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Artificial intelligence and agriculture

Al-enabled
Soil & crop monitoring Precision surveillance
in real-time farming systems

Al-powered
robots

Using drones for
data collection

Weather prediction

Referencelmplementation of Al in Agricultureitps://appinventiv.com/blog/benefiof-ai-in-
agriculture/
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The problem and questions

w How do we address the growing demand for food and animal protein?

w How do we scale and optimize animal farming process  to answer
the needs of the global meat market?

w Can we use Al advancement to contribute in optimization
of poultry farming?
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Main focus

A Research was focused on poultry farms and the following:
A Disease outbreaks among chickens;
A Dead chickens that need to be removed;
A All the basic life needs: feed, water, lighting, air conditions;

w All of that while ensuring animal well-being and to make the life for farmers easier.
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Research goals

w Create poultry farm camera sensors based on deep learning and
loT edge devices.

w The use of HPC to support development of new smart loT
sensors for poultry farms, based on Edge Al/DL computer vision
and faster process of development Al models.

w Enabling deployment on the edge devices equipped with
camera sensors.
A Model integration with a web application.
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Research key tasks

w Object detection
wChicken/poultry counting (density estimation);
wDetection of dead chickens;

w Object segmentation
wEstimation of the weight of the chicken;

w AutoML
A Hyperparameters optimization (HPO);

A Generative Al

A Reduce the need for real data;
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Implementation phases P

Requirements Development Al-Based Edge Overall
Analysis and of Prediction Camera Nodes Verification

‘ Project
Management,

Dissemination
and

Exploitation

Experiment Models Using and Decision and Validation
Design 4 HPC Support
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Architecture (simplified)
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Architecture (2) !

Poerni by
Arizona State University®

LLLLL
-
e B @ %
. LLLLL] F : g T-J’ Q Q
Sensors/loT ~ Camera Data store Internet People
‘ Data Cleaning & Pre-processing & Annotation ]
Images /w Real-time
Annotations Images

“ A
Offline > Online
Model = Image &~
Computation I:> Analysis
- & | 8 &
Offline i

- The Dataset Online
Model High-Performance Storage Model Computer Vision

Computing ' Edge Al Kit

(a) Offline HPC/Al Loop (Model Creation/Training)

A

(b) Online Loop (Inference Model on the Edge Device)

Data Post-processing ]
i ) ]
Image Decision Notifications  Historical ~ Reports
Analytics  Support Alerts Database

ReferenceCakic, S.; Popovic, T.; Krco, S.; Nedic, D.; Babic, D.; Jovovic, |. Developing Edge Al Computer Vision for Smat Psintyrip&ep Learning and HPC. Sensors 2023, 23



Data creation and preparation

A Dataset was extended from DunavNet dataset
A >4000 annotated images for object detection
A after augmentation ~10000
A >1000 annotated images for object segmentation

A after augmentation ~2500
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Data labeling, object detection

Poerni by
Arizona State University®

QCVAT Projects  Tasks © GitHub @ Help 2 mned03 v
= Bl HK<P>DNO ° TR

Objects Labels Issues

& @ <~ Sorthy ID-as..

E el chicion
(=] A @ =
=
Foe B
: 5 R ® =

chicken

RECTANGLE SHAPE

& A @® =

&

. Recinaissies | Chicken
& A @ %
. .
Recunote e | Chicken
: 5 A @ b3
s
@ RECTANGLE sHape | Chicken
& A @ B3
: .
6 A @ 2
© | |
RecTANGue snape | Chicken
A R @ 2 5
: v Appearance
. Colontry SR
m Instance Group
ED Opacity
o

Selecled opacity

Outlined borders &*
Show bitmap Show projections




Data labeling, object (instance) segmentation
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Exploring different deep learning models .9

A Training on high-performance computing system.
A More than three thousand experiments on one or multiple GPUs.

A Fine tune hyperparameters (AutoML, HPO)

and decrease training time.
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Slurm and high performance computing T )
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Simple Linux Utility for
\ Resource Management
(SLURM) is an open source,
fault-tolerant, and highly scalable

NVIDIA Tesla M60 GPUs cluster management and job
(our HPC provider YoT[ra) Schedu”ng System:

You can NOT run parallel
program in Login Node!

workload manager
\ A Allocates access to resources
cpateh -

-_ o T E@] for some duration of time.
| L | E@J 1 A Provides a framework for

Salloc starting , executing , and

User Login Nod: . .
EEE AN monitoring work on the set of
Compute Node

allocated nodes.
A Manage resources by
managing a queue.
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Source: https://pdc-support.github.io/hpc-intro/09-
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High performance computing (slurm) job, ”3
example

