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A Novel Framework for Modeling Dormant Apple Trees using Single
Depth Image for Robotic Pruning Application
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Abstract— Dormant pruning is one of the most costly and
labor-intensive operations in specialty crop production. During
winter, a large crew of trained seasonal workers has to carefully
remove the branches from hundreds of trees using a set of
pre-defined rules. The goal of automatic pruning is to reduce
this dependence on a large work-force that is currently needed
for the job. Automatically applying the pruning rules entails
construction of 3D models of the trees in their dormant
condition (that is, without foliage) and accurate estimation of
the pruning points on the branches.
This paper investigates the contribution of modeling the
trunk and primary branches of a tree using semi-circles in a 3D
reconstruction scheme. It involves three main steps; estimating
the diameter-error, filtering the depth images, and semi-circlebased modeling which estimates the required pruning data. The
obtained results demonstrate the effectiveness of the proposed
framework for automatic reconstruction using only single depth
image. We further propose a novel empirical model that
estimates the diameter of the primary branches under varying
depth values. Both qualitative and quantitative evaluations are
performed on a new challenging apple trees dataset under
various indoor and outdoor environments. Our results show
that the proposed scheme provides a performance of 89% for
correctly estimating the diameter of the primary branches.
Index Terms— Dormant Pruning, 3D Model of Apple Trees,
Depth Sensing, Semicircle Estimation

I. I NTRODUCTION
Accurate 3D reconstruction of apple trees using depth
images is a critical problem and is essential for the automation of dormant pruning which involves cutting of certain
primary branches that are connected directly with the trunk
of a tree. Dormant pruning is an important process in the
overall cycle of specialty crop production as it helps in
improving the quality as well as the yield of the fruit. In
agriculture literature, there is a set of rules which dictates if
a branch of a tree needs to be pruned [1], [2]. These rules
mostly require accurate measurements of the diameters of
branches and trunk. Errors in these measurements can lead to
incorrect cutting of “good” branches which had a potential to
produce large quantity of fruit. This can result in a significant
reduction in the overall yield of the orchard. Therefore,
in order to automate the process of pruning, accurate 3D
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reconstruction of apple trees is of primary importance and is
the focus of research presented in this paper.
3D reconstruction requires depth information of the scene
(i.e., tree in our case) with respect to position of the camera.
Many modern reconstruction schemes [3], [4], [5], [7], [8],
[9], [14], [15] capture this depth information using depth
sensors or cameras. One such portable, and inexpensive
depth camera is Kinect 2 which provides a depth image of
the surrounding scene using Time of Flight technique. But
a major problem that inhibits the process of accurate 3D
reconstruction is the presence of noise near and on the edge
pixels of the tree in the depth images obtained from Kinect 2
sensors. This noise is problematic as it reduces the accuracy
of reconstruction and affects the estimation of diameters.
In a modern high-density orchard environment there are
several other factors which affect the accuracy of reconstruction of trees. Background clutter, illumination variations,
complexity of tree structures, partial occlusions, and close
proximity of the consecutively planted trees are some of the
many problems which make accurate 3D reconstruction a
challenging problem. In this paper we focus on resolving
some of these issues by proposing a new framework for
reconstruction of trees.
We propose a method for accurate 3D reconstruction
of trunk and primary branches that relies on the fact that
dormant trees have a predominantly cylindrical structure —
that is, any cross-section when viewed from either front or
back side, can be approximated by a semicircle. Exploiting
this fact, the method divides the point cloud of tree obtained
from a depth image into several cross-sections and fits a
semicircle on each cross-section in least-squares sense using
Levenberg-Marquardt algorithm [6].
We also study the accuracy of Kinect 2 sensor to represent
the thickness or diameter of a certain cross-section with
varying depth values. We observe that its accuracy reduces
as the depth at which the cross-section is present increases.
Hence, the branches that are present at greater depths would
contain more error in their measurements. In this work, we
also propose an empirical model for adjusting the calculated
diameter value, subsequently, making it more accurate.
The rest of the paper is organized as follows. In Section II,
we will review the related work. Then, we will discuss the
proposed framework in detail in Section III. In Sections IV
and V we will describe the experimental setup and evaluate
the performance of the algorithm on both indoor and outdoor
trees, respectively. Finally, we will conclude the paper and
highlight potential future works in Section VI.
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II. R ELATED W ORK
The inexpensive and portable Kinect sensors have recently
become very popular in the computer vision community as
they provide depth images of the scene at a very high frame
rate (i.e., 30 fps). Although, the quality of these depth images
is comparable with those obtained from the expensive and
heavyweight LASER scanners, it is still not very accurate.
Several studies have been performed recently for evaluating
the accuracy of Kinect sensors and for modeling different
types of noise present in the depth images [10], [11], [12],
[13]. However, none of these studies examine the erroneous
measurements in the diameters of cylindrical objects which
is critical to our 3D reconstruction application.
Reconstructing a 3D model of a scene is an active research
area in computer vision. KinectFusion [7] software is a tool
associated with Kinect sensor that reconstructs the surrounding scene in real-time from depth images. But, KinectFusion
as well as its extensions [8], [9] reconstruct generic scenes
without putting any constraint on the object in the scene.
Subsequently, the reconstructed output can be inaccurate
especially for challenging real-world applications —such as
3D reconstruction of trees for dormant pruning. Also, there
exists in the literature several methods that focus on 3D
reconstruction of trees [3], [4], [5], [14], [15]. However,
these methods estimate the tree model without taking into
consideration the erroneous diameter-measurements of the
cross-sections. In addition, they don’t exploit the fact that
trees are predominantly cylindrical in structure.
In this work, we propose a new framework that builds
3D reconstruction of apple trees that accounts for the above
mentioned error while utilizing the predominantly cylindrical
structure of trees. In particular, each side of a tree is modeled
using a set of stacked semicircles which are defined by their
centers and diameters. We estimate the diameters of the
semicircles using the error model that we have developed
in this study while the centers are estimated based on leastsquares fitting method [6]. Moreover, in order to obtain the
final reconstruction we rely on a single depth image, as
opposed to the methods mentioned above.
To this end, we will highlight the novelties of this paper
which are threefold. First, we propose a new framework for
reconstructing dormant apple trees using semicircle fitting
in 3D space. Second, we put forward a new error correction
model that accurately estimates the diameter of each crosssection of a tree —even when the data is noisy. Lastly, we
publish a new dataset 1 for six dormant apple trees which
are collected from various orchards. The dataset consists of
the depth images of each tree as well as the ground truth
measurements of the diameters of its primary branches.
III. F RAMEWORK
In this section we will discuss the proposed framework
for obtaining the 3D reconstruction of dormant apple trees
in detail. In particular, we will explain its three main steps
1 The dataset can be downloaded from: https://engineering.
purdue.edu/RVL/ICRA_Dataset/

