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Abstract—Plant phenotyping is the quantitative description of a plant’s physiological, biochemical, and anatomical status which can be

used in trait selection and helps to provide mechanisms to link underlying genetics with yield. Here, an active vision- based pipeline is

presented which aims to contribute to reducing the bottleneck associated with phenotyping of architectural traits. The pipeline provides

a fully automated response to photometric data acquisition and the recovery of three-dimensional (3D) models of plants without the

dependency of botanical expertise, whilst ensuring a non-intrusive and non-destructive approach. Access to complete and accurate 3D

models of plants supports computation of a wide variety of structural measurements. An Active Vision Cell (AVC) consisting of a

camera-mounted robot arm plus combined software interface and a novel surface reconstruction algorithm is proposed. This pipeline

provides a robust, flexible, and accurate method for automating the 3D reconstruction of plants. The reconstruction algorithm can

reduce noise and provides a promising and extendable framework for high throughput phenotyping, improving current state-of-the-art

methods. Furthermore, the pipeline can be applied to any plant species or form due to the application of an active vision framework

combined with the automatic selection of key parameters for surface reconstruction.

Index Terms—3D reconstruction, active vision, calibration, plant phenotyping
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1 INTRODUCTION

UNDERSTANDING the physiological and molecular mech-
anisms underlying the growth of plants and crops is

increasingly important in order to reach food security goals
whilst achieving sustainability within agricultural systems.
Therefore, methods are required to identify traits that trans-
late into increased crop yield [1].

Phenomics, or phenotyping, is the measurement of
traits which reflect plant growth, performance, composi-
tion and development. Measurements are often captured
over a period of time, and are affected dynamic interac-
tions with the genetic background (genotype) and the
environment [2]. A comprehensive understanding of the
possible range of plant phenotypes would aid breeding
and genetic modification, facilitating the improvement
e.g., of nutrient use and photosynthetic efficiency, thereby
increasing crop yield and stability across diverse environ-
ments [3], [4]. Dimensions such as height and width, leaf
area index (LAI), leaf area density (LAD) plus leaf angle
and curvature are all important parameters that directly
relate to the growth and light harvesting ability of plants.
However, retrieving these measurements currently

constitutes a major bottleneck in assessing performance, or
for the construction of quantitative models of plant devel-
opment and pre-breeding applications. This, in part, is
due to the drawbacks associated with manual measures of
phenotypic parameters, which are time consuming and
subject to inaccuracy [5]. Higher throughput methods may
also be costly, inaccessible, or require specific expertise or
appropriate analysis tools.

In recent years there has been a rapid increase in techni-
ques aimed at extracting plant traits from two-dimensional
(2D) images, to generate phenotypic information. However,
many plant measurements such as area and leaf morpholog-
ical properties can only be obtained from three-dimensional
(3D) representations of plants. Consquently, the recovery
of accurate 3D models of plants from 2D images is
urgently required. High quality 3D models can provide a
wide range of morphological and gross developmental
data and can also be used to support simulations of plant
function (e.g., [6], [7], [8]). While image-based modelling
has made significant progress over the past decade, creat-
ing accurate representations of plants remains a challeng-
ing problem.

1.1 Recovery of 3D Plant Models

The recovery of 3D descriptions of viewed objects frommul-
tiple images is a longstanding problem in computer vision.
In recent years improvements to these descriptions, with
respect to both quality and performance, have been made.
However, most existing methods of representing objects in
3D have only been applied to relatively simple, predomi-
nantly convex objects; human heads and man-made arte-
facts such as buildings and vases.
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Crowded scenes, in which multiple, closely-packed
objects are present, constitute a more difficult challenge and
are troublesome to accurately represent. Crowded scenes
generate high levels of occlusion - where part of the object is
not visible from the current view - and parallax - the effect of
the object appearing to differ when viewed at different
angles, making accurate reconstruction harder than for sim-
ple convex objects. Plants are particularly challenging due to
self-occlusion, the presence of many small, shiny surfaces
that appear very similar, lack of texture for feature matching
and difficulties when selecting camera placements. More-
over, plants are sessile organisms that adapt and acclimate to
their fluctuating environment, from short-term changes such
as the reorganisation of foliage to long-term growth patterns.
As a result, plants have a complex structure which is able to
change over time, making them difficult to model, particu-
larly by standardized, fixed camera phenotyping platforms.
Pipelines are required that can adapt to the expected wide
variations in plant shape and/or size [9], [10], [11].

Many approaches to 3D modelling exist [12]. One partic-
ularly successful method is known as Multi View Stereo
(MVS), which produces a series of 3D points, known as a
point cloud, from an unordered set of 2D images taken
around an object. However, image acquisition and selection
are currently an insufficiently considered resource in MVS;
this is particularly important when the target objects are
complex and feature matching becomes more challenging.
MVS uses feature matching between multiple overlapping
views of an object or scene to determine the position of the
object in 3D space. Seitz et al. [13] demonstrated that the
quality and speed of 3D modelling depends significantly on
the quantity and selection of input images, and that each
image does not contribute evenly to the overall quality of
the model. Without sufficient images, a faithful description
of the plant cannot be produced, though also, without a
prior representation of the object to compare to, it is difficult
to evaluate whether sufficient images have been acquired.
For crowded scenes, even when a large number of images
are available, there is a high probability that some 3D data
will be missing. An increase in the number of input images
will also increase computational requirements in terms of
both memory and time. In some instances, unnecessary
input images can actually decrease the quality of the result-
ing model by introducing false points.

The point clouds generated via MVS are often integral to
3Dmodelling pipelines, where they are used as a basis to cre-
ate a surface mesh representation. This is necessary for

automatic plant measurements or further applied modelling
(e.g., [6], [7], [8], [14], [15], [16]). However, missing data at the
point cloud stage can lead to mesh defects such as holes or
overlapping datapoints [17] later on. Other imperfections
may arise due to inherent noise in the point cloud itself,
which alters the position of points, or incomplete sampling of
the surface which may lead to holes, gaps and missing data.
Moreover, the point cloud may include outliers; points lying
away from the object surface that are not part of the object
being modelled. These imperfections are likely to amplify
inaccuracies arising during the surface reconstruction pro-
cess; the process of fitting a surface to the point cloud to pro-
duce a 3D model. The complexity of the target object also
leads to difficulties, affecting the ability to accurately detect
and preserve the boundaries of complex shapes, and further
increasing the processing time required for reconstruction.

