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Data Collection

Precision Livestock Farming Application

o

PLF encompasses sensors for the capture of biological information,
algorithms processing the information, and interfaces that allow for making use
of these data to optimize animal production, health, and welfare (Caria, 2023).

Provide actionable management instructions.

 What are the actionable instructions it can provide to the farmer?

*  Only monitoring the livestock does not enhance efficiency or productivity.
Specific assessment leads to specific instructions.

 How much measurable return can it generate for the farmer?

« Key motivation to adapt the technology.
. Minimize cost, maximize return.
e  Comprehensive assessment can lead to a higher return.

 How reliable are instructions for farmers to rely on?
*  Maximize accuracy. Minimize false alarms.
e  User-friendly: easy to operate the system and interpret the result.




Data Collection

Sensor Carrier
o0

Stationary

Guided Rail

v' Enables 24-7
continuous
monitoring.

v" Low infrastructure
cost.

* Difficult to trace
individual animal.

* Small area
coverage

AN

Periodic monitoring.
Spatial mapping of
the production
space.

High installation cost.

Low sampling
frequency.
Inflexible path.

Low installation cost.
Spatial mapping of
production space.
Flexible path.

Noise

Animal safety
Limited load capacity.
Low sampling
frequency.

Ground Robot

Can carry out certain
actions in the field.
Spatial mapping of
production space.
Flexible path.

Limited power supply
and load capacity.
Low sampling
frequency.

Direct contact with
the animals



Data Collection

Sensor Placement/Configuration
®

» Sensor placement/configuration is one of the most important key design factor for
a successful PLF application.

» Some of the key elements for consideration when using imagery sensors:

1. Angle of view:

. Select a viewing angle that can best capture the selected independent variables.
Select a view angle that can maximize the sensor’s usage.
2. Distance:

. Group assessment vs. individual assessment.

. Trade-off between the monitoring area and image details
3. Location:

Places at the area that animals are more likely to visit or stay.
. Unobstructed view

4. Monitoring Frequency

Reduce monitoring frequency -> Increase coverage or reduce computation load
5. Consistent placement

. Reusability of previously developed ML models.



Data Collection

Sensor Placement/Configuration
o0
» PLF for Caged Layer System

Detection of dead birds via
thermal camera.

Pros:

* Labor reduction: farmer only
need to remove dead birds in
specific cages identified by
the system.

Cons:

* Unable to provide timely
insight to birds’ health status.

e Limited field of view, may not
be able to detect dead birds
in the back of the cage. Source
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Data Collection

Sensor Placement/Configuration

o0
» PLF for Caged Layer System

Single Input

| Fecal Inspection Module (3 LiDAR

Camera + Edge Computer + LED Light)
—— e

Manure Belt

|

Manure Belt
I\

Manure Belt

Al-Instance
Segmentation Models

Image Processing

Multiple Output Comprehensive Assessment

> Feather Welfare (Stress, pecking)

—_—

Calcium Deficiency

Soft-shelled Egg

Abnormal fecal matter (color,

area, 3D shape, instances) "
"
X
i

Disease Diagnosis

Fecal Volume Mortality (+Feed Consumption)

i I
Fecal Spatial Distribution -

(entire cage area) I
I

Activity Level

Fecal Spatial Distribution
(feeder + drinker)

Feeding & Drinking Behavior

I
—_—




Data Collection

Sensor Placement/Configuration
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Roboflow

Label, augment & export datasets

roboflow.com
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PART 1 - ROBOFLOW

Image Classification
o0

SINGLE TASK

Single label _
. Let's create your project.
One output perimage — e.g. posture yolovs > @ New Pubilic Project

Project Name License ®

classification. .

defect 98%

Annotation Group ®

MULTI TASK
Multiple labels L

Several outputs at once — e.g. “Pig standing”
+ “Piglet present.”

orange tangerine

7
e
_,/, 3

Object Detection Classification Instance Segmentation Keypoint Detection
Detect multiple objects and their actual Identify keypoints ("skeletons”) on

Create PrOject :j;:tg:ur;bdj;zi;::;heirposmons ASSiE:“T Ia.be\stotheentireimage. ot e
Choose Classification as the project © snaertave O}
type, then name the project and set the

annotation group.

