and (iii) brassinosteriods [35-38]. Hormones are well
known to fluctuate throughout plant growth, responding to environmental and developmental
stimuli [39-42]. Traditional QTL studies using phenotypic data at a single terminal (end of season)

time point can only represent accumulated effects, ignoring the dynamic nature of many
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100  agronomically important traits which, like hormones, change and can be identified as functions of
101  time [43]. To our knowledge, Wang, Zhang (20) is the only reported field based temporal
102  association study in maize using UAS.

103 Plant height is an ideal phenotype to explore the temporal patterns of QTL expression in
104  maize. Using UAS, we evaluated three recombinant inbred line (RIL) linkage mapping populations
105  under field conditions and captured the dynamic growth patterns of plant height across these maize
106  inbreds. The objectives of this study were to: (i) evaluate UAS procedures developed for hybrids
107  to estimate heights within inbred maize populations; (ii) model and compare growth patterns across
108  genetic populations; (iii) evaluate temporal patterns of QTL expression through the growing

109  season, and (iv) evaluate the temporal expression patterns for previously reported QTL.

110 Results and Discussion

111 UAS surveys and image processing quality

112 A total of 18 and 11 flights were conducted over the bi-parental mapping populations using
113 the DJI Phantom 3 Pro and Tuffwing UAV Mapper, respectively (S1 Table). Early season DJI
114  Phantom 3 Pro data collection prior to 35 DAS resulted in limited to no plant structure
115  reconstructed within the 3D point clouds, indicating that higher resolution imaging would be
116  necessary to reconstruct early season plant structure. Out of 29 flights, 16 were observed to be of
117  high quality while only eight flight dates (35, 43, 57, 62, 65, 69, 100, and 117 DAS) conformed
118  to statistical quality tests (S1 File) and were used for the remainder of this study (Fig 1; S2 Table).

119
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121  Fig 1. UAS P95 height estimates summarized by flight date. Although the three populations
122 were genetically diverse, the mean growth patterns behaved similarly. Little differentiation could
123 be seen early in the season between genotypes, where the measurement error may have been
124  smaller that genotypic differences, as the plants reached their peak height and flowered, height
125  differences became much greater.
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126  Genetic variance decomposition

127 Variance component decomposition demonstrated total phenotypic variance increased
128  throughout the growing season for all inbred populations (Fig 2, black circles), as has been found
129  in hybrid trials [7, 15]. UAS phenotypic variance for height did not exceed manual, terminal

130 plant height (PHTtrm, Fig 2 M bar). Genetic variance averaged 51% (excluding 35 DAS) over
131  the season fluctuating from flight to flight, but generally increasing until reaching a terminal

132 height plateau. The proportion of variance attributed to genetics of
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136  Fig 2. Variance component decomposition of UAS P95 height estimates. The percent variation
137  explained in the model of Eq. 1 for individual UAS surveys of three RIL populations showed that
138  genetic and residual (error) variation, were the main drivers of variability observed. Total variance
139 (black circles) increased as the plants grew over later flight dates and was higher for manual (M)
140  than UAS measurements. That the percent variance measures and heritability were similar for M

141  and UAS suggests that UAS compressed all variance sources similarly
142

143
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144  plant height (PHTtrMmr), as measured from the ground to the tip of the tassel, were numerically
145  greater (irrigated: 62 + 3%; non-irrigated: 52 + 3), but not statistically (a=0.05) different from

146  across UAS genetic variance.

