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AI-ML Powered Pig Behavior Classification and Body Weight
Prediction

Sanjana M Bharadwaj

(ABSTRACT)

Precision livestock farming technologies have been widely researched over the last decade.

These technologies help in monitoring animal health and welfare parameters in a continuous,

automated fashion. Under this umbrella of precision livestock farming, this study focuses on

activity classification and body weight prediction in pigs. Activity monitoring is essential

for understanding the health and growth of pigs. To automate this task effectively, we pro-

pose efficient and accurate sensor-based deep learning (DL) solutions. Among these, the 2D

Residual Networks emerged as the best performing model, achieving an accuracy of 95.6%.

This accuracy was 15.6% higher than that of other machine learning approaches. Addition-

ally, accurate pig weight estimation is crucial for pork production, as it provides valuable

insights into growth rates, disease prevalence, and overall health. Traditional manual meth-

ods of estimating pig weights are time-consuming and labor-intensive. To address this issue,

we propose a novel approach that utilizes deep learning techniques on depth images for

weight prediction. Through a custom image preprocessing pipeline, we train DL models to

extract meaningful information from depth images for weight prediction. Our findings show

that XceptionNet gives promising results, with a mean absolute error of 2.82 kg and a mean

absolute percentage error of 7.42%. In comparison, the best performing statistical model,

support vector machine, achieved a mean absolute error of 4.51 kg mean absolute percentage

error of 15.56%.
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(GENERAL AUDIENCE ABSTRACT)

With the increasing demand for food production in recent decades, the livestock farming

industry faces significant pressure to modernize its methods. Traditional manual tasks such

as activity monitoring and body weight measurement have been time-consuming and labor-

intensive. Moreover, manual handling of animals can cause stress, negatively affecting their

health. To address these challenges, this study proposes deep learning-based solutions for

both activity classification and automated body weight prediction. For activity classification,

our solution incorporates strategic data preprocessing techniques. Among various learning

techniques, our deep learning model, the 2D Residual Networks, achieved an accuracy of

95.6%, surpassing other approaches by 15.6%. Furthermore, this study also compares sta-

tistical models with deep learning models for the body weight prediction task. Our analysis

demonstrates that deep learning models outperform statistical models in terms of accuracy

and inference time. Specifically, XceptionNet yielded promising results, with a mean abso-

lute error of 2.82 kg and a mean absolute percentage error of 7.42%, outperforming the best

statistical model by nearly 8%.
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Chapter 1

Introduction

1.1 Motivation & Background

The livestock industry is a cornerstone of the global food system and plays a vital role in

ensuring food security, and advancing agricultural development. According to the Food and

Agriculture Organization (FAO), livestock accounts for 40% of the global agricultural value

and sustains the livelihoods and food security of nearly 1.3 billion individuals worldwide.

Animal production industry in its traditional format is seen to be a market with marginal

profits. This makes growth, reproduction, and well-being monitoring of each animal crucial

for a profitable business. Additionally, there is a huge focus on improving livestock sector

practices so that they are more viable, more profitable, and pose less risk to animal and

human health.

Before moving forward, let us understand what we mean by, ’livestock’. Livestock encom-

passes domesticated animals that are reared for purposes such as food, fiber, labor, and

other products. This category includes animals such as cattle, swine, poultry, sheep, and

goats, among others. Livestock is integral to agriculture and serves as a crucial component

of the food production industry.

1
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On the other hand, livestock farming involves raising animals for a range of purposes includ-

ing food production, clothing, and labor. Globally, livestock farming is integral to both the

economy and cultural practices. In the United States, for instance, the livestock industry

contributes billions of dollars in revenue annually and sustains millions of jobs.

Recent trends reveal three significant challenges on a global scale emerging from livestock

farming. Firstly, the demand for livestock products such as meat, eggs, and dairy is growing

rapidly due to the rising global population and the increasing accessibility of these goods.

Secondly, the number of livestock farmers and the extent of farmland have been declining

steadily for years, primarily due to limited land availability. Lastly, there is a growing

concern about the negative impact of livestock on major global issues such as climate change,

deforestation, and environmental degradation.

To tackle these challenges, emerging solutions in the field of precision livestock farming

(PLF) show promise, although they are still in the early stages of widespread adoption.

According to Berckmans, PLF is defined as the, “management of individual animals by con-

tinuous, automated, and real-time monitoring of health, welfare, production/reproduction,

and environmental impact” . Precision Livestock Farming (PLF) is a cutting-edge method

that leverages technology and data analytics to enhance livestock production and manage-

ment. It combines sensors, automation, and monitoring systems to collect real-time data on

animal health, behavior, and environmental factors, as shown in Figure 1.1. This information

empowers farmers to make strategic decisions regarding nutrition, health care, breeding, and

general animal welfare. PLF seeks to boost productivity, reduce resource wastage, improve

animal welfare, and support sustainable and efficient livestock farming methods.
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Our study majorly focuses on pigs, we try to address research questions around how we

can improve the health monitoring and pork production. We collaborated with the Virginia

Tech School of Animal Sciences to get high quality raw data and understand domain specific

concepts.

There are two facets to our study, firstly, where we focus on identifying the activities of pigs

using sensor-based analysis. Secondly, we propose methods for automatic weight prediction

of pigs using depth images. In both the projects, we primarily highlight the use of deep

learning solutions and show that these approaches give better results than the other solutions

present in the literature. We talk in more detail about these two projects in the following

sub-sections.

Figure 1.1: Flow of data in a typical precision livestock farming application

1.1.1 Behavior Classification

Pigs, like other animals, display various behaviors that can signal their comfort levels and

general health [28, 32]. There is a direct correlation between improving pork production and

ensuring animal care and welfare. For example, pigs are known to be comparatively more

sensitive to external environmental conditions. They tend to show heightened activity levels

as a direct reaction to some internal discomfort they are experiencing.
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For instance, to beat the heat stress and decrease the heat and improve thermoregulation,

pigs reduce movement [31]. This shows that animal behavior has a direct correlation with

their well-being in general, making the task of behavior monitoring important.

Our main motivation stemmed from the fact that historically, monitoring these behaviors

involved manual, labor-intensive methods that struggled with providing continuous oversight

and were prone to human error. Moreover, manual intervention in monitoring activities can

prove to be subjective and therefore, not very reliable.

We believe that introducing sensor-based pig monitoring system can bring in the required

objectivity in this task. Recent technological progress has attested for the sensor and video

camera-based monitoring systems, that when combined with machine learning and deep

learning approaches, offer improved efficiency and continuous monitoring [1, 52]. Sensors like

accelerometers and gyroscopes are heavily used in such tasks. Accelerometers help identify

animal activities based on their body movements by calculating the linear acceleration.

Additionally, gyroscopes give us the information about the orientation and rotation of the

animal. These two sensors were mounted on a micro controller designed to work as a wireless

sensor node (WSN), which was used to capture the raw data in our study.

Notably, several studies have overlooked the data leakage problem – that refers to the use

of leaked information during model training and validation which would not be available in

the prediction stage, as shown in Figure 1.2. This issue mostly occurs when the test data

spills over to the training/validation data, thereby making the results invalid. Oftentimes,

this can lead to overly optimistic modeling performance (overfitting) on the test data, since

the patterns of the data were already revealed to the model during training. Consequently,

the same model can show poor performance when it is applied to a new, unlabeled data.
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Figure 1.2: Illustration of data leakage problem

In our study, we have proposed two methods such as ”Non-class-based data segmentation”

and ”Chronological train/test split”. Post this, we extracted features and applied different

machine learning models and trained deep learning models on raw data. Additionally, we

study how our proposed data processing methods work as opposed to the regular ”class-

based segmentation” and ”randomly splitting the data”. Our proposed techniques ensure

that there is minimal data leakage and the classification results obtained reflect the true

performance of the models.

1.1.2 Weight Prediction

Pig health is vital for efficient production, with body weight serving as a crucial indicator of

growth and well-being, influencing feed conversion rate and growth rate [5], [20]. Traditional

weighing methods entail manually transporting pigs to scales, causing stress to the animals

and posing challenges in monitoring large populations regularly [11], [18].

To address these challenges, researchers are exploring automated weight prediction systems.

