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Abstract 

Background: High‑throughput phenotyping platforms allow the study of the form and function of a large number 
of genotypes subjected to different growing conditions (GxE). A number of image acquisition and processing pipe‑
lines have been developed to automate this process, for micro‑plots in the field and for individual plants in controlled 
conditions. Capturing shoot development requires extracting from images both the evolution of the 3D plant archi‑
tecture as a whole, and a temporal tracking of the growth of its organs.

Results: We propose PhenoTrack3D, a new pipeline to extract a 3D + t reconstruction of maize. It allows the study 
of plant architecture and individual organ development over time during the entire growth cycle. The method 
tracks the development of each organ from a time‑series of plants whose organs have already been segmented in 
3D using existing methods, such as Phenomenal [Artzet et al. in BioRxiv 1:805739, 2019] which was chosen in this 
study. First, a novel stem detection method based on deep‑learning is used to locate precisely the point of separa‑
tion between ligulated and growing leaves. Second, a new and original multiple sequence alignment algorithm has 
been developed to perform the temporal tracking of ligulated leaves, which have a consistent geometry over time 
and an unambiguous topological position. Finally, growing leaves are back‑tracked with a distance‑based approach. 
This pipeline is validated on a challenging dataset of 60 maize hybrids imaged daily from emergence to maturity in 
the PhenoArch platform (ca. 250,000 images). Stem tip was precisely detected over time (RMSE < 2.1 cm). 97.7% and 
85.3% of ligulated and growing leaves respectively were assigned to the correct rank after tracking, on 30 plants × 43 
dates. The pipeline allowed to extract various development and architecture traits at organ level, with good correla‑
tion to manual observations overall, on random subsets of 10–355 plants.

Conclusions: We developed a novel phenotyping method based on sequence alignment and deep‑learning. It 
allows to characterise the development of maize architecture at organ level, automatically and at a high‑throughput. 
It has been validated on hundreds of plants during the entire development cycle, showing its applicability on GxE 
analyses of large maize datasets.
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Background
Plant architecture relates to the 3D organisation and form 
of organs on the plant (i.e. number, shape, size and posi-
tion) as well as their temporal and topological changes 
during plant development  [1, 2]. Plant architecture 
and development are of major agronomic importance 
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in cereals such as maize (Zea mays L.), determining 
resource capture and use, and thus plant performance 
 [3, 4, 5]. Architectural and developmental traits such as 
leaf number, leaf angle and leaf size are influenced by 
both genetic variations and environmental conditions 
such as light and water availability  [6, 7, 8], and display a 
large genotype x environment (GxE) interaction. There-
fore, understanding the genetic control and the response 
to environmental cues of these traits at individual plant 
level is a major challenge in the context of climate change 
 [9, 10, 11], and the engineering of agro-ecological prac-
tices based on complex plant mixtures.

High-throughput phenotyping (HTP) platforms ena-
ble the collection of plant images of a large number of 
genotypes growing under different environmental con-
ditions on a regular basis  [12, 13]. Such image datasets 
can then be processed automatically  [14] to capture the 
3D morphology of plant shoots and extract phenotypic 
traits  [15]. Among the existing methods, the Phenomenal 
pipeline  [16] proved relevant to process large datasets of 
multiple species of agronomic interest, providing an end-
to-end solution to extract a 3D plant reconstruction from 
a set of 2D images taken at regular viewpoints around 
the plant. In the case of maize, this pipeline allows the 
extraction of architectural traits such as stem height and 
leaf morphology (e.g. length, insertion height, azimuth). 
However, it is limited to the reconstruction of plants at 
each time point separately. When screening for genetic 
variability, the identification of leaves by a unique  time-
consistent number (the rank of emergence, or leaf rank) 
is essential to compare the shoot organs occupying simi-
lar developmental position (e.g. juvenile versus adult 
leaves  [17]) between different plants, or to quantify the 
development using leaf stage. Moreover, the assignment 
of the same rank to successive segmentations of the same 
leaf over time is necessary to measure individual leaf 
growth and their responses to environmental conditions. 
Since the lowest maize leaves disappear over time due 
to senescence, it may be difficult to deduce the rank of 
leaves when observing the plant at a single date  [18].

To overcome this limitation, time-series analysis could 
be used to group several occurrences of a same leaf in a 
temporal series of images, in order to get a 3D + t repre-
sentation of the plant. While this task relates to multiple 
object tracking  [19], this framework cannot be directly 
applied to leaf tracking, since plants undergo major topo-
logical and morphological changes over time, with new 
leaves appearing and growing due to organogenesis, and 
others collapsing then disappearing during senescence 
 [20]. Instead, specific leaf tracking methods have been 
proposed for 2D images of rosette plants from a top view 
 [21, 22, 23, 24]. While a few studies have developed leaf 
tracking methods on 3D reconstructions (e.g. cotton  [25], 

cucumber  [26], tomato  [27] and maize  [28, 27], most of 
them have only been validated on limited datasets that 
may not reflect actual HTP conditions (thousands of 
plants, large genetic diversity and growing scenarios). 
Moreover, these datasets were often limited to young 
plants which are less challenging to analyse than in later 
growth stages (emergence of the reproductive organs, 
more occlusion due to leaf crossings, more frequent dis-
appearance of leaves due to senescence). While these 
methods offer various solutions for associating leaves 
with similar geometry (e.g. length, azimuth), they rarely 
use topology (i.e. the spatial organisation of leaves on the 
plant  [29]). Plant topology offers valuable information for 
leaf tracking since (i) it defines the identity of leaves, as 
leaves appear from bottom to top along the stem axis on 
plants such as maize, and (ii) it is redundant over time, 
thus helping to maintain leaves identity. Plant topol-
ogy was used in [28], but without considering leaf mor-
phology. We therefore seek a new leaf tracking method 
exploiting both leaves morphology and topology, with the 
objective of handling complex HTP datasets, covering all 
stages of maize development.