Create Public Project I

Cancel




CLASSIFICATION - STEP 2

Upload Images

Open the Upload tab
Drag in images or a folder of files.

Process the batch
Roboflow gqueues every image for annotation.

Annotate
& Classification H
= - €« UnaSSIQned Images (& Upload More H & Rename
Batch: Uploaded on 06/03/26 at 2:44 pm Q]
PostureClassi... N
| Search images Q, Search H Batch Uploadedon! ~ ‘
DATA - | Filter by filename | osplit v |
1 Upload Data
| Classes v H Tags v || Sort By Newest -~ Show annotations = | B8
[l Annotate
| G Search by Image ‘
@ Dataset [
0 Versions
@ Analytics

How do you want to label your images? 1>

i

Auto-Label Entire Batch Recommended

Use your own custom model or a zero-shot
model to automatically label your entire batch.

& 4% Try with SAM3

Label Myself
Label images with our Al labeling tools.

Label With My Team >
Split up the labeling work across your team.

Hire Outsourced Labelers & Upgrade

Work with an professional labeling team
vetted by Roboflow.



CLASSIFICATION - STEP 3

Image Annotation
®

e Open the editor
Select an unassigned image to begin.

a Assign a class
Pick the label that describes the

image.

a Save & continue

Move to the next image and repeat.

POSTURECLASSIFICATION > & ANNOTATE
> @

€ 20231109_183200.png < 2/18

Annotations 1 ‘ Annotation Editor ‘ e

O
Group: PostureClassification

Labels
Classes | Unlabeled ‘

Attributes Unused Classes Use 3 /CTRL <« - tonavigate

between images.

O Cancel (Esc) Save (Enter)

Comments

)
D

History

Create class "Unlabeled"

<>

Raw Data

Tags

o

No Tags Applied
Tvpe and select taas below to



CLASSIFICATION - STEP 4

Split the Dataset

Add images tO #— ZITENGS WIRKSPACE Up'OGdEd on 06/03/26 at 2:44 pm # | Submit for Review & 7/ v/ Add 18 Images to Dataset

£ Classilicatior
e dataset _ : Progress Unannotated @ Annotated (T Selectall | SortBy Newe
Send labeled images .

E
into th e version. g"{;",?nﬁjtated s AddImages To Dataset X

() @ Unannotated

=5 e Instructions
Train / Valid / Test FostureClassi... - a
No specific inst & Labeled Images to Add 18 3 ) 3 [ ]
Ro b (@) ﬂ OW proposes a gggig?_l:(’jhen thi Remaining Batch Images 0 20231106.134...  20231106.112... 20231106_021...

balanced Sp||t DATA ~ Assignment

Method

ziteng.xu@ag.tar
T Uplzad Data Labeler ( Split Images Between Train/Valid/Test

3

AdeSt ratios | B Annotate l’ Timeline Distribution
2 $Job created via

F_20231106.0... 20240709_08...
1 Valid
Tune the slider to i Dataeet s Shen xpeg
geal 6/3/2026, 2:5 70% 20%
your needs.
iI] ‘Yersions
Train: 13 images Valid: 3 images

Co nfl rm @ -'-]'Iﬁr!,'[h:? 20231110_090 20240709_10. 20240709_14.
. . Submit for Review & Add 18 Ima
Lock the split for this 4 =t

version.



CLASSIFICATION - STEP 5

o @ Classification ||D Versions
Apply Augmentation pEsm
Resize: Stretch to 224x224
.
PostureClassi... No versions created yet. Augmentation

Create new training examples for your model to learn from by gene

DATA v augmented versions of each image in your training set.
o 1 Upload Data
Add augmentation step Fiip |
0.0 . El Annotate Horizontal Edit %
Expand the training set with
@ Dataset 18
transforms. Exposure |
I0 Versions 6 Between -10% and +10% Edit *
@ Analytics Blur )
Up to 2.5px Edit *

i= Classes & Tags

-
a Choose transforms woveLs - Up o 07% of phels Bt x

Flip, rotate, blur, brightness e
an d more ¢ Models <+ Add Augmentation Step
= Test
Back | Clear Al
DEPLOY v S

4 Deployments

5 Create &



CLASSIFICATION - STEP 6

Export the Dataset

e Generate a version Pick a format Download or link
Bundle images, splits and Choose the export format for Grab a zip or a code snippet.
augmentations. your model.

s Download

Image and Annotation Format

Folder Structure

Download Options

© Download zip to computer
Downloads all images, annotations, and classes.