These systems utilize non-invasive and efficient techniques such as image data and 3D depth

data for weight prediction. In this study, we propose using a 3D depth video imaging system

combined with deep learning models to estimate pig weight. The simplicity of our approach

is a key highlight, offering both simplicity and accurate results.
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Traditional automated weight prediction systems have relied on machine learning-based ap-

proaches, which require manual extraction of morphological identifiers. However, these meth-

ods often suffer from low performance due to the need for feature extraction. Therefore, we

provide a comprehensive comparative analysis between traditional statistical methods and

modern deep learning (DL) techniques. Our study demonstrates the superior performance

of DL methods when trained and tested on the same data.
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1.2 Contributions

This thesis majorly focuses on the use of deep learning (DL) solutions on the tasks in precision

livestock farming. We want to be able to show that DL techniques provide better flexibility,

generalizability and higher performance overall. The main contributions of this study can

be summarized as follows:

• Behavior Classification

– Proposed strategic data preprocessing techniques for time-series sensor data en-

suring to avoid data leakage, non-class-based data segmentation and chronological

train/test split

– Deep learning-based solution for activity classification, with our best performing

model, 2D residual networks achieving an accuracy of 95.6%

• Body Weight Prediction

– Proposed a simple and efficient image preprocessing pipeline to work on depth

images

– Presented a comprehensive comparative analysis, evaluating traditional statistical

methods alongside DL techniques on a custom-collected dataset to ensure a fair

comparison

– Showed that DL-based models, trained directly on raw depth images with min-

imal automated preprocessing, outperformed statistical methods, both in terms

of accuracy and inference time

We have submitted two papers inspired from these two projects to the IEEE Multimedia

Information Processing and Retrieval (MIPR) 2024.



Chapter 2

Review of Literature

2.1 Precision Livestock Management

In modern agriculture, pigs are essential protein sources, crucial for meeting global food de-

mands [41], [9]. This increased demand has led to a surge in pig production, with precision

livestock farming gaining momentum to meet these needs [4]. Technologies are being de-

veloped for continuous and automated monitoring of animal health and welfare parameters,

offering opportunities to enhance productivity and detect health issues at early stages[39].

An interesting study by the Food and Agriculture Organization (FAO) reveals that by the

year 2050, there is likely going to be an increase of 46% globally in comparison with 2012.

They also discuss number pertaining to each field, such as pigs are going to increase three-

fold, poultry over five-folds and cattle is predicted to grow by two-folds [23].

2.2 Sensor-based Behavior Classification

In the case of pigs, activity recognition systems typically monitor various behaviors, such as

lying down, standing, drinking, eating, walking and interacting with one another [17, 37, 49,

51]. In [38], the author discussed how manual monitoring is not practical in a commercial

setup. The author here, further proposes measuring standing, feeding and drinking activities

8
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using only a single vision sensor providing 3D trajectories. However, use of only a single vision

sensor did not help in validating other behavior categories like running, laying, etc., which

can be seen as a downside of this study.

Some other studies used only accelerometer data to classify behaviors with the help of heuris-

tically tuned thresholds, with time and frequency domain statistical parameters. In [12],

proposes using 3D accelerometer data (acceleration in x,y,z directions) for determination of

cows in standing position. They extract statistical data from sensor and estimate the values

representing standing apart from lying. It is seen that these thresholds are fixed manually

by analyzing the data.

2.2.1 Machine Learning Solutions

Previous studies have used traditional machine learning algorithms with varying success,

often relying on hand-crafted features extracted from raw sensor data [6, 7, 10, 21]. Interest-

ingly, in [21], the authors propose the idea of forming a collective ensemble of classifiers built

in different domains such as, change, frequency and time. These are complicated machine

learning algorithms which require the feature domain data for training and testing.

Furthermore, [7] calculates almost 585 features and applied on standard machine learning

algorithms like support vector machines, decision trees, etc. This study used the human

activity recognition dataset to classify activities like standing, walking, lying, sitting, and so

on. This feature extraction process can be time-consuming and may not effectively capture

complex patterns in the data. Moreover, the features are not sensor-agnostic. Different

features will have to be calculated for different sensors. To overcome these challenges posed

by traditional ML methods, in the section below, we discuss how DL has revolutionized

analysis.
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2.2.2 Deep Learning Solutions

The potential for leveraging deep learning algorithms for this task on motion sensor data

remains largely unexplored in the field of agriculture and livestock [22, 46]. With deep neural

learning transforming the way we handle data, it was surprising to see that studies had not

leveraged this for the activity classification task in this domain.

To get a better understanding of how deep neural networks can be leveraged for time series

data in general, [25] gives a comprehensive summary around this topic. The paper deep

dives into the details of designing convolutional neural networks (CNN) and recurrent neural

networks (RNN) for the tasks such as classification, forecasting, anomaly detection, etc. The

paper proposes using fully connected networks (FCN) allowing input and output signals to

have same dimensions.

An interesting point we picked from [47], is how we can leverage CNN to work for time

series data by transforming time-series data into an image. This is where our idea of using

2D-CNN in our study comes from. Packaging 1-D data as 2-D can help leverage many deep

learning models known to work well on images.

Geng et al. [26], talks about the idea of using cost sensitive convolutional neural network to

be able to adapt the data used for training, based on the misclassifications being performed

by the model.

2.3 Image-based Pig Body Weight Prediction

As discussed above in the introduction, weight measurement was conventionally largely done

manually. Following the evolution of automating this task, it is seen that the accuracy of

the weight prediction system depends on the input to the prediction model. To overcome
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the challenges posed by manual weighing, with advances in camera technology and image

processing techniques there has been a surge in exploration of non-invasive and cost-effective

alternatives to manual weighting [43], [35], [48].

These alternatives primarily involve weight prediction systems utilizing computer vision,

image processing, and machine learning [2], [29].

2.3.1 Digital Image Processing for Weight Prediction

Digital image analysis has become a prevalent method for predicting animal weight. In this

approach, various body dimensions such as length, width, and area are measured and corre-

lated with the animal’s weight. For example, [40] used digital image analysis to estimate the

weight of pigs, and the experimental results showed that the back area of pigs correlated best

with weight, which is possible to be used to effectively determine pig weight. Although, this

processing has shown great results, it is not without its drawbacks, such that it requires an-

imals to be in a predefined, relatively straight posture for accurate dimension measurement.

If the animal is in a bent posture, estimating body length or width becomes challenging.

Furthermore, initial studies utilized RGB cameras to capture 2D images of pigs in pens. Us-

ing these 2D images and image processing libraries, researchers identified the morphological

attributes like the length and width.

Subsequent studies started using Deep Learning methods to extract features and train model

on these features and get the estimated weight result. Some studies[8, 13], have utilized

artificial neural networks on RGB images to estimate the weight. These models used fully

connected convolutional layers

But these images lacked precision in estimating pig body volume or parameters relating to

animal curvature information like body girth, volume and height [44]. Subsequent research
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shifted to using depth cameras, such as Kinect, Intel Realsense, Asus Xtion, to obtain more

accurate depth information for calculating pig body volume [14].

2.3.2 Depth Images Processing for Weight Prediction

Over the last couple of decades, to overcome the challenges posed by digital image analysis,

there has been an increased use of 3D data to extract the volume feature from the data.

3D data such as depth images and point clouds are being used heavily in this application

domain. Pigs height are estimated using the depth information in the images. Digital

image processing techniques are commonly employed to extract biometric features such as

length, width, height, and volume from depth images, with studies demonstrating a strong

correlation between pig volume and weight , [24], [34], [50].

However, these methods necessitate manual extraction of features, which is inadequate as

these features are limited, and even slight changes in the pig’s posture can affect all pa-

rameters. Moreover, this approach usually involves meticulous image processing, including

pre-processing, quality control, and ensuring optimal pig body posture and lighting con-

ditions. This process can be time-consuming due to the dataset’s size and the number of

images.

2.3.3 Point Cloud Data Processing for Weight Prediction

Furthermore, 3D point cloud data is seen to provide more detailed information about the pig

body height and girth. Studies [36, 53] have shown that when deep learning models using

attention-based networks tends to give promising results.

