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Abstract—Robots are increasingly used in tomato green-
houses to automate labour-intensive tasks such as selective
harvesting and de-leafing. To perform these tasks, robots must
be able to accurately and efficiently perceive the plant nodes
that need to be cut, despite the high levels of occlusion from
other plant parts. We formulate this problem as a local next-
best-view (NBV) planning task where the robot has to plan an
efficient set of camera viewpoints to overcome occlusion and
improve the quality of perception. Our formulation focuses
on quickly improving the perception accuracy of a single
target node to maximise its chances of being cut. Previous
methods of NBV planning mostly focused on global view
planning and used random sampling of candidate viewpoints
for exploration, which could suffer from high computational
costs, ineffective view selection due to poor candidates, or non-
smooth trajectories due to inefficient sampling. We propose a
gradient-based NBV planner using differentiable ray sampling,
which directly estimates the local gradient direction for view-
point planning to overcome occlusion and improve perception.
Through simulation experiments, we showed that our planner
can handle occlusions and improve the 3D reconstruction and
position estimation of nodes equally well as a sampling-based
NBV planner, while taking ten times less computation and
generating 28% more efficient trajectories.

I. INTRODUCTION

Robots are increasingly used in agro-food environments,
such as tomato greenhouses, to meet the growing demand
for food and to compensate for the growing labour shortage
[1], [2]. Using robots, we can help automate labour-intensive
tasks like harvesting and de-leafing in a greenhouse. To
perform these tasks, robots must accurately and efficiently
perceive the plant nodes, i.e., the plant parts that connect the
leaves and fruits to the main stem. Detecting these nodes and
localising their 3D position is essential to perform cutting and
grasping action for harvesting and de-leafing. However, this
is extremely challenging due to the high levels of occlusion
in tomato plants, as the nodes are often hidden from the
robot’s view by leaves or other plant parts [3], [4].

Active vision is a promising approach to handling occlu-
sion, in which the robot reasons based on the information
gathered so far and strategically moves the camera to better
viewpoints to overcome occlusion and improve perception
accuracy [5]. Most active-vision algorithms are designed for
global view planning, i.e. they aim to perceive an entire
scene or a large structure. However, there are several tasks
in a greenhouse that would benefit from a more local view
planning that aims to perceive a specific plant part in more
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detail, such as inspection of fruits or pose estimation of
cutting points. In such tasks, the goal is to plan viewpoints
around a single target object and efficiently explore its
properties. The widely-used approaches to global planning
randomly sample a set of candidates to explore potential
viewpoints for improving perception. Such global sampling-
based approaches have some drawbacks for local planning:
(1) a large number of candidates need to be sampled to
explore the viewing space sufficiently, (ii) if insufficient
candidates are sampled, it is highly likely that the actual best
viewpoint is never sampled and hence never visited, and (iii)
the trajectory of viewpoints generated may not be smooth and
could have abrupt transitions across the viewing space. These
drawbacks are more severe when the target object is highly
occluded or the candidates are sampled with a greater degree-
of-freedom (DoF) as the search space grows exponentially.
As a result, sampling-based planning could result in longer
processing times, higher computation costs, and an inefficient
viewpoint trajectory for local planning.

In this paper, we aimed to address these drawbacks of
sampling-based approaches for local viewpoint planning. We
developed a gradient-based optimisation algorithm by using a
differentiable utility function, which allowed us to move the
camera such that the viewpoint utility was locally maximised.
For the perception of a single target object, a local optima
is desirable as it locally improves coverage and handles
occlusion. We applied our method to the problem of 3D
reconstruction and position estimation of plant nodes. Using
a simulated environment with 3D mesh models of tomato
plants, we evaluated the performance of our method and
compared it against a sampling-based and a random method
for local view planning. The main contributions of this
paper are: (i) a novel gradient-based approach for local view
planning to handle occlusions and improve perception of a
target object, (ii) significant improvements in computational
speed and efficiency of the generated viewpoint trajectories
compared to sampling-based methods, and (iii) the evaluation
and analysis of our method in simulation using tomato
plant models with high levels of occlusion. Our code is
available at https://github.com/akshaykburusa/
gradientnbv.

