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Abstract: This study presents a novel approach for automating the body condition scoring of dairy
cows, leveraging advancements in 3D imaging technology and deep neural networks. The primary
objective was to design and implement a system capable of accurately and efficiently assessing
the body condition of dairy cows, a critical metric in livestock management for optimizing health
and productivity. To achieve this, a 3D camera was employed to capture detailed point cloud data,
reconstructing the three-dimensional morphology of individual cows. The obtained data were then
fed into a deep neural network, specifically tailored for the task of ranking body condition. The
neural network was trained on a diverse dataset of annotated body condition score representing
varying degrees of body condition, ensuring robust performance across different physiological states.
The results demonstrate the efficacy of the proposed system in automatically and objectively scoring
the body condition of dairy cows. The automated process not only expedites the assessment but also
reduces the subjectivity associated with manual scoring methods. This innovative approach holds
promise for improving the efficiency of dairy farm management by providing timely and accurate
body condition assessments. The integration of 3D imaging and deep learning techniques paves
the way for future advancements in precision livestock farming, contributing to enhanced animal
welfare, optimized production, and sustainable agriculture practices.

Keywords: dairy cow; body condition score; smart farming; deep learning; machine learning;
3D imaging

1. Introduction

Dairy cow farming stands as a pivotal component of modern agriculture, playing a multifaceted
role in both sustenance and societal fabric [1]. This agricultural pursuit centers around the husbandry
of dairy cattle primarily for the production of milk and its derivatives, constituting an integral
part of the global food supply chain [2]. The significance of dairy cow farming reverberates
through its contributions to nutrition, economic stability, and rural livelihoods. Milk, a primary
output of these farms, serves as a rich source of essential nutrients, fostering public health and
well-being [3]. Economically, the dairy industry encompasses a vast network of producers, processors,
and distributors, generating substantial revenue and employment opportunities worldwide.

Body Condition Score (BCS) is a crucial metric in dairy cow farming, serving as an indicator of
the animal’s nutritional status and overall well-being [4]. The assessment of body BCS during calving,
along with the lowest BCS point and the overall loss in BCS throughout early lactation, has been linked
to milk production, reproductive outcomes, and the occurrence of postparturient diseases [5]. This
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underscores the significance of precisely monitoring nutrient reserves and their utilization during the
periparturient phase [6].

Traditionally, BCS assessment has been a manual process conducted by skilled experts or
trained assessor [7-11]. This subjective evaluation involves palpating and visually inspecting specific
anatomical areas such as the tail-head, backbone, and ribs to assign a numerical score that reflects the
cow’s body fat and muscle condition. Experts rely on their experience and tactile judgment to gauge
the adequacy of the cow’s nutrition, influencing subsequent feeding and management decisions.

While manual BCS assessment has been a longstanding practice, its subjectivity and dependency
on human expertise can introduce variability. The advent of technology, such as 3D imaging and
artificial intelligence, has opened avenues for automated BCS scoring, offering potential advancements
in accuracy, efficiency, and objectivity compared to traditional manual methods.

Deep Learning (DL), a subset of Machine Learning (ML), has emerged as a transformative
paradigm in the field of artificial intelligence, showcasing unprecedented capabilities in processing
complex data. Characterized by its utilization of deep neural networks (DNNs), DL excels in
automatically learning hierarchical representations from data, enabling the extraction of intricate
patterns and features. As articulated by LeCun et al. [12], DNNs excel at feature abstraction, enabling
the discovery of hierarchical representations that contribute to the model’s capacity to discern intricate
patterns. This capacity has proven particularly advantageous in various domains, including image and
speech recognition, natural language processing, and medical diagnostics. Moreover, the flexibility
and adaptability of DNNSs, as highlighted by Goodfellow et al. [13], make them well-suited for
diverse applications, allowing the models to learn complex representations directly from raw data.
The potential of deep learning extends beyond traditional machine learning techniques, offering
unprecedented opportunities for innovation and automation in numerous fields.