Show download code
Custom train this dataset using the provided code snippet in a notebook.

Cancel Continue




ROBOFLOW

Object Detection

Draw bounding boxes around every
object of interest — the foundation (e e L

Project Type

of detection datasets.
(N )

4, Not sure which type? Ask the Roboflow Agent

Object Detection [ Bounding Boxes  # Counts % Tracking

Identify objects and their positions with bounding boxes.

Classification

Assign labels to the entire image.

Instance Segmentation

Detect multiple objects and their actual shape.

Keypoint Detection

Identify keypoints ("skeletons”) on subjects.




OBJECT DETECTION - STEP 1

Drawing Bounding Boxes
®

Press B to start a box. Draw a tight rectangle
around one object and name it, then repeat

for every object in the region of interest.

small appropriate

Options v

No Tags Applied




OBJECT DETECTION - AUTO-LABEL

Find Objects with Al

Find Objects with Al FIRICLEN O %} Find Objects with Al
Let the model propose detections. e chicken
Classes Layers Use SAM3 to automatically find and label
objects in your image.
Enter a CIaSS name Chicken 26 Class Name *
Tell it what to look for. a Chicken
Description (optional)
Tune the threshold

Lower it to catch all candidates.

Matching Classes
+ Find Objects with Al m

<! Find Objects with Al

Clean up ]
. o - . ags e i
Delete misclassifications in the Cance

()

image or Layers tab.
No Tags Applied

@ Found 29 objects

Confidence Threshold 15%

O

More Strict

& Back + Save (29)



OBJECT DETECTION - STEP 2

Generate a Version
o0

» Bundle your labeled
images into a dataset
version.

& Download

Image and Annotation Format

» Re-use the same split
9 a ug m e n t 9 eX p O rt TXT annotations and YAML config used with YOLO26.
flow from Part 1. Dowriead Optins

© Download zip to computer
Downloads all images, annotations, and classes.

[ YOLO26

Show download code
Custom train this dataset using the provided code snippet in a notebook.

» Each version is

reproducible and
shareable.




ROBOFLOW

Instance Segmentation

Trace each object with a polygon mask —
one polygon per instance, tight to the .

p 2 ) .
. <! Not sure which type? Ask the Roboflow Agent ‘ [ 4 l , l ” l
subject. ’ ’ ‘ A
. . Object Detection 1 Bounding Boxe: Count racking %

Identify objects and their positions with bounding boxes.

Classification & Image Labe itering Content Moderation %
Assign labels to the entire image

e /
. A4
Instance Segmentation IZ Polygons ¢ Measuring  c Odd Shapes
Detect multiple objects and their actual shape.
r P N

Keypoint Detection

Identify keypoints ("skeletons") on subjects.

Multimodal

Describe images using text pairs.




INSTANCE SEGMENTATION

Labeling Best Practices
o0

» One polygon = one instance of a
subject.

» Annotations should mirror your desired
model outputs.

» Keep polygons tight — avoid points
over irrelevant areas.

» Use the Smart Select tool to speed up
tracing.

» Train early (~50 images) to unlock
Model Evaluation & Auto Label.

@ Welcome to Roboflow's Annotation Editor! X

Here are some tips to help you build a good model:

£ A single polygon should represent a single instance of a subject

) Annotations should mirror desired model outputs

© Polygons should be tight to the subject - avoid points including irrelevant areas
¥ Use our Smart Select tool

2, Train a model early (after ~50 labeled images) to use Model Evaluation for validating performance
and Auto Label for faster labeling



INSTANCE SEGMENTATION - WORKFLOW

Smart Polygon Tool

o
4% Smart Polygon
G Pick Smart Polygon outside to expand.
Then click the object in the . S 2
image. B

R
i L\ SR
Delete Finish (Enter) ~ i3
e h! 3
) v
- ~ e

.
b
B

v -

Q Refine the mask
Click to add area, click again

to subtract.

e Split instances
Click outside to extend,

inside to remove. s v et




ROBOFLOW

Semantic Segmentation

Label every pixel by class — no separation
between individual instances (Same

4 Not sure which type? Ask the Roboflow Agent

pro.cegure as instance segmentation).