II. RELATED WORK

Active vision is a well-researched topic [6], especially for
exploration or reconstruction of unknown scenes. Next-best-
view (NBV) planning [7] is a popular approach to active
vision, which plans one-step ahead. NBV planning methods
can be categorised based on their exploration strategy.
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Frontier-based methods identify the boundaries between
known and unknown regions of the scene and plan view-
points to explore these frontiers [8]. They are primarily for-
mulated for exploration of large scenes and cannot be directly
used for other perception tasks. Sampling-based methods
generate a set of candidate viewpoints and select the one
that maximises a utility function. Rapidly-exploring Random
Tree (RRT) is popular method for sampling candidates [9].
These methods allow for fast exploration of the scene and
can be adapted to tasks such as localisation [10] or object
search [11]. Hybrid approaches have also been proposed, that
combine frontier and sampling-based methods to globally
find frontiers and locally sample candidates around them
[12], [13]. These methods are designed for global planning
and are not suitable for local or targeted NBV planning.

Gradient-based methods are an alternative approach,
which use the gradient of some viewpoint utility function to
guide the selection of the next-best viewpoint. They can be
beneficial for local planning as they avoid the computational
cost of sampling candidates and can generate a smooth
sequence of viewpoints. In [14], it was shown that computing
the gradient based on the surface area of a target object
and servoing the camera along the gradient improved the
target perception. However, they used a special multi-camera
setup to compute the gradients, making their method difficult
to apply on other platforms. Also, they relied only on the
current sensor data and did not explicitly map the scene. In
[15], a fuzzy logic filter was used to make a frontier-based
utility function differentiable. This allowed the refinement of
a global plan using gradient-based optimisation. However,
their approach did not include semantic information to focus
on target objects. Compared to these works, we propose a
novel gradient-based approach for local NBV planning to
perceive single target objects better, using volumetric and
semantic information merged over multiple viewpoints.

In the agro-food domain, active vision methods have
been shown to improve perception for tasks such as plant
phenotyping [16], volume estimation of fruits [17], [18], and
mapping crop fields [19]. In our previous work, we showed
that active vision can efficiently search and detect the task-
relevant plant parts by focusing attention towards them [20]
and using semantic knowledge [21]. However, improving the
perception of single target objects using active vision has not
been widely studied.

III. PROBLEM FORMULATION

The common formulation of NBV planning methods is to
find the next-best camera viewpoint to explore a bounded 3D
space VT C R3, to determine the free Vi1, C V7 and occu-
pied V.I. C VT regions, starting from V7 being unknown.
Since we are interested in perceiving only a target object,
we define a region of interest (ROI) Vi, € VT, which is
the region expected to contain the target object. We assume
that the location of ROI within V7 is given. Furthermore,
we consider the semantic class labels and confidence scores
from an object detection module to distinguish the target
object from other objects. So, we modify the formulation of

our NBV planning problem to finding the next-best camera
viewpoint to explore Vb, to determine the free region VL,
and the region that belongs to the target object V& C V&,
starting from Vgh, being unknown.

A. Gradient-based optimisation

We propose a gradient-based optimisation approach to the
formulated problem. Our idea is to compute a viewpoint
utility function in a differentiable way, so that its gradient
can be computed with respect to the current viewpoint. Then,
the viewpoint can be moved along the gradient direction to
locally maximise this utility. The attributes of this gradient-
ascent optimisation problem are defined as follows:

1) Optimisation parameters: The optimisation parameters
depended on the viewpoint. The viewpoint was defined using
a camera position p°¢ € V¢ C R3, where VE N V7T = ),
and an expected target position p* € VL. We constrained
the viewpoint such that the camera was positioned at p°©
and oriented towards p’. The roll of the camera was left
uncontrolled, as changing it would not contribute much to the
utility. So, p¢ and p’ defined a 5 degrees-of-freedom (DoF)
viewpoint and hence formed the optimisation parameters,

&={p°p'}. (1)

The camera orientation ¢ can be extracted from & as the
rotation defined by the vector from p¢ to p’ in the global
frame. So, the complete camera viewpoint can be recovered
as {p°,¢°}.

2) Objective function: The objective function was the
viewpoint utility that needed to be maximised. To perform
gradient-ascent optimisation, the viewpoint utility f(£) needs
to be differentiable with respect to £&. The details of the
viewpoint utility are provided in Sec. IV-C.

3) Optimisation problem: The problem was to determine
the viewpoint parameters that would maximise the expected
viewpoint utility f (&), that is,

&= argénax f(6), (2)
st. pte VY pte Vi, (3)

where V¢ and VL, defined the spatial constraints on the
parameters. We hypothesise that such a gradient-based ap-
proach can smoothly guide the camera to perceive the target
object better.

