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Abstract— Labor shortages and the development of digital
technology both impose requirements on the fruit industry.
Modern agricultural competition has shifted from competition
between products to competition between supply chains. En-
hancing the digitization of production lines is crucial for gaining
a competitive advantage. Strawberries, as fruits with a short
shelf life, require sorting and packaging of fruits of different
weights after being harvested. Estimating strawberry weight
through visual technology can save time and labor costs. Com-
mon methods include methods based on feature size and learn-
ing-based methods, with the former having larger errors and
the latter requiring a large amount of data. To address these
issues, we propose a dataset for estimating strawberry weight,
which includes strawberries with different heights and angles.
Additionally, we propose a strawberry weight estimation
method based on plane-constrained binary division point cloud
completion. This method separates the plane point cloud and
strawberry point cloud, constructs a coordinate system on the
strawberry point cloud, generates an axis-aligned bounding box
(AABB), and estimates the strawberry weight based on the
bounding box and placement plane as constraints. Through
comparison with different methods, we achieved a maximum
improvement of 20.95% in prediction accuracy, demonstrating
that our method provides the best estimation accuracy.

I. INTRODUCTION

The aging population has led to a long-term shortage of
labor, and the occurrence of unexpected events such as epi-
demics can result in a short-term shortage of labor. These
factors have a significant impact on agricultural production,
potentially leading to a decline in the quality of agricultural
products and price increases. Technological advancements
have brought about the ability to mitigate risks in agricultural
production by replacing various processes with robots and
automated equipment, improving the quality and yield of
crops, and freeing laborers from the heavy burden of agricul-
tural production.

Machine vision, which simulates and reproduces intelli-
gent human visual behaviors through computers, processes
and understands information extracted from images of objec-
tive objects, and is ultimately applied in practical detection
and control. In many cases in agricultural production, infor-
mation about plant growth and fruit ripeness needs to be ob-
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tained through human eyes, making machine vision increas-
ingly applicable in agriculture.

Strawberries, as a high-value crop, have seen a continuous
increase in global production, reaching 8.885 million tons in
2022 [1]. As a fruit with a short shelf life, it is crucial for
strawberries to undergo as short a period as possible from
harvesting to sale to ensure freshness for consumers. There
has been a lot of research focused on strawberries, including
gripper design for strawberry-picking robots [2], strawberry
fruit recognition [3]-[5], path planning during harvesting [6],
and weight estimation [23]. Strawberries are generally sold
and classified according to their weight. Traditional methods
of manual weighing are costly, while weight estimation
methods based on vision technology lower labor costs.
However, accurate weight estimation is required to ensure the
interests of both consumers and sellers.

To address these issues, this paper proposes a strawberry
weight estimation method based on plane-constrained binary
division point cloud completion, which includes point cloud
preprocessing and coordinate system construction, binary
division to complete point cloud and estimate weight. The
weight is accurately estimated by completing the strawberry
point cloud. The main contributions of this paper are as fol-
lows: (1) We propose a new dataset for strawberry weight
estimation, which includes RGB images, depth images, and
point clouds of strawberries at different heights and angles,
facilitating comparisons among different methods for esti-
mating strawberry weight. (2) We propose a strawberry
weight estimation method based on the plane-constrained
binary division point cloud completion, which accurately
estimates weight by reconstructing the complete strawberry
point cloud from local strawberry point clouds and calculating
the convex hull weight. (3) Through experimental compari-
sons with the state-of-the-art (SOTA) methods, we demon-
strate that our method achieves higher estimation accuracy.

II. RELATED WORKS

The estimation of weight or volume based on machine vi-
sion has always been a hot research topic. It can be divided
into traditional methods based on feature size fitting and
learning-based methods, each with its own advantages and
disadvantages. If the fruit has a relatively regular shape, the
feature size fitting method can achieve good results and is easy
to implement. However, its accuracy is poor for estimating
complex shapes. The estimation effectiveness of learn-
ing-based methods depends on the adaptability of the model
and the quality of the dataset.