ROBOFLOW

Keypoint Detection

Define a skeleton of keypoints inside a
bounding box — for pose and landmark

ta S k S Project Type
.
. . <. Not sure which type? Ask the Roboflow Agent

Object Detection

Identify objects and their positions with bounding boxes.

Classification

Assign labels to the entire image.

Instance Segmentation

Detect multiple objects and their actual shape.

Keypoint Detection

Identify keypoints ("skeletons") on subjects

[V




KEYPOINT DETECTION - SETUP

Define the Skeleton

» Create a skeleton class
and edit its keypoints.

Edit Chicken Keypoints

Keypoints Template ~ Symmetries  Deleted Points

» Name each keypoint and
Con nECt them into a gra ph- To create a skeleton, label points you want the model to

detect and track within your object.

« Click anywhere on the canvas to create and name a new point.

) T h i S te m p I a te i S re u S ed T ;;;l;l:;ulnt or an edge by clicking on It. Select multiple by clicking and
fo r eve ry a n n Otate d O bj e Ct . Creates an edge to connect the selected point to another.

ﬂ Changes the selected element's color.

ﬂ Deletes the selected element(s).

« The outer box of the canvas will be tightly focused on your object of interest
only.




KEYPOINT DETECTION - WORKFLOW

Placing Keypoints

o0
G Box the object
Add a bounding box first.

a Position keypoints

Drag each point to its
landmark.

e Stay inside the box

Never place a keypoint
outside the box.

@ Annotation Editor L

— 100% & + RESET




TRAINING

Ultralytics HUB

Take your labeled dataset and train, deploy and evaluate YOLO models in
the cloud or locally.



ULTRALYTICS - 1.1

Registration
®

G Visit Ultralytics
hub.ultralytics.com/ or

platform.ultralytics.com/

a Create an account

Fast, intuitive onboarding.

a Ready to train
Upload datasets & train

YOLO models.

Signin

B ultralytics

H U B @1 Welcome Back!

Sign in to continue your journey in computer vision.
Visualize, train, and deploy all your YOLOV5 and YOLOV8 £” models in
one place for free.

G @)

Ultralytics HUB is our NEW no-code solution to visualize your data, train Al models, and
deploy them to the real world in a seamless experience brought to you by the creators of

Or with your ema
YOLOV5 and YOLOvS8!
Work Email
Get started for free now!
Password
L@go e °
K &
3
e 2 S
@ vrioap paTA == @ TrRAIN A MODEL ™™ @) DEPLOY TO REAL WORLD ( Forgot Password? )

vailabl

Train,
Scale

Deploy, and

tr 128.5k+ GitHub Stars &, 242.6M+ Downloads

Go to Platform = Explore Models | .



https://hub.ultralytics.com/
https://platform.ultralytics.com/

ULTRALYTICS - 1.1

Your Workspace
®

» After sign-in you land in
the dashboard.

» Manage datasets, projects
and trained models in one
place.

» Everything syncs to the
cloud for collaboration.

Be ultralytics
HUB CIZID

Datasets
Projects

Models

© ¥ 0 B

Integrations

©)

Support

Trash

al

Yu
Y FREE

of ultralytics

Home

Explore

Annotate

P Example

Train

B) Example Project

7 Deploy

Datasets

Home >

Home

Get Started

Begin your journey with Ultralytics HUB and gain the
knowledge and skills needed to effectively utilize its
powerful features and capabilities.

Start Welcome Tutorial

Datasets

Create a personalized model by utilizing
your own dataset and fine-tune your
model's performance with the ability to
preview the classes and detection labels.

Upload Dataset

.-

> Safety helmets.

.“_'4\- ] . k

(]

Projects

Organize your models into groups for
effortless comparison of performance
metrics and seamless sharing with your
team members.

Create Project

+ New Dataset

T

Projects

E Example Project &

3£ Model - 25 September 2024 1...

E] keypoint

3B Model - 25 September 2024 1...

#
Models

Train a custom vision model and monitor
its performance in real-time. Once the
training is complete, easily export the
model in your desired format for
deployment.

Train Model

& Storage

Hello Yu! x
wy925720450@gmail.com é
3
w
Storage 142.7 MB/20.0 GB
!
Current plan FREE

[ sign Out &

Introducing Uitralytics Platform: Ani
Uttralyti®s"
Annotate. Train. Deploy.




