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Introduction — Why Early Detection Matters

* High-density poultry systems amplify disease spread
* Delays = productivity loss, welfare concerns, food safety risks

* Many diseases are subclinical in early stages or having no clinical
symptoms (e.g., Salmonellosis)

Credit: Big Dutchman
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Introduction — Limitations of Conventional Diagnostics

¢ VlSllal IIlSpCCthn IS Sllb] GCthe aIld labOI'- Age distribution for poultry and egg producers

intensive
* Lab diagnostics: accurate but slow and costly "
o 30-60 minutes driving between a farm and a

dedicated veterinary clinic

o Examination time: commonly 7-10 business days
for a comprehensive report

m <35 m=35-64 =65+

* Field-deployable tests: faster, but limited
sensitivity
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Introduction — Multimodal Precision Poultry Health

* Precision Poultry Health: aims to provide fast and accurate disease
detection or abnormal situations on farms to support timely decision-
making and improve bird health.

* Multimodality signals:

o Physiology: body surface temperature I
o Behavior: activity, movement, feeding patterns L = L,
o Excreta: fecal color, texture, watery areas = e
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Introduction — Artificial Intelligence

* Artificial Intelligence — Development timeline

Adoption of artificial
narrow intelligence (ANI) Speculative
with refined algorithms advancermants
toward AGI

Al winter [unmet
expectations &
reduced funding)

Introduction of generative
adversarial networks Hypothetical
(GANS) development of
. artificial
Genera’_cwe Al content superintelligence
creation emerges (ASI)

Introduction of
speech recognition

Rise of neural
networks &
backpropagation

Al winter (unmet
expectations &
reduced funding)

1960 1970 EEEE 1980 1990 EEEE

Generative Al advances
within ANI with powerful
language generation
capabilities

Massive growth in
data availability &
processing power

Expert systems
apply Al to
specific domains

Simple Al
(language
translation &
game playing)

Enhanced
machine learning

algorithms

Growth in the
field of machine
mearning

Ongoing research toward
artificial general
intelligence (AGI)

LANI

LML

Source: Concentrix




Introduction — Artificial Intelligence

* What 1s AI? — Algorithms that mimic all human decision-making process
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Introduction — Artificial Intelligence

* Al race in general areas * Poultry industry values in
2025:
2025 Investment for Al race o
. o Global: $394.75 billion
500 - o US: $50.5 billion

=
=
=]

Investment ($ billion)
g 3
= =

100

100 2 13 72
B 0
D | —_—
Microsoft Amazon Alphabet Meta OpenAl XAI NVIDIA

(AWS)  (Google)
Al company
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Research Showcases — Thermal Imaging for Early
Disease Detection

* Thermography with machine learning for
classifying low-pathogenic avian influenza
and Newcastle disease

The First Evidence

Dempster-Shafer

Evidence Theory The Second Evidence

Health
14-day-Old .

Al (Flu) ND
The Time for - -

Data Collection  Sensitivity (%)  Specificity (%) ML";‘L‘;E{%} Sensitivity (%)  Specificity (%) M;"fﬂ‘;g(%}
Section 1 88.89 83.33 86.11 100.00 72.00 80.56
Section 2 100.00 78.26 86.11 82.90 96.35 88.48
Section 3 100.00 94.74 97.22 100.00 100.00 100.00
Section 4 98.15 100.00 99.05 94.74 100.00 97.22
Section 5 100.00 94.74 97.22 100.00 100.00 100.00
Section 6 100.00 90.00 94.44 94.12 89.47 91.67
Section 7 100.00 100.00 100.00 85.71 100.00 91.67
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Sadeghi, M., Banakar, A., Minaei, S., Orooji, M.,

Section 1 indicates the 8th hour after disease infection, Section 2
indicates the 16th hour after disease infection, ..., and Section 7
indicates the 56th hour after disease infection.
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Shoushtari, A., & Li, G. (2023). Early Detection of Avian Diseases Based on Thermography and Artificial Intelligence. Animals, 13(14), 2348.



Research Showcases — Thermal Imaging for Early
Disease Detection

Original Background removal Detection Head and Leg

* Feather can cover the core
temperature distribution.