A. Methods Based on Feature Size Fitting

The method based on feature size fitting obtains the feature
size of the fruit through image processing. It can directly fit
the weight or volume prediction function or estimate the
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volume directly using area, thus estimating the weight. A
method using ellipsoidal approximation and image processing
was used to estimate the volume of watermelons of different
sizes. The disk approximation method was used to estimate
the volume of each watermelon surface image captured by a
low-cost CMOS camera, providing a simple, fast, and
non-invasive method for watermelon volume estimation [7].
The RGB-depth (RGB-D) sensor was used to measure the
maximum diameter and volume of sweet onions. The density
of the onions was estimated using the measured parameters,
demonstrating that the depth image estimation of onion di-
ameter has higher average accuracy and robustness than color
images [8]. An automatic apple sorting machine was designed
and implemented, which captures at least four images for each
apple. The area is calculated based on the images, and a sec-
ond-degree polynomial estimation of apple weight using only
the apple's area is studied [9]. Similarly, for the weight esti-
mation problem of apples, a model established using Canny
edge detection method can identify the weight of the apples.
The weight ratio is calculated by comparing the actual weight
on the physical object with the weight on the image [10]. Star
fruits were captured using a camera, then processed using
machine vision and image processing techniques. The star
fruits were sliced numerically along the vertical axis, and the
physical properties of each slice were estimated using the disk
and cone methods. The total volume was calculated by ac-
cumulating the volumes of each slice, multiplied by the den-
sity coefficient to obtain the weight [11]. This process is sim-
ilar in principle to [7].

There is a lot of research on estimating the weight or
volume of mangoes. The study showed that three most dis-
tinctive dimensions, namely, photometric length, maximum
width, and maximum thickness, are sufficient to describe the
size and weight characteristics of mangoes [12]. However, due
to significant variations in size and shape among different
mango varieties, the correlations found in [12] cannot be ap-
plied to other mango varieties. The volume of mangoes was
estimated using the spatial geometric analysis method. The
total volume is the sum of the volumes of all the sections
formed by cross-cutting the fruit along its length. If the section
intervals are small enough, the volume of each section can be
approximated as an elliptical cylinder volume by binarizing
the mango images and calculating the minor axis length of
each section [13]. A region-based global threshold color bi-
narization method, combined with median filtering and mor-
phological analysis, was proposed to divide mangoes into
three mass grades: large, medium, and small based on projec-
tion area and Feret diameter [14]. The visible surface area of
the mango was determined using curve fitting and the area
between two curves method. The required thickness value was
calculated based on the correlation equation between width
and thickness. The thickness variation along the length of the
mango was modeled as an elliptical function. The overall
estimated volume of the mango was then calculated using the
volume of the elliptical cylinder from the cross-sections and
the length [15].

In addition to the estimation of weight or volume of fruits,
the weight estimation of animals also has important research
value. Similar to [8] and [12], the weight of fish was calculated
by extracting dimensions such as length, width, and height
through image processing [16].

B. Learning-based Methods

With the development of machine learning, deep learning,
and other technologies, learning-based methods for weight or
volume estimation can also provide excellent estimation re-
sults.

By drawing lines on strawberry images, the shape features
of the strawberries are obtained, and K-means clustering is
used to classify the weight of strawberry images [17]. Fruit
images are subjected to binarization to separate the fruit im-
ages from the background. The number of pixels covering the
fruit images is calculated to estimate their size, and a fuzzy
rule-based algorithm is used to grade the fruit quality [18].
Support Vector Machines (SVM) have shown many unique
advantages in solving small-sample, nonlinear, and
high-dimensional pattern recognition, making them widely
used in fruit grading applications [19]-[22]. Depth images of
tomatoes in different directions are obtained using image
processing techniques, features are extracted, and five regres-
sion prediction models based on 2D and 3D image features are
established. Experimental results demonstrate that the Radial
Basis Function Support Vector Machine (RBF-SVM) model
is more accurate than other comparison models [19]. Seven
geometric attributes of sweet lime are extracted using image
processing, and a Support Vector Machine Regression
(SVMR) modeling technique is used to establish a weight
estimation model for fruit samples [20]. Image processing
methods are used to extract traditional 2D image features
(projection area) and 3D height information. These two types
of combined features are used to train the Least Squares
Support Vector Machine (LS-SVM) model as volume and
weight prediction models [21]. The application of discrimi-
nant analysis and SVM in mango shape classification is stud-
ied [22]. Multiple features of strawberries are extracted to train
a random forest model with decision trees, and this model is
used to predict the weight of strawberries [23].