IV. GRADIENT-BASED LOCAL NBV PLANNER

To apply the method to our greenhouse scenario, we chose
the target object as nodes of tomato plants, with the aim
of reconstructing their 3D surface and estimating their 3D
position. The major steps of our approach are as follows:
(i) detect the node in the current viewpoint and estimate its
position (Sec. IV-A), (ii) merge current information about
the node with previously acquired information using a 4D
scene representation (Sec. IV-B), (iii) compute the viewpoint
utility of the current viewpoint and estimate the gradient
(Sec. IV-C), and (iv) move in the direction of the gradient to
potentially maximise the viewpoint utility (Sec. IV-D). We
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Fig. 1: The pipeline of our proposed gradient-based NBV method. The nodes are detected in the color image using Mask R-CNN. The
resulting segmented image, together with depth image, is inserted into the voxel grid to merge information from multiple views. The
utility of the current view is computed using differentiable ray sampling, which provides a gradient along which the camera is moved.

also keep track of the nodes over multiple viewpoints using
a Kalman filter (Sec. IV-E). The pipeline of the proposed
method is illustrated in Fig. 1.

A. Node detection and position estimation

The first step was to detect the node and extract informa-
tion to estimate its 3D position. We achieved this by using
an RGB-D camera, that provided color and depth images.
A convolutional neural network, Mask R-CNN [22] with
a ResNet-50+FPN backbone, was used to perform instance
segmentation on the color images and generate segmented
images that separated the nodes from the background. We
fine-tuned Mask R-CNN to detect nodes by training it on a
custom dataset. The images had a dimension of 960 x 540
pixels and were collected in a simulated environment in
Gazebo [23]. 90 images were collected, of which 72 were
used for training and 18 for validation. A low amount of
training data was sufficient as there was not much variation
between the nodes of the plants.

The segmented image, along with the depth image, were
then used to estimate the 3D positions of the detected nodes.
To do so, the depth information was converted to a point
cloud that was aligned with the segmented image. For each
detected node, its instance mask was applied to the aligned
point cloud and the points that belonged to the detected node
were extracted. The 3D position of the node was estimated as
the mean position of the extracted points. The uncertainty in
the 3D position was estimated as the variance of the extracted
points along the viewing direction of the camera, as this was
the main source of error in 3D position due to depth noise
or error in the instance mask of Mask R-CNN.

B. Scene representation with voxel grid

The depth and segmented images from the previous step
represented the scene only from the current viewpoint. To
represent the scene over multiple viewpoints, we used a 4D
voxel grid M € RW*XHXDxC of width W, height H, depth
D, and channels C. The grid was within the bounded 3D
space V7. Each voxel in the grid had C' = 4 channels,

containing the occupancy probability, semantic class label,
semantic probability, and region-of-interest (ROI) indicator.
These terms are explained below. The voxel grid is similar
to an Octomap [24], but extended to store multiple channels
and made GPU-compatible for faster computation.

1) Occupancy probability: p,(x) € [0, 1] referred to the
probability of a voxel z being occupied. A probability of
po = 0 implied that the voxel was empty and p, = 1
implied that it is occupied. The values in between implied
an uncertainty regarding the occupancy, with maximum
uncertainty at 0.5. All voxels were initialised with p, = 0.5
as there was no prior knowledge about their occupancy.

2) Semantic class label and probability: The semantic
class label cs(z) referred to the type of node that a voxel
x belonged to, i.e. leaf or fruit, and the semantic probability
ps(z) € [0, 1] referred to the probability of voxel = belonging
to the class c¢s(x). The voxels that did not belong to any node
were considered as background. Hence, the class labels were
defined as ¢s(z) € {—1 = background, 0 = fruit node, 1 =
leaf node}. A semantic probability of p; = 0 implied that the
voxel did not belong to class ¢s(x), while p;, = 1 implied that
the voxel belonged to class ¢ (). ¢s(x) was most uncertain
when the semantic probability was 0.5. All voxels, except the
ones within the ROI, were initialised as background with a
probability close to zero, since we wanted to focus only on
the target object and ignore the rest of the plant.