Using first the topological order of leaf ranks along the 
maize stem, a reconstructed maize plant can be repre-
sented at any date by a spatial sequence of leaves, ordered 
from the bottom to the top of the stem. This sequence is 
obtained through a segmentation step and may therefore 
contain artefacts resulting from segmentation errors. For 
instance, the maize ear can be misidentified as a leaf, or 
some leaves can be unidentified due to occlusions, lead-
ing to extra or missing leaves in the sequence. Some leaves 
may also emerge or fall from the plant between two suc-
cessive sequences. From this point of view, comparing two 
successive leaf sequences is analogous to comparing two 
homologous genetic sequences, which are similar except 
for a few extra or missing elements. Sequence alignment 
algorithms are commonly used to insert gaps in such 
genetic sequences in order to match their common ele-
ments  [32]. This framework was redesigned here to match 
leaves with a similar morphology in successive topological 
sequences of maize leaves.

In this paper, we propose a novel robust method to 
address the current issues of maize HTP. First, organs are 
segmented on 3D reconstructed volumes at all time steps 
using a former described method  [16], publicly avail-
able on GitHub (Phenomenal: https:// github. com/ opena 
lea/ pheno menal) and Zenodo (https:// doi. org/ 10. 5281/ 
zenodo. 14366 33). This method is complemented by a 
new stem detection algorithm based on deep-learning to 
locate more precisely the stem tip, which  separates the 
mature part of the maize plant from the developing one. 
After that, leaves of the basal mature parts are aligned 
using a sequence alignment algorithm, and then tracked 

https://github.com/openalea/phenomenal
https://github.com/openalea/phenomenal
https://doi.org/10.5281/zenodo.1436633
https://doi.org/10.5281/zenodo.1436633
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backwards to the upper developing parts of the plant. We 
apply this method on a challenging image dataset acquired 
at the PhenoArch platform consisting of a diverse panel of 
maize genotypes developing from plant emergence to late 
flowering stage, under various levels of water stress. The 
accuracy of tracking is globally assessed by comparing leaf 
rank predictions and key dynamical traits to manual anno-
tations. Such organ-level phenotypic traits allow to fully 
describe the global plant development and architecture, as 
well as individual leaf growth dynamics.

Materials and methods
Plant material and dataset composition
The pipeline was tested on a dataset from an experiment 
conducted in 2017 involving a set of 60 commercial maize 
hybrids representative of breeding history in Europe dur-
ing the last 60  years. This material covers a wide range 
of plant architecture, growth and development, lead-
ing to an appreciable variability of performances in the 
field  [33]. The experiment was conducted in the Pheno-
Arch phenotyping platform (Fig. 1A) hosted at the M3P 
(Montpellier Plant Phenotyping Platforms)  [6].

Briefly, plants were sown in 9L pots filled with a 30:70 
(v/v) mixture of a clay and organic compost. Two levels 
of soil water content were imposed: (i) retention capacity 
(WW, soil water potential of −0.05  MPa) and (ii) water 
deficit (WD, soil water potential of −0.3 MPa). Each com-
bination of genotype and water treatment was replicated 
7 times, 4 with early harvesting (until 12 visible leaves 
stage, ~ 40 days after plant emergence) and 3 with late har-
vesting (until ~ 55 days after plant emergence, i.e. ~ 15 days 
after panicle emergence), resulting in a total of 840 plants. 
Greenhouse temperature was maintained at 25 ± 3 °C dur-
ing the day and 20 °C during the night. Details of experi-
mental growing conditions can be found at  [34].

RGB images (2048 × 2448 pixels) were taken daily for 
each plant with twelve side views from 30° rotational 
difference (Fig. 1B), using the imaging units of the Phe-
noArch platform. Each unit is composed of a cabin 
involving an RGB camera (Grasshopper3, Point Grey 
Research, Richmond, BC, Canada) equipped with 12.5–
75  mm TV zoom lens (Pentax, Ricoh Imaging, France) 
and LED illumination (5050–6500  K colour tempera-
ture). Images were captured while the plant was rotat-
ing at constant rate (20  rpm) using a brushless motor 
(Rexroth, Germany).

3D reconstruction and organ segmentation
Phenotrack3D requires as input a time-series of 3D 
reconstructed plants with stem and leaves individu-
ally segmented. Several existing methods allow to seg-
ment maize or sorghum plants  [35, 31, 36]. In our study, 
we apply Phenomenal  [16] on single time-point data to 

reconstruct 3D volumes of the plants (Fig. 1C), extract 3D 
skeletons (Fig. 1D) and 3D segmentations of plant volumes 
into individual plant organs (stem, leaves) (Fig. 1E). Briefly, 
Phenomenal estimates a 3D plant volume by applying a 
space carving algorithm  [37] on a regular grid of voxels, so 
that the projection of the plant volume matches all plant 
silhouettes of the multi-view image stack. It then searches 
iteratively among voxels the longest shortest paths con-
necting plant base to the most distant voxel, removing at 
each iteration all voxels intercepted by a sweeping perpen-
dicular plane along the path. The result is a set of paths, 
the 3D skeleton, with each path being associated to a set of 
voxels representing individual leaves. The only exception is 
for the first path found, that contains both the stem and a 
leaf. This path is therefore further segmented, by finding 
stem tip, computed as the highest minimum of the voxel 
interception curve (i.e. the number of voxels intercepted by 
the sweeping plane as a function of curvilinear abscissa).

