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ARTICLE INFO ABSTRACT

Keywords: In the livestock industry, reducing the cost of raising animals while maintaining quality is of utmost importance.
CNN Growth management is crucial for livestock quality control, with weight being a primary focus. This study
Breed sows proposes a method for estimating the weight of a breed sow from point clouds using a convolutional neural
Ezgltl::gi image network (CNN). The proposed method consists of two stages: first, 2D images are generated from point clouds of
Two-dimensional mesh a walking breed sow; next, these images are used as input in a CNN model to estimate the weight. The point
Weight estimation clouds are divided into two halves along a longitudinal plane. Then, distances are calculated between each
element of the 128 x 64 rectangular mesh created on the aforementioned plane and the corresponding points in
the divided point cloud. A 2D image is generated by varying the grayscale intensity according to the calculated
distances. Three types of CNNs, namely, VGG16, DenseNet121, and EfficientNet B0, were employed to estimate
the weight using the generated 2D images as input. The CNNs were trained using approximately 150,000 images
of 71 pigs. To verify the effectiveness of the method, the trained networks were used to conduct weight esti-
mation experiments on test cases. The results of the experiments demonstrate a high weight estimation accuracy,

with an error rate as low as 1.35%.

1. Introduction

With the continuous increase in meat consumption, reducing the cost
of raising livestock while maintaining high-quality standards is essential
to ensure competitiveness in the livestock industry, particularly in pig
farming. Consequently, the establishment of smart farms has gained
significant attention within the livestock sector. Effective growth control
plays a pivotal role in managing the quality of livestock, with weight
being a key parameter [1-3]. Weight serves as a valuable indicator of
how animal health and growth are influenced by factors such as feed and
farm environments, i.e., it enables the evaluation of pigs’ growth rate
and feed conversion efficiency [4]. Currently, livestock weights are
predominantly measured using scales, a process that demands consid-
erable time and effort and can lead to errors due to the movement of
livestock [5].

The method of directly measuring livestock weight using scales or
estimating weight by manually measuring related body dimensions with
a ruler is widely used [6]. However, this method consumes significant
labor and can have negative impacts, such as causing stress to the
livestock or injuries to both workers and the animals [7,8]. These
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problems have been highlighted in various studies, and different ap-
proaches have been analyzed to address these issues [9-11].

To overcome the issues of direct measurement methods, indirect
methods are actively being researched. These methods extract physical
characteristics of livestock from images and apply mathematical
regression analysis, or they use deep learning to automatically learn
physical characteristics for weight estimation. These studies used single
photos [12-14], depth images [15-21], point clouds [22-24], and mesh
models [25,26]. However, these studies often require complex setups,
such as multiple cameras, to acquire data [27], which necessitates
calibration [28], and measurements must be taken from fixed positions,
leading to issues with mobility and increased costs. Moreover, capturing
the belly region, which significantly affects the weight of breed sows, is a
challenging task due to the movement of animals [29] and the limita-
tions of measurement systems. In some cases, RGB and RGB-D cameras
are used, but they often generate unnecessary data that complicates
accurate weight estimation. Although RGB-D images provide depth in-
formation, they often include noise that degrades performance.

Furthermore, traditional weight estimation methods, such as those
using regression equations [15,17,25], tend to rely on selected key body
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characteristics rather than considering the overall body shape of live-
stock. This limited approach can reduce weight estimation accuracy, and
the results can vary depending on the selection of characteristics and
how weights are assigned. Recently, deep learning has emerged as an
alternative that more comprehensively analyzes the overall body shape
of livestock. Studies have employed artificial neural networks (ANN)
[20,26] and convolutional neural networks (CNN) [18,24,30-32].
However, many of these studies focus on growing and finishing pigs and
sometimes show relatively lower performance.

In this study, we propose a CNN-based method for estimating breed
sow weight using partially measured point clouds. The proposed method
consists of two stages: first, 2D images are generated from point clouds
of a walking breed sow; next, these images are used as input in a CNN
model to estimate the weight. The point clouds are divided into two
halves along a longitudinal plane. Then, distances are calculated be-
tween each element of the 128 x 64 rectangular mesh created on the
aforementioned plane and the corresponding points in the divided point
cloud. A 2D image is generated by varying the grayscale intensity ac-
cording to the calculated distances. Three types of CNNs, namely,
VGG16, DenseNet121, and EfficientNet BO, are employed to estimate the
weight using the generated 2D images as input. The process is illustrated
in Fig. 1.