3) Region of interest (ROI) indicator: It consisted of
binary values to indicate if a voxel = belonged to an ROI.
The ROI was defined as an axis-aligned cube of edge
length 0.06m centered around a given position, which was a
rough indication of where the target object was expected.
It could either be obtained from a global NBV planner
[21] or a predefined scan of the whole plant. The semantic
probabilities of the voxels within the ROI were initialised as
ps = 0.5 to guide the view planning to focus on the ROL

With new depth and semantic measurements (Sec. IV-A),
Ppo Was updated using the probabilistic sensor fusion method
proposed by [24]. The update of c; and ps had two cases.
When the newly measured class label matched the previous
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estimate in a voxel, p; was updated similar to p,. Else,
the class label with the greatest semantic probability was
accepted. The ROI did not change with new measurements.

C. Viewpoint utility with differentiable ray sampling

The utility of a viewpoint £ = {p, p’} was determined
by estimating its semantic information gain I,(§), i.e., the
amount of semantic information expected to be gained if the
camera was moved there.

1) Differentiable ray sampling: To compute I (), we first
needed to extract the occupancy and semantic probabilities
of the voxels within the field-of-view (FoV) of £. This was
done using differentiable ray sampling. We cast a set of rays
from the camera position p¢ along the camera FoV. A single
ray r was defined as,

r(t) =p°+td, “)

where d was the viewing direction and ¢ limited the ray
between the near ¢,, = 0.10 and far ¢y = 0.75 bounds. Please
note that the viewing direction d depends on the camera ori-
entation ¢¢ and hence 7 is differentiable with respect to £. A
set of N, = 128 points were uniformly sampled along each
ray. For each sampled point, the occupancy and semantic
probabilities were read from the voxel grid M by identifying
the closest voxels to the sampled point and performing a
trilinear interpolation of the probabilities of those voxels.
The sampled probabilities were differentiable with respect
to &, as the interpolation operation was implemented in a
differentiable way, similar to [25].

2) Expected semantic information gain: Using the sam-
pled occupancy and semantic probabilities along a ray r, we
compute the expected semantic information gain Is(r) for
the ray as,

N,
I(r) = Z T(i)1,(3), ©)

i—1
where T(i) = [[(1 = po(4)). ©6)
j=1
Here, the function I4(i) denotes the semantic information
expected to be gained by observing the sampled point ¢ along
the ray r. It was defined by Shannon’s entropy,

I5(i) = —ps(i) logy (ps (i) — (1 — ps(i)) logy (1 — ps(i))(-7)

The function T'(¢) is the accumulated transmittance along
the ray until point ¢, i.e., the probability that the ray passed
without hitting an occlusion. Intuitively, I4(r) is the sum
of the expected semantic information gains of points along
the ray r, which only considers the points that are expected
to be visible from viewpoint £. The rest of the points, that
are expected to be occluded, will have a low transmittance
value and hence will be omitted. The total expected semantic
information gain [, for £ was then obtained by summing the
expected gains along all rays R,

L&) = > L(r). (8)

reER

3) Gradient of the viewpoint utility: The gradient was
obtained by differentiating the expected semantic information
gain I,(£) with respect to the viewpoint . The gradient
computation was handled by the auto-differentiation feature
of the PyTorch [26] library.

D. Viewpoint planning with gradient ascent

Once the gradient was computed, the viewpoint was
moved in the direction of the gradient so that I,(£) could
be maximised locally. This gradient-ascent step was scaled
by a step size «, which was a hyperparameter.

813 (fk:)

Ehr1 =&k + aTgk 9

E. Tracking nodes over multiple viewpoints

Since multiple nodes are detected by Mask R-CNN across
multiple views, we needed a tracking method to properly
associate the detected nodes in the current view with nodes
from previous views, so that the position estimate of the
target node could be correctly updated. We achieved this
using a Kalman filter with the 3D positions and class labels
of nodes as states. Assuming that there were N distinct nodes
that were previously detected, the Kalman filter state at step
k was defined as S = {0}, 0}, ..., 0} }, where 0}, = {p, ;. }
denoted the node j and consisted of its 3D position p;, and
semantic class label ¢].. The 3D position was defined with a
Gaussian mean and covariance matrix, pj, = {x7,, X7 }. For
targeted perception, one node from S; was selected as the
target object and its position was assigned to p'.

1) State prediction: In the prediction step, both the posi-
tion and class labels of the nodes were kept constant, as we
assumed the scene to be static.