Two post-processing steps have been designed to 
improve the quality of the segmentation. First, we 
extrapolate midribs up to the leaf tips to reconstruct 
part of the leaves that have been shortened during the 
3D reconstruction. Second, due to severe imprecision of 
the location of stem tip detection at late developmental 

Fig. 1 Overview of the 3D maize reconstruction and segmentation 
pipeline used prior tracking. A Maize plants grown in the PhenoArch 
high‑throughput phenotyping platform. B Daily acquisition of 12 
side‑view RGB images. C Reconstruction of a 3D volume, using 
space‑carving  [16]. D 3D skeletonization of the reconstruction  [16], 
and extension of the leaf tips. E Detection of the stem tip position 
(red box) using a deep‑learning model. This position is used to 
segment the skeleton into stem (black), ligulated leaves (blue) and 
growing leaves (orange) organs. Ligulated leaves can be ordered 
topologically (numbers) by increasing insertion height, unlike 
growing leaves which all emerge from the same point
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stages, Phenomenal was complemented with a new stem 
tip detection method based on deep-learning.

We post-processed the 3D skeleton output by project-
ing it on the corresponding 2D binary images, to extend 
the leaf tips which are often shortened during the recon-
struction. To that end, 2D binary images extracted with 
Phenomenal were also skeletonized, and the segments of 
both skeletons were matched to find an extension path 
for each segment of the original 3D skeleton. This step is 
illustrated in Fig.  2, and was repeated for each of the 12 
camera angles. For a given 2D binary image, each 3D skel-
eton branch is projected then associated with the closest 
branch of the 2D skeleton of the binary image to identify 
the best extension path to the leaf tip (Fig. 2D; green lines). 
The corrected length of the 3D skeleton branch is finally 
computed as the median of all extension paths found for 
this branch over the 12 camera angles.

To precisely locate the stem tip, which is of particu-
lar importance for Phenotrack3D, we trained an object 
detection model to detect collars on the 2D images, like 
in  [38]. To that end, we used a YOLOv4 deep-learning 
model  [39] (see Additional file 1 for training details). The 
detected collars were used to define the stem height as 
the highest collar height among the 12 side-view images. 
The leaves with an insertion point below the stem tip 
were defined as ligulated leaves (Fig. 3).

From this point, the plant is represented by a time-
series of 3D observations, from which stem height can be 
extracted at each date and smoothed over time. Finally, 
time points with abnormal stem shapes were removed. 
These points were detected by first constructing a median 
stem, obtained as the polyline joining the (x, y) median 
position of all stem polyline points in the time-series, 
grouped by discrete z coordinates. Then, all time points 
with a stem polyline whose directed Hausdorff distance 
from the median was greater than 10 cm were removed 
from the time-series. (Additional file 3).

Time‑lapse tracking of 3D organs
We track the ligulated leaves using a multiple sequence 
alignment algorithm. First, at each time point t we build 
a leaf sequence Pt composed of feature vectors represent-
ing key characteristics of the segmented ligulated leaves. 
From this representation, we define a cost function for 
comparing leaves pairwise, and derive a sequence align-
ment algorithm to establish the correspondences between 
two successive leaves sequences. We then propagate this 
procedure to determine ligulated  leaf tracks along the 
whole time-course. Each organ track is then identified by 
a leaf rank, which corresponds both to its order of emer-
gence and its location along the stem. Finally, we track 
backwards these leaves from the moment of their ligula-
tion to the moment of their emergence at the top of the 
stem and get the whole 3D + t reconstruction.

Pairwise sequence alignment
The detected ligulated leaves of a date t are ordered 
from the bottom to the top of the plant, i.e. by ascend-
ing leaf rank, in a leaf sequence St . The alignment of two 
sequences can be defined as a set of gap placements at the 
beginning, end, or between elements of these sequences, 
resulting in two new sequences of the same length with 
no gaps facing each other  [32]. Pairwise sequence align-
ment algorithms are designed to identify the align-
ment that optimises an alignment score between two 
sequences, often defined as the sum of the scores associ-
ated with each pair of matched elements, plus gap penal-
ties [40].

Each ligulated leaf is described using a feature vector 
computed from geometrical features that are assumed 
to be constant over time: insertion height h (mm), length 
l (mm) and azimuth α ( α ∈ [−π, π]). These features are 
extracted from the segmented leaves  [16] and concat-
enated into a feature vector v ∈ R4 summarizing the leaf 
morphology:

(1)v =

[

vi
]

1≤i≤4
= [cos (α), sin (α), wh · h, wl · l]

Fig. 2 Extension of leaf tips on the 3D skeleton. A Binarization of 
the RGB image (inset) with Phenomenal  [16], B Skeletonization of 
the binary image, and extraction of skeleton branches having an 
endpoint (blue lines), C 3D plant skeleton (inset) and reprojection 
of its branches in the 2D space (red lines). D 3D and 2D branches 
matching based on a distance threshold dsk = 30px, and 
determination of extension paths (green lines)
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Weights wh = 0.03  and wl = 0.004  were fine-tuned to 
scale features and adjust their relative importance. Each 
pair of matched leaves is associated to a cost cvv equal to 
the euclidean distance between the feature vectors v1 and 
v2 of those two leaves:

A gap penalty parameter g is used to penalise the addi-
tion of each of the n gaps placed in the alignment of 
sequences St1 and St2 . We define g from cadj = 4.23 , the 
average value of cvv(vi , vj) for all couples of topologically 
adjacent leaves i and j in the sequences St of our dataset, 
and wgap = 3 a weight:

Using a different parameter value for the terminal 
gaps has proven effective in aligning sequences of differ-
ent lengths  [41]. A weight wtml = 0.2 is therefore used 
to lower the penalty of each of the ntml terminal gaps, 
since leaves are expected to appear and disappear suc-
cessively over time. The optimal alignment between St1 

(2)cvv(v1, v2) =

√

∑

1≤i≤4

(

vi1 − vi2
)2

(3)g = wgap.cadj

and St2 is then defined as the one that minimises the 
global alignment cost C . We define I as the set of indexes 
of sequences St1 and St2 with a match (i.e. without gap). 
With vi and vʹI the vectors associated respectively with 
the i-th elements of the sequences Pt1 and Pt2:

To find the optimal alignment between St1 and St2 , 
the Needleman-Wunsch (NW) algorithm [42] has been 
adapted to consider the terminal gap weight. This algo-
rithm is based on dynamic programming and guarantees 
an optimal solution for pairwise alignment.

Multiple sequence alignment
The initial ordering of each sequence gives a relative leaf 
rank to each leaf that may differ from their absolute rank, 
due to the fall of senescent leaves during plant develop-
ment or due to segmentation errors (Fig. 4B). The align-
ment of all the leaves sequences in the time-series is 
achieved using a progressive method  [32] to perform 
the multiple alignment task. It consists in a succession 
of pairwise alignments of the sequences St using the 
NW algorithm, in ascending temporal order. A profile is 
defined as an alignment of several sequences treated as a 
unique sequence of columns  [43]. Let �1−>k be the pro-
file constituted of the alignment of the first k sequences 
in the time-series (S)k=1...T , each sequence containing n 
elements after the addition of possible gaps. At each time 
point t > 1 , the sequence St is aligned with the profile 
�1−>t−1 , resulting in a new profile �1−>t . Aligning St 
with �1−>t−1 requires a sequence-profile cost function c 
that we adapt from cvv [44]. Let ω be a column of �1−>t−1 
of length t − 1 containing t − 1− k gaps, and k leaves 
associated to the feature vectors { v1, . . . , vk} . Let vʹ be the 
feature vector associated with a leaf observation present 
in the sequence to align St . Then the cost c of the match 
between ω and vʹ is defined as:

Sequences are aligned progressively until obtain-
ing the final profile �1−>T that aligns all the sequences 
in (S)t=1..T , yielding a first estimation of the leaf ranks 
(Fig. 4C).

Finally, each tracked leaf, except the first and last, is 
deleted if nk < (nk−1 + nk+1)/4 , nk being the number of 
times that the kth leaf appears in the time-series, to cope 
with possible segmentation errors (Fig. 4D).

(4)

C(St1, St2) = (n− ntml).g + ntml .wtml .g +
∑

i∈I

cvv
(

vi, v
′
i

)

(5)c
(

ω, v′
)

=
1

k
.
∑

1≤i≤k

cvv
(

vi, v
′
)

Fig. 3 Deep‑learning‑based collar detection for organ segmentation. 
A Identification of the stem path (orange line) on the 3D skeleton, 
B reprojection of the stem path (orange line) on one of the 
corresponding RGB images and extraction of 416 × 416 sub‑images 
along the stem path. Sub‑images centers are evenly spaced along the 
stem path, with a maximum spacing of 400 pixels. C Collar detection 
on a sub‑image (square: predicted bounding box, point: centre of 
the box, value: prediction score) D Projection of the highest detected 
collars point among all sub‑images from all 12 side viewpoints on the 
3D skeleton (grey cross). This point is then used to segment skeleton 
branches in stem, ligulated leaves, and growing leaves
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Fig. 4 Leaf tracking in a time‑series of 3D maize plant segmentations. A Input data for the tracking algorithm, consisting of a time‑series of 3D 
maize plant segmentations. Each segmentation includes ligulated leaves, which can be topologically ordered by increasing insertion height, and 
growing leaves. Ligulated and growing leaves are classified using stem height (red dotted line), which was smoothed over time. F Output data 
of the tracking algorithm, consisting of 3D + t reconstruction of the plant with time‑coherent leaf ranks (numbers and colours), representing the 
order of appearance of the leaves. B, C, D, E illustrate the successive steps of the algorithm, which consists in assigning time‑consistent ranks to 
segmented leaves. Each segmented leaf is represented by a rectangle, coloured according to its ground‑truth rank (black = segmentation anomaly), 
and positioned according to its observation time and predicted rank. Only one third of the time steps are represented for visibility. B initialization 
of rank assignment by ordering the ligulated leaves topologically, C rank assignment after sequence alignment, D rank assignment after removing 
abnormal columns, E final rank assignment after adding growing leaves
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Backwards tracking of growing leaves from ligulated ones
The final tracking step consists of predicting the rank of 
the detected growing leaves (Fig.  4E). Unlike ligulated 
leaves, growing leaves cannot be ordered a priori by 
their topology since they all emerge from the same point, 
and their geometry is not constant. However, it can be 
assumed that the shape, orientation and position of a leaf 
evolves smoothly over time during its growth phase, with 
only minor changes for an observation frequency of 24 h. 
Leaves can therefore be tracked backwards by associating 
leaf observations sharing a similar shape, from the ligu-
lated stage to the leaf emergence. To that end, a metric 
D is used to quantify the dissimilarity of two growing 
leaves, based on the distance between their central line, 
given as a 3D polyline. Each 3D polyline is converted 
to a set of n = 20 points [ pl1, . . . , pln] regularly spaced 
along the polyline. With d(p1, p2) the euclidean distance 
between two points, we define the distance between two 
polylines such as:

The algorithm tracks backwards the growth trajectory 
of each leaf, starting from rank 1, and finishing by the 
last rank. For each processed leaf, the algorithm works 
iteratively, from the starting point (i.e. when the leaf is 
ligulated) to the ending point (i.e. at leaf emergence). At 
each tracking step the algorithm computes the metric D 
between the last associated polyline and every remaining 
non-ligulated leaves, and selects the minimum.