Neural networks used for object detection have also been
applied to fruit volume or weight estimation. The You Only
Look Once (YOLOVS) neural network algorithm is used to
classify fruits after detection [24]. A deep learning regression
model combining U-Net, Visual Geometry Group Network
(VGG-16), and attention modules is proposed, which can
predict the weight of grape clusters in images with small errors
[25]. Similarly, neural networks have also been applied to
animal weight estimation. A neural network-based method for
pig weight detection and measurement is proposed. Eight
methods including color, texture, centroid, major axis, minor
axis, eccentricity, and area are used to extract pig features, and
the neural network is used for recognition based on statistical
data in the original database [26].

III. DATASET

The dataset collection system includes a RealSense SR300
depth camera, Robotiq 2f-85 gripper, URS robotic arm, and a
placement plane. The gripper is installed on the end of the
URS robotic arm to install the depth camera (see Fig. 1). The
optimal working distance for depth cameras is 0.2~0.5m. The
robotic arm is used to move the camera to capture RGB im-
ages, depth images, and point clouds of strawberry placed on
the plane. The point clouds serve as the input for our method,
while the RGB images and depth images are used as input for
the comparative method.
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Fig. 1. The dataset collection system.

The dataset collection process is as follows: Firstly, the
depth camera captures the point cloud and performs plane
segmentation to obtain the normal vector of the plane. The
robotic arm is adjusted to make the z-axis of the depth camera
coordinate system perpendicular to the plane and at a distance
of 0.25m from the plane. Secondly, a single strawberry is
placed directly below the camera, and the current rotation

angle of the end joint of the robotic arm is defined as 0 degrees.

The end joint is then rotated from 0 to 90 degrees in incre-
ments of 15 degrees at 7 different positions to collect RGB
images, depth images, and point cloud data. The end joint is
then returned to 0 degrees, and the robotic arm moves to two
positions at 0.35m and 0.45m with the end joint rotated from 0
to 90 degrees to collect data. Finally, the collected RGB im-
ages, depth images, point clouds, and strawberry weight from
the 21 strawberries are used as the data for the current straw-
berry, and the process is repeated for the next strawberry.

We have prepared 20 strawberries with weights ranging
from 10 to 20 grams, and collected 21 data samples for each
strawberry at different heights and rotation angles. This
amounts to a total of 420 data samples to construct the
strawberry weight dataset. This dataset serves as the fitting
data for our proposed method and the training data for the
comparative method.

IV. PROPOSED METHOD

Currently, picked strawberries are placed in small baskets
and then manually sorted into different baskets based on their
weight for sale. However, the manual sorting process has a
large margin of error. Strawberry weight estimation based on
visual provides a non-contact method to accurately estimate
the weight of strawberries. Currently, there are two known
methods for visual based strawberry weight estimation. One
method fits an approximate function based on the strawberry's

characteristic size and weight, but this method has a large error.

The other method is a learning-based weight estimation
method, which provides higher accuracy but requires a
high-quality dataset. In this paper, we propose a strawberry
weight estimation method based on plane-constrained binary
division point cloud completion. The complete framework of
the method is shown in Fig. 2. By reconstructing the local
point cloud, we obtain the actual volume of the strawberry.
Since the density of the strawberry remains roughly constant,

we can estimate the weight by multiplying the density by the
volume. Our proposed method consists of two main parts. The
first part involves point cloud preprocessing and coordinate
system construction, which prepares for point cloud comple-
tion. The second part is the binary division point cloud com-
pletion, which estimates the weight of the strawberry by
completing the point cloud.

A. Point Cloud Preprocessing and Coordinate System Con-
struction

Since the input point cloud contains strawberry and a
placement plane, a plane segmentation algorithm based on
RANSAC (Random Sample Consensus) is used to separate
the strawberry point cloud from the plane point cloud. The
RANSAC algorithm randomly selects a subset of samples
from the point cloud, uses the least squares method to calcu-
late the plane model of Ax + By + Cz + D = 0, and then cal-
culates the deviation of all points from the model. The devia-
tion is compared with a set threshold, and when the deviation
is less than the threshold, the sample point belongs to the inlier
of the model; otherwise, it is considered as an outlier. The
algorithm records the model parameters with the maximum
number of inliers, as well as the number of inliers, and then
repeats this process until the desired error rate, number of
inliers, or the current iteration number meets the requirements.
The result is the strawberry point cloud, plane point cloud, and
plane model parameters.