This study makes the following academic contributions. First, it
proposes a CNN-based weight estimation method, showcasing state-of-
the-art performance with a mean absolute percentage error (MAPE) of
1.35. Second, unlike previous studies targeting growing and finishing
pigs, it focuses on breed sows, including the belly part in weight esti-
mation. Third, it devises a generation process for 2D grayscale images
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optimized for weight estimation.

The structure of this paper is as follows: Section 2 reviews the data
types and various approaches used for livestock weight estimation.
Section 3 explains the data generation methods used in the experiments,
the three CNN models (VGG16, DenseNet121, and EfficientNet BO)
employed, and the experimental results. Section 4 covers the analysis of
the experimental results and discusses potential improvements. Finally,
Section 5 provides the conclusion of this study and discusses future study
directions.

2. Related works

The live weight of livestock is a crucial indicator for monitoring daily
weight gain, nutritional status, health, as well as predicting and man-
aging market shipment weights [9]. Traditionally, livestock weight is
measured directly using scales [9-11], or estimated based on empirical
relationships between morphological characteristics and weight [33], or
by measuring body dimensions with a ruler to estimate the weight [6,
34]. However, direct measurement methods require different scales for
animals with varying body shapes, and there is the inconvenience of
having to accurately position animals on the scales. Furthermore, these
methods demand a significant amount of labor, and during the mea-
surement process, both the livestock and the handlers may experience
stress, which poses a risk of injury [8,35]. Due to these issues, along with
increasing market demand, the automated management systems has
been recommended [36]. Consequently, approaches that minimize
contact with livestock, using linear regression algorithms or deep
learning algorithms, are being actively researched.
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Fig. 1. Overall process of CNN-based breed sow weight estimation.
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Previous studies that used linear regression and deep learning algo-
rithms have utilized various types of data for predicting livestock
weight, including single photos [12-14], depth images [15-21], point
clouds [22-24], and mesh models [25,26]. Point clouds are typically
obtained through depth scanners or laser scanners and can be directly
employed as weight estimation data or reconstructed into mesh models.
For instance, Kashiha et al. [12] developed a method that estimated the
weight of pigs in a pen by identifying the areas where pigs are present
based on images taken with a top-view camera. Shi et al. [13] created a
mobile measurement system to gather data for measuring the main body
dimensions (body length, body width, body height, hip width, and hip
height) of pigs in a large-scale farm setting. Pezzuolo et al. [15] esti-
mated pig weights by calculating their main dimensions using two
low-cost 3D cameras and inputting the data into a weight estimation
model. Similarly, Pezzuolo et al. [16] devised a system utilizing a
structured light depth camera to monitor cow growth, estimating the
cows’ body sizes based on the main dimensions calculated from point
clouds. In other studies, Conodotta et al. [17] predicted pig weight by
generating volumetric information using a single RGB-D camera. Wang
et al. [22] proposed an innovative algorithm for measuring body size
using a portable system equipped with dual-depth cameras, which
extracted segmented point clouds of pigs from the acquired data. Cozler
et al. [23] developed a method for analyzing the body shapes of cows by
registering multiple acquired point clouds to create a unified point
cloud. Nguyen et al. [21] employed a CNN to segment depth images in
the process of pig weight estimation. Kwon et al. [25,26] predicted pig
weights by constructing mesh models from point clouds obtained
through multiple RGB-D cameras. Shuai et al. [19] introduced a method
for measuring the body size of freely moving pigs by capturing point
clouds from multi-view RGB-D cameras.

Methods for estimating livestock weight without direct measurement
can be divided into traditional image-based measurement methods and
deep learning algorithm-based approaches. In the image-based methods,
livestock is photographed using devices such as RGB cameras, 3D time-
of-flight (ToF) cameras [10], or LiDAR [37], and then physical charac-
teristics of the livestock are extracted. The most commonly used features
include top view body area, withers height, hip height, body length, hip
width, body volume, and chest girth [10]. Various linear regression al-
gorithms are then used to estimate the weight of the livestock. Al Ard
Khanji et al. [38] used flank-to-flank distance, length, heart girth, ul-
trasound backfat measurement, loin depth, and body condition score.
They applied a linear regression algorithm using these six body mea-
surements and the pigs’ physiological conditions, achieving an R? of
0.90. Shi et al. [39] generated pig body contours and reconstructed pig
images through image analysis and obtained the back area of pigs. They
then determined the weight estimation function according to the
regression results using the least squares method and achieved an R? of
0.9931. However, methods using linear regression still require manual
extraction and selection of physical characteristics [11], and there are
limitations since the relationship between input and output variables
must be predefined [9]. To address these issues, approaches using deep
learning have been researched.