Liu et al. [36] proposes an intriguing idea with collecting 3D point cloud data using a depth
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camera. The weight prediction model uses a multi-modal architecture which is the point

cloud data and the corresponding RGB data. This inspired us to use the multi-input CNN

models. However, we use derived features from the depth images. This is to ensure that our

models can work only with depth images.



Chapter 3

Behavior Classification

This section discusses the first project covered as part of this thesis, ’Sensor-based Behavior

Classification’. Our main aim here is to be able to correctly distinguish different pig behav-

iors based on accelerometer and gyroscope data. Secondly, we also focus on the problem

of ’data leakage’ as a common oversight in multiple time series analysis tasks. We propose

strategic data preprocessing techniques to mitigate the problem of data leakage and im-

prove the performance of models. The following sections are organized into data acquisition,

experimental setup, modeling and results and discussions.

3.1 Data Acquisition

We collected time-series sensor data using accelerometer and gyroscope attached to the pig’s

ears. We will talk in detail about the sensors and the data collection process in the following

sections.

3.1.1 Sensors

The study utilized the MetaMotionC (MMC) sensor from MBIENTAB to measure linear ac-

celeration and angular velocity across three dimensions, as depicted in Figure 3.1. The MMC

is a wearable device that provides real-time, continuous monitoring of motion and environ-

14
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mental data, with a 50 Hz sampling rate. Its inertial measurement unit captures 3-axis accel-

eration and angular velocity. More information on measurement ranges and hardware specifi-

cations is available on the MBIENTAB website (https://mbientlab.com/documents/MetaMotionC-

PS2.pdf).

Figure 3.1: The MMC circuit board (left and center), a hand holding a coin next to a cell
phone (right). The pictures are courtesy of MBIENTAB (https://mbientlab.com).

MMC’s compact design, featuring ultra-low-power capabilities, high-quality sensors, and a

coin cell battery, makes it well-suited for use in pig ear tag sensors. The device integrates an

ARM Cortex M4F processor, a 9-DoF IMU (Inertial Measurement Unit), a high-precision

altimeter, and wireless communication at 33 kb/s on the 2.4GHz frequency, making it ideal

for activity classification tasks.

The sensor measures 7/8 inch in diameter and 1/4 inch in thickness, while the pink case

measures 1.12 inch in length, as shown in Figure 3.2. Each data point includes measurements

of acceleration and angular velocity across three axes, a timestamp, and a counter value,

which serve to verify data validity.

3.1.2 Sensor Placement & Camera Setup

This sensor was strategically placed on the ears of pigs, using the sensor case as shown in

Figure 3.2 To enhance the sensor data, we positioned a camera on the barn’s roof. This
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Figure 3.2: The coin sensor and the sensor case used in the study

camera recorded the pigs’ movements and played a key role in helping us manually annotate

the motion data gathered by the ear-tag sensor. We used an RGB camera to record videos at

a rate of thirty frames per second. These video recordings served as a reference for validating

data annotations.

3.1.3 Data Collection

A notable aspect of our study is the dataset we gathered and annotated. Over the course of

24 days in the fall of 2022, we observed two pigs, resulting in a robust dataset that covered a

total of one hundred hours. Data was collected using both the MetaMotionC sensor and an

RGB camera. The pigs, differing in size, shared a pigpen that was spacious enough for them

to move freely during data collection. We ensured the pigs had continuous access to food,

water, and toys. One evaluator observed the pigs’ behaviors via a closed-circuit television

from a nearby room, intervening if a pig attempted to tamper with the sensor node. Data

was collected in two separate periods each day to maximize data variety. These periods were

coordinated with the farm manager’s schedule.
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3.1.4 Data Labeling

After collecting raw data using the sensor and camera, we carefully reviewed one hundred

hours of data to manually annotate it with SensiML Data Capture Lab. This tool was

essential for labeling different events within the sensor data, offering easy-to-use graphing

tools and a media player to sync video and audio files with the sensor data. Our annotated

dataset covered a period of forty hours and included data from twelve distinct pig activities.

Table 3.1 outlines the distribution of the various activities observed in the data.

Despite the richness of this curated dataset, we faced challenges such as noise and outliers due

to sensor failures, transmission errors, and battery issues. This highlighted the importance

of data preprocessing to improve prediction performance, which we will discuss further in

the next section.

The carefully curated dataset is a key part of our research, allowing us to investigate and

propose new methods for recognizing pig activities.

Table 3.1: Percentage of Six Major Behaviors

Class Proportion (%)
Drinking 3.53
Eating 44.6

Interacting With Each Other 3.73
Laying 24.85

Standing 8.68
Walking 14.58
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3.2 Experimental Setup

3.2.1 Data Preprocessing

To maintain the quality and reliability of the collected sensor data, we carried out essential

preprocessing steps, including outlier detection and standardization. We began the process

by identifying and correcting erroneous data points in the sensor data through an outlier

detection method. This step is vital because outliers can introduce noise and inaccuracies,

potentially affecting model performance. We used the robust interquartile range method,

which calculates the difference between the first and third quartiles (the interquartile range)

of the data. Any data point outside this range is flagged as an outlier. Once detected, we

used linear interpolation to replace the outliers with appropriate values, keeping the dataset

consistent over time.

Additionally, we standardized each dimension of the accelerometer and gyroscope sensors

for uniformity and consistency across all data values. This standardization process involves

scaling the data to have a mean of zero and a standard deviation of one. It ensures that

each feature is on the same scale and has an equal influence on the model, also helping to

minimize the impact of outliers on the model’s performance.

3.2.2 Feature Extraction

In the field of machine learning, features refer to raw data converted into numerical represen-

tations that retain the original data distribution [30, 42]. In our study, we used time domain

features such as mean, standard deviation, minimum, maximum, median, and interquartile

range from accelerometer and gyroscope readings along the x, y, and z axes. These features

are commonly used in activity recognition research because they are simple to compute and
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require low computational power. They also offer valuable insights into pigs’ movements,

including range of motion, speed, and stability [19].

We also transformed the time domain dataset into a frequency domain dataset using the Fast

Fourier Transform method. Features such as sample frequencies, phase, maximum amplitude

frequency, power spectral density, power spectral entropy, and weighted frequencies were

included. These frequency domain features are beneficial for detecting patterns in the data

and capturing signal frequency content.

By combining both time and frequency domain features, we created a comprehensive ‘feature

domain dataset’ for further analysis and modeling. This approach captures different facets

of the data, providing a complete representation of pigs’ movement patterns, which is crucial

for animal behavior research.

3.2.3 Proposed Time Window Segmentation Method

Windowing is the process of segmenting continuous sensor data into smaller time intervals,

or windows, for classification purposes. Each window typically spans a few seconds and is

labeled with the activity occurring during that time [3].

The standard windowing method, known as ”class-based windowing,” organizes data accord-

ing to activity labels before creating windows. This method assumes access to activity labels

during both training and testing phases. However, this introduces bias since the system uses

activity labels during training that it wouldn’t have during real-world testing, potentially

leading to high performance on training data but poor generalization to new, unfamiliar

data.

To address this bias, we propose ”non-class-based windowing,” which divides sensor data

into windows based on the natural time sequence of the recorded dataset, without sorting
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by activity labels. This method more accurately mirrors real-world scenarios where the

system does not have access to activity labels during testing. It ensures robustness and

precise activity recognition, even in scenarios with interleaved activities that differ from the

training data.

Finally, we removed classes with low-frequency occurrences, resulting in a dataset with six

classes, each containing a similar number of samples. This dataset is known as the ’time

domain dataset’. This dataset had the dimension of [55665,768]. While training models

which required 1D data, we used this dataframe, where it had 55665 timesteps and 768

features for the model to train on.

For 2D data analysis, we stack the data points in a way such that we separate out each

parameter with respect to 6 axes (acc_x, acc_y, acc_z, gyro_x, gyro_y, gyro_z). This

converts our dataframe dimension to [55665, 128, 6]. Here we are stacking each axis against

each other to make a 2D dataframe. Additionally, for the labels we expand them to form a

binary matrix (one-hot-encoded vectors) for training purposes. The dimensions of our labels

was then [55665, 6].