147  Sigmoidal modeling of UAS height estimates

148 The Weibull function, a sigmoidal growth function, modeled maize inbred temporal growth
149  (mean R?>0.99, RMSE ranging from 2.4 to 3.7 cm) across all populations and environment (Fig
150  3). Significant differences in asymptote, the maximum height, were only found between
151  Tx740xNC356 (1.10 m) and LH82XxLAMA (1.08 m) with a 2 cm difference in means under
152  irrigation. LH82 [44] is the earliest to flower and shortest of the inbred lines adaptable to these
153  environments and had among the lowest asymptote and inflection point, but moderate growth rate.
154 In comparison, PHT 1\, Was significantly different across populations (1.66, 1.59, and
155 1.57 m) under irrigated conditions for Tx740xNC356, Ki3xNC356, and LH82xLAMA,
156  respectively. The reduced means of the asymptote demonstrate the inherent biases of UAS
157  estimation of plant height compared with manual measurements [8, 12, 13, 15]; ~0.5 m
158  underestimate of height has been documented in past studies of hybrid maize at flight altitudes of
159 120 m [15]. The average difference in height estimates increased by ~5 and ~10 cm when
160  compared to P99 and P100 point cloud estimates, indicating that the reduction was not caused
161  solely by the lower percentile, P95. The combination of flight altitude and reduced plant canopy
162  density of the inbreds likely biased the UAS towards shorter estimates. Biases aside, numerical
163  rankings between asymptote and PHT gy were correctly consistent in ranking Tx740xNC356,
164  Ki3xNC356, and LH82xLLAMA population means from tallest to shortest and Pearson correlations

165  (r) (Irrigated: 0.77, 0.74, and 0.74; Non-Irrigated: 0.66, 0.72, and 0.74; S1-S3 Fig)
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170  indicated highly significant (¢=0.05), positive linear correlations between UAS asymptotes
171  estimates and PHT gy measurements.

172 The inflection point of the Weibull model is biologically important to identify the DAS in
173 which maximum AGR is occurring; this point has been shown to be highly correlated to flowering
174  time in hybrid trials [15]. Significant differences were found between each population’s mean for
175  inflection point (58.6, 58.0, and 57.5 d for Tx740xNC356, Ki3xNC356, and LH82XxLAMA) within
176  the irrigated trial (Fig 4c). Abiotic stress related to water limitations in non-irrigated trials delayed
177  the inflection point by two days on average across the populations. Inflection point had low
178  positive correlations to PHT gy (Irrigated: 0.30, 0.27, and 0.34; Non-Irrigated: 0.02, 0.22, and
179  0.24; S1-S3 Fig) but high correlations to flowering time (DTA/DTS) (Irrigated: 0.60/0.45,
180  0.59/0.58, and 0.64/0.59; Non-Irrigated: 0.61/0.56, 0.55/0.53, and 0.68/0.66; S1-S3 Fig). PHT P95
181  estimates were negatively correlated (r= -0.74:-0.50) to inflection points during the early season
182  but gradually progressed toward a positive correlation ~10 days after the mean inflection point
183  (SI1-S3 Fig). Later inflection points had extended vegetative growth periods leading to taller plants,
184  indicating the possibility of pleiotropic QTL for both flowering time and growth rate across the
185  functional curve parameters. Because correlation was high but imperfect, tall genotypes with
186  earlier inflection points could indicate better fitness in stressful environments, as these plants reach
187  their terminal height quickly without regard to environmental stresses.

188  The growth rate parameter, influencing the steepness of the Weibull curve, significantly differed
189  (a=0.05) in its means across the populations in both environments (Irrigated: 6.9, 7.6, and 8.2;
190  Non-irrigated: 6.3, 6.5, and 6.8). The first derivative of the Weibull function (Eq. 4), the absolute
191  growth rate (AGR), calculated at the inflection point (x=x¢) equals the maximum AGR. The

192  maximum AGR occurred ~50-60 DAS, which was shortly before flowering, in this period

10
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200  cells are both dividing and elongating within the internodes above the ear node [45-47]. Significant
201  differences were found in the maximum AGR across populations within the irrigated trial (48, 52,
202  and 56 mm d'') and LH82XxLAMA was 3 mm d-!' greater than the other populations in the non-
203  irrigated trial despite being the shortest population overall. A reduction in AGR was observed
204  within the non-irrigated trial (4, 7, and 8 mm d-! Tx740xNC356, Ki3xNC356, and LH82xLAMA,
205  respectively) likely due to water stress during this period [48]. Overall this demonstrated that the
206  AGR had heritable genetic diversity and was phenotypically plastic in response to different

207  environmental conditions.