Fig. 2: A block diagram of the framework is shown.

Fig. 3: A section of a tree is shown on left and a cross-section
of the tree is highlighted on right with black oval.

(A) modeling the errors in diameter calculations obtained
from depth images , (B) filtering the depth images to remove
the lens distortion and background clutter, and (C) 3D
reconstruction based on semicircles. The overall framework
is shown in Fig. 2.
A. Modeling the Errors in Diameter Calculations Obtained
from Depth Images
Kinect sensor does not capture points that lie near the
edge of the trunk and primary branches in the depth images.
Consequently, there exists some error between the ground
truth diameter-measurements of the primary branches DA and
their corresponding diameter-calculations obtained from the
depth image DC . To measure DA of a tree cross-section we
use a caliper, and we calculate its corresponding DC value
from the depth image as follows:
DC =
Where d is the
depth value at
the center of the
a
cross-section
(shown as black
oval in Fig. 3), f
is the focal length
of the sensor, and
p1 and p2 are
the edge points
of the indicated
cross-section.
To model the
error between DC
ands DA under
different
depth
distances
from
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d
kp1 − p2 k
f

(1)

Fig. 4: Ratio of calculated and actual diameters with varying depths for
twenty cross-sections is shown with
blue points. The estimated line is also
given with red color.

Fig. 1: The pipeline for obtaining cross-sections from depth image is shown.

the sensor, we
examine
various
cross-sections of a tree. In particular, for each cross-section
we record the depth value of its center pixel as well as the
ratio between DC and its corresponding DA . In Fig. 4, we
show the ratio values between DC and its corresponding DA
(on the y-axis) under varying depth values (on the x-axis)
for twenty cross-sections. From the figure, it can be inferred
that as depth value increases the error between DC and DA
increases. Consequently, we fit a linear model on the data
of Fig. 4 based on the following equation:
DC
= −0.95d + 1.6
DA

(2)

Lastly, we use the obtained model in order to estimate the
diameter of a semicircle as shown in the block diagram (Fig.
2).