ULTRALYTICS - 1.2

Create a Project
Be ultralytics

. . HUB @ZID

Home >

Home

upload dataset or use existing dateset
. [4] Datasets ate project
G New project :/ e R

rojects Get Started >
Group related datasets and models. O Projects | GetStarted

Begin your journey with Ultralytics HUB and gain
g:g Models knowledge and skills needed to effectively util
powerful features and capabilities. a
< Integrations
a Upload your dataset Start Welcome Tutorial
. . o @ Support -
Bring in the data you labeled in trained model
O h
Roboflow. g e
. .o L3 L3
e Train inside it - -
Run experiments scoped to the o Projacis
p rOJ ect . Create a personalized model by utilizing Organize your models into groups for
your own dataset and fine-tune your effortless comparison of performance
model's performance with the ability to metrics and seamless sharing with your
preview the classes and detection labels. team members.

Yu Upload Dataset Create Project
FREE



ULTRALYTICS - DATA

Upload a Dataset

Start upload
Open the dataset dialog.

Name it
Give the dataset a clear name.

Confirm name
Verify before continuing.

Match task type
Must match your labeled task. Set to private if needed.

Create & upload
Push the dataset to the HUB.

4

Mew Dataset

ate a new dataset to store your training images and annotations

= 1 file ready to upload

berry-Detection (2).zip

Dataset Name

Strawberry Detection

Task Type License (optional)

i1 Detect Mo license

Visibility

& Private [ ]

Cancel Create & Upload 5




ULTRALYTICS - TRAINING

Start a Training Run
o

m Strawberry Detection {}Detect s Add license 1 Y|k &

u."

» Open your dataset and S =
Choose Train Model. 3 1,772 images 772 labeled - & 4.535 annotations - & 85.8 MB

B3 Images

» Ultralytics walks you o (& Ao
through model and
compute choices.

> The next slides break
down each setting.




ULTRALYTICS - TRAINING

Configure the Run

Select a base model
Pick the YOLO variant to fine-tune.

Choose the project
Associate it with your dataset.

Set hyperparameters
Epochs, batch size, image size.

Cloud or local
Both are free to run.

Pick a GPU

Begin training
Kick off the run.

No high-end GPU needed for small data.

Train New Model

Choose cloud training for GPU resources or train locally with metrics streaming

@ Base Model 8 Dataset &

28 yolo26n

Wl T

Detection

b L

Strawberry Detection
I8k Imgs .2els, - ®17K 89 ?}

DL ' s

3 Project

1@;1 strawberrydetection

Epochs Batch Size Image Size

100 ~1 640

-1 enables auto-batc

€2 Advanced Settings
G Cloud Training  £1 Local Training

GPU Type Balance
RTX A4500 20GB-3$0.25/h $5.00

GPUs require a Pro or Enterprise plan

Estimated Cost

Clo

Run Name (optional)

expl

$0.09

RTX A4500- 20 GB

6 Start Training




Detect SEgment

ULTRALYTICS - TRAINING
v yolo26n 40.1% - 5 MB yolo26n-segq

Choosing a Model

yolo26 8% - 19 ME yvolo26s-sec
® yvolo26m 32.5% - 42 ME yolo26m-seq

volo261 yolo26l-seg
» Pick the model family for your task yolo26x 56:8% - 113 ME volo26x-seg
— detection, classification,

segmentation or pose.

Classify Pose

» Bigger models (YOLO26-X vs 26-N)
are more accurate...

yolo26n-cls 1.4% - 6 ME yolo26n-pose
yolo26s-pose

» ...but cost more training time and 78.1% - 22 ME yolo26m-pose

slower inference. 010261-Cls 79.0% - 27 ME yolo26l-pose

yolo26x-cls 79. 37 ME yolo26x-pose

Accuracy €2 Speed. Start small (N/S) to iterate fast, then scale up (L/X) once your pipeline works
end-to-end.