208  QTL mapping

209  Manual terminal height associations. Nine QTL were identified for PHTTRML across the
210  three populations and two environments (S3 Table) each explaining 5.1 to 9.4% of genetic

211  variance. All PHTTRML associations had additive effects of ~3 cm (S3 Table). One region was
212 identified across two populations q1 172 (LH82xLAMA; irrigated) and q1 176 (Tx740xNC356;
213 non-irrigated), localizing to the 280 to 284 Mbs region of chromosome 1. We identified a single
214  genomic region, 98 to 128 Mbs on chromosome 2 that co-localized within the same genetic

215  background (Ki3xNC356) across different environmental treatments (q2_70 irrigated and q2 69
216  non-irrigated). The limited co-localization of QTLs across bi-parental populations is part of the
217  difficulty of identifying genomic regions that can be utilized in genetic backgrounds beyond
218  those in which they were discovered [49, 50]. This also demonstrated the lack of statistical

219  power in the smaller of the three populations Tx740xNC356 (n=110). It has been empirically
220  shown that population size is the most critical factor in QTL linkage mapping [24].

221  Functional parameter associations. UAS estimates in modeling temporal growth of maize can

222 identify dynamic QTL [51]. Analysis of QTLs using the three functional parameters of the

12
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223 Weibull curve as phenotypes identified 13, 9, and 12 significant marker associations with the
224  asymptote, growth rate, and inflection point, respectively (S5 Table). Asymptote QTLs explained
225  genetic variation ranging from 3.4% to 14.3% with additive effects ranging from 2 to 5 cm,

226  consistent with PHTTRML. High correlations between asymptote and PHTTRML indicated that
227  similar QTL would likely be detected using both traits. Two PHTTRML QTLs, q1 172

228  LH82xLAMA (irrigated) and q1 176 Tx740xNC356 (non-irrigated), co-localized with an

229  asymptote QTL, q1 173 of LH82XxLAMA (irrigated) (Fig 5; S3 Table). Additional co-

230  localizations were found between q6 67 Tx740xNC356 (irrigated) asymptote and g6 62

231  Ki3xNC356 (irrigated) PHTTRML, as well as, g8 10 LH82XxLAMA (non-irrigated) asymptote
232 with g8 14 Ki3xNC356 (irrigated) PHTTRML and g8 12 Ki3xNC356 (non-irrigated)

233 PHTTRML.

234 The seven growth rate QTL each explained 5.6 to 15% of the genotypic variance with
235  additive effects ranging from 0.2 to 0.3 DAS-! (S5 Table). Inflection point QTL each explained 4.3
236  to 13% of the genotypic variance with additive effects ranging from 0.2 to 0.5 d (S5 Table).
237  Irrigated Ki3xNC356 trial g4 61 and irrigated LH82XxLAMA g1 173/q1 176 were associated
238  with inflection point and asymptote, while non-irrigated LH82xLAMA ¢10 20 was associated
239  with inflection point and growth rate (S5 Table). The co-localization of QTL associated with
240  multiple parameters of the sigmoidal growth function indicated these regions more than others
241  may have an effect on defining the overall developmental trajectory of maize height. The limited
242 number of co-localizations demonstrates these traits are both genetically variable and highly

243 plastic with the environment.

13
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249 Multiple QTL were identified within the LH82xLAMA trials for PHT gy, asymptote,
250 inflection point, and flowering time (DTA/DTS; S4 Table) within the 273 to 287 Mbs region of
251  chromosome 1 and the 140 to 176 Mbs region of chromosome 3 (Fig 5). The QTL region of
252 chromosome 3 harbors ZmMADS69 (GRMZM2G171650; Chr3: 158979321..159007265), a
253  regulator of flowering time with pleiotropic effects on plant height. ZmMADS69 has higher
254  expression levels in temperate compared to tropical germplasm, leading to significant detection in
255  temperate by tropical crosses [52], such as LH8§2XxLAMA among others

256  [23, 24, 53]. The identified region on chromosome 1 contained the viviparous8 (vpS;
257  GRMZM2G010353; Chrl: 286390345..286398537) locus which exhibits dwarfism due to reduced
258  cell proliferation [54]. Both loci may be deterministic QTL (dQTL) because the differential allelic
259  wvariation affected the whole growth process [55] and was unaffected by environmental stimuli;
260  ZmMADSG69 effect was not influenced by day length [52] and vp8 exhibited normal plant
261  hormone response [54]. These results coupled with basic biological understanding indicated that
262  allelic changes in loci can have a fundamental impacts on the functional growth trajectory of maize,
263  in contrast to the small shift in phenotypic expression of a single trait It is therefore understandable
264  that these two “major genes” have been previously identified and described in multiple studies,
265  while the smaller and ephemeral effect loci are mostly unknown.