Recently, dairy cow farming has been revolutionized by the integration of smart technology,
including artificial intelligence (Al), 3D imaging, computer vision, and sensors [14,15]. The assessment
of BCS in dairy cows has seen transformative advancements with the integration of ML, DL, and
computer vision techniques. Numerous studies have explored the potential of these technologies
to automate and enhance the accuracy of BCS evaluations. Notably, researchers have employed
DL models in the analysis of point cloud data derived from 3D scans of cow bodies. W. Shi et al.
demonstrated the effectiveness of DNN models in capturing complex spatial relationships, providing
a foundation for automated BCS assessments [16]. Additionally, computer vision approaches utilizing
depth maps have been investigated. Yukun et al. explored the application of Convolutional Neural
Network (CNN) architectures in BCS prediction, showcasing the capability of these models to extract
meaningful features from depth information [17].

In this study, we present a novel approach to BCS assessment in dairy cows by introducing Point
of View (POV) features and leveraging an enhanced PointNet model. Our proposed method capitalizes
on the unique information embedded in specific anatomical viewpoints, allowing for a more nuanced
analysis of cow body conditions. By integrating these POV features into the PointNet architecture,
we enhance the model’s capacity to capture intricate spatial relationships within point cloud data.
This augmentation, coupled with the robust capabilities of the enhanced PointNet model, aims to
significantly improve the accuracy and efficiency of BCS assessments. The incorporation of POV
features not only contributes to a more detailed understanding of cow anatomy but also aligns with
the broader objective of advancing automated techniques for precise and reliable health evaluations in
dairy farming practices.

The remainder of this article is organized as follows: Section 2 delves into an exploration of the
general task of Body Condition Scoring. Following this, Section 3 elucidates the intricacies of the
proposed method. Section 4, presents a comprehensive overview of the experimental results and
engages in a thorough discussion. Finally, Section 5 concludes this work.
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2. Problem Formulation

BCS scales are not universally standardized across countries. Each region may develop its own
system or adopt a scale based on specific guidelines. For instance, the United States and typically uses
a BCS scale ranging from 1 to 5 [18], whereas some European Union countries may opt for a scale of
1 to 10 [19]. In this work, a scale of 1 to 9 is employed. This variability underscores the importance
of understanding and adhering to the specific BCS scale relevant to a particular country or region,
emphasizing the need for consistency in assessing and managing the body condition of livestock.

A point cloud data sample can be represented mathematically as a set of points in a
three-dimensional space. Each point in the point cloud corresponds to a specific position in the
3D coordinate system. Mathematically, a single point p; in 3D space can be denoted as:

pi = (%i, Yi, zi) 1)

Here, p; represents the i-th point in the point cloud, and (x;, y;, z;) are the Cartesian coordinates
of that point. For a point cloud with N points, the entire point cloud can be represented as a set:

P:{pl,pz,...,pN} (2)

In practical terms, point cloud data is often stored as arrays or matrices where each row
corresponds to a point, and the columns represent the x, y, and z coordinates. The point cloud
can then be denoted as a matrix:

X1 1oz

X2 Y2 Z2

P = 3)

XN YN 2N

In this work, the task of BCS assessment is framed as a regression problem, seeking to quantify
the relative amount of subcutaneous body fat or energy reserves in dairy cows. The regression-based
approach employs a DNN with point cloud data as inputs. The core equation for the BCS regression
task can be represented as follows:

Bcspredicted - f(P, 9) 4)

where BCS, gictes € [1 — 9] is the predicted score, f denotes the mapping function parameterized
by 6, and P represents the three-dimensional structural information derived from the dairy cow’s
anatomy, i.e., the corresponding point cloud data of that cow individual. The DNN learns the optimal
parameters 6 through the training process, enabling it to capture intricate patterns within the point
cloud data and produce a continuous prediction of the dairy cow’s body condition.