ULTRALYTICS - LOCAL

Train Locally
o

81 Advanced Settings

G Open a terminal O Cloud Training | & Local Training
Work on your own machine.
rain locz LYy and strea
Install the package Run in terminal Copy to clipboard
pip install ultralytics

port ULTRALYTICS_API_KEY="ul_ae/94183f/5daf8992cabTdY%/35deececcab95bab" O

yolo train \

R un th esn Ip pet model="ul:/fultralytics/yolo26/yolo26n'
Paste the generated command data="ul://tim-x/datasets/strawberry-detection" \
and go.

project="tim-x/strawberrydetection"”




ULTRALYTICS -

COLAB

Train on Google Colab

Upload data to Drive
Put the dataset folder in Google
Drive.

Open a Colab notebook
Set GPU runtime in the
browser.

Install & mount
Install packages, connect to
Drive.

Select model type
Choose your YOLO variant.

Train
Set data + output paths, then
run.

model = YOLO("yolov8n—cls.pt")#classification model

model. train(

%pip install ultralytics # install

from ultralytics import YOLO, checks, hub

checks{) # checks

import os

import cv2

import random

import shutil

from google.colab import drive

from ultralytics import YOLO

from google.colab.patches import cv2_imshow
drive.mount('/content/drive')

data="/content/drive/MyDrive/TAMU_Farrow_LabeledData",

epochs=10,
imgsz=224,

batch=32,
device=0,
project="/content/drive/MyDrive/YOLO_runs",
name="Swine_ Farrow Posture"




ULTRALYTICS - EVALUATION

Inspect Training Outputs
0

» Find all artifacts in your
designated Google Drive folder.

» Weights, training history and the
confusion matrix.

» Use them to validate and
compare runs.

My Drive > YOLO runs ~

[ Type ~ ][ People ~ J[ Modified ~ J

() Try Al directly in your favorite apps Use (
generate drafts and refine content, plus g«
access to Google's next-gen Al for $19.99

Name

BB Swine Farrow Posture

~ > Swine_Farrow_Po.. - (v= 8 ) © M results.png
X Tselected Details Activity
Name = o TRETESTBCEuracy topL
.
BB  weights : o] .
results.csv : 0754 0z e
. - .mrlo- 5 ) r":r|'!r:f:‘.\rﬁ\'_i‘r-'ﬁ|'H‘
00 \ 1 /———-—-—-ﬂ

results.png

confusion_matrix.png Who has access

confusion_matrix_normalized.png : g



ULTRALYTICS - EVALUATION

Visualize on the Platform

» View training curves and metrics in the o
H U B . - recision| - e mAP50-95(B)

» Preview model predictions on sample
images.

Results

» Share results and deploy when you're
satisfied. 2.0

train/loss

1.5 1

1.0 1

» Training and validation loss should
converge (increase batch size and training °*1

epoch). 0.0 T Weerttercnneeet
0 10 20 30




YOU NOW HAVE THE FULL PIPELINE

Label — Train — Evaluate

1 Roboflow 2  Ultralytics 3 [Evaluate
Label, augment & export Train YOLO models in the Review metrics, predictions &
datasets for any vision task. cloud, on Colab, or locally. weights — then deploy.

@ @ Happybuilding.



Background Removal & Scale Normalization

Model Generalization Challenge
o0

Diverse bedding materials Different housing structures Different floor types

4 A
iy gyl
i g
S ,"m,,,’lllm

gty
& ¥

Variation in housing environment and sensor placement can reduce model’s performance in
a different farm



Background Removal & Scale Normalization

Existing solutions

®
1 Data Augmentation 2 More Training Data 3 Larger / Complex Models
i, =
Ly V-V {4
R NS I~ 20
Rotate Flip
' o~ : Deep Transformers
-:O; _:@:_ More Samples Multiple Farms Networks
Brightness Hue
Limited improvement in Requires larger and more Higher computational cost

cross-farm generalization. diverse labeled datasets. and deployment burden



Background Removal & Scale Normalization

Rationale
o

» The reduced performance is due to variation in the background and the sensor placement.
» We can remove background and have the model to focus on the animal itself.

» For stationary monitoring system setup, background can be removed through frame subtraction
(Frame with animal — Frame without animals).

» For variation introduced by distance between animal and camera, we can focus on the animal by
removing the empty region in the image.