266

267  Temporal QTL expression. In addition to detecting QTL for the three parameters of the

268  Weibull function, 58 QTL were also detected using individuals’ daily heights from 20 to 85 DAS
269  predicted using the Weibull function. Between 4 and 20 unique QTLs were identified, based on
270  peak position (Fig 5; S6 Table). Comparison of mean physical distance of the flanking markers

271  for each the 58 unique QTLs demonstrated 23 QTLs were within 1 Mbp of a plant height
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272  candidate gene and an additional 18 QTL were less than 5 Mbp from a candidate gene. Most of
273  the 58 unique QTLs demonstrated a very dynamic nature of QTL affecting plant height

274  throughout the growing season. For example, q5_119 in the irrigated Tx740xNC356 trial, was
275  detected from 22 to 62 DAS explaining 21% of the genetic variation at 54 DAS (Fig 6a; S6

276  Table). In comparison, g5 35 of irrigated Tx740xNC356 trial was detected from 66 to 74 DAS
277  explaining 11% of the genetic variation at 67 DAS (Fig 6a). Temporal QTL expression was
278  different for each population across environmental treatments (i.e. irrigation) demonstrating
279  differential genomic localization while maintaining similarities in temporal expression.

280  Specifically, within the Tx740xNC356 population, both irrigation regimens (i.e. environments)
281  have a temporally broad QTL (g5 119 irrigated and g2 55 non- irrigated) prior to inflection
282  point (~58 DAS), followed by QTLs detected at shorter temporal intervals after the inflection
283  point and may relate to the elongation of specific internode groupings [45-47]. Additionally,
284  trends in QTL temporal expression between populations exhibited unique temporal expression
285  patterns. For example, Tx740xNC356 exhibited QTLs prior to the inflection point at early

286  growth stages, whereas Ki3xNC356 exhibited no detectable QTLs until ~50 DAS. Low

287  phenotypic variation could be the cause, as could, greater numbers of smaller effect loci, towards
288 an infinitesimal model, that would also be hard to detect.

289 Identified QTLs demonstrated dynamic trends in additive phenotypic effects (Fig 6, right
290  side). In general, these results show that the additive effects found at the peak significance DAS
291  of atemporal QTL is a result of the cumulative effect of a gradual increase in the effect size of
292 each genomic region (Fig 6). QTLs with peak expression early within the season had

293  significantly smaller additive effect estimates than at later points in the growing season; due to

294 reduced overall variation across individuals in the population at early growth stages (e.g. Fig 6b
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Fig 6. Visualization of temporal trends in QTL expression. Temporal trends in QTL expression were observed in all QTL across
populations and environments. Most QTL were under the significance threshold (left side) of LOD=2 (red dashed line) at some point
during the growing season; however the smaller additive effects (right side) during these periods would not have been expected to be

declared a QTL.
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302 g2 55). Some QTL effects (Fig 6b g6 _0) also appeared to lose their association throughout

303  season, however it is likely due to their effects statistically being diluted by new QTL that

304  become significant (Fig 6b g6 67). While most individual QTL maintained their directional

305  effect (Fig 6a; q5_119 and g6_75), some surprisingly switched effect directions within the

306 growing season (q6_35). Understanding the biological basis of this switching phenomena would
307  be both interesting and important for optimizing plant growth. Caution should be used to

308 interpret all of these QTL as loci that functionally affect height and plant growth rather than

309  height QTL per se; loci affecting rooting, plant health or photoperiod sensitivity all could impact
310  plant measured height.