3. Materials and Methods

The proposed method for automatically scoring the BCS of dairy cows encompasses a systematic
approach involving distinct steps as follows:

1. Data acquisition

2. Data pre-processing

3. Feature computation

4. BCS assessment by DNN

Initially, the process commences with the acquisition of data through a 3D scan system, capturing
comprehensive information about the physical structure of the cows. Subsequently, a crucial step
involves Data Alignment, wherein all point cloud data obtained from the scanned cows are precisely
aligned in a uniform direction. Following this, the method incorporates a manual extraction phase,
specifically targeting the rump part from the point cloud data. This meticulous extraction ensures
that the subsequent analysis focuses on a standardized and consistent region of interest. Finally, the
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core of the proposed method involves the application of a DNN for the automated scoring of BCS.
Leveraging the extracted rump part as inputs, the DNN employs sophisticated algorithms to discern
and quantify the body condition of the dairy cows. This integrated approach aims to streamline and
enhance the accuracy of BCS assessment, offering a technologically advanced and efficient solution for
the dairy industry.

3.1. Data Acquisition

In our prior publication [20], we introduced a specialized 3D scanning system designed specifically
for capturing detailed scans of cow bodies. This technology was employed to scan a total of 403
individual dairy cows, generating a corresponding dataset of 403 point cloud samples. Concurrently,
each cow underwent a BCS assessment, conducted by dairy farming experts with specialized
knowledge. This meticulous assessment process by domain professionals yielded a dataset of
403 labeled dairy cows, providing a comprehensive foundation for our subsequent analyses and
investigations.
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Figure 1. Dairy Cow 3D Scanning System
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3.2. Data Pre-Processing

3.2.1. Global Coordinate Alignment

The Data Alignment step within the proposed methodology holds paramount importance due to
the inherent variability in the output point cloud data obtained from the initial 3D scan of cows. Given
that these scans may exhibit divergent orientations and directions, the alignment process becomes
essential to ensure uniformity and consistency in subsequent analyses. The primary objective of this
alignment step is to bring coherence to the dataset by aligning all scanned cow bodies effectively
to the 3D Global Cartesian Coordinate System (Oxyz). By aligning the scans to a standardized
coordinate system, variations in directionality are mitigated, facilitating a more accurate and coherent
representation of the cows’” anatomical structures. This meticulous alignment not only establishes a
common reference frame but also streamlines the subsequent stages of data processing, particularly
the manual extraction of the rump part and the application of the Deep Neural Network (DNN)
for automated Body Condition Score (BCS) assessment. The alignment step thus serves as a crucial
precursor, ensuring the reliability and consistency of the entire methodology for automated BCS
scoring in dairy cows.

Ilustrated in Figure 2, the initial step in the alignment process involves extracting the ground
plane from the raw input point cloud. This task is accomplished through the application of the Random
Sample Consensus (RANSAC) algorithm [21], which aids in the identification of the two ground planes.
Subsequently, the main body of the cow is isolated and projected onto the ground plane, utilizing
the Principle Component Analysis (PCA) [22] method to calculate the body’s orientation. Integrating
information about both the ground plane and the direction of the cow’s body, the input point cloud
data undergo alignment to a fixed coordinate system. This comprehensive process results in the
harmonization of all input point cloud data of cows to the global coordinate, ensuring a standardized
and consistent reference frame for subsequent analyses.

Input point cloud Ground plane detection Artifacts cleansing and Extract main body

]
1
I
1
1
|
1

|
Global coordinate alignment result Direction computing Project on ground plane

Figure 2. Global coordinate alignment process
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3.2.2. Rump Part Extraction

By employing a point cloud labelling tool [23], the manual extraction of the rump part from the
point cloud data of dairy cows is undertaken with precision and purpose. This meticulous process
involves human intervention to isolate and delineate the specific anatomical region corresponding
to the rump in each scanned cow. The rationale behind this manual extraction lies in the nuanced
complexity of identifying and capturing the rump accurately, as automated algorithms may face
challenges in discerning subtle variations in anatomy and ensuring consistent extraction across
diverse datasets. By employing human expertise, potential variations in cow positioning and body
structures can be accounted for, enhancing the robustness of subsequent analyses. The extracted rump
part serves as a focused and standardized input for the subsequent application of the DNN in the
BCS scoring process.