* Extracting the temperature
on head and leg only.

* Classification accuracy of
both diseases improved to
over 90% within 8 hours of
infection.
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Ansarimovahed, A., Banakar, A., Li, G., & Javidan, S. M. (2025). Separating Chickens’ Heads and Legs in Thermal Images via Object Detection and Machine Learning Models to Predict Avian Influenza and Newcastle Disease. Animals: an
Open Access Journal from MDPI, 15(8), 1114.



Research Showcases — Behavior Analytics as
Health Indicators

* Effect of Salmonella infection on broiler activity index (BAI)
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Oso, O. M.#, Li, G.*, Ariyo, O. W., Oladeinde, A., and Aggrey, S. E. 2024. Automated Detection of Early Salmonella Infection in Broiler Flock. Poultry Science Association Annual Meeting, Louisville, KY, July 15-18.
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Research Showcases — Behavior Analytics as
Health Indicators

. Percentage of the time .
Time budget (seconds/hour) budget (%) Absolute value (per bl'd)
High Medium .- High Medmm Low High Medum §
. Parameter BAI BAI LowBAL  pAT  BAI BAI |BAI BAI o BAL
Effect of heating —
. cating With 20354 112702 226945 565 3130 63.04 |11460% 26632 [97.29
operations and operations
nutritional treatments Without 18649 110545 230367 519 3077 64.04 |151.012 38477 97 68
i L. SEM 10.56 2368 37.23 029 078 103 |7.12 7.83 89
on broiler activity P-Value 0.23 0.56 0.48 022 060 046 |<001 <001 88
index (BAI) metrics Control 167.64° 919.65° 2512392  4.66° 2555  69.80° 13800 33073 194.69°
. . Nutritional o
of broiler chickens treatment  Variation 222392 1312.82@ 206072 618 3653  5729% 12757 32035  200.29=
SEM 9.78 2595 34.47 027  0.720 0950 7.69 846 2.03
i85 P-Value <0.01 <0.01 <0.01 <0.01 <001 <001 030 0.35 0.04
\’\\ s0g With-Control 17644 93664 248692 490 2602 6908 12076 27253  193.67
g Without-
s Interaction  Copro] 15884 90266 253787 441 2508 7051 10843 26011 20092
g g{ea@g With-Variation 23064 131739 2051.97 641 3659 5670 15532 38895  195.70
08 perations- .
Nutritional ~ Without- 21415 130825 206946 596 3646 5758 1467 38058  199.66
55 Treatment) Variation
© N 8 SEM 14.94 39.63 52.65 041  1.10 146 1088 1196 288
ime of a day
P-Value 0.97 0.73 0.73 096  0.69 075  0.85 0.85 0.54
_— Coll.ege OngI'ICIIHEuI'al & 3 ©Means having the different superscript within each column indicate significant differences (P=<0.05). BAI is bird activity index. and
' Environmental Sciences SEM is standard error.
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Oso, O. M., Mgjia-Abaunza, N., Bodempudi, V. U. C., Chen, X., Chen, C., Aggrey, S. E., & Li, G. (2025). Automatic Analysis of High, Medium, and Low Activities of Broilers with Heat Stress Operations via Image Processing and Machine
Learning. Poultry Science, 104954.



Research Showcases — Behavior Analytics as Health
Indicators
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Li, G.*, Meyer, M. M., Gates, R. S., and Bobeck, E. A. 2023. Tracking and Characterizing Spatiotemporal and Three-Dimensional Locomotive Behaviors of Individual Broilers in the Three-Point Gait-Scoring System. Animals 13:717.



Research Showcases — Behavior Analytics as Health
Indicators

* Trajectory differences for group-housed birds (week 2) with different gait scores.

X Coordinate X Coordinate
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Trajectories for broiler chickens with lower gait Trajectories for broiler chickens with higher
scores (better leg health) gait scores (poorer leg health)
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Mohammadialabadi, H., Li, G.*, Liu, T., Bodempudi, V. U., Oso, O., Sacidifar, M., Kota, S. A. R., Asali, E., Mandiga, A. 2026. Early Prediction of Broiler Gait Scores Using Spatiotemporal Kinematic Tracking and Explainable Machine

Learning Features. Computers and Electronics in Agriculture (under review).