311 Analysis across the entire linkage map demonstrated that directional changes in additive
312 effect size were present during the growing season (S4 and S5 Fig). Within marker assisted
313  selection protocols, targeting consistent directional effects may result in greater gains than those
314  of'temporal bi-directional effects. Before additional work is conducted temporal effect size should
315  first be validated through near isogenic lines across genetic backgrounds or in heterogeneous
316  inbred families [56]. However, we speculate that the temporal trend of the effect size, like many
317 QTL effects remains dependent on the genetic background, abiotic, and biotic interactions
318  experienced in each environment, and this G x E interaction. If temporal shifts in directional effect
319 are valid and not due to over inflations via false positives and limited population size; statistical
320  models accounting for directional effect shifts will be necessary to incorporate temporal datasets
321  of dynamic, quantitative traits within prediction modeling approaches to plant breeding, such as
322 genomic selection.

323

324
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325  Materials and methods

326  Germplasm material and experimental design

327 Three bi-parental mapping populations were developed from breeding lines segregating for
328  locidiscovered in an earlier genome wide association study [28, 57] of hybrids for height and grain
329  yield. The recombinant inbred line (RIL) progeny were derived from the crosses of Tx740xNC356
330 (tropical/tropical; 110 RILs), Ki3xNC356 (tropical/tropical; 239 RILs) and LH82XxLAMA-YC
331  (temperate/tropical; 178 RILs). Tx740 (LAMA2002-12-1-B-B-B) [58] is a parent in the “LAMA”
332 inbred line (pedigree [((LAMA2002-12-1-B-B-B-B/LAMA2002-1-5-B-B-B-B)-3-2-B-1-B3-B]) and
333 these two lines would be expected to share 50% of their genome. In 2018, the mapping populations
334  were planted in a randomized complete block design (RCBD) with two replications across two
335  environments (irrigated and non-irrigated) having dimensions of 0.76 m row spacing, and 3.81 m
336  plot lengths.

337

338  Unoccupied aerial system image collection

339 Two platforms were used, a rotary wing and a fixed wing UAV, to collect RGB data. For
340  therotary wing, a DJI Phantom 3 Professional with a 12-megapixel DJI FC300X camera was flown
341  at an altitude of 25 m with to 80% forward and side image overlap. Fixed wing images were
342  collected using a Tuffwing UAV Mapper (http://www.tuffwing.com) equipped with a 24-
343  megapixel Sony a6000 RGB camera. Fixed wing surveys were conducted at a 120 m altitude with
344  80% image overlap. A total of 19 DJI Phantom 3 Professional flights were conducted throughout
345  the growing season, while 11 Tuffwing UAV Mapper flights (starting 05/17/2018) were conducted
346  after early season to mechanical setbacks of the Tuffwing (S2 Table). After QC/QA, a total of 16

347  flights were used for height estimates based on quality of the processed orthomosaic images.
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All of the Tuffwing flights were processed in Agisoft PhotoScan [59], while the majority
of the DJI Phantom flights were processed in Pix4Dmapper [60], based on collaborators comfort
and preference with the associated software. In general, these software packages are equivalent
and used to identify common features (tie points) across images followed by triangulation and
distortion adjustment optimization to generate densified 3D point clouds, DSM, and orthomosaic
images. Height estimates were extracted from the three dimensional point clouds following the
procedures of [15]. In short, the ground points were identified from the point cloud using the
hierarchical robust interpolation algorithm within FUSION/LDV. Identified ground points were
used to interpolate the digital elevation model, followed by subtracting the DEM from the original
point cloud to produce the canopy surface model. The plot level polygon shapefiles were created
using the R/UAStools::plotshpcreate [15] function in R and the 95t percentile height estimates

were extracted for each experimental plot.

Statistical Inference

Variance component estimates and heritability. From the extracted canopy height metrics
(P95), we fit mixed linear models utilizing residual maximum likelihood (REML) in JMP
version 14.0.0 [61] to define best linear unbiased predictors (BLUPs) of the inbreds by their
entry number. Models were fit on a per flight date basis. The individual mapping populations
were evaluated as a randomized complete block design (RCBD, Eq. 1) including spatial
regression (range and row [furrow irrigation runs down rows], this is called row and column,

respectively, where furrow irrigation is not used).

Y=u+0%+a$+a%+a§+a§ (1)
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371
372

373 with terms entry (c2), replicate (¢2) range (%), row (J?) and residual error (g2).