In this work, a complete pipeline is proposed for the auto-
matic recovery of 3D plant models. The pipeline can be split
into two parts; 1. The automatic capture of 2D images of a
given plant using an active vision cell (AVC) via manipula-
tion of a camera mounted on a robot arm [18]. To do this we
utilise an intermediate plant representation, which is intera-
tively evaluated to ensure it has been adequately scanned,
and automatically capture additional images where neces-
sary. 2. The surface reconstruction of the model plant,
achieved by utilising the 3D data obtained from Part 1 and
merging the point cloud and volumetric data representations
together to improve the accuracy of the 3D model. We then
perform clustering on themerged data using a novel binning
algorithm; and then surface reconstruction using triangula-
tion. Level sets and a merging algorithm are applied to the
triangulated clusters in order to refine the final surface repre-
sentation. An overview of steps in the reconstruction process
for real life plant is given in Fig. 1.

2 ACTIVE VISION

In controlled environment plant phenotyping, image acqui-
sition is currently reliant on either manual capture [14] or
static camera placements [19], [20], [21] that are unable to
adapt to specific plant species or varieties. Consequently,
there is an increase in labour, reduction in accuracy and
often very expensive systems are designed only for a single
plant form [22], [23], [24]. Here, an active vision approach is
developed to reduce the manual requirements of image cap-
ture, ensuring that sufficient data is obtained, irrespective of
plant species or form.

Fig. 1. Overview of the reconstruction process on a Bromeliad (Vriesea sp.). (a) Sample image acquired by the active vision cell (AVC), (b) point
cloud representation containing outliers, (c) volumetric proxy representation (PPR), (d) merged model, and (e) final 3D mesh model following surface
reconstruction.
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The proposed AVC [18] is composed of three primary
hardware components; 1. A high precision turntable
(LT360EX – Linear X Systems, Portland, USA) which is used
to rotate a plant 360 degrees, providing accuracy of 0.1
degrees. 2. A robot arm, The Universal Robot 5 (UR5 – Uni-
versal Robots, Odense, Denmark), providing 6 degrees of
freedom, which, in conjunction with the turntable, ensures
the whole object can be viewed. 3. A digital-SLR camera
(Canon 650D – Canon, Tokyo, Japan), for acquisition of
RGB images (Fig. 2). The 650D was chosen due to affordabil-
ity and high-resolution images of up to 18 megapixels, as
well as the ability to mount it on a robot arm easily.

2.1 Calibration

To enable the manipulation of a viewpoint for active vision,
the system must be accurately calibrated; that is, the loca-
tion of the camera with respect to the world must be deter-
mined. This can be challenging, with the number of
calibrations required dependent on the number of compo-
nents in the system.

Within this cell, calibration of the camera and robot with
respect to the world, robot base and end effector (the point in
which a device is connected to a robotic arm) is performed.
Calibration of this form is achieved by solving the linear
equation AX ¼ YB (Fig. 3) in which AXYB are transforma-
tion matrices consisting of rotation and translation, mapping
a point in one space to one in another. B is the robot calibra-
tion from the base to the end effector, a transformation often
known as forward kinematics. B is easily obtainable using
Denavit-Hartenberg [25] parameters, a method for describ-
ing the structure of a serial link manipulator. A is the camera
calibration and involves estimating the intrinsic and extrinsic
parameters of the camera. The intrinsic parameters depend
on the physical properties of the camera and lens. The extrin-
sic parameters represent the position and orientation of the
camera within the world. Camera calibration is performed
by capturing multiple images of a, planar target (e.g., a
checkerboard) of known structure and dimensions.

Once these two calibrations are performed it is possible
to calculate the position of the robot with respect to the
world, Y, and the camera with respect to the end effector, X.
The two unknowns are calculated from the linear equation
using unit quaternions and a closed-form separable solution
as proposed by Dornaika and Horaud [26]. Finally, the turn-
table is calibrated by performing multiple cell calibrations;
in each, the centre of the world (0, 0, 0) is obtained. Opposite
rotations are connected, and line intersection is performed
to calculate the centre of rotation.

Once the system is fully calibrated, the checkerboard cali-
bration target can be removed from the environment. It
remains possible to accurately obtain the position of the
camera with respect to the world, through the full range of
robot movement and turntable rotation, enabling 3D
reconstruction.

For highly complex scenes that lack texture or distinct
features, such as plants, feature matching approaches to cal-
ibration are unreliable. Thus, many phenotyping pipelines
perform camera calibration online during reconstruction,
requiring that a calibration target is at least partially visible
in all images [14]. Consequently, the range of possible views
are restricted, large objects may not fit, or may occlude
much of the calibration target. The calibration method
described above eliminates this constraint and can calibrate
the camera for any position without the need for a calibra-
tion target, once all parameters are known.

2.2 Performing Active Vision

Given a calibrated cell, it is possible to capture images of any
plant that is placed on the turntable. The process of selecting
views by evaluating the environment to maxmise some func-
tion is typically called next best view (NBV). Traditionally,
NBV evaluates every possible viewpoint to determine which
view to select. Within this pipeline, the proposed NBV algo-
rithm differs from existing NBV algorithms in that it uses
neither a depth sensor, nor a predefined set of images. More-
over, the proposed algorithm reduces the search space of
viewpoints by using clusters of voxels, i.e., grouping them
together, and an incremental view sphere, in which one
‘optimal’ position is evaluated and then expanded should it
be inappropriate, as opposed to traditional methods which
evaluate all views and all voxels. Redundant images are dis-
carded to further improve efficiency. The proposed algo-
rithm (Algorithm 1) can be broken down into three phases:

Phase 1: Select views that support fast convergence
towards an initial volumetric representation, which broadly
represents the object; this is evaluated in Phase 2 to deter-
mine quality and amount of coverage (i.e., the number of
voxels that have been seen). An octree is used as an initial
representation of the object due to the efficiency and ease of
manipulation, particularly when performing ray tracing.
The octree is initialised as a single voxel and, as views are
captured, knowledge of the object is increased. The initial
image set is captured from three height positions for 10
turntable rotations, resulting in 30 images.

Fig. 2. The Active Vision Cell (AVC) hardware components: the
LT360EX high precision turntable (left) and the Canon 650D mounted
on the UR5 robot arm.

Fig. 3. The relationship between transformations of matrix equation AX
¼ YB for the calibration of the robot and camera.
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Phase 2: The voxel representation is clustered, and rays
are projected from each of the 30 cameras. From this a score
for each cluster is determined based on the angle at which
each image (the position which it was taken) sees the clus-
ter, and the percentage that has been seen. Clusters that do
not satisfy the evaluation function (i.e., those that are not
seen enough) require more views. The new views are deter-
mined using an incremental view sphere in which the inter-
section of the normal from the cluster to the view sphere is
used as the optimal position; this is evaluated by ray tracing
to detect occlusions (Fig. 4). If the view is occluded, incre-
mental expansion over the view sphere is performed until
an acceptable view is found.

Phase 3: Redundant images are removed from the image
set; these are any images that can be removed without
decreasing the evaluation score (Phase 2) (Eq. 4.9), based on
the number of times the cluster has been seen and the angles
between the cameras that have seen it.