Research Showcases — Mobile Poultry Health Assessment

» Poultry fecal image dataset
o Four classes
o 6,817 images

Newcastle

Disease . v
o
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Salmonella ®

Mobile system
o App: collecting, uploading, and displaying
1mages
o Internet of Things: receiving/transferring
images and connecting devices

o Server: processing images and assigning usage
credentials

Deep learning

oo

localhost

Poultry Feces j

Photograph Health
Assessment App

EI—E

Smart phone

Computer server

Router

Department of Poultry Science 16

Li, G., Gates, R. S., & Ramirez, B. C. (2023). An On-Site Feces Image Classifier System for Chicken Health Assessment: A Proof of Concept. Applied Engineering in Agriculture, 39(4), 417-426.



Research Showcases — Mobile Poultry Health Assessment

* The App interface

oy oy
B - PR
srazes IWEgE

Cancel

Home Page Abaut Us
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Li, G., Gates, R. S., & Ramirez, B. C. (2023). An On-Site Feces Image Classifier System for Chicken Health Assessment: A Proof of Concept. Applied Engineering in Agriculture, 39(4), 417-426.



Research Showcases — Mobile Poultry Health Assessment

Poultry farm Fecal image samples

Broiler Salmonella Detection (BSD) Broiler Salmonella Detection (BSD)

Classified as: Classified as:
Salmonella Negative Salmonella Positive

Image classification model

Take Picture

Prediction Result: Salmonella Negative

Take Picture
Launch Gallery

Launch Gallery

Web interface Avp interf
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Bodempudi, V. U. C., Li, G.*, Oladeinde, A., Rothrock, M. J.., Aggrey, S. E., Liu, T., Kota, S. A. R., Yuan, G., Nalla, S. S. R. 2026. Salmonella Risk Prediction in Poultry Farms via Deep Learning Image Classification Models, Cross-Region Validation,
and Edge Computing. Computers and Electronics in Agriculture (under review).



Prevalence (%)

Discussion — Ground truth variability

* Clear variations of manual scores for poultry feces

-

Score 0 Score 1 Score 2 Score 3 Score 4
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Discussion — Generalizability

Model Accuracy ( Accﬁf‘acy) ROC AUC PR AUC F1 Score F1 (Sj:ore)
VGG16 £0.0211 0981397 098297  0.934 +0.0209
VGG19 0.9133 +0.0238 0.978405  0.980454  0.9138 +0.0246
MobileNetV2  0.8977 +0.0256 0.972889 0976037  0.8967 +0.0265
DenseNet121  0.9081 +0.0244 0.972696  0.97539  0.9065 +0.0250
DenseNet169  0.8786 +0.0275 0.968526 0971176  0.8759 +0.0305
DenseNet201  0.8873 +0.0266 0.969199  0.97334  0.8845 +0.0277
Xception 0.9081 +0.0244 0.980928  0.982563  0.9091 +0.0250
InceptionV3  0.9064 +0.0246 0.971963 0974199  0.9025 +0.0262
ResNet50 0.8821 £0.0272 0.947411 0955145  0.8707 +0.0305
ResNet101 0.8457 +0.0303 0.928941  0.936204  0.833 +0.0355
ResNet152  0.8752 +0.0278 0.952086  0.957401  0.8636 +0.0316
EfficientNetB0O  0.5511 +0.0414 0.649786  0.546038  0.4932 +0.0489
EfficientNetB3  0.7816 +0.0345 0.850803  0.833767  0.7742 +0.0380
EfficientNetB7  0.7677 +0.0353 0.838437  0.806214  0.7698 +0.0379