Computation of phenotypic traits
Various phenotypic traits are extracted from the 3D + t 
plant reconstruction, to quantify (i) rank-based phe-
notypes, (ii) plant development, (iii) individual leaf 
development.

Rank-based phenotype xpf  describes the variation of 
a morphological variable x of leaves (e.g. length, inser-
tion height, azimuth, etc.) as a function of their position 
on the stem (rank). For each rank r , xpf (r) represents 
the value of x for the leaf r once it has reached ligula-
tion. xpf (r) is calculated as the median of the values of x 
associated with the ligulated leaves along the time course. 
Leaf observations exceeding 20   day20  °C after ligulation 
are not considered. Here we consider the case of leaf 
length (lpf  ) and leaf insertion height (hpf ).

Plant development is quantified at any date through 
the following traits:

-Stem height hs corresponds to the height of the 
highest collar and is directly extracted from the plant 
reconstruction.

-Visible leaf stage nvis corresponds to the rank of the lat-
est emerging leaf. Let rvis(t) be the maximum rank among 

(6)D
(

pl, pl′
)

=
∑

1≤i≤n

d
(

pli, pl
′
i

)

observed leaves at date t , and tmed(r) the median of time 
points t where rvis(t) = r . We define the emergence tim-
ing tvis of the r-th leaf such as:

We deduce nvis such that nvis(t) = t−1
vis (t) for each emer-

gence timing t . Finally, nvis is extended to any value of t by 
linear interpolation.

-Ligulated leaf stage nlig corresponds to the rank of the 
last ligulated leaf. Using the same method as for nvis , it is 
deduced from ligulation timing tlig such as:

Here, a piecewise constant interpolation is used to 
restrict nlig to integer values.

Leaf growth is given by the successive length value of 
the observed r-th leaf until ligulation.

Validation with manual measurements
Ground-truth data was manually collected on a ran-
domly selected subset of plants with late harvesting. 
This validation data was then used to evaluate tracking 
performance, and the accuracy of the phenotypic traits 
obtained with the pipeline.

Leaf ranks were annotated on 30 plants at each time 
point using the images (10980 annotations). Segmented 
leaves corresponding to artefacts (e.g. the ear of maize) 
were not annotated.

A subset of 10 plants were randomly selected for man-
ual measurements on images. Leaf lengths and leaf inser-
tion heights were measured at the ligulation stage for 
all ranks (113 and 173 annotations respectively). Addi-
tional leaf lengths measurements were also performed 
for leaf ranks 6 and 9 during their whole growth phase 
(234 annotations). Stem height was annotated for all time 
points (369 annotations).

Ligulated and visible leaf stages were measured in the 
greenhouse on the 355 plants with late harvesting, with 
an average of 7 time points per plant (2289 and 1891 
annotations respectively). Ligulated leaf stage is given by 
an integer, while visible leaf stage is given by a real num-
ber: for example, a value of 7.4 means that the last visible 
leaf is of rank 7, and has reached 40% of its growth.

The phenotypic traits were compared with ground-
truth observation using the following metrics: bias, root-
mean-square error (RMSE), mean absolute percentage 
error (MAPE) and coefficient of determination  (R2).

The pipeline conception and the data analysis were per-
formed with Python.

(7)tvis(r) =
tmed(r − 1)+ tmed(r)

2
(r ∈ N+)

(8)tlig (r) = h−1
s

(

hpf (r − 1)
)

(r ∈ N+)
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Results
A robust and consistent alignment of segmented plants 
over time
The full pipeline was run on the whole late harvest-
ing dataset, (355 plants). Each plant was observed on 
an average of 43 time points with an average frequency 
of 24 h, from plant emergence until 3 days after panicle 
deployment, making a total of 237,600 images analysed. 
Leaf tracking output is illustrated in video in Additional 
file  2. 1.7% of time points were automatically discarded 
due to abnormally shaped stems (Additional file 3). The 
global quality of the pipeline was assessed by leaf rank 
assignment accuracy, which is defined as the percent-
age of exact matches between the predicted rank of seg-
mented leaves and manually annotated ground-truth 
ranks (observation). This metric was evaluated separately 
depending on whether leaves were identified as ligulated 
or growing, since their tracking relies on different algo-
rithms (Table 1).

Leaf rank assignment accuracy is evaluated on 30 
different plants on a total of 10,980 leaves. Leaf rank 
assignment accuracy is the percentage of non-artefact 
segmented leaves whose predicted rank matches ground-
truth rank. MAE is the mean absolute error, and this 
metric was only computed among wrong predictions. n is 
the number of leaves considered. These metrics are pre-
sented separately for ligulated and growing leaves.