A more detailed specification of the process is given in
Algorithm 1 and discussed in the remainder of this chapter.
Algorithm 1 requires that the vision cell is calibrated and
outputs a series of 2D images and corresponding matrices.
A volumetric model is initialised, Algorithm 1 Line 1, and
the robot is moved to the starting position in line with the
turntable, Algorithm 1 Line 2. For each level (the position of
camera along the vertical axis) a colour filter is applied to
the cameras live stream and the robot arm is moved along
the x and y axis until the object is encapsulated in the cam-
eras field of view (FOV), Algorithm 1 Line 4, 10 images are
captured at the current level rotating the turntable after
each image and estimating camera matrices, Algorithm 1
Line 5-10. The volumetric model is then updated, Algorithm
1 Line 11, and the process is repeated for the next two levels.
The next step involves active vision to obtain images of
areas of the object that have not been viewed sufficiently.
The volumetric model is clustered, and a view sphere is cre-
ated, Algorithm 1 Line 13-15. The clusters are evaluated and
if another view is necessary, the view to best see the cluster
is determined based on the utility function, Algorithm 1
Line 17-21. If the model requires further evaluation, repeat
the active vision process, Algorithm 1 Line 23. Once the

model is sufficiently scanned the volumetric resolution is
increased and redundant images are removed, Algorithm 1
Line 24-25.

Algorithm 1. The NBV algorithm

Input: A calibrated active vision cell
Output: A series of Images, volumetric model, camera

calibrations
1: V intialiseVoxel()
2: Pos determineStartPositionðÞ
3: for l 1 to 3 do
4: Pos positionðl; V; ColorFilterÞ
5: t rotate ((l-1).12)
6: for n 1 to 10 do
7: Iln  Capture (Pos)
8: Ml

n  camCalibrationðPosÞ
9: t rotateðnÞ
10: endfor
11: V  updateðIl;MlÞ
12: endfor
13: p points(V)
14: C cluster(P)
15: S  viewSphereðV Þ
16: for n 1 to sizeðCÞ$ do
17: Cs

n  utilityFunctionðC; I; MÞ
18: if Cs

n < 1 do
19: Pos incrementalViewSphereðS; CnÞ
20: V  updateðcaptureðPosÞ; camCalibrationðPosÞÞ
21: endfor
22: endfor
23: if !evaluateðV; CÞgoto line 16
24: I removeRedundant()
25: V increaseResolution(V)

The result of active vision is a set of 2D images that suffi-
ciently capture the whole object, and their corresponding
transformation matrices. We discuss the results of our AVC
next, comparing it tomore traditional image capturemethods.

2.3 Evaluation

Evaluation of the effect of the AVC on surface reconstruc-
tions obtained by the method described in Section 3 was
performed on six target plant species: Bromeliad (Vriesea
sp.), Aloe vera, Cordyline (Cordyline sp.), Brassica napus, chilli
(Capsicum sp.) and pumpkin (Cucurbita pepo). These plants
were chosen based on their contrasting morphology (partic-
ularly size and leaf structure), demonstrating the generaliz-
ability of the approach.

For evaluation, X-ray mCT images of target plants were
obtained using a GE v j tome j xM scanner housed in the Uni-
versity of Nottingham’s Hounsfield Facility, Sutton Boning-
ton Campus. The v j tome j x M provides volumetric images
with a voxel resolution of 5 - 150 mm and, more importantly,
is not subject to the occlusion problems faced by visible light
imaging; this therefore provides a gold-standard ground-
truth dataset. Though some X-ray segmentation tasks are
highly challenging, plant material and air are easily separa-
ble in the density data provided bymCT and, following noise
reduction, plant material can be identified by applying a
user-defined threshold. From this, a complete 3D model of
the target object is formed. The surface of each plant can be

Fig. 4. Incremental examination of the view sphere determinines camera
positions. The red dot in the center illustrates the optimal viewpoint
defined by the normal of the cluster, the green is the first increment, and
the yellow the second. This continues across the entire view sphere.
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represented in standard triangular mesh format. This
ground-truth data structure can be compared against point
clouds and surface representations obtained from the pro-
posed pipeline can be evaluated (Fig. 5).

Models used for the ground truth in this work were man-
ually checked to ensure that the X-ray mCT scanner was able
to accurately reproduce the plant. It is worth noting that
while the X-ray mCT scanner produces accurate, highly
detailed models suitable for evaluation, it is ill suited to
most plant phenotyping tasks due to size restrictions, time
requirements and a costly setup. Moreover, it is possible for
the scanner to miss very thin areas of the plant such as stem
material, resulting in an incomplete 3D model for some
plant types.

2.4 Active Vision Results

The algorithm proposed here is evaluated against three
other imaging methods:

One static; a single static camera is placed at the side of
the plant at a fixed distance, with the plant placed on a
turntable;

Two static uses two fixed cameras, one directly in line
with the plant, the other placed slightly higher looking
down, as this is a common approach in phenotyping sys-
tems, again with the plant on a turntable;

Arbritrary camera placement, which uses a series of ran-
dom views taken from distinct positions, as is typically pro-
duced by manual imaging.

40 images were taken for each of the three imaging meth-
ods whilst the removal in redundant images in the AVC led
to a 10-48 percent reduction in image set (i.e., between 21-36
images were required for the six plant species that were eval-
uated). Images are removed if their exclusion from the data-
set does not decrease the utility function such that more
views are necessary. Evaluation is based on the distance from
points to the surface of the ground truth (i.e., the X-ray mCT
scan) and the number of points obtained per image (Table 1).

In all cases AVC producedmore points, with a lowermean
distance to the ground truth, using a reduced image set.While
static camera placement can produce a good model, success
depends on the structure of the target plant, and efficiency is
limited. By employing active vision, the amount of data
obtained can be significantly increased despite requiring
fewer images, thus reducing computational cost. While

arbitrary camera placement can perform well, there are no
guarantees on accuracy or repeatability.

The approach described here requires minimal user
input. The AVC can adapt to objects of different shapes and
sizes with varying levels of occlusion and complexity, with
the only limitation to size being the reach of the robot arm
(which could be overcome using a larger robot e.g., the Uni-
versal Robot 10; a larger version of the robot used here). The
common difficulty for extremely dense scenes in which
components, i.e., stems, cannot be separated, remains prob-
lematic. Static approaches often have cameras fixed in the
environment making it extremely difficult and costly to
adjust to different object sizes, which is crucial in plant phe-
notyping when trying to obtain growth information, or
when creating a system capable of measuring multiple dif-
ferent species. The AVC is more accurate and requires fewer
images than previous static imaging approaches, offering
more flexibility than existing large-scale phenotyping sys-
tems by adapting to the natural variation of individual
plants. As seen from Table 1 the AVC produces a set of
points with a lower mean (root mean squared error) in all
instances. The method proposed here is automatic with
user input limited to changing the plant and clicking a sin-
gle button to begin the process.