Our main concern here was to show that our 2D stacking makes sense spatially. For this, we

conducted a principal component analysis (PCA) on our dataset. PCA is a statistical tech-

nique used to reduce the dimensionality of high-dimensional data while preserving most of

the variability present in the data. We did a PCA on all the three axes data of accelerometer.

The graph in Figure 3.3 reveals the presence of two principal component axes. The x-axis

represents the direction of maximum variance in the data, while the y-axis represents the

direction of the second maximum variance. The proximity of points in the graph indicates

the degree of similarity or dissimilarity between samples. We observe that the points cluster

closely together, suggesting a high degree of similarity and relation among them.
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A similar trend is evident in the analysis of gyroscope data, as depicted in Figure 3.4.

Once again, points cluster along the principal components, although some dispersion is still

noticeable in both graphs. We posit that a 2D CNN model could effectively capture these

complexities in the data distribution, allowing for a more nuanced understanding of the

underlying patterns.

Figure 3.3: Principal Component Analysis of Accelerometer data along three axes. This
graph shows clustering of data points together showing correlation between points.

3.2.4 Proposed Chronological Train/test split

Random sampling is a widely used method for creating training and validation sets from a

dataset, as it aims to provide an unbiased representation of the population. However, this

approach may not be suitable for time series data like ours because it does not maintain the

temporal consistency of the data distribution. Time series data exhibit sequential depen-

dence, where the value of a data point at a particular time is often influenced by preceding

values. This characteristic of time series data leads to correlations between data points,
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Figure 3.4: Principal Component Analysis of Gyroscope data along three axes. This graph
shows clustering of data points together showing correlation between points.

which violates random sampling’s assumption of independence. As a result, using random

sampling for time series data can lead to information leakage between training and validation

sets.

Information leakage occurs when the model is exposed to future samples from the validation

set during training, potentially causing overfitting. In the context of pig behavior analysis,

overfitting can result in unreliable predictions, negatively affecting the system’s performance.

To address this, our study implemented ”chronological time sampling” to separate the dataset

into training and test sets based on the order in which the data was recorded, thus avoiding

information leakage between these sets. Chronological time sampling segments the dataset

sequentially according to recording time.

In our analysis, the first quarter of the dataset served as the test set, while the remaining

three-quarters formed the training set. In other words, we used a 75% train and 25% test

split in our analysis. The main intuition behind this approach is that it preserves temporal
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dependencies in the data and ensures that both the test and train sets accurately represent

the data distribution.

We recognize there may be concerns around chronological sampling, as there is a possibility

that the training data might not incorporate all the activities. Another reason supporting

random sampling was that, in large-scale data, the age of the pigs could influence their

behaviors. As pigs grow older, they exhibit different behaviors, which might not be captured

in the training data, since it is only looking at a specific period in the dataset.

The following reasons reinforce our intuition behind using chronological sampling methodol-

ogy. First, we collected data from two pigs over a period of 24 days, with both pigs belonging

to different age groups. Given the limited scope of our data collection, we can assure that

the training set covers all activity labels and captures age-related changes observed in the

behaviors of the two pigs. We believe that since our data collection period and the sample

size were scoped, our approach of chronological sampling makes sense in our study. The

graph showing the distribution of labels in our train data is shown in Figure 3.5.

Figure 3.5: Distribution of activity labels in the train dataset. This shows that the train
dataset has a good balance of all activity labels.

Second, an additional objective in our research question is to alleviate data leakage in time

series analysis. And as identified above, random sampling causes data leakage. Thus, using

our proposed method of chronological sampling we directly tackle that issue.
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3.3 Models

Following the primary objective of this study, we wanted to compare our proposed prepro-

cessing techniques to the commonly used methods. Additionally, based on the type of models

we used, we wanted to show the comparative performance between ML and DL models. For

evaluating the performance of the models, we primarily used classification accuracy.

3.3.1 Machine Learning Models

To benchmark traditional machine learning methods, we employed decision trees, random

forest, and K-Nearest Neighbors.

Decision Trees (DT) model uses a recursive process to divide input data into smaller

subsets. At each node, the algorithm chooses a feature that best separates the data into

distinct classes and continues until it reaches a leaf node, where it assigns a class label. We

opted for Gini Impurity as the measure of split quality in Decision Trees.

Gini(p) = 1−
C∑
i=1

p2i (3.1)

At inference time, the decision tree is traversed from the root node down to a leaf node.

At each internal node, the algorithm evaluates the value of a feature and follows the cor-

responding branch based on whether the feature value satisfies a certain condition. Once a

leaf node is reached, the data point is assigned the class label associated with that leaf node.

By learning decision rules from labeled accelerometer and gyroscope data, decision trees can

accurately classify pig activities such as walking, running, feeding, or resting.

Random Forest (RF) is an ensemble learning algorithm that generates multiple decision
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trees and merges their outputs. It uses bootstrapping to randomly sample the training data

and trains a decision tree on each subset. Additionally, at each node of the decision tree,

a random subset of features is considered for splitting, rather than using all features. The

final prediction is an average of all the decision trees’ outcomes.

It is noteworthy that RF algorithm evaluates the importance of each feature based on how

much it contributes to the overall accuracy of the model. Features that are less informative

or redundant are given lower importance and are less likely to be selected for splitting nodes

in the decision trees. Due to this capability of handling high dimensional data, RF is known

to give good performance in tasks such as multi-class classification.

The K-Nearest Neighbors (KNN) model calculates the distance between samples and

identifies the K-nearest samples to the test sample. The class of the test sample is then

determined by the majority class of its K-nearest neighbors.

In our experiment, we set k to 3 after hyperparamter tuning. It is known that, KNN

algorithm does not require explicit training. When a new, unlabeled data point is presented

for classification, KNN identifies the K nearest neighbors to the query point in the feature

space. The ”nearest” neighbors are determined based on a distance metric, which was

euclidean distance in our case. Once the K nearest neighbors are identified, the majority

class among these neighbors is assigned to the query point. This majority class serves as the

predicted class label for the query point.

3.3.2 Deep Learning Models

For deep learning approaches, we explored different variants of convolutional neural networks

and recurrent neural networks. We designed and tested the following models in our study:
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• 1-D and 2-D CNN

• 1-D and 2-D CNN with Residual blocks

• Long Short Term Memory (LSTM)

• CNN + LSTM

Since our data is 1-D in nature, it was intuitive for us to try 1-D convolutional neural

network (CNN). The model includes convolutional layers that extract features from the

input data and pooling layers that decrease the dimensionality of the output. We also used

dropout layers and dropping up to 50% of the layers to reduce overfitting.

The 2-D CNN model, on the other hand, is designed to process two-dimensional data

like images. For this we stacked the features in a way to form 2-D dataset and used 2D

convolutional layers to design the model.

The 1-D Residual CNN model is a variation of the 1-D CNN that incorporates residual

connections to improve the flow of information through the network, enabling the model

to learn more complex features by reusing earlier features. Residual blocks address the

problem of vanishing gradients in very deep networks by introducing skip connections, which

allow the network to learn residual functions. This architecture enables training of much

deeper networks (with over 100 layers) while maintaining good performance. The ResNet-34

architecture is particularly useful for tasks involving high-dimensional data, such as our time

series analysis.

Similarly, the 2-D Residual CNN model is based on the ResNet-34 architecture, which is

known for its outstanding performance in classification tasks due to its use of skip connec-

tions. More information can be found in Appendix B

The long short-term memory (LSTM) model is a form of recurrent neural network
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(RNN) built to handle sequential data such as time series data. The model consists of a

series of LSTM units that can learn long-term dependencies in the input data. LSTMs are

effective at capturing temporal patterns in time series data like ours. They can also be

combined with other models, such as CNNs, to leverage both long-term dependencies and

local trend features. To explore this capability, we implemented a hybrid CNN+LSTM

model, which first uses a convolutional neural network to extract features from the input

data and then feeds the features through an LSTM layer to learn long-term dependencies.

3.4 Results & Discussions

In this section, we present the evaluation results of various machine learning and deep learn-

ing models using different data preparation methods. The analysis is divided into three parts,

each corresponding to a specific comparison, detailed below. It is important to note here

that ’Others’ essentially refers to class-based segmentation and random train/test split, ’Pro-

posed’ refers to the methods used by us, i.e., ’Non-class-based segmentation’ and ’Chrono-

logical train/test split’.