Deep learning is a machine learning method that learns the data
representation by itself [19]. Condotta et al. [20] applied regression
equations and ANNs using depth images to estimate pig weight. How-
ever, the prediction accuracy of these two studies, which focused on
growing and finishing pigs, was not notably high. Kwon et al. [26],
estimated pig weights using multiple depth cameras. They reconstructed
a 3D shape from the acquired point cloud and measured the main di-
mensions to input into an ANN for weight estimation, achieving a 2%
error rate and accurate sow weight prediction. In addition to ANNs,
CNNs, which excel at learning image features autonomously, have been
widely used for livestock weight estimation. Ruchay et al. [18] used a
CNN to predict cow weight based on depth images acquired using an
RGB-D camera, achieving a prediction performance of MAPE 8.4.
Meckbach et al. [30], He et al. [31], and Liu et al. [32] applied a CNN to
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predict weight for growing and finishing pigs using top-view data.
However, their prediction performances were relatively low, with MAPE
values of 3.9, 6.37, and 2.82, respectively. Liu et al. [40] used a hybrid
3D point cloud denoising approach for accurate pig weight prediction.
After using six parameters from the pigs’ back as input to the CNN, they
achieved a mean absolute error (MAE), MAPE, and root mean square
error (RMSE) of 12.45 kg, 5.36%, and 12.91 kg, respectively, proving
the effectiveness of voxel downsampling and point cloud techniques.
Dohmen et al. [41] used Mask-RCNN for image segmentation and
background removal and employed CNN to predict calf weight,
achieving R? of 0.96 and RMSE of 20 kg from top-view images. Bi et al.
[42] explored long-term cattle weight prediction using depth video data
and achieved an R? of 0.98 and MAPE of 2.03% by combining the
Mask-RCNN approach with a linear mixed model. Gjergji et al. [43]
analyzed various deep learning architectures, including CNNs, recurrent
neural networks (RNN)/CNN networks, and recurrent attention models.
As a result, convolutional neural networks showed the best performance
in predicting cattle weight, reducing the error of traditional linear
regression models by almost half, with an MAE of 23.19 kg.

3. Methodology
3.1. Animals

The data utilized in this study, which proceeded from a previous
work [26], were divided into two halves: left and right. A total of 71
sows, with weights between 168 and 313 kg, were included in the ex-
periments. A point cloud acquisition system was installed, as shown in
Fig. 2. Four ToF cameras (Azure Kinect, Microsoft) were used as the
measuring equipment. The four cameras were fixed to separate camera
frames, and guide frames were installed to secure the field of view (FoV)
for the cameras. The width of the corridor was 2 m, and the two upper
cameras were installed at the height of 2 m to allow people to pass
through.

The dataset comprised 1022 measurement data points, as shown in
Fig. 3. Among these data points, 1631 containing measurements of both
hind and forelegs were selected for this study. Fig. 3(a) presents the
measured data for an entire pig, whereas Fig. 3(b) shows the data
divided into the left and right sections.

Fig. 4 shows an example of the point clouds used for training. No
points were considered in the buttock area or in most parts of the head,
as shown in Fig. 4(a). Additionally, parts of the legs are obscured by the
frame of the measurement system and thus are not present. Further-
more, as shown in the enlarged insets of Fig. 4(b), a significant amount
of noise is also present.

3.2. Dataset construction

The process of image transformation involves creating a regularized
grayscale image that takes into account the size and depth information
derived from the point cloud. The transformation method is illustrated
in Fig. 5. Initially, the point cloud data is input to compute an average
plane and cylinder based on which the XY-plane is defined. A reference
plane is established, and quadrilateral elements of uniform size are
generated on it. The distances between the points and elements are
calculated and the resulting values are used to assign grayscale colors.