For ligulated leaves, rank assignment accuracy showed 
a median value of 98.8% per plant, with a minimum 
of 90.8%, resulting in a high overall accuracy (97.7%, 
Table 1). Most of the errors occurred for the lower and 
upper ranks (Fig.  5, blue line), but the resulting rank 
error did not exceed 1 most of the time (MAE = 1.07 
among wrong predictions, Table 1). Errors in ranks 1–3 
could be partly removed and errors in ranks 4–5 almost 
completely removed by putting aside the leaves that grow 
older than 20  day20 °C (Fig. 5; blue dotted line). Such old 
leaves are harder to track, as their morphology tends to 
change excessively when senescing. The remaining errors 
in ranks 1–3 were probably due to segmentation issues. 
For instance, the leaf 1 is sometimes not segmented in 
the 3D reconstruction because of its small size (data not 
shown). About half of the errors in the upper ranks (10 
and more) could be avoided by manually removing the 

dates where the maize ear was misidentified as a leaf 
during the segmentation process (Fig.  5; blue dotted 
line), demonstrating the importance of a correct identi-
fication of this organ. The remaining errors in the upper 
ranks might be due to the increasing complexity of maize 
architecture during its development (longer leaves, more 
occlusions due to leaf crossings), and because these late 
emerging leaves are observed fewer times, making their 
identification more difficult.

Rank assignment accuracy was lower for growing leaves 
(85.3%, Table 1), but still high for the first bottom ranks 
(92.8% for ranks 1–10). This might be because a differ-
ent algorithm is used compared to ligulated leaves, and 
because of the intrinsic difficulties associated with the 
detection of a developing organ: growing leaves cannot 
be topologically ordered a priori, and they may undergo 
rapid changes in shape and geometry over time. Also, 
growing leaves tracking used ligulated leaf ranks assign-
ment as a starting point, which caused error propaga-
tion. Indeed, fewer errors were observed for lower leaves 
when manually initialising the growing leaf tracking with 
ground-truth ligulated leaf ranks (Fig.  5; orange dotted 
line). Overall, the errors caused by the growing leaf track-
ing are more frequent in the upper ranks, (Fig. 5; orange 
line) which might be due again to an increasing com-
plexity of maize leaves structure over time. In particular, 
there are more leaves emerging at the same time in the 

Table 1 Evaluation of the performance of the maize leaf 
tracking algorithm

Type of segmented leaf Leaf rank 
assignment 
accuracy (%)

MAE among 
wrong 
predictions

n

Ligulated leaf 97.7 1.07 6540

Growing leaf 85.3 1.80 4440

Fig. 5 Accuracy of leaf rank assignment as a function of leaf rank. 
Leaf rank assignment accuracy is the percentage of non‑artefact 
segmented leaves (n = 10940) whose predicted rank matches 
ground‑truth rank (observation). This metric is computed for each 
ground‑truth rank value separately, for ligulated leaves (wide blue 
line) and growing leaves (wide orange line). Point value and error bars 
correspond respectively to the mean and 95% bootstrap confidence 
interval among 30 plants. Blue dotted line: ligulated leaves results 
without considering (i) leaf observations exceeding 20  day20 °C after 
ligulation, and (ii) dates where maize ear was segmented as a leaf. 
Orange dotted line: growing leaves results after initialising their 
tracking with ground‑truth ligulated leaf ranks
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maize whorl for late growth stages [45], and these leaves 
have a more similar morphology, making them difficult 
to distinguish (see Fig. 4A).

An automated quantification of plant development 
during the whole vegetative phase
This pipeline provides two ways to quantify plant devel-
opment automatically: either (i) vertically, or (ii) through 
the number of emerged and ligulated leaves (leaf stage).

(i) Stem height was predicted with high accuracy 
(RMSE = 2.02 cm,  R2 = 0.999) for all growth stages. This 
provides a way to quantify plant vertical development 
regardless of how the leaves are deployed. This also 
provides a spatial delimitation of the mature and grow-
ing parts of the plant, which is more accurate than the 
morphological criteria used in  [16]  (R2 = 0.68) and [46] 
 (R2 = 0.92 for early growth stages), and remains robust in 
advanced stage once the maize ear emerges (Fig. 6A; no 
outliers for high observed values, i.e. advanced stages).

(ii) The leaf stage predicted by the pipeline was cor-
related to the ground-truth observation  (R2 = 0.87). 
Predictions were twice as accurate as when simply 
counting the leaves present on the reconstructed plant 
(Fig. 6B: RMSE = 1.29 vs RMSE = 2.62 for Phenomenal). 
Our method therefore avoids the bias that may occur 
in other leaf counting methods  [30, 46, 38] that do not 
take into account the disappearance of bottom leaves 
due to senescence. However, this trait was still consist-
ently underestimated (bias = −1.09, Fig. 6B). The remain-
ing error might be because the last leaves that have just 
emerged were often missing in the 3D reconstruction. 
This bias increases over time, since more and more leaves 
are growing simultaneously in the whorl [45]. A linear 
regression can be applied to remove the bias from the 
prediction (red dashed line in Fig. 6B), which reduces the 
RMSE from 1.29 to 0.44.

Leaf stage was also measured considering only the 
ligulated leaves, which resulted in a higher correlation 
 (R2 = 0.93) and a lower bias (bias = 0.32, Fig. 6C). It is the 
first time that collar appearance rate, which is of crucial 
importance in maize models of development  [47, 48], can 
be measured with an automatic method at this degree of 
precision.

An automated tracking of individual leaves development
The pipeline was used to automatically extract leaf 
growth dynamics for all leaf ranks. For evaluation, we 
focus on leaf length dynamics of leaves 6 and 9 before 
ligulation. For leaf 6, predictions were strongly correlated 
to ground-truth  (R2 = 0.96, Fig.  6D). For leaf 9, the pre-
dicted length was close to ground-truth most of the time, 
but there were more outliers compared to leaf 6, resulting 
in a lower correlation  (R2 = 0.67, Fig. 6E). Leaf dynamics 

seem to be less accurately captured for higher leaf ranks, 
which may be due to more frequent leaf rank assign-
ment errors (Fig. 5, orange line), but also more generally 
because leaf lengths are less accurate for advanced stages 
due to frequent errors in the 3D organ segmentation (i.e. 
before tracking). Although the dynamics of leaf growth 
were only evaluated in terms of length here, the pipe-
line allows to capture the full evolution of leaf shape over 
time (Fig. 4B), which can be described by other variables 
such as azimuth (Additional file 4A). Such leaf dynamics 
can also be extracted during the senescence phase when 
leaves collapse (Additional file 5).