2) State update: The 3D position was updated through
a regular Kalman filter update step which tries to minimise
the mean squared error between the measured and estimated
positions. For the class labels, we used a majority-voting-
based approach, where the label that was observed in most
of the viewpoints was assigned to the node.

V. METHODS FOR COMPARISON

We compared our gradient-based optimization approach
with a sampling-based approach for local viewpoint plan-
ning. For the sampling-based methods, a set of N, candidate
viewpoints were locally sampled close to the current view-
point. In particular, we uniformly sampled two sets of NV,
points within a radius of 0.1m from p¢ and p’ of the current
viewpoint £. These pairs of sampled points were used to
define N, 5-DoF candidates, using the procedure discussed
in Sec. ITII-A.1. The next camera viewpoint was selected from
the candidates using two different approaches:

1) Sampling-based semantic NBV planner: The semantic
NBV planner estimated the semantic information gain (&)
for all candidates and picked the one that maximised the gain.
I,(&) was estimated according to the ray sampling procedure
discussed in Sec. IV-C.1. The semantic NBV planner is an
effective algorithm for planning viewpoints to improve the
semantic information in a scene or a set of objects [21].
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2) Sampling-based random planner: The random planner
picked a viewpoint at random from the set of candidates.
This planner was used as a baseline to verify that our method
worked better than random selection.

In the following sections, we refer to these planners as
‘SamplingNBV’ and ‘Random’ respectively, and we refer to
our proposed planner as ‘GradientNBV’.

VI. EXPERIMENTS AND RESULTS
A. Simulation setup

The robot consisted of a 6-DoF manipulator (ABB IRB
1200) with an RGB-D camera (Intel RealSense L515) at-
tached to it. The images obtained from the RGB-D camera
had a resolution of 960 x 540 pixels. The resolution of the
voxel grid was 0.002m and its dimensions were 0.3 x 0.3 x
0.7m3. This dimension can be varied and does not constraint
the algorithm. The step size for GradientNBV was set to
0.065, which roughly moved the camera the same distance
as SamplingNBV for the initial steps. We used eight 3D
mesh models of tomato plants of varying growth stages and
structural complexity.

B. Evaluation metrics

We used multiple metrics to evaluate the planners on
the accuracy of 3D reconstruction, node detection, position
estimation, and the efficiency of view planning.

1) ROI coverage: It measured how completely ai
was observed by a planner. It was defined as the percentage
of voxels within the ROI that were viewed by the camera,
at least from one viewpoint, out of all voxels in the ROL.

2) Fl-score of 3D node reconstruction: It measured how
complete and accurate the node reconstruction was. It com-
pared the reconstructed point cloud from view planning
with the ground-truth point cloud from the true 3D mesh
of the plants. Only the region within a 6cm cube around
the true position of the node was evaluated, which was the
volume covered by the target ROI. A reconstructed point was
considered true positive when it was within 0.002m from the
ground-truth point, based on the resolution of the voxel grid.

3) Number of ray-tracing calls: 1t indicated the com-
putational cost of the view planners since the ray-tracing
operation was the most computationally expensive step. The
time for one ray-tracing call was 0.06 seconds.

4) Trajectory distance: The efficiency of the generated
sequence of viewpoints was estimated by summing the Eu-
clidean distances between two consecutive viewpoints along
the trajectories.

5) Recall of occluded node detection: It measured the
percentage of nodes that were detected accurately among
the subset of nodes that were occluded and undetected at the
starting view. A node was considered as accurately detected
when its position was within 0.02m from the ground-truth
and its detected class label matched the true class label.

6) Standard deviation (o) of 3D node position: It was the
estimated uncertainty on the node position from the Kalman
filter. A low standard deviation indicated more confidence in
the position estimation.

C. Results of occlusion-handling behaviour

In this experiment, we analysed if the trajectory generated
by the viewpoint planners handled occlusions in a desirable
way. We placed a single target object in front of the robot,
with a variation of £0.15m in the y and z axes. An ROI of
size 0.06m was defined around it. We then partially occluded
the target object from the camera’s view using a box and
tested if the view planners could plan an efficient set of
viewpoints that maximised the ROI coverage. Four cases
were considered, where the left, right, top, or bottom part of
the target object was occluded. For each case, four different
initial values were randomly assigned to & = {p¢, p'}, with
a total of 16 trials per planner. The planning was terminated
at the end of 20 viewpoints.