The first part of the analysis compares the proposed chronological time split method against

the random train/test split method (referred as ’Others’ in the table), while using the com-

mon class-based windowing approach (Table 4.2). The results show that the proposed split-

ting method significantly improves the performance of all models in both time and feature

domains. For example, the 1-D CNN model accuracy increased from 77.5% with the common

method to 89.2% using the proposed method in the time domain. Similarly, in the feature

domain, the accuracy increased from 78.8% to 86.7%. This trend is consistent across all the

models tested, indicating the advantages of the proposed splitting method.

In the second part of the analysis, we evaluate the impact of the proposed non-class-based
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Table 3.2: Comparison of classification performances on datasets with proposed train/test
split vs other train/test split

Model Time Domain Feature Domain
Others Proposed Others Proposed

1-D CNN 77.5 89.2 78.8 86.7
1-D Res-CNN 79.2 90.1 79.5 87.5
2-D CNN 78.6 88.4 79.1 87.1
2-D Res-CNN 81.2 90.5 80.0 88.5
LSTM 78.5 87.4 78.2 88.1
CNN+LSTM 77.6 88.1 78.0 86.9
Random Forest 70.1 82.1 80.5 91.1
Decision Tree 56.2 70.8 64.5 87.2
KNN 52.1 61.2 60.3 82.2
Average 72.3 83.1 75.4 87.3

windowing method compared to the class-based windowing method (referred as ’Others’ in

the table), using the common random splitting method (Table 4.3). The results demon-

strate that the proposed windowing method leads to better performance in both the time

and feature domains for most of the models. For example, the 2-D Residual CNN model

achieved 88.1% accuracy in the time domain with the proposed method, compared to 80.0%

using class-based windowing. Similar improvements were observed for other models as well,

highlighting the benefits of the non-class-based windowing method.

The third part of the analysis focused on the combined efficiency, comparing the perfor-

mance of the models using both the commonly used class-based windowing and random

split methods (referred as ’Others’ in the table) against the proposed windowing and split-

ting methods (Table 3.4). The results reveal that the combination of the proposed methods

further enhances the model’s performance in both time and feature domains. Figure 3.6

represents the obtained results. In Figure 3.6a, the 2-D residual network stands out with the

highest classification accuracy among the presented methods in the time domain. We con-

duct a comparative analysis, examining the performance of both data preprocessing methods
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Table 3.3: Comparison of classification performances on datasets segmented with proposed
windowing method vs segmented with other windowing method

Model Time Domain Feature Domain
Others Proposed Others Proposed

1-D CNN 77.5 87.1 78.8 86.2
1-D Res-CNN 79.2 87.5 79.5 87.1
2-D CNN 78.6 86.8 79.1 86.4
2-D Res-CNN 80.0 88.1 80.0 87.5
LSTM 78.5 86.8 78.2 85.7
CNN+LSTM 77.6 87.1 78.0 85.9
Random Forest 63.2 80.4 81.1 90.2
Decision Tree 56.1 67.2 64.5 86.8
KNN 52.1 59.2 60.3 78.0
Average 71.4 81.1 75.5 85.9

Table 3.4: Comparison of classification performances on datasets with proposed split and
windowing vs other split and windowing

Model Time Domain Feature Domain
Others Proposed Others Proposed

1-D CNN 77.5 94.4 78.8 93.2
1-D Res-CNN 79.2 94.75 79.5 93.2
2-D CNN 78.6 90.5 79.1 91.8
2-D Res-CNN 80.0 95.6 80.0 93.3
LSTM 78.5 93.0 78.2 93.0
CNN+LSTM 77.6 93.2 78.0 91.5
Random Forest 63.2 85.0 81.2 94.1
Decision Tree 56.1 73.1 64.5 90.0
KNN 52.1 60.0 60.3 85.1
Average 71.4 86.6 75.4 91.7
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Figure 3.6: ML-based pig activity classification results with different data preparation meth-
ods on (a) time domain data and (b) feature domain data.

individually and when utilized in combination. Similarly, in Figure 3.6b, showcases results

in the feature domain, with the random forest method demonstrating the highest accuracy.

Notably, we observe an improvement in performance when applying our proposed methods

even in the feature domain.

For example, the 1-D Residual CNN model achieved an accuracy of 79.2% using the com-

monly used methods in the time domain, which increased to 94.75% with the proposed

methods. A similar trend was observed in the feature domain as well, with accuracy increas-

ing from 79.5% to 93.2%. This improvement is consistent across all tested models, indicating

that the proposed methods are effective in improving pig behavior analysis.

The advantage of using DL models is that, these models do not require manual feature

engineering. We can use the raw data to train the models and get better results than most

ML models. Furthermore, as demonstrated in our results, ’data leakage’ is a valid problem

in time series analysis which needs to addressed for getting results truly indicative of the

model’s capabilities. Ensuring that there is no leakage of data is highly pertinent so that

these systems work well in real-world scenarios testing on out of distribution datasets.
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Body Weight Prediction

In this section, we will discuss pig body weight prediction project. The main aim of this

project is to estimate the weight of pigs using only depth images. We also present a compar-

ative analysis of using traditional statistical models and modern deep learning models. We

will cover the following topics in the coming sections, data acquisition, experimental setup,

modeling and results and discussions.

4.1 Data Acquisition

4.1.1 Camera Setup

A depth video acquisition system was set up in a swine facility at Virginia Tech. The camera

setup used in this study used an Intel RealSense D435 camera (Intel, Santa Clara, CA, USA),

which was strategically positioned above the ceiling pipe, in the center of an indoor testing

pen measuring 5 × 7 ft using a clamp. The camera-to-floor distance was set at 3.6 meters,

and camera operation was managed from a laptop computer using the Intel RealSense Viewer

interface.

31
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4.1.2 Data Collection

A total of 4 pigs were used to collect depth video data over 27 days from September to

November 2021 with a resolution of 848 × 480. The pigs were a crossbreed of Yorkshire

and Large White and they entered the trial at 5 wk postweaning. A digital scale (Arlyn

Scales, New York, NY, USA) located in a pen adjacent to the image-recording pen was used

to manually collect pig body weight records. Body weight records from the scale and image

data for each pig were collected daily in the afternoon. Table 4.1 shows the ground truth

data distribution of the scale-based body weight. These statistical measures provide insight

into the distribution and central tendency of the weight data, offering a comprehensive

understanding of the pig population under study. The data has a considerable variance

range in terms of weight, from 16.5 kg to 56.6 kg.

Table 4.1: Basic Statistics of Ground Truth Weight Values

Pig ID Mean (kg) Median (kg) Minimum (kg) Maximum (kg)
A 30.38 29.4 16.5 55.5
B 35.13 32.9 16.5 56.6
C 25.27 25 19.3 31.8
D 23.14 22.4 17.4 30.9

4.1.3 Data Labeling

The dataset used in this study consisted of ninety weight sample points. We wanted to

label all the images with their corresponding weight sample points to aid in the training

process. To accomplish this, we mapped the file path of each image to its associated weight

sample point, organizing the data in a tabular format. Subsequently, we consolidated these

mappings into a master data file to facilitate streamlined access for analysis.
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Figure 4.1: An overview of the image preprocessing pipeline. This pipeline utilizes segmen-
tation masks to implement most of the tasks in the pipeline. These methods help achieve a
cleaner dataset that minimizes extraneous noise in the images.

4.2 Experimental Setup

4.2.1 Data Preprocessing

The preprocessing pipeline used in this study is outlined in Figure 4.1. After data collection,

we amassed a total of 100k images with a single pig in each image. Our preprocessing

procedures included object detection, image segmentation, cropping, dataset cleaning, data

augmentation and normalization, each step is explained in detail in this section.

4.2.2 Object Detection

As a precursor to the segmentation step, we had to get the bounding boxes around pig’s

body. For this, we trained YOLO v7 on manually annotated images, and then inferred from

the model to get the bounding box coordinates for the remaining set of images. Manual

annotation involved annotating a subset of 500 images using the lblImg tool [45], where

bounding boxes were drawn around the pigs.