2k3 xy + k4 (r2 + 2x2 )
Xt =
k3 (r2 + 2y2 ) + 2k4 xy

(3)

Xu = (1 + k1 r2 + k2 r4 + k5 r6 )X + Xt

(4)

Where X = (x, y) is the input depth map, Xt is the tangentially undistorted map, Xu is the radially and tangentially
undistorted map, and r2 = x2 + y2 . The parameter vector
k = (k1 , k2 , k3 , k4 , k5 ), where k1 , k2 , and k5 are the radial
distortion parameters while k3 , and k4 are the tangential
distortion parameters.
Apart from lens distortion, depth images also contain
noisy background that needs to be removed. For this, we
segment the foreground object from the background clutter
by thresholding the pixel values of the depth image that
are greater than a certain threshold (τ meters) to zero, as
discussed in Section IV-A.
C. 3D Reconstruction Based on Semicircles

B. Filtering Depth Images to Remove the Lens Distortion
and Background Clutter
The main focus of this section is to discuss the two
necessary operations that are required to clean the depth
images before further processing. These operations include
lens distortion removal that affects the accuracy of the
reconstruction [18], [19] and background subtraction. To
remove lens distortion, we calculate its parameter vector
k by calibrating the camera as in [17]. Subsequently, the
undistorted depth map can be obtained as follows:

Our 3D reconstruction method is based on fitting semicircles on the cross-sections of tree point cloud. The steps
involved in the method are discussed below in detail.
1) Converting Depth Image to Point Cloud: The first step
in our approach is to obtain the point cloud representation
of a tree as shown in Fig. 1(b). To do this, we convert the
depth image of a tree to a point cloud V based on following
equation as in [7]:
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V(u) = D(u)K −1 u

(5)

Where u = (x, y, 1) is an image pixel in the homogeneous
coordinate system with a depth value D(u) and K is the
camera intrinsic matrix.
2) Extracting Skeleton from the Point Cloud: Once we
obtain the point cloud of a tree, we extract its skeleton
representation using the extraction process in [16]. In particular, we provide the point cloud of a tree V to the skeleton
extraction algorithm F and obtain the skeleton nodes S as
well as their interconnections C as shown in Fig. 1(c).
[S,C] = F(V)

(6)

3) Finding Neighboring Points of a Skeleton Segment:
After obtaining the skeleton of the tree, we then find the n
neighboring points R ⊂ V of each skeleton-segment based
on the nearest neighbor algorithm, as shown in Fig. 1(d).
We use σ parameter (discussed in Section IV-A) to filter the
skeleton segments that have n number of points lower than
σ (i.e., 15).
4) Finding Dominant Direction of Neighboring Points:
We estimate the orientation of a segment by calculating the
dominant direction d from its neighboring points. To obtain
the dominant direction d, we apply the Principal Component
Analysis (PCA) on the clustered points of a segment R using
the following equation:
RRT w = λ w

(7)

d = [wi1 ], i = 1, 2, 3

(8)

Where λ and w represent the eigenvalues and the eigenvectors, respectively.
5) Projecting Neighbouring Points onto Cross-Sections:
In this section, we aim to form cross-sections from the
neighnoring points R . In this direction, the first step is to
project each point in R on to the dominant direction d by
applying the dot product of each point with d. Once we
project the points of a cross-section R on to d, we sort and
index each point based on its distance from the origin along
d, as shown in Fig. 1(e). Then, we combine the n indexed
points into several sets. We use the γ parameter with a value
of 8 (as discussed in Section IV-A) to determine the number
of points in each set. After that, we project the points of
each set on to a plane (i.e.,a cross-section). To project a point
(x, y, z) on a plane that is defined by the position (a = ( j, k, l))
and the normal vector (d = (s,t, u)), we use the following
(x+Fs, y+Ft, z+Fu) where,
s j − sx + tk − ty + ul − uz
(9)
s2 + t 2 + u2
Note that we denote the projection of γ number of points
onto a cross-section as U from now on. Fig. 1(f) illustrates
the projection of the neighboring points R of a segment
(shown in red) into eight cross-sections (shown in black).
Note that the number of cross-sections or planes p is adaptive
as it depends on both γ and the number of points n in R.
The relationship between n, p, and γ is:
F=

p = bn/γc,

6) Fitting a Semi-Circle on a Cross-Section: The final
step is to fit semicircles on cross-sections of tree point cloud.
For this purpose, we first find the observation vector ν of the
camera which is approximated to pass through the mean µ
of the points of a cross-section U. Therefore,
ν=

µ
|µ|

(11)

After obtaining U, µ, and ν, we fit a semicircle on the
points of a cross-section U. Specifically, we estimate the
semi-circle parameters — its radius r and center C. To do
this, we calculate the diameter DC of a cross-section based on
its ν vector. To calculate the diameter DC of a cross-section,
we first find the farthest pair of points in U, calculate their
respective perpendicular distances d⊥1 and d⊥2 from ν, and
sum these distances. Fig. 5 illustrates the two perpendicular
distances d⊥1 and d⊥2 . To calculate d⊥x between the ν and
a point x ∈ U we use the following:
d⊥x =