GradientNBV

Fig. 2: Qualitative analysis of the trajectories generated by the
viewpoint planners. The blue axis shows the viewing direction of
the camera. The start and end viewpoints are marked in pink and
yellow respectively.

SamplingNBV

We compared the performance of the different planners
in Table I. There was no significant difference in the
performance of GradientNBV and SamplingNBYV in terms
of ROI coverage and Fl-score of 3D node reconstruction.
Also, both planners could effectively search and find the
target object despite uncertainty in the target location. How-
ever, the SamplingNBV required ten times more ray-tracing
calls to reach the same performance as it had to evaluate
all candidate viewpoints before determining the next-best
viewpoint. Moreover, the viewpoint trajectories generated by
GradientNBV were three times more efficient compared to
SamplingNBV and Random planners in terms of the average
trajectory distance. The trajectories were also qualitatively
analysed, as shown in Fig. 2. We found that the trajectories
generated by GradientNBV were smoother and more efficient
compared to SamplingNBV and Random planners.

D. Results of node reconstruction and position estimation

In this experiment, we tested how well the gradient-based
NBV planner handled occlusions in plants. In particular, we
analysed if the planner could improve the 3D reconstruction
and position estimation of a target node on the plant. We
placed a plant in front of the robot with an uncertainty
of £10cm in the y and z axes. An arbitrary node was
selected either at the bottom, middle, or top of the plant.
An ROI of size 6cm was defined around this target node
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TABLE I: Results for the occlusion-handling behaviour. The average performance across 16 experiments is shown. We observed that
GradientNBV and SamplingNBV were able to explore the target ROI equally well, but the GradientNBV used ten times less ray-tracing
calls and generated four times more efficient trajectories. View 0 was predefined.

ROI coverage (%) T

Number of ray-tracing calls (#) |

Trajectory distance (m) |

# Viewpoints 0 5 10 15 20 0

10 15 20 0 5 10 15 20

GradientNBV 10.2 75.2 89.7 92.6 93.8 0
SamplingNBV 12.9 72.3 90.3 93.7 95.1 0
Random 7.3 45.1 58.0 63.7 70.4 -

10 15 20 000 015 023 028 031
100 150 200 0.00 045 0.84 1.25 1.67
- - - 0.00 040 0.85 1.29 1.70

TABLE II: Results for node reconstruction and position estimation of plant nodes within a target ROI. We observed that the GradientNBV
and SamplingNBV explored the target ROI equally well, but the GradientNBV used ten times less ray-tracing calls and generated 28%
more efficient trajectories. The average performance across 288 experiments is shown. View 0 was predefined.

ROI coverage (%) 1

F1-score of 3D node reconstruction (%) 1

Number of ray-tracing calls (#) |

# Viewpoints 0 1 2 3 4 5 0

2 3 4 5 1 2 3 4 5

GradientNBV 450 652 744 796 829 848 | 72.1
SamplingNBV | 45.1 64.1 737 795 832 86.1 | 719

820 84,6 860 868 873
80.5 841 861 874 885

1 2 3 4 5
10 20 30 40 50

(=) o)

Random 447 580 659 703 738 76.0 | 719 779 806 821 830 83.7 - - - - - -
Trajectory distance (m) | Recall of occluded node detection (%) 1 o of 3D node position (mx10—2) |
# Viewpoints 0 1 2 3 4 5 0 2 3 4 5 0 1 2 3 4 5

GradientNBV 00 011 018 023 027 031 0.0
SamplingNBV | 00 010 0.19 028 035 043 0.0

18.2 285 352
75 162 206 244 294 | 17 16 15 14 14 13
8.4 144 163 187 205 | 1.7 16 15 15 15 14

394 418 | 1.7 16 14 13 13 12

Random 00 010 019 028 036 044 | 0.0
Fruit node 80%
Leaf node 82%
View 1 View 2 View 3

Fig. 3: Example of three consecutive views from GradientNBV.
The top row shows the segmented images and the bottom row shows
the viewpoint utility rendered from the current view (yellow: high,
blue: low). We can observe that the nodes were detected in View
3 as the camera moved closer. The utility of the viewpoints within
the ROI reduced with each viewpoint.

with an uncertainty of +3cm, so that the true position of
the node was still within the ROIL p! was initialised with
the target node’s position and p® was predefined close to it.
This setup mimicked the situation in a greenhouse where the
3D position of a node was roughly known, either through
direct observation or expectation, and the robot aimed to
improve its accuracy for harvesting or de-leafing. Hence, the
objective was to plan a set of viewpoints that would improve
the perception of the target node. Multiple experiments were
conducted using 8 plants with 3 target nodes and 12 rotations
along the z-axis per plant, leading to a total of 288 trials
per planner. In 165 trials, the nodes were occluded and
undetected in the starting view. The planning was terminated
at the end of 5 viewpoints.