374 Broad sense heritability (H?) estimates were calculated on an entry means basis (Eq.2).
375

2 _ ot
376 H* = ey 2)
377

378  Within each environment, H? estimates were calculated for each population separately while
379  including replicates (r) for each of the UAS flight dates.

380

381  Nonlinear function. The three parameter Weibull sigmoid growth model (Eq. 3) was used to

382  summarize the

383

384 Flx) = L(l - e(_ (x/xo)b)) 3)

385

386  height as a function of DAS (x) with the asymptote (L), inflection point (x¢), and the growth rate
387  (b) of the fitted curve. The asymptote (L; m) is maximum value of the curve which represents
388  maximum/terminal plant height (PHTtrMmp). The inflection point (xo; DAS) indicates the DAS
389  where the slope of the logarithmic phase is at its absolute maximum. The growth rate (b) is an
390  empirical constant which defines the shape of the curve and relates to the absolute growth rate (Eq.

391  4; md!) when x=x,. Sigmoidal curves were fit using the Fit Curve tool in JMP 14 and
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392

393 Z(L(1 - e(_ (x/xo)b))) W )

394

395  parameters were estimated on an entry basis utilizing the extracted BLUPs or the individual
396  environment REML models described above. Significance of the functional parameters were
397  evaluated using the chi squared (X?) test (oo = 0.05, df = 1) to identify logistical curves with poor
398  fits to UAS height estimates, these were subsequently removed from future analysis. Using the
399  associated Weibull functional parameters, height estimates were imputed on one day intervals (1

400  to 85 DAS) for each inbred entry in their associated environments.

401  Genotyping and linkage map construction

402 The genotyping was described in Chen, Murray (62), and is paraphrased here. Genotype
403  samples were collected from F;,4 seedlings grown under greenhouse conditions, where eight
404  samples were bulked per genotype. The CTAB method [63] was used to extract DNA and samples
405  were sent to AgReliant Genetics LLC, where they were genotyped by Infinium® assays for 17,444
406  single nucleotide polymorphisms (SNPs). The linkage groups and physical locations were
407  provided with the SNP chip of which 716 markers locations were unknown or withheld due to
408 intellectual property rights, resulting in 17,019 SNPs with known reference locations (B73
409  RefGEN v3).

410 Individuals with >10% missing values and SNPs with >10% missing values were dropped
411  from the data set resulting in 5316, 5628, and 6231 polymorphic SNPs for the Ki3/NC356,

412 Tx740/NC356, and LH82/LAMA populations, respectively. Crosspoints were predicted using the
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413  crosspoint subcommand of SNPbinner [64] to clean data set of double recombinants. The emission
414  probability was set to 0.9 (-p 0.9), the continuous genotype region was set to 0.1% (-r 0.001) of
415  the chromosome size, and the transition probability was calculated using a crosscount of 7,500,000
416  (-c 7,500,000). The visualize subcommand was used to evaluate the efficiency of the calculated
417  break points to the original SNP calls and identify satisfactory crosspoint parameters. The
418  crosspoint output identified break point locations for each RIL and the prediction of genotypic
419  homogeneity of each region between breakpoint and the SNP calls were adjusted accordingly.
420  Marker datasets filtered by SNPbinner were constructed into linkage maps using the MAP function
421  of QTL IciMapping version 4.1.0.0 (http://www.isbreeding.net/) software. Redundant markers
422  were identified using the “BIN” functionality and redundant markers with greater missing data
423  rate were excluded. Linkage groups were defined by “By Anchor Only” setting and the marker
424  orders were defined by their physical locations using the “By Input” ordering algorithm.
425  Recombination frequencies between markers were calculated based on F; marker frequencies by
426  denoting the “POP.ID” to eight.

427 The final genetic maps consisted of 1530, 2571, and 2324 SNPs after removal of redundant
428  markers. The genetic map distances were calculated in QTL IcIMappering using the Kosambi
429  mapping function, and the total map lengths were estimated to be 1315, 1207, and 1474 cM for

430  the Tx740xNC356, Ki3xNC356, and LH82xLLAMA populations, respectively.