Model American — African African — American

VGG16 0.5023 0.5240

VGG19* 0.4980
MobileNet V2 0.4965 0.5052
MobileNet V3 0.5009 0.5211
DenseNet 121 0.4965 0.5559
DenseNet 169 0.5009 0.5443
DenseNet 201* 0.5052 0.5428
Xception* 0.5052 0.5284
Inception V3 0.4878 0.5182
ResNet 50 0.4936 0.5240
ResNet 101 0.5038 0.5414
ResNet 152 0.5298
EfficientNet B0 0.4980 0.5385
EfficientNet B3 0.4893 0.5240
EfficientNet B7 0.4951 0.5110
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Discussion — Generalizability
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Discussion — Inference capability

I'm glad you asked—but | need to be very clear and careful here. Signs that raise concern (but still aren’t diagnostic)

Feces with
Coccidiosis It's not possible to diagnose Salmonella (or any specific infection) from a photo of poultry droppings If multiple birds show:
{ . . : c
' infection alone. Lethargy, ruffled feathers

Even experienced veterinarians cannot confirm Salmonella based on fecal appearance—it requires Reduced appetite

laboratory testing. Diarrhea in many birds

Sudden deaths

What | can say about the image

) Prompt: based On From the photo, the droppings look:

* Brown/yellowish

this poultry fecal » Soft to pasty
lmage, Could you -. Not obvious!y bloody ) | . |
tell me Whether the This appearance is non-specific and can be caused by many things, including:

MNormal variation (especially after stress or diet changes)

bird iS infected With Excess water intake

Feed changes

Salmonella? Other bacteria (e.g., E. coli)
(ChatGPT 5 .2 Parasites (e.g., coccidia)

Liver or digestive issues

FlagShip mo del) & Salmonella droppings do not have a unique or reliable visual signature.

Drop in egg production

Swollen joints or lameness (in some strains)

then testing is strongly recommended.

Important safety note (for humans)

Salmonella is zoonotic (can infect people). Until testing is done:

Wash hands after handling birds or droppings
Don‘t eat or drink in the coop area
Clean footwear and tools

Keep children away from feces

What | recommend next

. Collect a fresh fecal sample (clean container, same day)

How Salmonella is actually diagnosed

. Contact a poultry vet or diagnostic lab

1

2
To know for sure, you would need one of the following: 3. Ask specifically for Salmonella culture or PCR
4

s Fecal culture (gold standard) . Monitor the rest of the flock closely

* PCR test on feces If you want, tell me:

* Post-mortem testing (in severe outbreaks)

* Is this from a chicken, turkey, or another bird?

* Is it just one bird or multiple?

. i i "' L) ny other symptoms (e rop, deatns, eaviorcan es)?
~\ College ongrlcultural& Hallucination!!! Any other symptoms (egg drop, deaths, beh hanges)

I can help you decide how urgent testing is and what else to rule out 4

Environmental Sciences

%ﬁ UNIVERSITY OF GEORGIA Department of Poultry Science



Discussion — Reliable models

o

poultry diseases detection with artificial intelligence

* 100-1000 artificial intelligence |

models are coming out from
computer science domain.

* If every disease needs a
specific detection model, how
many models are needed for
detecting all diseases? Which
ones are reliable?
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Poultry diseases detection with artificial intelligence - Ask SciSpace Al
SciSpace Literature Review, 2024 - scispace.com

Do a comprehensive literature review for "poultry diseases detection with artificial intelligence" in
SciSpace and get citation-backed insights from 250M+ scientific research papers

mm Early detection of avian diseases based on thermography and artificial
intelligence

e 2 [

M Sadeghi, A Banakar, S Minaei, M Orogji..
... and rapid method of poultry disease diagnosis based on ... and artificial intelligence for data

- Animals, 2023 - mdpi.com

analytics. With the proposed method, Avian Influenza and Newcastle Disease can be detected ...
7¢ Save 99 Cite Cited by 45 Related articles All 8 versions Web of Science: 25 99

), Related Papers i3 Chat with paper
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Take-home Messages

* Multimodal or multi-phenotype integration show potential for poultry
disease detection.

* Artificial intelligence-driven poultry disease detections are having
certain limitations, like generalizability, ground truth variations, and
inference capability.

 Current existing artificial intelligence tools cannot be directly used for
disease diagnosis and require extensive customization and optimization.

* Commercial-scale disease challenge experiments are needed to develop
practical and industry-ready precision poultry health technologies.
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