3 DATA MERGING AND CLUSTERING

The AVC produces several data forms, namely: a 3D point
cloud generated by Patched Based Multi-View Stessreo
(PMVS; Fig. 1b); a volumetric model (the Plant Proxy Repre-
sentation- PPR; Fig. 1c); a series of camera calibration matri-
ces; and a set of 2D images. It is important to note that the
2D images are not required for model merging (Section 3.1)
or clustering (Section 3.2) but are used during level set proc-
essing in the surface reconstruction stage (Section 4). There
are a number of challenges with using each of these data
forms individually. For example, the point cloud often con-
tains outliers; the PPR contains voxels that cannot be veri-
fied, that is, it is unknown as to whether they exist in the
model; and the 2D data is not suitable alone due to occlu-
sion and parallax (discussed previously), consequently lim-
iting the ability to measure plant traits.

Fig. 5. X-ray mCT scans used as ground truth models. (a) Bromeliad
(Vriesea sp.), (b) Aloe vera, (c) Cordyline (Cordyline sp.), (d) Brassica
napus, (e) Chilli (Capsicum sp.), and (f) Pumpkin (Cucurbita pepo).

TABLE 1
Evaluation of the Active Vision Cell

Brom Al Cord Brass Chilli Pump

Mean distance of points from the ground truth

AVC 0.196 1.333 0.738 0.035 0.102 0.359
One St 0.357 1.452 0.757 0.201 0.238 1.122
Two St 0.344 1.691 0.864 0.087 0.184 1.210
Arb 0.269 1.896 1.028 0.168 0.254 0.698

Number of points per image

AVC 7638 5705 3764 16634 10192 34953
One St 3527 3997 3071 2430 2832 17881
Two St 3885 4015 2355 3669 6186 12926
Arb 7638 4576 2004 4461 4976 21311

The mean distance of points is the average distance of all points in the point
cloud to the ground truth X-Ray mCT scan. A lower mean indicates higher
accuracy. The number of points per image is the average number of points that
each image generates where a higher number indicates higher quality images.
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3.1 Model Merging

The accuracy and usefulness of data can be improved
through merging the volumetric and point cloud represen-
tations. The model merging phase combines the point cloud
and the PPR to produce a reduced, yet more faithful, point
set which represents the object of interest (Fig. 1d). Fig. 6
illustrates the two starting datasets, point cloud and PPR,
and the resulting merged model, from which the outliers
have successfully been removed, yet the integrity of the
object remains. The merged model produces a new point set
which is used for the basis of cluster analysis and surface
reconstruction (Fig. 1e).

Merging is performed by evaluating each voxel in the PPR,
if it contains more than three points (as three are enough to
form a single triangle) the voxel is considered to be part of the
object. The points in each voxel that are part of the object are
averaged to produce a single point. There are numerous
advantages to model merging, as opposed to using either the
point cloud or PPR independently. Namely; the ability to
acquire connectivity information from the PPR (which is par-
ticularly useful in the surface reconstruction) where such
information is not available in the point cloud, along with
normals, and more accurate colour estimates which can be
obtained from the point cloud. However, the biggest advan-
tage is the ability to significantly reduce the size of the point
set. For example, a complex 3D point cloud consisting of
300; 000þ points can be reduced to a set of 3,000 points, whilst
still retaining a faithful representation of the object.

3.2 Clustering

Followingmodelmerging,weperform clustering of the points
to allow for efficient surface reconstruction in Section 4. A
hybrid clustering algorithm has been devised, manipulating
principal component analysis (PCA) and 1D data representa-
tions. The algorithm involves three key steps:

Step 1. Partition clusters based on the normal, using PCA
to determine deviation from the plane – satisfying the nor-
mal constraint. The deviation of points from the plane (with
respect to the Euclidean distance) determines whether the
point set is flat, or close to flat, by evaluating �Mid. If the devi-
ation from the plane is too great, the cluster is split. Tradi-
tional PCA algorithms split along the centre, or along some
gap when evaluated using histograms. Here, a novel
approach is used in which each 3D point is binned such that
all points along �Max are projected to a single dimension. To
determine a potential position to split the point set, an angle
is calculated for each element in the array. The angle is the
deviation between the current normal and the average sum
of normals of values to the left and right of the current index.
When the sum of normals to the left equal or are most similar
to those on the right, the position to split is found (Fig. 7).

Step 2. When PCA (Step 1) is unable to improve the cur-
rent point set, a modified automatic divisive hierarchical
clustering (DIVFRP) [27] algorithm is applied to partition
clusters if there are two distinct groups – satisfying the sep-
aration constraint. A dissimilarity measure based on the fur-
thest reference points is used to overcome difficulties of
clustering areas containing small distinct groups, which
often occurs in complex scenes. DIVFRP aims to maximise
the dissimilarity function in order to split points.

Step 3. Clusters are reclassified using the nearest centroid
and proximal points – overcoming the outlier or incorrect
patch constraint. In some instances, single points may be
incorrectly placed. These are typically located at the most
distal points of a clusters (i.e., the outer most points of a
cluster). This can be due to noise or incorrectly estimated
normals; arising from the point proximity during estima-
tion. The reclassification step aims to move the distal points
to another neighbouring cluster (usually one in close prox-
imity), should the point be closer to the neighbouring clus-
ter than the cluster it is currently assigned.

Algorithm 2. Data Merging and Clustering

Input: A list P all points, V a volumetric model
Output: A list, C, of clustered points
1: for i  1 to size ðP Þdo
2: for n  1 to size ðV Þ do
3: if BBðPi; VnÞ
4: V p

n :addðPiÞ
5: end
6: end
7: V  V where sizeðV pÞ > 0
8: Cp

0  patchðV Þ
9: while(true)
10: forj  1 to sizeðCÞ
11: if !criteriaðcjÞ
12: C:addðsplitðcjÞÞ
13: C:removeðcjÞ
14: if criteria ¼ true 8 cj 2 C
15: return false
16: end

Algorithm 2 summarises the method. Algorithm 2 Line 3
determines whether some voxel is contained within vn and
if it is, adds point pi to voxel vn. Sizeð�Þ returns the length of
the data structure. Algorithm 2 Line 8 determines the new
point set (obtained from merging volumetric and point

Fig. 6. Model merging. (a) The original point cloud data consisting of
outliers, (b) the PPR representation containing unverified voxels, and (c)
the merged model with the removal of outliers.