431 Linkage Mapping

432 The entries phenotyped in 2018 were advanced several generations following initial DNA
433  extraction at F3,4 and were evaluated in the field at F¢ generation or greater. For this reason,
434  heterozygous calls (1) were set to missing (-1) and QTL analysis was performed assuming RIL

435  genotype frequencies (“POP.ID” = 4). Analysis by other methods (e.g. treating as F;) were also
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436  tested to ensure conclusions were similar, but detection power was much lower, likely due to the
437  software trying to fit dominance effects expected to be rare or absent by the Fq generation.
438  Inclusive Composite Interval Mapping [65] of Additive (ICIM-ADD) QTL was conducted in the
439  QTL IciMapping v4.1 using the BIP (QTL mapping for bi-parental populations) function. The step
440  parameter was set to 1.0 cM and the probability of inclusion in the stepwise regression (PIN) was
441  set to 0.001. The focus of this study was on understanding the temporal shifts in the marker trait
442  associations of plant height, rather than identifying regions of high confidence that could be used
443 in later marker assisted selection. For these reasons, we defined QTL of interest liberally as those
444  with LOD > 2.0 and percent variation explained > 3% [66], however LOD and other metrics are
445  provided to extract more conservative thresholds. Using the imputed heights from 1 to 85 DAS,
446  ICIM-ADD was performed on each DAS, for each population in each environment separately to
447  access the temporal shifts in allelic effects and marker—trait associations.

448 A list of candidate genes was obtained from Wallace, Zhang (25). In short, candidate genes
449  were identified from (i) literature, (ii) mining the MaizeGDB database for known height mutants,
450  and (ii1) searching the maize genome annotation on Phytozome genes annotated with “auxin”,
451  “brassinosteroid” and/or “gibberellin”. Distance for the center of the QTL confidence interval to

452  nearest candidate gene with the same chromosome were identified.

453  Data Availibility
454 All of the raw and processed data relevant to this study is publically available on Dryad
455  Digital Repository (68). All raw and processed image output files from this study are publicly

456  available and can be obtained by request to the authors.
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654  Figures

655  Fig 1. UAS P95 height estimates summarized by flight date. Although the three populations

656 were genetically diverse, the mean growth patterns behaved similarly. Little
657 differentiation could be seen early in the season between genotypes, where the
658 measurement error may have been smaller that genotypic differences, as the plants
659 reached their peak height and flowered, height differences became much greater.
660 Fig 2. Variance component decomposition of UAS P95 height estimates. The percent
661 variation explained in the model of Eq. 1 for individual UAS surveys of three RIL
662 populations showed that genetic and residual (error) variation, were the main drivers
663 of variability observed. Total variance (black circles) increased as the plants grew
664 over later flight dates and was higher for manual (M) than UAS measurements. That
665 the percent variance measures and heritability were similar for M and UAS suggests
666 that UAS compressed all variance sources similarly

667  Fig 3. Nonlinear Weibull functional modeling of growth trajectories. Sigmoidal curves

668 based off the Weibull function (Eq. [3]) effectively modeled the growth of each entry.
669 For each population the female parent (red line) and the male parent (blue line)
670 crossed over demonstrating that early season height was not predictable by standard
671 manual terminal height measurements.

672  Fig 4. Distribution of Weibull functional parameters. Entry BLUPS of [a] manual terminal

673 plant height, [b] Weibull asymptote, [c] Weibull inflection point, and [d] Weibull
674 growth rate for each mapping population demonstrated variability both within and
675 between these populations with substantial transgressive segregation in most cases.
676 Letters above define significant differences in means at a=0.05.

677  Fig5. Col-localization of agronomic and functional growth QTL associations. Significant

678 QTL co-localized across agronomic traits (PHT TRML: Manual, terminal plant
679 height; DTA: Days to anthesis; DTS: Days to silking), functional growth parameters
680 (asymptote, inflection point, growth rate) and temporal height estimates from the
681 Weibull curves. Temporal expression of all height QTL can be visualized in S4 Fig.
682  Fig 6. Visualization of temporal trends in QTL expression. Temporal trends in QTL
683 expression were observed in all QTL across populations and environments. Most
684 QTL were under the significance threshold (left side) of LOD=2 (red dashed line) at
685 some point during the growing season; however the smaller additive effects (right
686 side) during these periods would not have been expected to be declared a QTL.