3.2.1. Axes transformation

The measurements to create the input point cloud were acquired as
the pigs walked through a passageway and using an arbitrary coordinate
system, which resulted in slightly different directions from tail to head.
To achieve a consistent representation in the 2D image, the direction
from the head to tail was set as the X-axis, whereas the direction from the
legs to the upper body was defined as the Y-axis, with the origin cor-
responding to the average coordinates of all points. In this setup, the
pig’s torso was positioned at the center of the image. Plane fitting was
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Fig. 5. Transformation of a point cloud into an image.

performed using the entire point cloud, setting the normal direction of
the plane as the Z-axis. Cylinder fitting was then conducted to set the
direction of the cylinder as the X-axis. Fig. 6 shows the coordinate
transformation process. Fig. 6(a) shows the input data, whereas Fig. 6(b)
shows the result of plane fitting using all points, where the plane’s
normal direction aligns with the Z-axis. Fig. 6(c) presents the result of
cylinder fitting using all points, with the cylinder’s axis direction
defining the x-axis. Both plane and cylinder fittings were performed by
minimizing the RMSE, expressed as:

(a) Input data(100,709 points)

(c) Cylinder fitting

€Y)

where Pl-IAJi is the distance from the measurement point (P) to the pro-

jected point (P) on the plane and cylinder. Fig. 6(d) shows the outcome

after moving the data to the XY plane.

(b) Plane fitting

(d) XY plane

Fig. 6. Transformation of coordinate axes to the XY-plane.
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3.2.2. Generation of a regularized image

The maximum size of the sow was approximately 2 m in length from
tail to head and approximately 1 m in height. However, the legs, tail, and
head sections do not contribute significantly to the overall weight, and
obtaining accurate data for these parts is relatively challenging
compared with the body section. In the present study, the data lacked an
adequate number of points for the tail and head sections. The size of the
image was set to 1800 x 900 mm to ensure that the area between the
front and hind legs was included. The image used for the training was set
to 128 x 64 pixels with a quadrilateral element size of 14 mm. Conse-
quently, the overall image size was 1792 x 896 mm, as shown in Fig. 7.

Fig. 8 shows the generation of 128 elements in the x-direction and 64
elements in the y-direction. The element size was 14 mm, and the di-
mensions were 14 mm x 14 mm. Each square element had a size of 14
mm. In the final transformed image, each quadrilateral element corre-
sponded to one pixel. The elements that encompassed each point across
all the points were determined using Eq. (2).

Nxi = floor((Pxi — Xuin) X Nx / (Xmax — Xuin))
Ny; = floor((Pyi — Yuin) X Ny / (Ymax — Yain))

Ny and Ny; represent the positions of the x- and y-directional ele-
ments at the ith point, respectively. where Px; and Py; denote the x- and
y-directional coordinates of the ith point, respectively. Moreover, N, and
Ny, indicate the number of elements in the X and Y directions, respec-
tively; Ny is 128 and Ny, is 64. Each element stores the encompassed
points, and if the count falls below a predetermined threshold, the point
is deemed as noise and is subsequently removed. In a single element,
approximately ten points were stored; in this study, elements with fewer
than three points were excluded. The distance from each point stored in
the element to the reference plane is calculated. The reference plane was
defined to ensure that points arranged in the z-direction possessed
greater values to clearly distinguish between empty regions and seg-
ments with measured points in the final training image. The maximum
width of each pig is 500 mm. The reference plane was set at a location
shifted by 200 mm in the z-direction from the average plane of the
partial measurement data (Fig. 9). Given this configuration, the mini-
mum distance (d,,;,) between the reference plane and the point can have
a positive value. When half of the data from the opposite side was used,
the reference plane was set in the z-direction to yield a positive value.

For each point in an element, the distance to the reference plane was
calculated and 30% of the points that deviated from the mean were
excluded. Fig. 10 shows an example of distance calculations in two di-
mensions. A reference plane encompassing all the points was created,
and four elements were generated on this reference plane (Fig. 10(a)).

(2
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(a) 2D grid generation

Fig. 8. Generating the quadrilateral mesh.

Fig. 10(b) shows the distance from the points within each element to the
reference plane. Points that were significantly distant were deemed
outliers and excluded before calculating the average distance (Fig. 10
(c)). For elements devoid of related points, the average movement dis-
tance of the adjacent elements was calculated. Fig. 10(d) shows that the
third element does not contain any points, and the average value of +1,
derived from the adjacent elements’ distance values of +4 and -2, is
inserted. When multiple elements are consecutively empty, the value is
calculated using the distance ratio of the adjacent elements.

Fig. 11(a) shows the calculated distance values, with a minimum
distance of 108.18 mm and a maximum distance of 383.13 mm. The
grayscale value can be calculated by dividing the height value by 400, as
shown in Eq. (3).