(12)

W = −ν

(13)

V = ν −x

(14)

Once we obtain the calculated diameter DC we correct it based on the proposed
model discussed in Section
III-A. In particular, we estimate the value of actual diameter DA with depth value
d = |µ| using (2) and obtain
the radius r as r = DA /2.
To find the optimal center
C of the semicircle, we start
by finding an initial estimate
C0 as:
C0 = µ + rν

|W × V|
|W|

Fig. 5: The perpendicular
distances d⊥1 and d⊥2 between farthest pair of points
and observation vector ν is
shown.

(15)

Next, we construct a new set of points zi ∈ Z (marked as
red circles in Fig. 6(a)) w.r.t. the original points of a crosssection U (marked in black crosses in Fig.6(a)) using both the
center C0 , and the radius r parameters of the cross-section,
as follows:
zi = C − rDi

(16)

Where i iterates over all points in a cross-section, Di is a
direction vector from C0 to every point xi ∈ U. To estimate
the optimized center parameter C f , we use LevenbergMarquardt [6] to minimize the distance between points in
Z and points in U. The distance function is:

(10)
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∑(xi − zi )2
i

(17)

(i.e., less than σ ) we partition its surrounding points into
several cross-sections. We use the γ parameter to identify
the number of points required to form a cross-section. In
our experiments, we use γ values that range from 5 to 8.
B. Dataset and its Acquisition

(a)

(b)

Fig. 6: We show the points at one cross-section and at one
segment of the tree. In (a), we show points at a single crosssection. The projected points on the plane or cross-section are
shown with black crosses. The red and blue points represent
the initial estimate of points fitted on the data and final
semicircle arc, respectively. The green circles are shown to
illustrate the centers estimated while fitting procedure. In (b),
we show the points at one segment of the tree. The black
crosses are the projected points on planes while blue points
are final semicircle points.

Note that C is the only parameter that is estimated using
the Levenberg-Marquardt algorithm as r is estimated earlier
using (2). Once we estimate the optimal C f , we use it along
with d, ν, and r to obtain the optimized semicircle points
(marked in blue points in Fig. 6(a)) using Rodrigues rotation
formula [20] with an arc angle α that ranges from −π/2 to
π/2. Fig. 6 shows the points at a cross-section in (a) and the
points that belong to a segment in (b).
IV. E XPERIMENTAL S ETUP
In this section, we will first describe the important parameters of our approach together with their recommended
tuning. Next, we will explain the data acquisition procedure
used to collect our dataset of dormant apple trees. Finally, we
will describe the metrics used for evaluating the performance
of the proposed framework.
A. Parameter tuning
In our approach, we have three main parameters that affect
the reconstruction results. These parameter are (i) Depth
threshold (τ), (ii) Number of points around an edge (σ ),
and (iii) Number of points in a cross-section (γ).
In Section III-B we mentioned that it is required to set a
bounding box on the object that is being reconstructed. We
use the parameter τ to define the maximum depth beyond
which all the depth values in the depth image are set to
zero. The value of τ should be altered depending upon the
position of the object from the sensor. In our experiments,
we set the value of τ to 2m.
As discussed in Section III-C, the skeletonization procedure results in the existence of some redundant edges that
are surrounded by few sparse points. Consequently, we need
to threshold the least number of points around an edge that
is determined by the parameter σ . In our experiments, we
set the value of σ to 15. After identifying a candidate edge

We collect depth images of a tree at a very high frame rate
while moving Kinect 2 sensor around the tree. The images
are collected from both far and near viewpoints. The far
viewpoint images capture the entire tree while near viewpoint
images encapsulate the finer details of branches of the tree.
It is important to mention that in a high-density orchard it
is not possible to go around the tree while scanning because
of the close proximity of the trees. Therefore, we collect
data from front and back sides of the tree and store them,
separately. In particular, there are six trees in our dataset that
are collected from different orchards. Out of these six trees,
there are two indoor laboratory trees namely, ‘Indoor 1’, and
‘Indoor 2’ while the rest are obtained from the field, namely,
‘Outdoor 1’, ‘Outdoor 2’, ‘Outdoor 3’ and ‘Outdoor 4’. For
each tree, we collect three types of information listed below.
Depth images: We capture the depth images from both
front and back sides of a tree. Six depth images are shown in
the first row of Fig. 7. Labeled images: We label the primary
branches of a tree from bottom to top as shown is Fig. 8
for verifying the obtained reconstructions of our approach.
Ground
truth
measurements:
We use the ground
truth measurement
of the diameters
for
evaluating
our
approach.
Therefore,
we
collect the diameter
values
of
the
primary branches
of a tree using
caliper
from
bottom to top.
In third column
of Table I, we
show the ground Fig. 8: Ground truth image with latruth values of the beled branches is shown. The labels
examined trees.
’1’ to ’9’ are clearly shown at the
C. Evaluation Metric

originating location of the respective
branches.