The obtained strawberry point cloud contains noisy points,
which have a significant impact on subsequent point cloud
completion. Therefore, outlier filtering is used to remove the
noisy points from the strawberry point cloud. The outlier
filtering algorithm looks for all neighboring points of each
point; calculates the distance dj; between each point and its
neighbors, where i = [1, . . ., n] represents the total of n points
and j =[1, . .., k] represents k neighbors of each point. The
distance parameters are modeled using a Gaussian distribution
X ~N (u, 0), and u (the mean of distance) and o (the standard
deviation of distance) of all points with their neighbors are
calculated as follows:

n_k
u=—> >4, (1

i=1 j=1

n k
o= D>y - ) @

i=1 =1

Calculate the average distance from each point to its neighbors
as follows:

d, =4, G)

Jj=1
Iterate through all points, if the average distance is greater than
the specified confidence level of the Gaussian distribution,

remove it, for example: 57, >u+30 or 57, <u-3o.

The reference coordinate system of the original point
cloud is the camera coordinate system. In order to facilitate
subsequent operations, a strawberry coordinate system is fixed
to the filtered strawberry point cloud. The origin of the
strawberry coordinate system is calculated as follows:
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Where (x;, y;, zi) is the coordinate of the i-th point in the camera
coordinate system, and the coordinate of the origin of the
strawberry coordinate system in the camera coordinate system
is(x,y,z).

To determine a right-hand coordinate system, it is neces-
sary to know the unit vectors of two axes. The unit vector v, of
the z-axis in the strawberry coordinate system is the normal

vector of the plane, namely
4 B c

\/A2+32+C2 , \/A2+32+C2 , \/A2+32+C2
rection pointing towards the plane; Due to the long conical
shape of strawberry, principal component analysis (PCA) can
be used to obtain the main direction of point distribution,
which serves as the y-axis of the strawberry coordinate system.
The PCA calculation process involves constructing a covari-
ance matrix:

), with its positive di-

== (pi=P)p P ™)
i—1

Where p; is the coordinate of the i-th point, p is the center of

the strawberry point cloud. Perform eigenvalue decomposition
on S, assuming that the eigenvalues of S are A; > 4> > A3. The
corresponding feature vectors v;, v2, v3, and vy, represent the
projection vector of point in the m-th principal direction, and
vy is used as the y-axis unit vector v, of the strawberry coor-
dinate system. Since the x-axis unit vector of the strawberry
coordinate system is calculated as follows:

V, =V

X yxvz

®)
However, this coordinate system is not unique because its
y-axis direction can be from the strawberry stem to the
strawberry tip or from the strawberry tip to the strawberry
stem. Calculate the y-axis position of the strawberry point
cloud with the largest x-axis span in this coordinate system. If
it is in the positive y-axis direction, the coordinate system does
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Framework for weight estimation method based on plane-constrained binary division point cloud completion.

not need to be changed. Otherwise, rotate the strawberry co-
ordinate system 180° around its z-axis to obtain the final co-
ordinate system. The coordinate systems mentioned later in
this article are all strawberry coordinate systems.

Using the strawberry coordinate system as the reference
coordinate system, generate the AABB box of the strawberry
point cloud. Each side of the AABB box is parallel to a plane
in the strawberry coordinate system. This is achieved by cal-
culating the maximum values Xmax, Vmar, Zmax and minimum
values Xmin, Ymin, Zmin Of the strawberry point cloud along the
three axes of the coordinate system.