Height
Ve = 300
if Voc>1 then Voc=1 (3)

if Vger < 0 then Vge =0

A value of 400 was set, such that cases distant from the reference
plane would assume a value of 1. For exception handling, values less
than 0 were set to 0 and those greater than 1 were set to 1. Fig. 11(b)
shows the final result converted into a grayscale image, in which the

128x14 = 1,792 mm

64x14 = 896 mm

Fig. 7. Determining the image size.



K. Kwon et al.

Smart Agricultural Technology 9 (2024) 100611

/
average plane

Fig. 9.

Point ® Reference plane

k..émde )

® °
°
° Element °
°
(a)
o+
Outlier e
+59 ©
+5
+40 eo+3 :3 ® +4

Average distance of
element

()

N
reference plane

dmax

dmin

Setting the reference plane.

Distance from ®+6
element topoint | 5o o
e *Se
0+3 +3 ® +4
otr | o . . .
_1. 1. o 1
e 0 > ® >
®.3 -3¢
(b)
°
Average distance using
o © adjacent elements
° | L °
° ° +1 | 2
T e A4 | 44 T e e |
e o °
°
[ ]
(d)

Fig. 10. Calculating distances between points and elements.

(a) Distance calculation

383.13

355.63

328.14

300.64

273.15

245.65

218.16

190.66

163.17

135.68

108.18

Fig. 11. Creating a grayscale image.

(b) Gray scale image



K. Kwon et al.

most convexly protruding sections are brightly represented. The
brightest section has a value of 0.27, and darkest sections had value of
0.96. The boundary of the pig is represented by darker tones, which
effectively distinguish it from the margin.

Fig. 12 shows the image transformation applied to the pig points of
different weights. Fig. 12(a) shows a case in which the actual weight was
195 kg and relatively complete data were acquired for the entire side.
Fig. 12(b) shows a weight of 249 kg, where the lack of data in the head
region is reflected as missing areas in the transformed image. Fig. 12(c)
shows a pig weighing 303 kg, which was among the heaviest specimens
measured in this study. In all three cases, the body portion between the
hind and front legs was fully transformed, and the larger pigs occupied a
wider area in the image. Thus, the transformed image can be used to
estimate the size of a pig. Fig. 13 shows the transformed images of
various pigs measured at different positions. There were images trans-
formed from fully measured areas and images transformed from mea-
surements taken almost exclusively from the torso area. The center of
the image changed depending on the composition of the points.

3.2.3. Generation of an additional image

The XY plane transformation was performed using the normal plane
and axis of the cylinder. Moreover, the center value of all points was at
the center of the image. Depending on the differences in these values,
the position of the reference plane may vary, resulting in different dis-
tances for the points in each element. In other words, different point
densities and distributions can generate different images. The points
from the hind legs of the pig to its front legs were considered important
data, the peripheral points were incrementally removed, and the inter-
nal point density was slightly modified.

Additional images were generated by removing some points at the
boundary and randomly excluding the internal points. Specifically, the
points of the three elements at the boundary area were removed, and
within the internal element, 2%-3% of the points were randomly
eliminated. The order in which the points in the elements were deleted

(c) 303kg, 76314 points, gray color range: 0.19-0.95
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was implemented using three methods, each generating 30 images. In
the first case, the lower and upper parts of the boundary were sequen-
tially removed. In the second case, the left and right parts of the
boundary were sequentially removed. In the final case, the two cases
were applied in parallel. In the final image for each case, points corre-
sponding to 90 elements were removed from the boundary area
compared with the initial points, and in each image, 2-3% of the in-
ternal points were randomly removed compared with the initial points.
Thus, 90 images were created for each set of point-cloud data.

Fig. 14(a) shows the image generated from the original points,
whereas Fig. 14(b) and (c) show the final images generated from the
points for each removal case. Fig. 14(b) shows a case in which points
corresponding to 30 elements were removed in the vertical direction.
There were 94,052 points, and the range of grayscale values is 0.26 to
0.97. Fig. 14(c) shows the case of removal in the horizontal direction,
with grayscale values from 0.35 to 0.94. Fig. 14(d) shows the case where
points were simultaneously removed in both the vertical and horizontal
directions, with grayscale values from 0.33 to 0.96. Additional images
generated through this process exhibited slight differences in the range
of grayscale values and the pixels containing these values.