These annotated images were then used to train the YOLO v7 object detection model, which

specializes in real-time object detection and localization. The trained YOLO v7 model was
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Figure 4.2: Segment Anything Model automatic mask generation. The model takes as input
both image and box prompts for generating segmentation masks.

applied to the entire dataset of pig depth images, generating bounding box coordinates

for each pig instance. This automated process efficiently identified the regions of interest

containing the pigs. Subsequently, we used these bounding boxes as prompts for getting the

segmentation masks of the depth images.

4.2.3 Segmentation

For our segmentation efforts, we chose to leverage SAM [33]. SAM is a pre-trained seg-

mentation system capable of identifying and segmenting objects in images without need for

additional training. Due to its accessibility and high performance, implementing this model

on our dataset was a swift process. First, we started with SAM’s automatic mask generation

on our dataset to assess its performance, as shown in Figure 4.2. After validating the results

of the mask generation, we were confident in SAM ability to generate segmentation masks

for the subsequent stages of the experiment. Within SAM, the SamPredictor [33] class sim-

plifies user interaction with the model. Users can specify an image using the set_image

method, which computes the required image embeddings. Subsequently, the predict method

efficiently generates masks based on the prompts provided. SAM can accept various prompt
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Figure 4.3: Segment Anything Model (SAM) segmentation masks. SAM does not require
any additional training to provide the output on custom dataset images.

types, including bounding box and masks from previous predictions.

In our implementation, we opted for the bounding box approach. As discussed in the above

sub section, we used the bounding box coordinates extracted using YOLOv7 as input to the

SamPredictor class instance, yielding results in minutes. The results, as depicted in Figure

4.3, showcased SAM generating three different segmentation masks for each input image by

default.

The results were highly satisfactory, with the leftmost image in Figure 4.3 being selected as

the best segmentation mask. Subsequently, we used normalized masks for further analysis.

More information can be found in the Appendix A

4.2.4 Cropping

In the cropping phase 4.4, we created square bounding boxes of a fixed size around the pig’s

body while minimizing background clutter. This was critical to provide concise, contextu-

ally relevant images for model training. We utilized SAM-generated segmentation masks to

delineate the pig’s body boundaries. Since the pig bodies vary in size and shape throughout

the dataset due to differences in their weights, we decided on a fixed size of 720x720 pixels

for the square bounding box that would accommodate the largest pig body in the dataset.
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Figure 4.4: Cropping pigs’ body using the bounding box coordinates generated by YOLO-V7
model.

We then centered this fixed-size square bounding box around the center of the pig’s body,

ensuring that the entire pig was included within the square frame. In cases where the pig’s

body was smaller than the fixed-size square, the remaining space was filled with the sur-

rounding background. Once we acquired the coordinates for the fixed-size square bounding

boxes for all the images, we cropped each image accordingly. Following cropping, we resized

all the cropped images to the size of 256x256 pixels.

4.2.5 Cleaning

Cleaning 4.5 involved the removal of images where the pig’s body was partially visible or

distorted, typically due to truncation at the edges of the image. Ensuring the elimination of

distorted images was crucial to prevent misguidance during model training, as the task relies

heavily on the pig’s body shape. For this task, we utilized segmentation masks generated by

the Segment Anything Model (SAM) to detect continuous stretches of the pig’s body at the
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Figure 4.5: Identifying pigs on edges using the segmentation mask generated by SAM. This
example clearly shows the pig body to be distorted at the edges.

edges of the images, as shown in Figure 4.3. Subsequently, we implemented a pixel check

algorithm to validate the presence of the pig’s body in the segmentation mask. Specifically,

we examined whether a range of pixels at the top, bottom, left, and right edges of the

image appeared white, indicative of the pig’s body. Images identified as ”pig_on_edge”

were flagged and subsequently updated in the main dataset.

4.2.6 Data Augmentation & Normalization

Regarding data augmentation, we capitalize on the abundance of images capturing identical

postures due to the high sampling rate of the camera. Following preprocessing, systematic

transformations such as flipping and mirroring are applied to augment the training dataset.

This augmentation procedure enhances the model’s ability to generalize while mitigating

the risk of overfitting. Notably, scaling transformations are excluded from this process due

to the observed positive correlation between the volume of the depth camera and the pig’s
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Figure 4.6: Data Augmentation techniques. On the original image (left), we applied rotate
by 90 degrees (center) and flipping (right) operations to add more variations in the existing
dataset.

weight.

Normalization plays a pivotal role in ensuring that each image pixel is on the same scale and

contributes equally to the model. Here, we ensured that all pixel intensities fell within the

range of [0,1]. After completing these preprocessing steps, we were left with a total of 96k

images for training and validation purposes.

4.2.7 Cross-Validation

We applied a one-pig out cross-validation technique, where one pig was designated as the

test set while the remaining three pigs constituted the training set. This approach helped to

alleviate overfitting and enhance the overall generalizability of the model. Furthermore, this

method also helps to address the issue of data leakage in image analysis. Since most of the

pigs share common visual features, mixing of pig ids while training can lead to overfitting

during training and validation.
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Figure 4.7: Extracting biometric features such as length (L), width (W), and height (H) of
the pig contour in pixel space. The point denoting the height is the center of the pig’s body.
These features are estimated using depth images.

4.3 Models

In this section, we discuss the models we developed for body weight prediction. I, personally

contributed to designing the Residual Network architecture which is explained in detail in

the below section.

4.3.1 Statistical Models

The weight prediction approach using depth images starts with accurately segmenting pigs

with the Segment Anything Model (SAM). After segmentation, we use thresholding, contour

detection, and bounding boxes to isolate the pig in the images. First, the depth image is

converted from RGB to grayscale, where the grayscale intensity values represent the distance

of each pixel from the camera, with higher intensities indicating further distances. We then

apply a threshold value of 128 to create a binary image, which is used to identify the contour

and encase the pig’s body in a bounding box.

The bounding box is crucial for accurately measuring physical dimensions such as width,

length, and height (Figure 4.7). To calculate the pig’s height, we use the grayscale depth
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image and bounding box coordinates. We determine the center pixel of the bounding box by

averaging the coordinates and rounding them to the nearest integer. The grayscale intensity

value at this center pixel is then considered the height of the pig.

Additionally, the pig’s volume is calculated by summing the pixel heights within the pig’s

contour in 3D depth images, capturing the pig’s three-dimensional shape. These features are

crucial for representing the pigs’ overall size and shape, directly correlating to their weight.

The extracted features form the foundation for building statistical models. Models such

as Linear Regression (LR), Random Forest (RF), and Support Vector Machine (SVM) are

trained on these features to explore different statistical approaches for accurate weight pre-

diction.

Linear Regression provides a simple model of weight as a linear function of dimensions, of-

fering an initial understanding of the relationship between physical attributes and weight.

Random Forest Regressor, however, handles more complex and nonlinear relationships in the

data by combining predictions from multiple decision trees, each trained on different data

subsets, enhancing prediction accuracy and robustness. Lastly, Support Vector Machine

(SVM) constructs a hyperplane in a high-dimensional space, providing precision and effec-

tively handling high-dimensional feature sets by maximizing the margin between support

vectors and the hyperplane.

4.3.2 Deep Learning Models

For deep learning models, we designed and inferred the following models:

• Convolutional Neural Networks (CNNs)

• Multi-input CNNs
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• ResNets

• XceptionNet

Each of these models is described in sections below.

Convolutional Neural Networks and Multi-Input Models

Our method begins with a Convolutional Neural Network (2D-CNN) tailored for processing

depth images to predict pig weight. This model is designed to handle cropped depth images

converted to grayscale, then normalized and resized to 256x256 resolution to maintain con-

sistency across the dataset, as outlined in the preprocessing section. A series of convolutional

layers capture spatial hierarchies of features like edges, textures, and shapes, essential for

understanding the pigs’ physical dimensions. This setup is visualized as a single branch on

the multi-input CNN model shown in Figure 4.9. Subsequent pooling layers reduce dimen-

sionality and focus the model on the most significant features. Fully connected layers then

correlate these refined feature representations with pig weights, establishing a baseline for

weight prediction accuracy.