An automated reconstruction of plant architecture 
development
This pipeline was used to automatically extract the esti-
mation of various morphological features on mature (i.e. 
ligulated but not senesced) leaves as a function of leaf 
rank. We considered leaf length and leaf insertion height 
for evaluation, and both were highly correlated with 
ground-truth observations (length:  R2 = 0.96, Fig.  6F. 
Insertion height:  R2 = 0.98, Fig.  6G). As for leaf dynam-
ics, the method can be extended to any other variable 
describing leaves, such as leaf width, internode width or 
leaf azimuth (Additional file 4B).

Thanks to tracking, median values can be derived from 
the successive measurements of morphological features 
for the same leaf over time. This significantly helps to 
minimise the errors that would have occurred using 
independent time points (e.g. ranks 2–4 in Fig. 6I). Outli-
ers remaining after applying a median value were often 
observed for the last ranks (10 and more). This might be 
due to (i) more leaves overlapping in the upper part of 
the plant, therefore leading to less accurate 3D segmenta-
tions, (ii) the fact that the last leaves reach ligulation later 
and are therefore observed fewer times, which makes the 
calculation of a median less robust, (iii) a higher number 
of tracking errors for the last ranks.

Discussion
An adaptation of the sequence alignment framework 
to robust leaf tracking
Sequence alignment is proposed as an original solution 
to the leaf tracking problem, allowing to consider both (i) 
the topological information at a fixed date, by ordering 
the ligulated leaves in a sequence, and (ii) the redundancy 
of the geometric information over time, by describing 
each ligulated leaf as a vector of temporally invariant 
features. While sequence alignment has already  been 
applied outside the bioinformatics field  [49, 50, 51], this 
is the first time, to our knowledge, it is used to track plant 
and organ growth. This framework allows us to con-
sider the main difficulties of leaf tracking (segmentation 
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artefacts, leaves appearance/disappearance) via the anal-
ogy of insertions and deletions of elements in a sequence. 
In plant phenotyping, tracking is often done step by step, 
by successive pairwise comparisons of reconstructed 
plant models, which could lead to the propagation of 
errors from the first alignments computed to the end of 

the time-series. Sequence alignment methods allow the 
formulation of a global resolution algorithm for this opti-
mization problem. In this study, we used an optimization 
method called progressive alignment  [32], which pro-
gressively integrates the models of successive time steps 
by comparing them to a “profile”, representing all the 

Fig. 6 Evaluation of the phenotypic traits obtained with the pipeline. Pipeline predictions are compared with ground‑truth observations for the 
following traits: A Stem height, B visible leaf stage, C ligulated leaf stage, D, E length of leaf 6 & 9 during growing phase, G ligulated leaf length, 
H ligulated leaf insertion height, I leaf length variation as a function of leaf rank. For each trait, a linear regression is applied (x = observation, 
y = prediction). In A, B, C, G, the pipeline results are compared with Phenomenal  [16] outputs (points, regression equation and metrics are 
displayed in grey). Leaf growth (G) and Leaf length variation as a function of leaf rank (I) outputs are illustrated for one representative plant. In I, 
larger points correspond to median predictions. n = number of points, RMSE = Root‑Mean‑Square Error, MAPE = Mean Absolute Percentage Error
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previous matched models. This method has shown great 
efficiency on our dataset.

Sequence alignment algorithms are known to be highly 
dependent on the choice of their parameters, especially 
the gap penalty  [52], thus further parameters fine tuning 
should be considered to optimise the method on more 
challenging datasets in the future. While this method was 
tested on maize plants, it could be adapted to any other 
species for which (i) the order of leaf emergence can be 
derived topologically along a single stem axis, and (ii) a 
subset of leaves with a stable geometry can be identified 
at each time point (e.g. sunflowers or cotton). However, 
extending this method to branched plants, such as wheat 
or sorghum with tillers, remains an open problem.

Temporal tracking enhances the robustness of 3D 
reconstruction
This work focused on the temporal processing of 3D seg-
mented plant reconstructions. Each plant segmentation 
is performed at a given date independently of other dates, 
and can contain inaccurate leaf reconstructions, and seg-
mentation artefacts. With our tracking method, potential 
error reconstructions can be compensated over time, by 
grouping several observations of a same leaf in the time-
series. The sequence alignment framework also helps to 
overcome segmentation artefacts (e.g. missing leaves, 
ear misidentified as a leaf ) by setting them apart. How-
ever, such segmentation errors were still often respon-
sible for subsequent tracking errors in our dataset. This 
is particularly visible in the advanced stages of growth 
where the leaves emerge more frequently, are longer, 
and therefore intersect more, making the segmentation 
task more error-prone. It might therefore be better to 
spend time addressing these segmentation issues before-
hand, rather than optimising the tracking parameters 
to address them later. For example, the maize ear could 

be detected beforehand in the segmented plant objects, 
using approaches similar to panicle  [34] and collar  [38] 
detection. The continuous improvement of 3D plant 
reconstruction and segmentation methods  [35, 53, 31, 
36], that are all compatible with the solution reported 
here, is also very encouraging for a rapid evolution of the 
performance of the pipeline as a whole.