3.3. CNN-based weight estimation

A CNN comprises a convolution layer that extracts features from the
input data, a pooling layer that reduces the size of the data while pre-
serving key features, and a fully connected layer. This was used for the
classification and regression. In this study, a regression model was
implemented to estimate the weight of pigs using the generated images.

The CNN algorithm was implemented using TensorFlow and Keras
libraries. The model was trained on a system with an Intel Core i7 3.4
GHz CPU, 32GB of memory, and an NVIDIA V100 GPU server with 16GB
of memory. 132,050 images were used for training out of the total
146,750 data points, and 14,700 images were used for testing (Fig. 15).
A total of 26,410 images, accounting for 20% of the training data, were

Fig. 12. Greyscale images generated for pigs of various weights.
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Fig. 13. Greyscale images generated for pigs in different positions.

used for validation. The additional images generated from the single
point cloud were similar. Therefore, for testing, only images generated
from the point-cloud data that were not used for training were used.

In this study, three well-known CNN models such as VGG16, Den-
seNet121, and EfficientNet BO were applied using the Keras API to
implement the neural network model (Fig. 16). CNN models have been
widely used in livestock weight estimation studies, showing high per-
formance by extracting meaningful characteristics from images obtained
with RGB or RGB-D cameras [18,24,30-32]. Additionally, the three
selected CNN models have unique advantages that make them suitable
for addressing the pig weight estimation problem.

The first model, VGG16, is a simple deep structure model consisting
of 16 layers and is one of the representative models in early computer
vision research. It consists of 13 convolution layers and 3 fully con-
nected layers, but in this experiment, only 13 convolutional layers and
one fully connected layer were used. VGG16 has a basic CNN structure,
making it suitable for use as a comparative model. It minimizes the
number of parameters using small-sized kernels, making it easier to
train, while its deep structure provides excellent performance [44].

The second model, DenseNet, is a convolutional neural network

architecture that implements efficient deep learning models through
dense connectivity. In DenseNet, the input to each layer is connected to
the feature maps of all previous layers, enabling efficient information
sharing. This addresses the issue of vanishing gradients and prevents the
loss of information from the feature maps of earlier layers. Since the
feature maps from previous layers continue to be used as input, Den-
seNet can be trained with fewer parameters compared to traditional
CNN models, and it is less prone to overfitting, even with small datasets
[45]. In this study, DenseNet121, which consists of 121 layers and is
suitable for small images, was used.

The final model, EfficientNet, is known for its high performance in
terms of the number of parameters. EfficientNet was designed to achieve
a balance between model size and efficiency. It optimizes performance
by adjusting the depth, width, and resolution of the network. Conse-
quently, it achieves a high classification accuracy with a smaller model
size [46]. EfficientNet has different sizes and complexities ranging from
BO to B7. In this study, a smaller and lighter EfficientNet BO model was
applied.

Moreover, instead of using models like PointNet, the CNN-based
approach was chosen to better align with the characteristics of the
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(c) Removing points from the left and right sections
(87,420 points, gray color range: 0.35-0.94)

(d) Removing points from the top, bottom, left, and right sections
(87,520 points, gray color range: 0.33-0.96)

Fig. 14. Creating additional images.

Original set

(146,750)
Training set Test set
(132,050) (14,700)
Real training set Validation set Test set
(105,640) (26,410) (14,700)

Fig. 15. Dataset partitioning.

data and the technical requirements of this study. When using point
cloud data directly, accurate weight prediction becomes challenging due
to the incompleteness and noise in the data collected while pigs are
moving. Missing data frequently occurs in areas such as the head, tail,
and legs, and point cloud data requires additional corrections during
post-processing. Solving these issues would require more cameras and a
separate scanning space, which is inefficient in a smart farming envi-
ronment. Another reason for choosing the CNN-based approach is the
advantage of using data augmentation techniques when converting
point cloud data into 2D images for training. Data augmentation allows
the creation of various training scenarios with a limited amount of data,
improving the model’s generalization performance. Thus, in this study,

10

the approach of converting point cloud data into 2D images and pre-
dicting pig weights using CNN models was selected.