Background Removal & Scale Normalization

Example
o0

* Housing: Litter-floor system

* Environment: Wood shavings,
different feeder types, equipment
ayout and bird density

——————

[o—

\

T . e - -

Poultry Farms

* Housing: Litter-floor system

* Environment: Wood shavings,
different feeder types, equipment
ayout and bird density

—— e,
o rs -3

[e—

\

e

I
I
I
I
I

i

« Housing: Groove-floor system

« Environment: Different floor
texture, bird density and housing

. -

Dataset Sources

- . G

Mgy,
a,/, iy
i

* Housing: Swine farrowing stall

* Environment: slatted flooring
and different stall

[
[
1
[
i
1
[
i
|
[
I
1
|

]
|
i
I
1
|
1
[
[
1
|
1
1
!

Swine Farms

—————————— i ————————

\ scene structure

o T o e w  wm w—

* Housing: Sow estrus stall

« Environment: Different pen
layout, floor/background, and

e - - —



Background Removal & Scale

Example
®

Normalization

Poultry dataset:

e Imaging device: Intel RealSense D405 &
D456 Camera

e Image type: RGB images

e Image size: 848 x 480 pixels

e Camera angle: Vertical top-down view

e Camera height: Layer Pens: ~2.2 m, Broiler
Pens: ~1.9 m, Male Broiler Pens: ~1.8 m.

Swine dataset:

e Imaging device: Intel RealSense L515
Camera

e Image type: IR-Depth fused images

e Image size: 640 x 480 pixels

e (Camera angle: 1% swine farm : ~5°
downward, 2™ farm : ~30° downward




Background Removal & Scale Normalization

Example
®
Training data (Gestation Stalls) Testing data
LL: Lateral Lying SIT SL: Sternal Lying  STA: Standing (Farrowing Stalls)
WB

-~. Cropping was applied only to the swine dataset after background removal to
@ achieve scale normalization.



Background Removal & Scale Normalization Cross-Farm Broilers Detection

Example o 2 Ml e Kol FLnares margsoss
. 96.0

0 8 WB 0.94 090 092 0.96 0.72
2 YOLO
% 90 WoB 098 095 097  0.99 0.77
kd WB 072 093 082 092 0.60
DETR
YOLO DETR WoB 0.87 096 091 0.96 0.65
B ws I WwosB

Original Image DETR-Norm YOLO-CAM

(1) DETR token responses became more
concentrated on broiler regions after
background removal.

(2) YOLO CAM highlighted more
discriminative broiler regions after
background removal.

WoB




Background Removal & Scale Normalization

Example Cross-Farm Swine Posture Classification
o0
= 80 WB 074 037 039  0.64 0.37
S co YOLO WoB 0.55 090 059  0.76 0.57
% ‘0 WoB+Crop 096  0.97 096  0.99 0.94
i . WB 0.12 005 007 015 0.12
DETR WoB 042 050 045  0.40 0.38
YORO OETH WoB+C 0.57 2 41
B ws B wos B WossCrop oB+Crop . 0.55 056 0.6 0.
DETR-WoB-Crop DETR-WoB-Crop
Background removal and scale normalization 038 —— Train Loss LL- o EENEE
(Crop) substantially improved cross-farm TVl e R
swine detection for both YOLO and DETR. | Sl - :
' STA| o 0 0
0.0

0 10 20 30 40 50 60 LL SIT SL STA
Epoch Predicted label



Background Removal & Scale Normalization

Example

WoB

Norm

WoB

Norm

DETR-Norm

Testing sample

Similar residual responses
were observed across different
swine postures.

These residual responses were
observed only in the training
images but disappeared in the
testing images.

This suggests that DETR
developed a shortcut based on
training-specific spatial cues,
which failed to generalize to
the testing set.



Background Removal & Scale Normalization

Example
®
Predicted Image DETR-Norm YOLO-CAM
(1)
aa)
=
(2)
2
=
(3)

WoB+Crop

Both models used background structures,
particularly the stalls, in WB images.

DETR and YOLO responses became more
concentrated on the swine after

background removal (WoB and
WoB+Crop).

However, DETR still exhibited residual
responses at fixed image locations (WoB).



Background Removal & Scale Normalization

Example
®

1. Background removal improved cross-farm detection performance and
encouraged both models to focus more on animal-specific visual cues.

2. For more complicated task (1.e., object classification), when camera angle
and distance differs substantially, additional scale normalization further
improved DETR generalization by reducing reliance on training-specific
spatial cues.

3. Background removal combined with scale normalization provides a
practical strategy for developing more robust deep learning models for
livestock detection across different farming environments.
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