Fig. 7. Overview of the clustering algorithm. As you move along the
array, the sum of differences between the normals (N) either side of
position X is calculated. When the minimum difference is found such
that A-B is close to 0, the position to split the points is assigned.
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data). This modified point set, V, is used for the remainder
of the work. Algorithm 2 Line 11 returns true if the cluster
satisfies the constraints for a cluster to be correct and false
otherwise. If the criteria function returns false the cluster is
split, Algorithm 2 Line 12, which returns two new clusters
and appends them to the end of the cluster list. Once all
clusters meet the criteria, Algorithm 2 Line 14, clustering is
complete; the criteria is defined as a series of constraints
these are; points must be closer to the centroid of their own
cluster and not any other (the outlier and incorrect patch
constraint), points must have minimal deviation from the
orthogonal plane (the normal constraint) to prevent the cre-
ation of long triangles, the loss of curvature and the incor-
rect triangulation of discrete components i.e., two leaves
(the separation constraint).

3.3 Results

Evaluating clustering algorithms on complex 3D point sets
(i.e., those with close and overlapping subsets) from scanned
data is particularly challenging, the true number of clusters
is often unknown, and identification of a ‘correctly’ clustered
3D point set is subject to opinion. Therefore, evaluation of
the clustering algorithm is performed on data that can be
visually inspected, which is obtained by segmenting a plant
along the z-axis, and a correct number of clusters determined.
Consequently, the number of actual clusters can be accu-
rately identified through visual inspection. The clustering
algorithm is evaluated against three existing algorithms on
these segments: 1. K-Means clustering [28] iteratively groups
points based on the nearest, 2. Iterative Principal Direction
Divisive Partitioning (IPDDP) [29] clusters based on an
embedding in a higher dimensional Euclidean space and 3.
Spectral clustering [30] which clusters in fewer dimensions.
These were chosen as they represent commonly used
(K-means) and state of the art (Spectral) clustering methods.
Each algorithm is evaluated with respect to the number of
correctly clustered points and the time taken to cluster the
point set (Table 2). The Point Set (Table 2) represents the point
set which is used for evaluation, in which 6 are chosen vary-
ing in complexity as shown in Fig. 8.

For all segments evaluated, only the proposed method
and spectral clustering were able to accurately detect the
correct number of clusters and the correct number of points

within each cluster for all segments (Table 2 – Correctly
clustered points), whereas K-means clustering and IPDDP
often underestimated the number of clusters present, in
once instance achiving only 45 percent accuracy. The pro-
posed clustering algorithm can perform equally as well as
the existing spectral clustering method, but with lower
computational requirements (i.e., increase speed; Table 2 –
Time taken to cluster), thus provides an improvement to
current clustering methods in this instance.

4 SURFACE RECONSTRUCTION

A set of clustered points now represents the plant. The final
stage of the modelling pipeline produces a surface represen-
tation of the object (Fig. 1e).

4.1 3D Modelling

Surface reconstruction is broken down into four phases, an
overview is shown in Fig. 9 (see Algorithm 3).

Phase 1- Triangulation. Starting with the initial clustering
(Fig. 9a), the points in each cluster are projected to an
orthogonal regression plane through that cluster and are tri-
angulated to produce a set of triangulated clusters, known
from this point forward as cells (Fig. 9b).

Phase 2- Level Sets. Cell boundaries are expanded using
level sets which can generate additional points plus main-
tain sharp features and edges (Fig. 9c). Directly applicable
to this work, Pound et al. [14] used levels sets during surface
reconstruction to expand boundaries of clusters, as is done

TABLE 2
Evaluation of the Clustering Algorithm

Point Set A B C D E F

Correctly clustered points (%)

Proposed 100 100 100 100 100 100
K-means 100 82 76 82 74 49
IPDDP 100 45 100 100 71 91
Spectral 100 100 100 100 100 100

Time taken to cluster (s)

Proposed 0.183 0.374 2.512 2.988 7.008 2.762
K-means 0.005 0.001 0.005 0.008 0.007 0.006
IPDDP 0.113 0.121 2.26 1.928 3.106 1.564
Spectral 0.392 0.513 21.9 29.91 45.13 18.63

Correctly clustered points refers to the percentage of points that are correctly
clustered for each of the methods. The time taken to cluster is the time taken to
finish executing in seconds.

Fig. 8. Example point sets used for cluster analysis varying in complexity
from a single cluster (a) to up to 11 clusters (f) present.
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here. However, in Pound et al. [14], the resulting boundaries
were not adjusted to faithfully represent curvature of the
object as they were expanded on planar surfaces. In this
work, this is overcome by re-projecting to 3D coordinates
based on the surrounding point projection matrices main-
taining the curvature of the original object.

Algorithm 3. Surface reconstruction algorithm

Input: A list of clusteres, C, An image set, I
Output: A surface representation, S
1. for i 1 to size (C) do
2. cTi  delaunay TriangulationðciÞ
3. cLSi  levelSetsðciÞ
4. cSi  smoothðcTi ; cBi Þ
5. end
6. S ¼ C
7. while size ðCÞ > 1
8. C S
9. S  newSurfaceðÞ
10. C  detectBoundaryðCÞ
11. for j  1 to sizeðCÞ
12. if merged (cj) continue
13. S:addðcellMergeðcjÞ)
14. end
15. end
16. S  smoothðSÞ

Phase 3- Mesh Modifications. The surfaces are smoothed
using a Laplacian smoothing algorithm [31], long triangles
are removed, and holes are filled (Fig. 9d).

Phase 4- Cell Merging. A merging algorithm is applied to
the cells based on connectivity information obtained from
the volumetric model and the Euclidean distance. Cells are
merged together to produce a fully connected surface repre-
sentation (Figs. 9e and 9f).

Algorithm 3 summarises the 4 phases described above. A
series of clusters and an image set obtained using the AVC are
used for surface reconstruction. For each of the clusters, trian-
gulation is performed, Algorithm 3 Line 2, to produce a series
of cells, followed by level sets to expand the boundaries,
Algorithm 3 Line 3. The resulting cells are smoothed; first, the
internal points and then the boundary points, Algorithm 3
Line 4. The second stage creates a fully connected surface. The
boundary for each cell is detected, Algorithm 3 Line 10, cells

are then evaluated to determine if they are connected, and if
so they aremerged, Algorithm 3 Line 13.

4.2 Results

Example 3D models showing the final surface reconstruc-
tion of six plant species are given in Fig. 10.

The proposed surface reconstruction algorithmwas evalu-
ated against the reconstruction algorithm of Pound et al. [14]
using the X-ray mCT scans as a ground truth. Images were
captured using the AVC presented in Section 2 and the same
image set was provided to each reconstruction method (N.B.
redundant images were removed by the AVC-basedmethod,
as the algorithm explicitly reduces redundancy, but not for
the Pound et al. algorithm, so a larger set of imageswas avail-
able for the latter method). Evaluation was performed based
on the mean distance and the percentage of the plant area
represented relative to the ground truthmodel (Table 3).