Model evaluation was performed using metrics such as the MAE (Eq.
(4)), MAPE (Eq. (5)), root mean-squared error (RMSE) (Eq. (6)), and R2
(coefficient of determination) (Eq. (7)). Here, y; is the actual value, y; is
the predicted value, ¥; is the average of the actual values, and n is the
total amount of data. All three models exhibited a MAPE within 2%,
with DenseNet121 exhibiting the best performance at 1.35% (Table 1).
Fig. 17 shows the graphs of the actual and predicted values for each
model; large errors occurred for some of the test data. Fig. 18 shows the
MAPE ratio for DenseNet121, which demonstrates the best performance.
In total, 66.3% of the test data had an error of less than 1%, whereas
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Fig. 16. CNN models used in training.
Table 1
Wt prediction performance in terms of MAE, MAPE, RMSE, and R
Model Training dataset Test dataset
MAE MAPE RMSE R? MAE MAPE RMSE R?
VGGNet16 0.7144 0.3178 0.9508 0.9994 3.4219 1.5473 7.3342 0.9620
DenseNet121 0.9749 0.4309 1.5845 0.9985 2.9714 1.3546 5.3192 0.9800
EfficientNet BO 0.9712 0.4144 1.2219 0.9991 3.1253 1.4184 6.0230 0.9743
1.1% of the data had an error exceeding 10%. prediction was performed accurately.
n Fig. 20(a) shows the errors for the 60 images generated from the two
MAE = 1 Z lyi — ¥l (&) sets of measurement data, where the error was the greatest. These im-
n4I ages were generated while gradually removing small amounts from the
bottom and top parts of the boundary area. Fig. 20(b) and (c) show
n r . . . . .
MAPE — 100% Z lyi — ¥il 5) images corresponding to the parts circled in Fig. 20(a). In Case 1, there
n = Y was a 21% error when nothing was removed, and an 8% error when

n o\2
RMSE = | /Z@ ®)
i=1

Rz—l_icyiyt)z/immz @

Figs. 17 and 18 present the prediction results for 14,700 test images
graphically. A total of 90 images were generated for each measurement.
Fig. 19 compares the actual values with the averages of the predicted
values from the 90 images. Overall, it was confirmed that the weight

some points were removed. In Case 2, there was a 1% error when
nothing was removed. However, the error started to increase from the
13th image and did not increase further from the 18th image. Errors
occurred depending on the area in which the image existed; such errors
did not occur for the other test data. It is suspected that this phenomenon
occurred because of the lack of training data.

Fig. 21 shows three data points continuously measured as the pig
walks, which were cases where many errors occurred in a previous
study. Fig. 21(a) corresponds to Case 1 in Fig. 20. It was highly bent,
resulting in a large difference in the data between the left and right sides.
In this study, there was no effect on the left or right side as a result of our
implementation.

11
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Fig. 17. Estimation results with test dataset.
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Fig. 18. Distribution of error rate (DenseNet121).
4. Discussion weight of pigs using point cloud data. The performance of three CNN
models (VGG16, DenseNet121, and EfficientNet BO) was analyzed, and
In this study, a CNN-based method was proposed to estimate the each model showed the performance described in Table 1. Upon
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Fig. 19. Estimation results with test dataset (average value, DenseNet121).
25
20
15
% Casel
m
10
5
Case?2
0
123456 7 8 91011121314 151617 18 19 20 21 22 23 24 25 26 27 28 29 30 |mage number
(a) Errors due to additionalimage generation
1 19

(b) Images of Case1

18

(c) Images of Case2

Fig. 20. Cases where significant errors occurred.
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(b)

Fig. 21. Continuously measured data for the pig in Case 1.

analyzing the results, VGG16 recorded the lowest MAE, MAPE, and
RMSE, as well as the highest R* value on the training dataset, demon-
strating excellent training performance. However, its performance
significantly declined on the test dataset, suggesting the possibility of
overfitting. On the other hand, DenseNet121 showed the highest error
on the training dataset but recorded the lowest error on the test dataset.
This can be attributed to DenseNet’s unique structural feature of con-
necting layers, which allows efficient reuse of features, resulting in high
generalization performance. Additionally, since the dataset used in this
study is relatively small, the inter-layer connectivity of DenseNet likely
minimized information loss and helped address the vanishing gradient
problem commonly encountered in deep learning models. These char-
acteristics likely enabled DenseNet to secure better generalization per-
formance than the other models, leading to stable prediction
performance on the test data.