In Table II, we quantitatively analysed the planner per-
formances. We observed that the GradientNBV and Sam-
plingNBV planners performed equally well in ROI coverage

and F1-score, which indicated that both planners were able to
handle occlusion and improve the 3D reconstruction of the
target nodes. However, GradientNBV was ten times more
computationally efficient and 28% more efficient in terms of
the camera trajectory. Regarding the detection of occluded
nodes, the recall of GradientNBV was 13% more than
SamplingNBV and 22% more than Random, indicating that
the GradientNBV was more effective in detecting the nodes
that were undetected in the starting view. The estimated
standard deviation of the 3D node positions were low and
reduced with more viewpoints for all the planners. Fig. 3
visualises the node detection and the rendered utility for
views generated by GradientNBV.

VII. CONCLUSION AND FUTURE WORK

In this paper, we presented a novel gradient-based NBV
planning method using differentiable ray sampling for im-
proving the perception of target objects in occluded sce-
narios. Compared to previous works on NBV planning, our
approach removes the need to sample and evaluate multiple
candidate viewpoints. We performed simulation experiments
with 3D mesh models of tomato plants to evaluate the
performance of our planner on the tasks of 3D reconstruction
and position estimation of nodes. Our gradient-based NBV
planner was able to explore the target region, reconstruct
the nodes, and estimate their 3D position as accurately as a
sampling-based NBV planner, while taking ten times less
computation and generating 28% more efficient trajecto-
ries. Our results clearly show the advantage of using the
gradient-based NBV planner for local viewpoint planning
in occluded scenarios. Our approach can help robots to
efficiently perceive a target plant node for grasping or cutting,
and contribute to improved harvesting and de-leafing in
greenhouses. In future work, we can extend the method for
global planning in larger scenarios.

15859



[1]

[5

=

[6]

[7

—

[8

[t}

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

REFERENCES

R. R Shamshiri, C. Weltzien, I. A. Hameed, 1. J Yule, T. E Grift,
S. K. Balasundram, L. Pitonakova, D. Ahmad, and G. Chowdhary,
“Research and development in agricultural robotics: A perspective of
digital farming,” 2018.

L. E. Oliveira, A. P. Moreira, and M. F. Silva, “Advances in agriculture
robotics: A state-of-the-art review and challenges ahead,” Robotics,
vol. 10, no. 2, p. 52, 2021.

C. W. Bac, J. Hemming, B. Van Tuijl, R. Barth, E. Wais, and E. J.
van Henten, “Performance evaluation of a harvesting robot for sweet
pepper,” Journal of Field Robotics, vol. 34, no. 6, pp. 1123-1139,
2017.

G. Kootstra, X. Wang, P. M. Blok, J. Hemming, and E. Van Henten,
“Selective harvesting robotics: current research, trends, and future
directions,” Current Robotics Reports, vol. 2, no. 1, pp. 95-104, 2021.
S. Chen, Y. Li, and N. M. Kwok, “Active vision in robotic systems: A
survey of recent developments,” The International Journal of Robotics
Research, vol. 30, no. 11, pp. 1343-1377, 2011.

J. A. Placed, J. Strader, H. Carrillo, N. Atanasov, V. Indelman,
L. Carlone, and J. A. Castellanos, “A survey on active simultaneous
localization and mapping: State of the art and new frontiers,” IEEE
Transactions on Robotics, 2023.

R. Zeng, Y. Wen, W. Zhao, and Y.-J. Liu, “View planning in robot
active vision: A survey of systems, algorithms, and applications,”
Computational Visual Media, vol. 6, pp. 225-245, 2020.

B. Yamauchi, “A frontier-based approach for autonomous exploration,”
in Proceedings 1997 IEEE International Symposium on Computational
Intelligence in Robotics and Automation CIRA’97. Towards New Com-
putational Principles for Robotics and Automation’. 1EEE, 1997, pp.
146-151.