For all plant species, the proposed surface reconstruction
algorithm shows a reduced mean distance relative to the
ground truth model, compared to the mesh produced using
the canopy reconstruction algorithm [14]. Furthermore, for
all but one tested plant species, a greater percentage of the
plant is represented (calculated as mesh area) using the pro-
posed method (Table 3). In all cases, an improved recon-
struction is produced in terms of accurate surface
representation, in which a higher percentage of plant area
and lower mean (Table 3) constitute a more accurate repre-
sentation. Moreover, in each of the cases, the number of

Fig. 9. The surface reconstruction process. (a) Starting clusters, (b) tri-
angulated clusters (cells), (c) level sets applied to cells, (d) smoothing of
the cells, (e) cell merging, and (f) final smoothing step.

Fig. 10. The final surface reconstruction. (a) Bromeliad (Vriesea sp.),
(b) Aloe vera, (c) Cordyline (Cordyline sp.), (d) Brassica napus, (e) Chilli
(Capsicum sp.), and (f) Pumpkin (Cucurbita pepo).

TABLE 3
Evaluation of the Surface Reconstruction Algorithm

Brom Al Cord Brass Chilli Pump

Mean distance of mesh from the ground truth

Gibbs 1.18 1.91 1.78 0.32 0.53 1.35
Pound 3.37 5.54 6.85 0.48 0.55 1.50

Percentage of plant area represented (%)

Gibbs 69.1 75.6 84.2 77.5 93.1 101.9
Pound 33.6 20.2 78.1 80.2 81.8 61.6

Mean distance is the distance of the surface reconstruction obtained from Gibbs
and Pound compared to the groud truth model using euclidean distance, as
root mean square error. The percentage of plant area represented is the total
surface area of the reconstruction compared to that of the ground truth.
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images used is at least 10 percent less due to the removal of
redundant images in the AVC (Section 2).

The algorithm of Pound et al. is unable to differentiate
between correct and incorrect points as it uses a green col-
our filter, though without applying a colour filter, no noise
is removed and due to the complexity of the objects used in
this work, numerous outliers in the point clouds are green
due to erroneous matching in PMVS. This is overcome in
the algorithm here as model merging, of the point cloud
and PPR, can eliminate a large number of outliers, thus
reducing the mean and standard deviation.

The algorithm of Pound et al. requires parameters that
determine the size of the clusters (Phase 1); during this evalu-
ation, a smaller size was chosen as a larger radius results in
more erroneous reconstruction with respect to mean. Manu-
ally specifying parameters can be problematic, particularly
when dealing with objects that vary in size and structure.
Even plants of the same species and age require different
parameters due to varying density and size. While some
parameters are necessary to be specified by an operator,
others should be calculated automatically by inspecting the
dataset prior to processing. The proposed algorithm automat-
ically calculates parameters by estimating, for example, the a
radius and defining a clear set of cluster constraints should
be satisfied by evaluating the data prior to reconstruction.

The algorithm proposed here significantly improves the
quality and accuracy of the plant model, in most cases pro-
ducing a fully connectedmesh, as opposed to a set of patches;
the output of the Canopy reconstruction algorithm. Conse-
quently, it provides a more visually complete model and one
that faithfully represents the target object. By performing cell
merging (Phase 4), it is possible to cover a greater proportion
of the object surface, while the algorithm of Pound et al.
results in a series of triangulated clusters, each with a sur-
rounding gap, consequently reducing the surface area and
not faithfully representing the object. With respect to plant
phenotyping, fully connected models are more desirable due
to their realism.Moreover, connectivity of surfaces allows for
more accuratemodelling of light and photosynthesis dynam-
ics, or of canopymovement [6], [7], [8], [15], [16], [32].

5 CONCLUSION AND DISCUSSION

In recent years, plant phenotyping has become increasingly
popular, with an upsurge in affordable hardware and con-
tinued improvements in analysis tools. As the need for
accurate high throughput plant phenotyping increases, so
too will the demand for a robust reconstruction method.

Active vision (AV) systems have many advantages over
traditional fixed-view andmanualmethods, particularlywith
the ability to overcome occlusions; one of the biggest chal-
lenges associatedwith 3Dmodelling. AnAV system is able to
intelligently manipulate the viewpoint such that it evades the
part of the object causing the occlusion. Other advantages
include the ability to overcome the limited field of view and
develop image acquisition strategies with guaranteed accu-
racy and repeatability, which may not necessarily be possible
with a manual approach. Moreover, manual methods require
that some calibration target is visible in all images to calculate
the required camera matrices. For crowded scenes or large
target objects it is often problematic to ensure the calibration

target is visible in all views, however, AV overcomes this by
estimating and maintaining the required camera matrices
through a prior calibration step (Section 2.1).

The imaging and reconstruction pipeline presented here
is well-suited for use in a large-scale phenotyping system.
Image-based systems are highly desirable as a method of
plant phenotyping; providing the information needed to cal-
culate a number of key plant traits [33], [34], [35]. 3D recon-
structionmethods have previously been shown to accurately
preserve and represent key physiological measurements
including shoot traits such as leaf curling, shape and area or
root traits such as morphology, geometry and topology [6],
[7], [36]. Such features can be important yield determining
traits for crops. Compared to other systems required for cap-
turing plant structure (e.g., laser scanning such as LiDAR),
image-based systems based on RGB cameras are cheap, flexi-
ble and can be used inmultiple different settings.

The issues associated with designing a high throughput
phenotyping system remain a challenging problem, with
many systems still reliant on static or manual image capture.
The approach here provides a flexible framework from
which future systems can be evolved. Within phenotyping
systems, numerous sensors can be employed to gather infor-
mation on plant growth and function. These include hyper-
spectral cameras, fluorescence and chlorophyll fluorescence
cameras or sensors, near-infrared cameras and laser scan-
ners. Different modules containing the different sensors can
be combined within one system (e.g., [37]) to maximise the
amount of information gathered, and thus theAVC and asso-
ciated pipeline could form an image-based reconstruction
module for a larger scale system. Such a system will be
invaluable as the demand for increased productivity of crops
continues to increase over the coming years. Applications for
field grown crops may face further challenges from occlu-
sion, illumination and real timemovement.

Currently, the majority of the pipeline is automated, but
user interaction is required in order to place the plant on the
turntable, beginning the process with a single click and
remove the plant following imaging. Multiple large-scale
phenotyping systems have been created in which plants
are supplied to the sensors via conveyor belts [19], [20], [21].
Alternatively, within the University of Nottingham’s
Hounsfield Facility, plants are supplied to the X-ray mCT
scanner via an automated laser guided vehicle and auto-
matic FANUC robotic arm. Similar methods could be
employed to this pipeline to fully automate 3D reconstruc-
tion of target plants. Future work here will look at the addi-
tion of other tools to the robot arm, such as a gripper, to
manipulate the plant based on the 3D model.