The data used in this study focused on obtaining complete data for
half of the pig’s body by dividing the entire body in half. This approach
contributed to improving the accuracy of weight estimation, but
obtaining complete side data for animals in clustered or moving con-
ditions remains a challenge. To enhance the efficiency of weight esti-
mation, it is necessary to apply point clouds obtained from a single
camera, but this may lead to variations in the animal’s center and
orientation. Currently, the center of the image is set based on the center
point of the entire points used, but replacing this with the center point of
the body could better reflect the characteristics. The center of the body
can be determined based on the front and rear legs. Since the body can
be judged by using the front and rear legs, this approach should be
considered in future studies. Moreover, even when the maximum-sized
pig is applied, there is still some margin in the converted image. To
better capture the characteristics of the pig in smaller images, im-
provements in pixel size are necessary. In this study, an image size of
128x64 was used, but applying a higher resolution is expected to yield
more accurate results, which would require the acquisition of more data.
Although this study was limited to pigs, there are plans to apply the
method to other livestock such as cattle. Since the size of the livestock
differs, appropriate pixel settings, as well as the image’s center and
orientation, need to be determined. For cattle, only part of the side
might be captured in a single image, and combining images of different
side parts might be necessary to address this issue.

Additionally, in a Windows 11 environment using a PC equipped
with an 19-13900 K CPU, it took less than 0.05 s to generate a single
grayscale image from point cloud data composed of hundreds of

Table 2
Comparison of the present study with previous research.

thousands of points. Testing 14,700 grayscale images took approxi-
mately 90 s, with an average of 0.0061 s per image. This fast data
generation and testing capability offer great advantages in processing
and analyzing large amounts of data. It also opens up the possibility of
improving accuracy by removing outliers and using the average value
from multiple images.

Finally, Table 2 compares the results with previous studies. Most
studies applied to pigs have focused on growing-finishing pigs, esti-
mating weight using side or top-view images, but despite the simple
shapes of the livestock, accuracy has not been high. The method pro-
posed by Dohmen et al. [41] shows relatively high accuracy, but it was
applied to young cattle, and the 2D images lacked depth information,
requiring correction. The results of this study are significant in that point
cloud data were used, reflecting both size and depth information, which
enables accurate weight estimation automatically.

5. Conclusion

Predicting the weight of moving livestock is challenging because of
their changing postures. In the case of sows, a comprehensive acquisi-
tion of data encompassing the entire body is necessary for accurate
weight prediction. This typically involves the installation of multiple
cameras and the use of supporting structures. This study demonstrates
the potential of a CNN-based method for weight prediction of walking
breed sows using partial measurement data. The method converts point
cloud data representing half of the pig’s body into 2D grayscale images,
which are then used as input for CNN models to predict weight. This
approach simplifies the camera setup requirements and enables accurate
predictions even in dynamic environments where the animals’ postures
are constantly changing, effectively capturing data in such conditions.

The results showed that all three CNN models achieved high accu-
racy, with error rates below 2%, and DenseNet121 performed the best,
with a MAPE of 1.35%. This suggests that CNN models can effectively
compensate for variations due to posture changes, and the methodology
of using point cloud data and grayscale images offers a valid alternative
to traditional weight prediction methods. However, some of the data
exhibited significant errors, and subtle differences in the images influ-
enced the predictions. A total of 1630 measurement data points from 71
pigs were used, and it was judged that the phenomenon occurred owing
to the insufficient amount of training data.

In the future, it will be important to secure more training data to
improve the robustness of the model. Although this study focused on

Present study Kwon and Mun, 2023

Liu et al., 2023 [32]

Ruchay el al, 2022 Dohmen et al., 2021 Meckbach et al., 2021

[26] [18] [41] [30]

Animal Breed sows Breed sows Growing-finishing Cows Heifers Growing-finishing pigs
pigs
Weight range 168 kg to 313kg 168 kg to 313kg 70 to 150kg 243 to 605kg 37 to 370kg 20 to 133kg
Data acquired Point cloud Point cloud RGB images Point cloud RGB images
Measurement Side Full Side Side Top/Side Top
range
Data conversion Gray scale 3D Meshes RGB images RGB images RGB images RGB images
images

Weight estimation CNN Deep neural network CNN CNN CNN
Estimation error MAPE: 1.35% MAPE: 2.11% MAPE: 2.82% MAPE:8.4% RSME: 20kg MAPE:3.9%
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breed sows, it also suggests the potential for expanding the methodology
to other livestock species such as cattle, with the need for data collection
and processing techniques tailored to the size and shape of each animal.
The results of this study contribute to the advancement of automated
weight prediction systems and are expected to play a significant role in
improving the operational efficiency of the livestock industry.
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