Input cow point cloud Determine bounding box Extract rump part point cloud

Figure 3. Rump part extraction
3.3. Features Computation

Given a point A(x4,y4,z4), for the point cloud P = {py,p2, ..., pn}, its Point of View (POV)
feature corresponding to A is defined as follows:

(5)

where d 4, is the Euclidean distance between point A(x4,4,z4) and point p;(x;,y;, z;) of the point
cloud P. Explicitly, the Euclidean distance is computed by the following formula:

da, = /(e = X2+ (ya — 92+ (24 — 2)? (6)

We select 5 different view points: Head (H), Tail (T), Left (L), Right (R), and Center (C) as illustrated
in Figure 4.
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Bounding box of rump part
Head view point

Tail view point

Left view point

Right view point

Center view point

Figure 4. Five view points to compute PoV features

After the computation, a point cloud sample P is transformed into Pr which can be represented
as follows:
X1 y1 z1 dmg, dr, dr, dg, dg
X2 Y2 z2 dp, dr, dp, dr, dg,

PF = )
AN YN 2N dmy dry diy dry dey
The regression problem represented in Equation (4) can be rewritten as follows:
PF = F(P)
(®)

Bcspredicted = f(PF, 6)

where F () denotes the feature computing function; whiles BCS,egicted, f, P, and 6 are the same as in
Equation (8).

3.4. Deep Neural Network Training

The task of estimating BCS of a cow’s body is formulated as a regression problem using point
cloud data. To tackle this challenge, we leverage PointNet, a DNN designed for comprehensive 3D
data analysis, offering the unique capability to learn both global and local features [24]. As shown in
Figure 5, the architecture of PointNet is as follows: it incorporates an Input Transform network (T-Net),
succeeded by a sequence of Multi-Layer Perceptrons (MLPs) dedicated to local feature extraction.
The Input Transform network adeptly captures transformations, ensuring the network’s resilience to
variations in input point permutations, rotations, and translations. Following this, a Feature Transform
network (T-Net) is employed to augment the network’s ability to handle diverse point orderings.
Upon local feature extraction, a global feature vector is derived through max pooling, facilitating the
aggregation of information from the entire point cloud. This global feature vector undergoes further
processing by a set of MLPs, culminating in the production of the final segmentation mask. This mask
assigns class labels to each individual point, effectively completing the task. The synergistic interplay
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between the Input and Feature Transform networks empowers PointNet to robustly extract features
from point cloud data, making it a potent solution for the nuanced task of detecting specific points on
a cow’s body.

Input transform Feature transform

Multi-Layer
Perceptron

Matrix
multiply

Matrix
multiply

Multi-Layer
Multi-Layer Perceptron

Perceptron

BCS
Prediction

Figure 5. Deep neural network: PointNet

The initial PointNet models were originally designed for diverse applications, including point
cloud part segmentation and point cloud classification. In these applications, the input for PointNet
models traditionally consists of three dimensions corresponding to the Cartesian coordinates (x, y, z).
However, in the present study, we have adapted and enhanced our DNN-based PointNet model by
modifying the input size to encompass 8 dimensions, aligning with the characteristics of the input data.
Specifically, the input now incorporates not only the conventional three Cartesian coordinates but also
three additional dimensions representing the Gaussian Distance. This modification aims to enrich the
model’s capacity to capture and analyze essential features within the point cloud data, facilitating
improved performance in tasks such as segmentation and classification.

In the training process, we harnessed a dataset comprising 403 samples of point cloud data
from dairy cows, with 15% of the data reserved for rigorous model performance evaluation. The
implementation of our PointNet models was conducted using the PyTorch deep learning framework
version 1.13, capitalizing on its versatility for seamless model development and optimization. These
experiments were orchestrated on a GPU GTX3090, exploiting its parallel processing capabilities to
expedite training times. To guide the optimization process, we employed the Mean Squared Error
(MSE) loss function for regression tasks. Our training protocol also included a carefully chosen learning
rate of 0.001 and the utilization of the Stochastic Gradient Descent (SGD) optimization algorithm.
These parameters were fine-tuned to strike a balance between convergence speed and model stability,
further enhancing the accuracy and efficiency of our PointNet models for the nuanced analysis of dairy
cow point cloud data.