B. Binary Division to Complete Point Cloud and Estimate
Weight.

Strawberry have a nearly symmetrical shape and can be
divided into roughly equal halves by a plane. By using a
symmetrical plane, the local point cloud of the strawberry can
be reconstructed into a complete point cloud. Since the
strawberry is placed on a plane, influenced by gravity, it con-
tacts with the plane. This allows the plane of placement to
serve as a constraint for constructing the symmetrical plane.
To construct a symmetrical plane, three points need to be
determined. The first point is the one with the minimum value
on the y-axis of the strawberry point cloud. The y-coordinates
of the other two points are yax, and their x-coordinates are Xuax
and x,in, respectively. The z-coordinate is calculated using the
binary division method, starting with the upper boundary z,per
= Zplanes Where Zpiane 1S the distance from the placement plane to
the origin of the strawberry coordinate system. The initial
lower boundary of the z-coordinate is ziower = Zmin. Then, the
middle value is calculated using the binary search method:

z upper * Ziower

5 ()

Z middle =
So, the coordinates of the other two points on the symmetric
plane are respectively (Xmin, Yimaxs Zmiddie) aNQ (Ximax, Vinax, Zmiddie)-
The initial symmetric plane is constructed using these three
points, and the strawberry point cloud is mirrored with refer-
ence to this plane to obtain the mirrored strawberry point
cloud. The distance between the point with the maximum
z-axis value in the mirrored strawberry point cloud and the
placement plane is then calculated to check if it is within the
set threshold. If it is, the iteration stops and the mirrored
strawberry point cloud is merged with the original strawberry
point cloud to form the completed strawberry point cloud.
Otherwise, it is determined whether to change the upper or
lower boundary based on whether the z-value of the mirrored
strawberry point cloud is greater than the z-value of the
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Fig. 3. Plane-constrained binary division point cloud completion. The
perspective in this figure is looking in the opposite direction of the x-axis
in the strawberry coordinate system. The blue point, Point 1, represents
the first point of the symmetrical plane. The other two points, Point 2 and
Point 3, are determined by taking the midpoint of the z-values of the
lower boundary point and upper boundary point, which are represented
by green point on the figure. Point 2 and Point 3 overlap in this per-
spective. The symmetrical plane is then constructed using these three
points, and the red strawberry point cloud is mirrored to generate light
pink mirror points. Whether to continue the iteration is determined by
the distance between the mirror point with the maximum z-value and the
plane.

placement plane. If it is greater than, then zypper = Zmidae, Oth-
CIWIS€ Ziower = Zmiddie, and then proceed to the next iteration
until the difference is less than the threshold to obtain the
completed strawberry point cloud (see Fig. 3).

For the completed strawberry point cloud, we assume that
it has a similar shape to the corresponding real strawberry, so
its volume can be estimated to determine its weight. However,
the volume of a point cloud cannot be directly calculated.
Therefore, in this study, we utilize a fast convex hull algo-
rithm [27] to generate a convex hull composed of a triangle
mesh for the completed strawberry point cloud. In compari-
son to the Alpha shape algorithm [28] and Ball pivoting al-
gorithm [29], the fast convex hull algorithm is capable of
efficiently and effectively constructing a high-quality convex
hull. The origin of the strawberry coordinate system is en-
closed by the convex hull. The volume V of the convex hull
can be obtained by accumulating the volumes of tetrahedrons
formed by three points of the triangle mesh and the origin.
The calculation formula is as follows:

V= %;((ﬁa = Pi)* (P

—Di1)®Dit) (10)

Dis»Pias Dy are the vectors from the origin of the strawberry

coordinate system to the three points of the i-th triangle. The
weight of the strawberry is proportional to its volume and can
be obtained by multiplying the volume V by the density coef-
ficient £.

M =kV (11)

The density coefficient can be obtained by fitting the actual
weight of strawberries to the volume of their convex hull using
the least squares method. The above method is called our
method 1.

The depth value of strawberry point cloud may also affect
the estimated weight value, so it is added to the weight fitting,

(12)

Where D is the z-value at the center of the strawberry point
cloud. The above method is called our method 2.

M =kV+k,D

V. RESULTS AND ANALYSIS

The algorithm proposed in this article has been imple-
mented in Python 3.6. Point cloud operations are achieved
using Open3d 0.9.0 and NumPy 1.19. The algorithm was run
on Ubuntu 16.04 with an Intel(R) Core(TM) i15-9400F CPU @
2.90GHz. The algorithm is not utilize GPU.