#SBATCH- nodes=1

#SBATCH- account=DigitalSmart
#SBATCH- time=360:00:00
#SBATCH- ntasks=1
#SBATCH- partition=gpu
#SBATCH- output=pd_8.out
#SBATCH- job - name=pd_8
#SBATCH- gres=gpu:8
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module load Python/ 3.9.5 - GCCcore 10.3.0

module load CUDA/ 11.1.1 - GCE€10.2.0

#promjena radnog foldera
cd /home/users/digitalsmart/aimhigh/detectron2/poultry _object_detection
| srun - gres=gpu: 8 python main.py  -- numgpus 8

EDLY Rodnovc (S5R




dataset « load(object_detection_dataset)
optimal_batch « 0
selected_nn_arch <" "
ratio « 0
gamma « 0.5
steps « 1000
base_lr « 0.001
while num_gpus € [1,2,4,8] do
while curr_nn_arch € faster_r_cnn[r_101_c4_3x,r_101_fpn_3x,r_50_c4_1x,
r_enn_r_50_c4_3x,r_50_FPN_1x,x_101_32x8d_fpn_3x] do
while batch_size € [2°,2!,22,23,24,25,26,27, 28| do
train(num_gpus, curr_nn_arch, gamma, base_lr, batch_size, data, steps)
if ratio < average_precision /prediction_time then
ratio «— average_precision /prediction_time
optimal_batch_size « batch_size
selected_nn_arch « curr_nn_arch
end if
end while
end while

end while
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detection_prediction_model « none
best_average_precision « 0
while num_gpus € [1,2,4,8] do
while batch_size € [2°,2',22,2%,2%,25,25,27,28 | do
while gamma € [0.2,0.5,0.8,1] do
train (num_gpus, selected_nn_arch, gamma, base_lr, batch_size, data, steps)
if best_average_precision < average_precision then
best_average_precision « average_precision
update(detection_prediction_model)
end if
end while
end while
end while
save(detection_prediction_model )

Note: for the instance segmentation we used the same
methodology with different neural networks.



Training

Number Neural Network . Batch Validation Prediction
of GPUs Arhitecture T"T'e Size Loss AP APS0  APTS Time [s]

[min] U
faster_r_cnn_R_101_C4_3x 50:50 128 0.27 83.92 97.79 94.31 0.6 ~
faster_r_cnn_R_101_FPN_3x 22:44 256 0.31 8296 97.8 943 0.2 Arizana State University®
faster_r_cnn_R_50_C4_1x 44:44 64 0.34 8174 9768 93.1 0.6

1 ~ . . . .
faster_r_cnn_R_50_C4_3x 44:41 32 031 8278 9776 9432 06 (@] ObJeCt deteCtlon (Table 1) . evaluatlon Of
faster_r_cnn_R_50_FPN_1x 16:43 8 0.36 8075 977 932 0.2 different FaStel’ R'CNN network

faster_r_cnn_X_101_32x8d_FPN_3x 42:05 8 0.31 8339 97.81 94.42 0.4 . .
faster_r_cnn_R_101_C4_3x 34:16 2 0.27 841 97.81 9443 0.6 arChIteCtureS In DeteCtronzs gamma -
faster_r_cnn_R_101_FPN_3x 15:58 4 0.3 829 97.82 944 0.2 O 5, Steps = 1000
faster_r_cnn_R_50_C4_1x 30:03 4 0.34 8222 9773 939 0.6 ~ . . . .

2 0 Table 2: Hyperparameter optimization
faster_r_cnn_R_50_C4_3x 30:0 256 0.31 8273 9778 942 0.6
fster_r_enn_R_50_FPN_1x w210 4 03 s o4 sz 02 results for faster rcnn_R_101 FPN_3x,

faster_r_cnn_X_101_32x8d_FPN_3x 31:00 16 0.3 83.34 97.86 94.51 0.4 1000 epOChS for dlfferent Va|ueS of
faster_r_cnn_R_101_C4_3x 32:19 256 0.26 841 978 943 0.6 ! .
faster_r_cnn_R_101_FPN_3x 17:56 4 0.29 8314 9781 94.44 0.2 gamma and batCh SIZES.
faster_r_cnn_R_50_C4_1x 28:36 256 0.33 8243 97.72 93.13 0.6