We use two metrics to evaluate our
approach, namely, Estimation Error and Confidence Value.
The Estimation Error is calculated based on the absolute
difference between the ground truth diameter (obtained using
caliper) and the estimated diameter (obtained using our
approach). The Confidence Value indicates the percentage
of the primary branches whose Estimation Error are within
a certain threshold value ε and is given as follows:

5140

(a) Indoor 1

(b) Indoor 2

(c) Outdoor 1

(d) Outdoor 2

(e) Outdoor 3

(f) Outdoor 4

Fig. 7: The first row shows the depth images of trees ‘Indoor 1’, ‘Indoor 2’, ‘Outdoor 1’, ‘Outdoor 2’,‘Outdoor 3’, and
‘Outdoor 4’, respectively. In the second row, we show the reconstruction of each tree and highlight a selected region with
a red box. Third row shows the magnification of the selected region of each tree.

Confidence Value =

P
∗ 100
Q

TABLE I: Performance evaluation of proposed framework,
see text for details
(18)
Tree
name

Where P is the number of branches with Estimation Error
less than ε and Q is the total number of branches.

Indoor 1

V. E XPERIMENTAL R ESULTS AND E VALUATION

Indoor 2

In this section, we show the obtained reconstruction results
for each tree in our dataset. In particular, Fig. 7 demonstrates
for each tree, its depth image (in the first row), obtained
reconstruction (in the second row) using a single depth
image, and a zoomed-in reconstruction for a highlighted
region (in the third row).
Table I shows a detailed evaluation of each tree. Specifically, the first and second columns represent the tree name
and its primary branches that are evaluated, respectively. The
third column shows the measured ground truth diametervalue (using caliber) for each primary branch, while the
fourth column shows the estimated diameter using our 3D
reconstruction model. Finally, the fifth and sixth columns
demonstrate the absolute and the percentage errors between
the estimated diameter and its corresponding ground truth
measurement, respectively.
To calculate the accuracy of our approach, we also use
the Confidence Value metric described in Section IV-C.
In particular, we calculate the percentage of the correctly
estimated diameters for all the primary branches based on
various ε threshold values. Using ε values of 2mm, 3mm,
and 5mm, we were able to correctly estimate the diameters
of 50%, 67%, and 89% of primary branches, respectively.

Outdoor 1

Outdoor 2

Outdoor 3

Outdoor 4

Branch
number
1
9
12
11
8
12
1
5
10
1
3
8
1
4
8
1
8
10

Actual
diameter
(mm)
25.0
15.0
18.0
16.0
20.0
13.0
13.3
11.0
10.9
13.8
11.6
10.5
13.8
9.4
18.0
5.8
7.9
9.9

Estimated
diameter
(mm)
20.0
18.0
16.5
14.5
19.1
14.7
14.6
13.8
8.0
12.7
15.4
9.6
15.4
12.8
26.0
9.6
10.3
10.8

Estimation
Error
(mm)
5.0
3.0
1.5
1.5
0.9
1.7
1.3
2.8
2.9
1.1
3.8
0.9
1.6
3.4
8.0
3.8
2.8
0.9

Percentage
Error
(%)
20.0
20.0
8.3
9.3
4.5
13.0
9.0
25.4
26.6
7.9
32.7
8.5
11.5
36.1
44.4
65.5
35.4
9.0

VI. C ONCLUSION
In this work, we presented a new method that accurately
reconstructs dormant (i.e., without foliage) apple trees using
a single depth image. This method is based on the leastsquares fitting of semicircles on cross-sections of the tree
point cloud. The proposed approach allows us to estimate the
diameter of a primary branch using a novel empirical model,
which is useful for dormant pruning. We also demonstrated
both qualitative and quantitative results on several trees under
various indoor and outdoor environments. The obtained
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results allowed us to accurately estimate the diameters of
89% of primary branches with ε value of 5mm.
For future work we plan to extend our empirical error
model in order to account for possible variations in both
illumination and primary branch thickness as well as improving the robustness of the proposed diameter-error model
(i.e., improving the R2 value from ∼0.4 to higher values).
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