To measure the accuracy of weight estimation, we use the
Protocol for Percentage of Correct Weight (PCW) proposed
by [23]. This standard measures the regression error as a
percentage relative to the actual weight. If the error falls
within the expected tolerance level, the inference is marked as
accurate; otherwise, it is marked as false. The accuracy of the
model is evaluated using the predicted percentage within the
tolerance level. Similar to [23], in our experiment, the toler-
ance levels are set at 0.05, 0.10, 0.15, 0.20, 0.25, and 0.30,
corresponding to accuracy ranges of 70-95%.

The weight of strawberries is correlated with their max-
imum diameter and the length from the stem to the tip of the
strawberry. Predicting weight based on these feature sizes is a
simple strategy. In our experiment, to compare with the
method of directly fitting strawberry feature size to weight,
we design two methods based on the AABB box generated by
the proposed method. One method (XXY method) is to fit the
(Xmar-Xmin)* X (Vmax-ymm) value of the AABB box in the straw-
berry coordinate system with the strawberry weight to obtain
a prediction function. The other method (XYZ method) is to
fit the (xmwc'xmin)x(ymwc'ymin)x(Zplane'Zmin) Value Wlth the
strawberry weight to obtain a prediction function. These two
prediction functions are used to estimate the weight of
strawberries. The latter may have higher accuracy for
flat-shaped strawberries compared to the former.

In addition to comparing with the conventional method of
fitting feature size, we also compare with the method pro-
posed by [23]. This method first uses the Detectron-2 model
to obtain segmented images of individual strawberries to
create a segmented point cloud. Then, the point cloud's con-
vex hull is reconstructed, and principal component analysis is
performed on the convex hull to determine the major axis. A
feature vector composed of strawberry bounding box area,
segmentation mask, depth value histogram, principal com-
ponents, and the actual weight of strawberries is used to train
arandom forest model with a decision tree. This model is then
used to predict the weight of strawberry.

The dataset is divided into two groups in a 1:1 ratio, with
one group used for fitting the prediction functions and train-
ing the comparative methods, and the other group used for
testing and comparing the results. Fig. 4, Fig. 5, Fig. 6, and
Fig. 7 respectively show the fitting results of the XXY
method, XYZ method, our method 1 and our method 2. From
the figure, it can be seen that the point dispersion estimated by
the XXY method and XYZ method is greater than ours, and
the comparison results can be foreseen. Fig. 8 shows the
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PCW tolerance levels, with a significant improvement com-
pared to our method 1, indicating that the sampling depth of
strawberry point cloud has a significant impact on weight
estimation. It achieves an accuracy of 97.62% at PCW@0.15,
and it outperforms other models except for our method 1 by at
least 18.57%, 20.95%, 16.67%, and 5.24% at PCW@0.05,
PCW@0.10, PCW@0.15, and PCW@0.20, respectively. The
random forest prediction method also produces good results,
surpassing the method of fitting feature size overall. However,
its prediction accuracy is lower than the XYZ method at
PCW@0.20, possibly due to overfitting. The random forest
prediction with PCA shows a slight improvement compared
to the one without PCA, but there is a decrease at PCW@0.15,
indicating that PCA has a moderate effect on modeling the
relationship between strawberry orientation-induced weight
changes. The method of simple fitting based on feature size
also provides good prediction results, but its accuracy is
lower at PCW@0.05 and PCW @0.10 due to the simplicity of
the model. The XYZ method is also not superior to the XXY
method at each PCW, possibly because when strawberries are
placed on a plane, the approximate symmetry axis of the
strawberries does not align parallel to the plane, causing the
Zplane=Zmin Value to not accurately reflect the size of strawber-
ries.

VI. CONCLUSION

This article presents a new dataset containing strawberry
RGB images, depth images, point clouds, and weight, with
varying heights and angles. The dataset is designed for re-
search on strawberry weight estimation based on visual or
point cloud analysis. We also propose a strawberry weight
estimation method that utilizes a plane-constrained binary
division algorithm for point cloud completion. By completing
the local point clouds of strawberries, we can estimate their
complete weights. Our experimental results demonstrate that
our method achieves the highest prediction accuracy com-
pared to simple dimension fitting methods or machine learn-
ing approaches.
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