ACKNOWLEDGMENTS

The authors would like to thank Dr. Alexandra Burgess for
help with figures and writing, and Dr. Craig Sturrock for pro-
viding the X-ray CT imagery used here. This work was
funded by the Engineering and Physical Sciences Research
Council PhD Studentship Award 1499261 (to J.A.G.), the
School of Biosciences, University of Nottingham and the
Biotechnology and Biological Sciences Research Council [BB/
R004633/1], “The 4-dimensional plant: enhanced mechanical
canopy excitation for improved crop performance”.

GIBBS ET AL.: ACTIVE VISION AND SURFACE RECONSTRUCTION FOR 3D PLANT SHOOT MODELLING 1915



REFERENCES

[1] M. A. Sutton, et al., The European Nitrogen Assessment: Sources,
Effects and Policy Perspectives. Cambridge, UK:Cambridge Univer-
sity Press, 2011.

[2] F. Tardieu, L. Cabrera-Bosquet, T. Pridmore, and M. Bennett,
“Plant phenomics, from sensors to knowledge,” Current Biol.,
vol. 27, pp. R770–R783, 2017.

[3] L. Quan, P. Tan, G. Zeng, L. Yuan, J. Wang, and S. B. Kang,
“Image-based plant modeling,” ACM Trans. Graph., vol. 25, no. 3,
Jul. 2006, Art. no. 599.

[4] H. Wang, W. Zhang, G. Zhou, G. Yan, and N. Clinton, “Image-
based 3D corn reconstruction for retrieval of geometrical struc-
tural parameters,” Int. J. Remote Sens., vol. 30, no. 20, pp. 5505–
5513, Sep. 2009.

[5] C. Preuksakarn, P. Ferraro, E. Nikinmaa, C. Godin, J. Durand, and
E. Nikin-, “Reconstructing Plant Architecture from 3D Laser scan-
ner data,” in Proc. 6th Int. Workshop. Functional-Struct. Plant Mod-
els, 2010, pp. 12–17.

[6] A. J. Burgess, R. Retkute, T. Herman, and E. H.Murchie, “Exploring
relationships between canopy architecture, light distribution, and
photosynthesis in contrasting rice genotypes using 3d canopy
reconstruction,” Front. Plant Sci., vol. 8,May 2017, Art. no. 734.

[7] A. J. Burgess, et al., “High-resolution three-dimensional structural
data quantify the impact of photoinhibition on long-term carbon
gain in wheat canopies in the field.,” Plant Physiol., vol. 169, no. 2,
pp. 1192–204, Oct. 2015.

[8] A. J. Burgess, R. Retkute, M. P. Pound, S. Mayes, and
E. H. Murchie, “Image-based 3D canopy reconstruction to deter-
mine potential productivity in complex multi-species crop sys-
tems,” Ann. Bot., vol. 119, pp. 517–532, 2017.

[9] L. Quan, P. Tan, G. Zeng, L. Yuan, J. Wang, and S. B. Kang,
“Image-based plant modeling,” in ACM SIGGRAPH 2006 Papers
(SIGGRAPH ’06), ACM, New York, NY, USA, pp. 599–604, 2006,
doi: https://doi.org/10.1145/1179352.1141929.

[10] A. Reche-Martinez, I. Martin, and G. Drettakis, “Volumetric
reconstruction and interactive rendering of trees from photo-
graphs,” ACM Trans. Graph., vol. 23, no. 3, pp. 720–727, 2004.

[11] N. Ivanov, P. Boissard, M. Chapron, and B. Andrieu, “Computer
stereo plotting for 3-D reconstruction of a maize canopy,” Agricul-
tural and Forest Meteorology, vol. 75, no. 1–3, pp. 85–102, Jun. 1995.

[12] J. A. Gibbs, M. Pound, A. P. French, D. M. Wells, E. Murchie, and
T. Pridmore, “Approaches to three-dimensional reconstruction of
plant shoot topology and geometry,” Functional Plant Biol., vol. 44,
no. 1, pp. 62–75, Jan. 2017.

[13] S. M. Seitz, B. Curless, J. Diebel, D. Scharstein, and R. Szeliski, “A
comparison and evaluation of multi-view stereo reconstruction
algorithms,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern
Recognit., 2006, vol. 1, pp. 519–528.

[14] M. P. Pound, A. P. French, E. H. Murchie, and T. P. Pridmore,
“Automated recovery of three-dimensional models of plant
shoots from multiple color images,” Plant Physiol., vol. 166, no. 4,
pp. 1688–1698, Dec. 2014.

[15] A. J. Burgess, et al., “The 4-dimensional plant: Effects of wind-
induced canopy movement on light fluctuations and photo-
synthesis,” Front. Plant Sci., vol. 7, 2016, Art. no. 1392.

[16] A. J. Townsend, et al., “Suboptimal acclimation of photosynthesis
to light in wheat canopies,” Plant Physiol., vol. 176, no. 2,
pp. 1233–1246, Feb. 2018.

[17] T. Ju, “Fixing geometric errors on polygonal models: A survey,” J.
Comput. Sci. Technol., vol. 24, no. 1, pp. 19–29, Mar. 2009.

[18] J. A. Gibbs, M. P. Pound, A. P. French, D. M. Wells, E. H. Murchie,
and T. P. Pridmore, “Plant phenotyping: An active vision cell for
three-dimensional plant shoot reconstruction,” Plant Physiol.,
vol. 178, pp. 524–534, 2018.

[19] “Photon Systems Instruments, Drasov, Czech Republic”, http://
psi.cz/

[20] “LemnaTec, Aachen, Germany”, https://www.lemnatec.com/
[21] “Qubit Phenomics, Kingston Ontario, Canada”, https://

qubitphenomics.com/
[22] D. Arend, et al., “Quantitative monitoring of Arabidopsis thaliana

growth and development using high-throughput plant pheno-
typing,” Sci. Data, vol. 3, Aug. 2016, Art. no. 160055.

[23] S. Arvidsson, P. P�erez-Rodr�ıguez, and B. Mueller-Roeber,
“Methods a growth phenotyping pipeline for Arabidopsis thali-
ana integrating image analysis and rosette area modeling for
robust quantification of genotype effects,” New Phytol, vol. 191,
pp. 895–907, 2011.

[24] A. Junker, et al., “Optimizing experimental procedures for quantita-
tive evaluation of crop plant performance in high throughput phe-
notyping systems,” Frontiers Plant Sci., vol. 5, Jan. 2015, Art. no. 770.

[25] J. Denavit, “A kinematic notation for lower-pair mechanisms
based on matrices,” J. Appl. Mech., vol. 20, pp. 215–222, 1955.