687
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688  Supporting information

689  S1 Fig. Tx740xNC356 correlation heatmaps. Heat map comparing correlations between manual
690 terminal plant height (PHT), flowering time (DTA/DTS), functional parameters (asymptote,
691  growth rate, inflection point), and UAS P95 estimates by flight date for the Tx740xNC356
692  population under [a] irrigated and [b] non-irrigated watering regimens. Growth rate is an empirical
693  constant of the Weibull function which defines the maximum absolute growth rate (m d-!).

694

695  S2 Fig. Ki3xNC356 correlation heatmaps. Heat map comparing correlations between manual
696  terminal plant height (PHT), flowering time (DTA/DTS), functional parameters (asymptote,
697  growth rate, inflection point), and UAS P95 estimates by flight date for the Ki3xNC356 population
698  under [a] irrigated and [b] non-irrigated watering regimens. Growth rate is an empirical constant
699  of the Weibull function which defines the maximum absolute growth rate (m d-1).

700

701  S3 Fig. LH82xLAMA correlation heatmaps.  Heat map comparing correlations between
702  manual terminal plant height (PHT), flowering time (DTA/DTS), functional parameters
703  (asymptote, growth rate, inflection point), and UAS P95 estimates by flight date for the
704  LH82xLLAMA population under [a] irrigated and [b] non-irrigated watering regimens. Growth rate
705  is an empirical constant of the Weibull function which defines the maximum absolute growth rate
706  (md-1).

707

708  S4 Fig. Visual representation of temporal QTL. Significant temporal height QTL. Red indicates
709  positive allelic effect estimates, blue indicates negative allelic effect estimates, and black indicate
710  non-significant (NS) genomic regions. Lines represent each of 5316, 5628, and 6231 polymorphic
711 SNPs for the Ki3/NC356, Tx740/NC356, and LH82/LAMA populations, respectively, across the
712 genome (X-axis).

713

714 S5 Fig. Visual representation of temporal allele effect estimate. Visual representation of
715  temporal single marker analysis of the Weibull imputed height estimates. Lines represent each of
716 5316, 5628, and 6231 polymorphic SNPs for the Ki3/NC356, Tx740/NC356, and LH82/LAMA
717  populations, respectively, across the genome (X-axis).

718

719  S1 Table. Summary of 2018 UAS flight dates. Summary of 2018 UAS flight dates of the fields
720  containing the Tx740xNC356, Ki3xNC356, and LH82xLAMA populations, including: days after
721  sowing (DAS), the number of images captured, the number of calibrated images, spatial resolution
722 of the mosaic image and mean errors of the GCP geo-referencing.

723

724 S2 Table. Descriptive statistics of UAS flight dates by population. Summary statistics of the
725  entries for each population (Tx740xNC356, Ki3xNC356, and LH82XxLAMA) across the six
726  identified flight dates with high quality point clouds for the irrigated and non-irrigated trials.

727

728  S3 Table. Manual plant height QTL. Summary of QTL identified using manual terminal plant
729  height as the associated phenotype. Physical locations (bp) based on B73 RefGen 3, AGPv3.

730

731  S4 Table. Flowering time QTL Summary of significant QTL for flowering time. Physical
732 locations (bp) based on B73 RefGen 3, AGPv3.
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733

734 S5 Table. Function growth parameter QTL. Summary of significant QTL for functional
735  parameters of the Weibull sigmoid function. Physical locations (bp) based on B73 RefGen_ 3,
736  AGPv3. Growth rate (GR) is an empirical constant of the Weibull function which defines the
737  maximum absolute growth rate (m d-!).

738

739  S6 Table. Temporal height QTL. Summary of significant temporal QTL for height estimates
740  imputed from Weibull sigmoid curve at discrete time points (i.e. DAS where significant
741  associations were identified.). Physical locations (bp) based on B73 RefGen 3, AGPv3.

742

743 S1 File. Statistical methods to identify flight to remove from temporal dataset.
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