4. Result and Discussion

The outcomes of our experiments, aimed at evaluating the performance of various input data
representations and DNN models in the context of BCS, are detailed below. Four distinct input data
types were considered: Full Cow Body Point Cloud, Rump Part Point Cloud, POV features, and
Depth Map. These were processed by different DNN models, including PointNet [24], VGG [25],
EfficientNet [26], and an enhanced PointNet variant incorporating POV features.
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Full Cow Body Point Cloud vs. Rump Part Point Cloud

Comparing the results of the PointNet model applied to the full cow body point cloud and the
rump part point cloud, it is evident that focusing on the rump part yields superior performance. The
Rump Part Point Cloud configuration exhibits a lower Root Mean Squared Error (RMSE) of 0.92, a
reduced Mean Absolute Error (MAE) of 0.69, and a slightly lower Mean Absolute Percentage Error
(MAPE) of 14.68%, outperforming the Full Cow Body Point Cloud configuration in all metrics.

Depth Map Representations

Introducing Depth Map representations into the mix, the VGG model showcases competitive
results with an RMSE of 0.93, MAE of 0.67, and MAPE of 15.59%. In contrast, the EfficientNet model,
although proficient, demonstrates slightly higher errors with an RMSE of 1.10, MAE of 0.79, and
MAPE of 18.65%. This suggests that the choice of the DNN architecture significantly influences the
performance, with VGG exhibiting more favorable outcomes than EfficientNet for this task.

POV Features - Enhanced PointNet

The POV Features - Enhanced PointNet configuration emerges as the most promising, boasting
the lowest errors across all metrics. With an RMSE of 0.77, MAE of 0.49, and MAPE of 11.19%,
this configuration not only outperforms the other models but also demonstrates the effectiveness of
incorporating Point of View features in enhancing BCS prediction accuracy.

Conducting experiments on the same 61 data samples facilitates a robust comparative analysis,
the full results are shown in Table 1. The results underscore the importance of carefully selecting
both the input data representation and the DNN model architecture for BCS tasks. While PointNet
proves effective, the nuances of the cow’s anatomy, as captured by the rump part, significantly
contribute to improved accuracy. Additionally, the incorporation of POV features in the Enhanced
PointNet model showcases the potential for leveraging specific anatomical viewpoints to enhance
predictive capabilities.

Table 1. Experiment results.

Input data DNN model RMSE | MAE | MAPE (%)
Full cow body point cloud | PointNet 1.00 0.74 15.33
Rump part point cloud PointNet 0.92 0.69 14.68
Depth map VGG 0.93 0.67 15.59
Depth map EfficientNet 1.10 0.79 18.65
POV features Enhanced PointNet 0.77 0.49 11.19

These findings provide valuable insights into the optimization of BCS prediction models, offering
guidance for practitioners seeking to deploy efficient and accurate automated BCS assessment systems
in dairy farming.

5. Conclusions

This study introduces an innovative automated body condition scoring system for dairy cows,
utilizing 3D imaging and deep neural networks. The system proves effective in providing objective
and accurate assessments, addressing limitations associated with manual scoring methods. Results
from validation indicate reliability and consistency compared to traditional approaches, emphasizing
time savings and reduced subjectivity.

The success of this system extends beyond dairy herd management, offering potential applications
in precision agriculture. As we navigate the convergence of technology and farming, this research
signifies a step towards optimizing animal welfare, improving production outcomes, and promoting
sustainability in the dairy industry.

Looking ahead, the study paves the way for future enhancements in automated BCS
assessment for dairy cows. Prospective research directions include the integration of multi-modal
data for a more comprehensive dataset, exploration of transfer learning techniques, fine-tuning
model hyper-parameters, assessing robustness to environmental factors, optimizing for real-time
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implementation, developing user-friendly interfaces, and collaborating with veterinary experts to
refine assessment criteria. These endeavors aim to bolster the accuracy, applicability, and practicality
of automated BCS systems, facilitating their seamless integration into dairy farming practices for
improved herd management and health monitoring.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

BCS Body Condition Score

CNN Convolutional Neural Network
DL Deep Learning

DNN Deep Neural Network

PCA Principle Component Analysis
ML Machine Learning

MLPs Multi-Layer Perceptrons

MSE Mean Squared Error

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
POV Point of View

RMSE Root Mean Squared Error
RANSAC  Random Sample Consensus
SGD Stochastic Gradient Descent
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