[26] F. Dornaika and R. Horaud, “Simultaneous robot-world and
hand-eye calibration,” IEEE Trans. Robot. Autom., vol. 14, no. 4,
pp. 617–622, Aug. 1998.

[27] C. Zhong, D. Miao, R.Wang, and X. Zhou, “DIVFRP: An automatic
divisive hierarchical clustering method based on the furthest refer-
ence points,” Pattern Recognit. Lett., 29, pp. 2067–2077, 2008.

[28] D. MacKay, “An example inference task: Clustering,” Inf. Theory,
Inference Learn. Algorithms, Cambridge Univ, Press, vol. 20,
pp. 284–292, 2003

[29] S. K. Tasoulis and D. K. Tasoulis, “Improving principal direction
divisive clustering,” in 14th ACM SIGKDD Int. Conf. Knowl. Dis-
covery Data Mining (KDD 2008), Workshop on Data Mining using
Matrices and Tensors, Las Vegas, USA, Aug. 2008.

[30] S. Reddy, “Image Segmentation by Using Linear Spectral
Clustering,” J. Telecommun. Syst. Manage., vol. 5, no. 3, pp. 1–5,
Oct. 2016.

[31] L. R. Herrmann, “Laplacian-isoparametric grid generation
scheme,” J. Eng. Mech. Div., vol. 102, pp. 749–756, 1976.

[32] Q. Song, G. Zhang, and X.-G. Zhu, “Optimal crop canopy architec-
ture to maximise canopy photosynthetic CO2 uptake under ele-
vated CO2? A theoretical study using a mechanistic model of
canopy photosynthesis,” Functional Plant Biol., vol. 40, no. 2,
Mar. 2013, Art. no. 108.

[33] D. Houle, D. R. Govindaraju, and S. Omholt, “Phenomics: The
next challenge,” Nature Rev. Genetics, vol. 11, pp. 855–866, 2010.

[34] T. T. Santos and A. A. De Oliveira, “Image-based 3D digitizing for
plant architecture analysis and phenotyping,” in Conf. graph. pat-
terns images, Ouro Preto, Workshop on industry applications.[Sl]:
Conference Publishing Series, vol. 25, 2012.

[35] J. W. White, et al., “Field-based phenomics for plant genetics
research,” Field Crops Res., vol. 133, pp. 101–112, 2012.

[36] G. Lobet, L. Pag�es, and X. Draye, “A novel image-analysis toolbox
enabling quantitative analysis of root system architecture,” Plant
Physiol., vol. 157, no. 1, pp. 29–39, Sep. 2011.

[37] N. Virlet, K. Sabermanesh, P. Sadeghi-Tehran, and M. J.
Hawkesford, “Field scanalyzer: An automated robotic field phe-
notyping platform for detailed crop monitoring,” Functional Plant
Biol., vol. 44, pp. 143–153, 2017.

Jonathon A. Gibbs received the BSc (hons)
degree of the First Class in software systems from
the University of Nottingham, in 2010, and the
PhD degree from the University of Nottingham, in
2018. He previously held the position of manager
of finance at Lockwood Publishing (2014) and cur-
rently works as a research fellow at the University
of Nottingham. His research interests include
computer vision, particularly 3D modelling, deep
learning, hyper-heuristics, and active vision and
robotics. In particular, automating extracting plant
traits using robotics and 3Dmodelling.

Michael Pound is a Nottingham research fellow
in the School of Computer Science, UoN, where
he is a member of the Computer Vision Labora-
tory. His research focuses on applying computer
vision and machine learning approaches to plant
phenotyping problems. He has published a num-
ber of high-impact papers in Plant Physiology,
The Plant Cell, and GigaScience along with asso-
ciated tools for accurate plant phenotyping.
Recently, his work has focused on accurate
multi-view reconstruction of plant shoots, devel-

oping methods that underpin numerous publications on light modelling
within crop canopies (CI, BBSRC project BB/R004633/1). He is also
applying deep machine learning approaches to the detection of shoot
and root features, and is currently developing high-throughput root anal-
ysis pipelines using deep machine learning (PI, BBSRC project BB/
P026834/1). He regularly reviewes for journals covering emerging tech-
nologies in plant phenotyping, including Plant Methods, Functional Plant
Biology, PLOS One, and Trends in Plant Sciences.

1916 IEEE/ACM TRANSACTIONS ON COMPUTATIONAL BIOLOGY AND BIOINFORMATICS, VOL. 17, NO. 6, NOVEMBER/DECEMBER 2020

http://dx.doi.org/https://doi.org/10.1145/1179352.1141929
http://psi.cz/
http://psi.cz/
https://www.lemnatec.com/
https://qubitphenomics.com/
https://qubitphenomics.com/


Andrew P. French received the PhD degree in
computer science, specializing in computer vision,
in 2005. He is an associate professor in the
Schools of Computer Science and Biosciences at
the University of Nottingham. He works on the
analysis of biological images, including develop-
ing novel approaches for the analysis and pheno-
typing of plants and crops, from cell scale to the
field. Currently, he is pursuing deep machine
learning approaches to allow phenotyping under
challenging imaging conditions.

Darren M. Wells received the BSc (Hons) degree
in biology from University College London, in
1997, and the PhD degree from the University of
London, in 2001. He previously held research
posts at Rothamsted Research and is curently a
senior research fellow in plant and crop biophys-
ics at the University of Nottingham. He has auth-
ored more than 50 peer-reviewed publications
and 13 book chapters. His research addresses
fundmental and applied problems in plant and
crop science via phenotyping at the cellular,
organ, and whole plant level.

Erik H. Murchie received the PhD degree from
Sheffield University, in 1995. He is an associate
professor in crop science at the University of Not-
tingham (UoN). He has worked on the physiology
of sub-optimal crop photosynthesis since 1997,
including collaboration with the International Rice
Research Institute (IRRI) and the Maize and
Wheat Improvement Centre (CIMMYT). He has
focused particularly on photoprotection and
understanding how such processes are inte-
grated at the canopy level. He has more than

60 peer-reviewed publications in photosynthesis and photoprotection
and ten book chapters. He is an editor for the Annals of Botany and
Frontiers in Plant Abiotic Stress.

Tony P. Pridmore received the BSc (Hons)
degree in computer science from the University of
Warwick, in 1982, and the PhD degree in com-
puter vision from the University of Sheffield, in
1987. He is a professor of computer science with
the School of Computer Science, University of
Nottingham, where he leads the Computer Vision
Laboratory. He has worked on image-based plant
phenotyping since 2008. He is a director of the UK
plant phenotyping network PhenomUK, and (joint)
editor in chief ofPlantMethods.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

GIBBS ET AL.: ACTIVE VISION AND SURFACE RECONSTRUCTION FOR 3D PLANT SHOOT MODELLING 1917



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