A robust pipeline that can be used in high‑throughput 
conditions
While other 3D + t phenotyping pipelines have already 
been proposed, they were mostly tested on a few num-
ber of plants and time points, for early growth stages 
(ca. 5–10 time points and 5–10 plants). Instead, the 
pipeline presented here was tested on a dataset of 355 
plants of various genotypes grown under different envi-
ronmental conditions. Each plant was observed through 
a time-series of ~ 43 time points covering all growth 
stages, making a total of 237,600 images analysed. Most 
traits were validated on a subset of only 30 plants due 
to time-consuming annotations, but leaf stages outputs 
were evaluated on the full dataset of 355 plants (see 
Fig. 6B-C). Other traits outputs are shown on Fig. 7 for 
the entire dataset of late harvesting plants, and overall 
exhibit coherent patterns for all ranks and growth stages. 
All these results suggest that this pipeline can be used to 
phenotype large panels of maize plants.

In this study, Phenotrack3D was tested on dense (aver-
age frequency of 24 h), high quality 3D acquisition (iso-
lated plants to avoid occlusions), which is typical of image 
phenotyping in controlled conditions. This type of data 
is the primary target for Phenotrack3D and only minor 
adaptations in data preparation are expected to allow 
re-using our method in such conditions. Some methods 
using Terrestrial LiDAR Point Cloud were also successful 
at segmenting organs in field conditions (maize grown at 

Fig. 7 Automatic extraction of architecture and development traits at organ level in high‑throughput conditions. Extraction of A stem growth and 
B leaf length variation as a function of leaf rank using the pipeline, for 355 maize plants of 60 different genotypes, grown from plant emergence to 
flowering stage (237,600 images analysed), under well‑watered (WW; 178 plants, blue) and water deficit (WD; 177 plants, red) conditions. A: one line 
per plant, each line is smoothed (see Step 5 of the pipeline). B: point = mean, error bar = standard deviation
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low densities)  [54, 55], hence producing data that could 
fit the requirement of Phenotrack3D, despite the lower 
quality of the segmentation of individual plants. The main 
issue would be the precise localisation of stem tip, since 
collars may not be visible in point clouds, or the avail-
ability of an alternative method to perform the separation 
between the mature and the growing part of the plant. In 
the case of an acquisition in agronomic conditions where 
the plant density is higher, other adaptations will prob-
ably be required since only portions of the mature part 
of the plant would be measured at a time (only 40  cm 
depth is visible with reasonable occlusion level), leading 
to incomplete, possibly non overlapping sequences that 
could make the sequence alignment fail.

Quantification of maize architecture and development 
for plant modelling
Plant development is usually quantified indirectly and 
incompletely in phenotyping platforms, using for exam-
ple the height of the highest plant pixel on images  [56] 
as a proxy of vertical development, or the total num-
ber of plant pixels  [6]. On the contrary, our method 
directly measures detailed botanical features for all 
organs, together with their dynamics. For example, the 
stem height estimated with our pipeline fits the botani-
cal definition of vertical plant growth. Other traits such 
as individual leaf elongation have already been measured 
semi-automatically in HTP platforms (e.g. transducer, 
 [57]), but such methods are limited to monitoring a small 
number of leaves of the plant, which can lead to serious 
limitation  [58]. Instead, our method can quantify the 
growth dynamics of all leaves simultaneously, therefore 
capturing the full growth dynamics of the plant. Finally, 
rank-based traits such as the variation of leaf length as a 
function of leaf rank, that is widely used to model plant 
development [48], are difficult to measure in a non-
destructive way, and it has never been done on hundreds 
of maize plants to our knowledge.

Such automatic phenotypic measurements are valuable 
input data to parameterize models such as Functional-
Structural Plant Models (FSPM) [47, 59], which fully cap-
ture the 3D plant architecture and development up to the 
organ level [60]. While these models are often calibrated 
via indirect proxies due to lack of additional available 
data, our 3D + t plant reconstruction method could give a 
more direct access to an accurate plant model calibration. 
Moreover, the phenotypic traits obtained with our pipe-
line show differences between different genotypes and 
watering treatments (Fig.  7), illustrating that the pipe-
line is sufficiently accurate to compare GxE interactions. 
Using our pipeline on large plant panels in HTP condi-
tions could therefore provide the input data necessary to 

parameterize both genetic and environmental effects on 
plant architecture and development in FSPM models.

Conclusion
We propose Phenotrack3D, a pipeline that allows recon-
structing, from time-inconsistent segmentations, the 3D 
architectural development of a maize plant at organ level, 
from emergence to flowering. We solve the challenging 
problem of leaf tracking by adapting and using a sequence 
alignment algorithm, which proved to be a robust and 
efficient strategy for this task. Tracking leaves over the 
entire growth cycle allows retrieving the true botanical 
rank of organs at all time steps, hence giving access to 
widely used rank-based phenotypes (e.g. leaf length vari-
ation as a function of leaf rank). Moreover, the different 
observations of the same organ at different time steps 
are grouped together, providing more accurate measure-
ments by compensating eventual errors over time. Track-
ing also makes it possible to retrieve the dynamics of 
plant development, both at organ level (leaf growth) and 
plant level (plant height dynamics, leaf stage). This pipe-
line is fully automatic and works smoothly with available 
automatic reconstruction-segmentation pipelines, such 
as Phenomenal  [16]. It could therefore be used to meas-
ure phenotypic traits on thousands of plants in HTP 
platforms, with sufficient accuracy to compare the devel-
opment and architecture of various GxE interactions 
along the entire growth cycle.
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Additional file 5. Visualisation of rank assignment following sequence 
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