Building on the base 2D-CNN model, the multi-input CNN framework introduces the inte-

gration of segmentation maps and multiscale representation analysis (MRA) for enhanced

feature extraction. The first multi-input model combines CNNs with segmentation maps,

allowing the model to process depth images with segmentation maps that emphasize the pig

against its background. This integration improves the model’s focus and accuracy in feature

extraction, leading to more precise body weight prediction results. The second multi-input

model incorporates CNNs with MRA (Figure 4.8), providing a unique approach to capture

and analyze image textures at various scales. By utilizing depth information and texture

insights from MRA, this model gains a comprehensive understanding of the pig’s physical
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Figure 4.8: Example of an original depth image and its multiresolution analysis (MRA)
decomposition using wavelet transform. MRA of an image helps capture both fine details
and coarse features simultaneously which helps to analyze the image.

attributes, enabling more accurate weight prediction.

Residual Networks

Residual Networks (ResNet) represent a significant advancement in CNNs, specifically ad-

dressing issues such as vanishing/exploding gradient and optimization problems that arise

when increasing the depth of CNNs [27]. Traditional deep neural networks are challenged

when gradients exponentially increase or decrease as they propagate through many layers

during training. This phenomenon, known as the exploding or vanishing gradient problem,

can hinder learning.

In ResNets 4.10, the fundamental concept revolves around enabling the learning of identity

mappings for its building blocks when necessary. This is accomplished through the incorpo-

ration of shortcut or skip connections. These skip connections facilitate the direct addition

of outputs from previous layers, effectively by passing certain layers in the network. By
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Figure 4.9: Multi-input 2D-CNN architecture. Here, the integration of two modalities is
achieved by fusing their features internally. The parallel processing helps to improve feature
extraction for better accuracy in body weight prediction.

Figure 4.10: ResNet-34 architecture. The skip connections used in the model help propogate
the gradient value from one layer to the other, thus reducing the effect of vanishing gradient
problem.
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doing so, ResNet ensures the continuity of gradient flow during training, thereby mitigating

the issues associated with vanishing or exploding gradients.

In our experiment, Residual Networks were considered as baseline deep learning models

because they are known to work well with image data. Concurrently, we integrated the

ResNet-34 model, which consists of 34 layers with skip connections. To facilitate the training

process, we maintained batch size of 64, this helped to strike a balance between the training

speed and results accuracy. Furthermore, we used the ’Adam optimizer’ to optimize the

learning process efficiently.

XceptionNet

The Xception model, as shown in 4.11 which extends the Inception design, introduces two

key concepts: Group Convolution and Separable Convolution [15]. Group Convolution splits

segmentation channels into multiple groups, with convolution operations occurring within

each group. Separable Convolution employs a 1x1 convolution (point-wise convolution) in

the middle of a convolutional layer, effectively reducing the number of parameters while

enhancing channel count and feature representation capabilities. The combination of these

elements leads to the use of depth-wise separable convolution in Xception. By streamlining

the Inception module on which Xception is based, we focus on retraining only the branches

with 3x3 convolutions and concatenating all 1x1 convolutions. This step increases the number

of branches with 3x3 convolutions to match the output channel count of 1x1 convolutions,

creating the core building block of Xception. Additionally, the model includes residual

connections akin to ResNet, delivering exceptional performance in various image-related

tasks.

In our experiments, we fine-tuned Xception using pre-trained parameters from the ImageNet
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Figure 4.11: XceptionNet architecture used in our design. We see that this model utilizes
separable convolution to efficiently train and pass weight in deep layers.

dataset [16]. We enhanced the model architecture by adding an average pooling layer, two

dense layers, and setting the batch size to 64. To avoid overfitting, we employed regular-

ization techniques such as L2 regularization (weight decay) and a dropout rate of 0.2. We

carefully froze specific layers or parameters to prevent them from being updated during

fine-tuning. Specifically, we froze all layers initially and trained our model, then froze the

lower-level parameters while fine-tuning the parameters in the last 20 layers. We retrained

the model using a lower learning rate of 0.0001. We implemented 4-fold cross-validation,

with each pig serving as a testing dataset.

4.4 Results & Discussions

In this section, we present the performance results of our frameworks and models based on

mean absolute error (MAE) and mean absolute percentage error (MAPE) as the metrics to

evaluate the accuracy of pig weight prediction. Lower values of these metrics indicate better

model performance.

MAE measures the average absolute magnitude between the observed values and the pre-
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dicted values, as shown in equation (4.1), using a regression model.

MAE =
1

n

n∑
i=1

|Yi − Ȳi| (4.1)

On the other hand, MAPE measures the absolute percentage difference between the observed

and predicted values, as represented in equation (4.2) below.

MAPE =
1

n

n∑
i=1

|Yi − Ȳi

Ȳi

| (4.2)

Here n represents the total number of observations. Y_i and ¯Y _i represent the observed

and predicted values, respectively. To ensure robust generalization performance and prevent

data leakage, we employed the ’leave-one-pig-out’ method for cross-validation. This involved

selecting one pig as the test set and the remaining three pigs as the training set in each

iteration.

Table 4.2: Weight Prediction Results of Statistical Methods

Model Train Test
MAE MAPE MAE MAPE

Linear Regression 2.96 8.78 5.54 22.65
Random Forest 2.39 7.32 4.90 19.28

Support Vector Regressor 1.81 5.54 4.51 15.56

From Table 4.2, we observed the performance of standard machine learning algorithms after

preprocessing the input data to extract the morphological biometric features. The best
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Table 4.3: Weight Prediction Results of Deep Learning Methods

Model Train Test
MAE MAPE MAE MAPE

2D-CNN 1.57 3.47 4.06 13.67
CNN+ MRA 1.33 3.49 3.17 9.72

CNN+ Segmentation 1.89 4.02 3.05 9.57
ResNet34 0.99 2.49 3.67 13.49

XceptionNet 1.47 3.61 2.82 7.42

performing model among statistical methods is Support Vector Machines (SVM), with a test

MAPE of 15.56%. The results highlight that the importance of image quality control, as

applying statistical methods without ensuring image quality can lead to unreliable accuracy.

Moreover, training these models on all types of images, including pigs in various positions

(such as bent over, lying down, sitting, etc), may contribute to subpar performance.

In contrast, the DL model results in Table 4.3 demonstrate superior performance. Both 2D-

CNN and ResNet, as standard deep learning models, achieve an average MAPE of 13.58%

surpassing the best performing statistical model (4.12). This indicates that DL models excel

at learning high-level features incrementally from the data.

Additionally, DL models exhibit lower inference time, as demonstrated by our XceptionNet

model, which took only 42 seconds to process test data consisting around 25k images. This

emphasizes the suitability of DL models for real-time applications, even with large datasets

and complex architectures.

However, a drawback of DL methods is the longer training time due to the large number of

parameters. For example, our XceptionNet model consisted of 21 million parameters and

took approximately 8 hours to train for 20 epochs on a GPU with 32 GB of RAM. To address

these limitations, future studies will leverage faster hardware, such as GPUs or TPUs, to

accelerate the matrix and convolution operations, ultimately reducing the training time. In
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Figure 4.12: Comparison of Statistical and deep learning model performance on weight
evaluation. Deep learning models clearly outperform their statistical model counterparts.

addition, we plan to incorporate more variability in the data by including pigs of different

ages, breeds, sexes, and body sizes during data collection. This approach aims to improve

model robustness by capturing a broader spectrum of features and characteristics.
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Conclusions

With increasing demand in the livestock sector, it is pertinent to have viable, efficient,

scalable solutions in place to make the livestock farming process economical and convenient

for the farmers.

We believe this study takes us one step closer to that goal of having automated solutions

making the lives of farmers easier. In this thesis, we broadly discussed two applications, first

one is the behavior classification using automated, sensor-based monitoring systems offer a

promising avenue for improving monitoring in livestock farming practices. We introduced

and assessed a novel data preparation framework aimed at eliminating data leakage in pig

behavior analysis. The results revealed that alternative data preparation methods frequently

resulted in overfitting on the training set, failing to accurately represent performance on a

real-world test set encountered in practical settings. By effectively addressing data leakage,

the proposed data preparation framework markedly enhanced classification performance.