A. Bircher, M. Kamel, K. Alexis, H. Oleynikova, and R. Siegwart,
“Receding horizon” next-best-view” planner for 3d exploration,” in
2016 IEEE international conference on robotics and automation
(ICRA). 1EEE, 2016, pp. 1462-1468.

C. Papachristos, S. Khattak, and K. Alexis, “Uncertainty-aware re-
ceding horizon exploration and mapping using aerial robots,” in 2017
IEEE international conference on robotics and automation (ICRA).
IEEE, 2017, pp. 4568-4575.

S. A. Kay, S. Julier, and V. M. Pawar, “Semantically informed next
best view planning for autonomous aerial 3d reconstruction,” in 2021
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS). 1IEEE, 2021, pp. 3125-3130.

Z.Meng, H. Qin, Z. Chen, X. Chen, H. Sun, F. Lin, and M. H. Ang, “A
two-stage optimized next-view planning framework for 3-d unknown
environment exploration, and structural reconstruction,” IEEE Robotics
and Automation Letters, vol. 2, no. 3, pp. 1680-1687, 2017.

A. Dai, S. Papatheodorou, N. Funk, D. Tzoumanikas, and S. Leuteneg-
ger, “Fast frontier-based information-driven autonomous exploration
with an mav,” in 2020 IEEE international conference on robotics and
automation (ICRA). 1EEE, 2020, pp. 9570-9576.

C. Lehnert, D. Tsai, A. Eriksson, and C. McCool, “3d move to
see: Multi-perspective visual servoing towards the next best view
within unstructured and occluded environments,” in 2019 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS).
IEEE, 2019, pp. 3890-3897.

D. Deng, Z. Xu, W. Zhao, and K. Shimada, “Frontier-based automatic-
differentiable information gain measure for robotic exploration of
unknown 3d environments,” arXiv preprint arXiv:2011.05288, 2020.
J. A. Gibbs, M. Pound, A. French, D. Wells, E. Murchie, and
T. Pridmore, “Active vision and surface reconstruction for 3d plant
shoot modelling,” IEEE/ACM transactions on computational biology
and bioinformatics, 2019.

T. Zaenker, C. Smitt, C. McCool, and M. Bennewitz, “Viewpoint
planning for fruit size and position estimation,” in 2021 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS).
IEEE, 2021, pp. 3271-3277.

S. Marangoz, T. Zaenker, R. Menon, and M. Bennewitz, “Fruit
mapping with shape completion for autonomous crop monitoring,”
in 2022 IEEE 18th International Conference on Automation Science
and Engineering (CASE), 2022, pp. 471-476.

J. Riickin, L. Jin, and M. Popovi¢, “Adaptive informative path planning
using deep reinforcement learning for uav-based active sensing,” in
2022 International Conference on Robotics and Automation (ICRA).
IEEE, 2022, pp. 4473-4479.

[20]

[21]

[22]

[23]

[24]

[25]

[26]

15860

A. K. Burusa, E. J. van Henten, and G. Kootstra, “Attention-driven
active vision for efficient reconstruction of plants and targeted plant
parts,” arXiv preprint arXiv:2206.10274, 2022.

A. K. Burusa, J. Scholten, D. R. Rincon, X. Wang, E. J. van
Henten, and G. Kootstra, “Efficient search and detection of rele-
vant plant parts using semantics-aware active vision,” arXiv preprint
arXiv:2306.09801, 2023.

K. He, G. Gkioxari, P. Dollar, and R. Girshick, “Mask r-cnn,” in
Proceedings of the IEEE international conference on computer vision,
2017, pp. 2961-2969.

“Gazebo,” [Online]. Available: https://gazebosim.org/, 2002, [Ac-
cessed: 29-Feb-2024].

A. Hornung, K. M. Wurm, M. Bennewitz, C. Stachniss, and W. Bur-
gard, “Octomap: An efficient probabilistic 3d mapping framework
based on octrees,” Autonomous robots, vol. 34, no. 3, pp. 189-206,
2013.

M. Jaderberg, K. Simonyan, A. Zisserman et al., “Spatial transformer
networks,” Advances in neural information processing systems, vol. 28,
2015.

A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan,
T. Killeen, Z. Lin, N. Gimelshein, L. Antiga et al., “Pytorch: An
imperative style, high-performance deep learning library,” Advances
in neural information processing systems, vol. 32, 2019.