4 - . e
faster_r_cnn_R_50_C4_3x 28:30 256 03 8258 97.8 943 06 Numberof  Tralning Time .~ Baich \Validation ., .. o0
faster_r_cnn_R_50_FPN_1x 14:25 128 0.33 8134 97.74 9322 0.2 GPUs [min] Size Loss

faster_r_cnn_X_101_32x8d_FPN_3x 31:17 64 0.31 8347 97.82 9456 0.4 1 22:20 0.8 1 0.31 83.7 97.86 94.62
faster_r_cnn_R_101_C4_3x 36:10 256 0.25 83.8 97.81 943 0.6 2 15:45 0.8 128 0.3 84.11 97.85 95.43
faster_r_cnn_R_101_FPN_3x 13:57 16 0.28 8324 97.81 94.43 0.2 4 17:53 ’ 256 0.27 8456 97.88 9550
faster_r_cnn_R_50_C4_1x 32:28 256 0.32 8243 97.72 93.21 0.6

8 8 24:25 1 8 0.26 84.62 97.88 95.68
faster_r_cnn_R_50_C4_3x 32:31 256 0.29 8283 978 943 0.6
faster._cnn.R_50_FPN_Tx 2087 & 0% EIET 9TTe SkAs 02 Note: for the instance segmentation we used the same

faster_r_cnn_X_101_32x8d_FPN_3x 37:36 32 0.32 8359 97.85 94.56 0.4

methodology with different neural networks.
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Reference : Ultralytics. YOLOv11 Overview. Available online:
https://docs.ultralytics.com/models/yolol1/#overview
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: YOLO11
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YOLOvV9-seg segmentation (chickens)
MAP more than 90%
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Architecture (with GenAl) T |
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Reference : Stevan Cakic; Popovic, T.; Srdjan Krco; Jovovic, |.; Babic, D. Evaluating the FLUX.1 Synthetic Data on
YOLOV9 for Al-Powered Poultry Farming. Applied Sciences 2025, 15, 36631 3663,
doi:https://doi.org/10.3390/app15073663
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Continuous improvement of the model (safety, privacy, ethical analysis) a
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Reference : Stevan Cakic; Popovic, T.; Srdjan Krco; Jovovic, |.; Babic, D. Evaluating the FLUX.1 Synthetic Data on
YOLOV9 for Al-Powered Poultry Farming. Applied Sciences 2025, 15, 36631 3663,
doi:https://doi.org/10.3390/app15073663
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A close-up isometric photo capturing a cluster of CHICKRAD nestled in a bed of soft, straw-colored
hay. The CHICKRAD, in shades of white, brown, and soft yellow, are scattered across the hay, with
some pecking, others resting. The variety in CHICKRAD sizes and their various angles create depth
and liveliness in the scene. The hay background enhances the rustic feel, bringing out the delicate
textures of their FLuffy feathers.
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Reference : Stevan Cakic; Popovic, T.; Srdjan Krco; Jovovic, |.; Babic, D. Evaluating the FLUX.1 Synthetic Data on
YOLOV9 for Al-Powered Poultry Farming. Applied Sciences 2025, 15, 36631 3663,
doi:https://doi.org/10.3390/app15073663
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Algorithm 1 Implementation steps of generative Al for extending dataset with synthetic data.

real _ dataset « collect _real _dataset

real _ dataset _ chunk « select _ sample _ from _ real _ dataset
selected _ generative _ ai _ model « Flux1.1[dev]

Model training

trigger _ word « “CHICKRAD”

lora _ rank « 16

steps « 1000

train(selected _ generative _ ai _ model)

Generate synthetic data

lora _scale « 1

guidance _ scale < 2.5

prompt _ scale < 0.8

prompt « “A close — up isometric photo capturing a cluster of CHICKRAD nestled in a bed of soft, straw
generate _ synhtetic _ data()




Table 1. The impact of synthetic data on the accuracy of the YOLOv9-e model, tested on 50

real images, object detection. Number of training epochs: 100, batch size: 16.

Dataset Split Metric
Experiment ID

Real Synthetic Augmented Total mAP

1 0 0 0 0 0.245
2 100 0 0 100 0.796
3 400 0 0 400 0.822
4 0 100 0 100 0.793
5 0 400 0 400 0.789
6 50 50 0 100 0.801
7 200 200 0 400 0.821
8 300 100 0 400 0.829
9 100 300 0 400 0.820
10 400 0 800 1200 0.820
11 0 400 800 1200 0.792
12 200 200 800 1200 0.814
13 300 100 800 1200 0.812
14 100 300 800 1200 0.808
15 400 0 800 1200 0.827

Reference : Stevan Cakic; Popovic, T.; Srdjan Krco; Jovovic, |.; Babic, D. Evaluating the FLUX.1 Synthetic Data on

YOLOV9 for Al-Powered Poultry Farming. Applied Sciences 2025, 15, 36631 3663,

doi:https://doi.org/10.3390/app15073663
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Degree of occupancy (density)