Specifically, we observed an impressive increase of 15.6% in model accuracy after imple-

menting these strategies. These findings hold significant implications for researchers and

practitioners, emphasizing the importance of designing efficient sampling and data prepara-

tion strategies for similar tasks in the future.

Secondly, we focus on weight prediction system in pigs. Our research demonstrates that

weight prediction can be achieved with high accuracy using only depth images, as opposed

to systems using multi-modal networks requiring RGB images and Point Cloud data. We

49
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present a thorough comparative analysis of pig weight prediction techniques, encompassing

both statistical and deep learning methods. Our experiments reveal that deep learning meth-

ods offer enhanced accuracy with reduced inference time compared to traditional statistical

approaches, with an overall reduction of 8.14% in MAPE of best performing DL model,

XceptionNet, as compared to the best performing ML model of Support Vector Regressor.

In our future analysis, to measure bias in the results, we would include residual analysis.

We can compute the residual between predicted and actual values and check if the residual

mean is consistently different from zero. In case of bias, we can enforce more regularization

on the model like lasso or ridge regression.

Additionally, these deep learning models show potential for real-time weight prediction ap-

plications due to their superior accuracy and efficiency. A significant aspect of our study is

the integration of SAM, an advanced segmentation model, into our preprocessing pipeline.

To our knowledge, SAM has not been previously used in weight prediction tasks, rendering

our approach novel and innovative. Moreover, the simplicity and implementation of our

method, requiring only a depth camera positioned above the drive channel, make it easily

adaptable for widespread use in various animal science settings.

Results for both the sections are promising with a fair trade-off between the accuracy per-

formance and the latency in getting results. Based on the results in both the applications,

we can say that DL models are an ideal option for precision livestock applications, requiring

no aspect of feature engineering, saving manual efforts.

For future research, firstly, we would like to expand our current methodology to facilitate

the forecasting of pig weights. This application is essential as it provides livestock own-

ers with the ability to plan and manage their animals more effectively. Accurate weight

forecasting enables farmers to make informed decisions regarding feed management, health



51

interventions, and overall herd management. Additionally, it allows for better planning of

marketing and sales strategies, ultimately improving the efficiency and profitability of pig

farming operations.

Secondly, incorporating cutting-edge attention-based modeling techniques could further en-

hance the performance of our predictive models. Recent trends in computer vision have

shown that attention-based models can effectively capture intricate patterns and relation-

ships within complex datasets. By integrating attention mechanisms into our deep learning

architectures, we can improve the model’s ability to focus on relevant features and enhance its

predictive accuracy. This approach has the potential to further optimize weight prediction

accuracy and contribute to more efficient and sustainable livestock farming practices.

Lastly, with regards to our data collection efforts, we plan on increasing the number of pigs

and varying the sample space by including pigs of different breeds, ages, and genders. We

believe that this will improve the overall diversity of the dataset and enhance the robustness

of our trained models. A diverse dataset ensures that the models are exposed to a wide

range of scenarios, making them more adaptable to real-world conditions. By including pigs

of different breeds, ages, and genders, we can better capture the variability in pig behavior

and physiology. These advancements have the potential to revolutionize the livestock farming

industry by offering more accurate, efficient and reliable behavior classification and weight

prediction models.
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Appendix A

Segment Anything Model

In this study we have used the state of the art segmentation model, Segment Anything

Model (SAM) released by Meta AI in February, 2022. SAM is capable of performing both

automatic and interactive segmentation simultaneously. This model is pre-trained on 11M

images and 1B+ masks, all of which has been made public. This is the first of its kind

prompt-able model, with zero shot inference.

SAM was trained to generate a valid segmentation mask based on various types of prompts,

including foreground/background points, rough boxes or masks, freeform text, or any other

information indicating what should be segmented in an image. A valid mask is one that

provides a reasonable segmentation even when the prompt is ambiguous and could refer to

multiple objects. This training task serves to pre-train the model and enables it to perform

general downstream segmentation tasks through prompting.

The model must operate in real-time on a CPU within a web browser, allowing annotators

to interactively use SAM for efficient annotation. Although the runtime constraint implies a

trade-off between quality and runtime, the team found that a simple design yields satisfactory

results in practice.

In operation A.1, an image encoder generates a one-time embedding for the image, while

a lightweight encoder dynamically converts any prompt into an embedding vector in real-

time. These two sources of information are then combined in a lightweight decoder to predict
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Figure A.1: Data Flow in the SAM model. We can see here that once an image is given
an input it goes through encoders and concatenates with encoded prompts to finally go
through decoder to get the final output. Courtesy : https://ai.meta.com/blog/segment-
anything-foundation-model-image-segmentation/

segmentation masks. Once the image embedding is computed, SAM can produce a segment

in just 50 milliseconds, given any prompt in a web browser.



Appendix B

Model Details

B.1 Residual Networks

This section discusses the 2D residual networks (ResNet-34) used in this study. This al-

gorithm design can be utilized in both sensor and image-based analysis, with appropriate

tweaks in input and output dimensions. The ResNet-34 architecture consists of several

residual blocks. Each block contains multiple convolutional layers. There are four stages of

residual blocks, each with a different number of blocks. The number of filters in the residual

blocks is doubled every stage. Each stage starts with a convolutional block and is followed

by several identity blocks.

In our design, the convolutional block in each stage includes two convolutional layers. The

first convolutional layer has a kernel size of 3x3 and a stride of 2, effectively down-sampling

the input. Batch normalization and ReLU activation functions are applied after each con-

volutional layer. A residual connection is added to the output of the second convolutional

layer. The residual connection includes a 1x1 convolutional layer with a stride of 2 to match

the dimensions of the main path.
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Algorithm 1 2D ResNet Model
1: function IDENTITY_BLOCK(x, filter)

2: x_skip← x ▷ Copy tensor to x_skip

3: x← Conv2D(x, filters = filter, kernel_size = (3, 3), padding = ’same’)

4: x← BatchNormalization(x, axis = 3)

5: x← Activation(x, ’relu’)

6: x← Conv2D(x, filters = filter, kernel_size = (3, 3), padding = ’same’)

7: x← BatchNormalization(x, axis = 3)

8: x← Add([x, x_skip])

9: x← Activation(x, ’relu’)

10: return x

11: end function

12: function CONVOLUTIONAL_BLOCK(x, filter)

13: x_skip← x ▷ Copy tensor to x_skip

14: x← Conv2D(x, filters = filter, kernel_size = (3, 3), strides = (2, 2))

15: x← BatchNormalization(x, axis = 3)

16: x← Activation(x, ’relu’)

17: x← Conv2D(x, filters = filter, kernel_size = (3, 3), padding = ’same’)

18: x← BatchNormalization(x, axis = 3)

19: x_skip← Conv2D(x_skip, filters = filter, kernel_size = (1, 1), strides = (2, 2)) ▷

Process residue

20: x← Add([x, x_skip])

21: x← Activation(x, ’relu’)

22: return x

23: end function
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1: function RESNET34(shape = (128, 6, 1), classes = 6)

2: x_input← Input(shape)

3: x← Conv2D(x, filters = 64, kernel_size = 7, strides = 2, padding = ’same’)

4: x← BatchNormalization(x)

5: x← Activation(x, ’relu’)

6: x← MaxPool2D(x, pool_size = 3, strides = 2, padding = ’same’)

7: block_layers← [3, 4, 6, 3]

8: filter_size← 64

9: for i← 0 to 3 do

10: if i == 0 then

11: for j ← 0 to block_layers[i]− 1 do

12: x← identity_block(x, filter_size)

13: end for

14: else

15: filter_size← filter_size× 2

16: x← convolutional_block(x, filter_size)

17: for j ← 0 to block_layers[i]− 2 do

18: x← identity_block(x, filter_size)

19: end for

20: end if

21: end for

22: x← AveragePooling2D((2, 2), padding = ’same’)(x)

23: x← Flatten()(x)

24: x← Dense(x, units = 512, activation = ’relu’)

25: x← Dense(x, units = classes, activation = ’softmax’)

26: model ← Model(inputs = x_input, outputs = x, name = ”ResNet34”)

27: return model

28: end function
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