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AI-derived digital phenotypes for precision dairy monitoring

Data analysis

Data-driven decision support

Data collection

Some key challenges in AI-derived digital 

phenotyping

❑ Limited labeled data 

❑ Integrating heterogeneous dairy data 

❑ Deriving biologically meaningful behavioral 

phenotypes



Challenge 1: Limited labeled data

Generating digital phenotypes from images

❑ Conventional phenotypes

❑ Images

Deep learning models

Reference/training dataset

❑ Images

New animals without phenotypes

Image-derived 

digital phenotypes

Accurately estimating image-derived phenotypes requires a large reference dataset!

Small farms often lack sufficient reference data, which can lead to 

inaccurate digital phenotypes and affect downstream analysis.

Phenotypes           Images 
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❑Investigate the impact of using large farm data (via transfer learning) on 

image-based body weight (BW) prediction in small farms

❑Compare body weight prediction performance using depth images versus 

3D point cloud data

BW and image data:

Three farms

(1,474 cows, 15,684 images)

❑ Depth image

❑ 3D point cloud data

❑ Scale-based BW

Project 1: Transfer learning for body weight prediction in small dairy farms

Objectives: 

Jin Wang



Department of Animal Sciences 5

Overview of the study

Training data:

Small farm 

training

Small-farm-only learning

Training data:

 Large/medium + 

small farm 

training 

Joint/transfer learning targeting only small farm

Deep learning models ෢𝐵𝑊

❑ Depth image

❑ 3D point cloud data

❑ Scale-based BW

Small-farm test set
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Joint learning

Large farm

Data

Share

Large farm

Transfer learning

Data

BW prediction model

Pretrained 

weights

Small farm

Data

BW prediction model

Predict BW for the 

small farm

Small farm

Data

BW prediction model

Predict BW for the 

small farm

Share

No raw data 

sharing

Small-farm-only 

learning

Small-farm-only learning, joint learning, and transfer learning



ConvNeXt-Tiny Backbone

Dropout

Dense (1, linear)

Global Average Pool

2D

Dense (ReLU)

Head

Stem

ConvNeXt Block * 3

Level 1

Downsample

ConvNeXt Block * 3

Level 2

Downsample

ConvNeXt Block * 9

Level 3

Downsample

ConvNeXt Block * 3

Level 4

Gray-scale 

depth images

Exp 1: Small-farm-only learning

Using the training set of the small farm to train 

backbone and head

Exp 2: Joint learning

Using the training set of each scenario to train the backbone and head 

❑ Scenario 1: small farm training + medium farm

❑ Scenario 2: small farm training + large farm

❑ Scenario 3: small farm training + medium farm + large farm

෢𝐵𝑊

+ Step 2: fine-tune head (all layers) + backbone 

(last N layer) using the small farm training set

Step 1: using data from each scenario to pretrain the backbone 

and head

❑ Scenario 1: medium farm data

❑ Scenario 2: large farm data

❑ Scenario 3: medium farm + large farm data

Exp 3: Transfer learning
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Small farm BW prediction using joint learning and transfer learning
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❑ Transfer learning consistently improved body weight 

prediction for a small dairy farm with limited training data.

❑ Transfer learning achieved performance comparable to or 

better than joint learning, enabling cross-farm knowledge 

transfer without sharing raw data.

Summary

❑ Both depth images and point cloud data were effective 

under transfer learning, with no clear advantage of one 

modality over the other.



Challenge 2: Integrating heterogeneous dairy data 

Farm/ management 

records

Reproductive 

records

Production 

records

Traditional data

Wearable 

sensors

Computer 

vision

Environmental 

data

Genomic 

data

Digital data

AI algorithms provide an opportunity to 

integrate traditional and emerging digital data 

to support decision-making



Project 2: Multimodal integration for postpartum disease prediction

Early detection of postpartum diseases in dairy cattle is essential for 

improving health, welfare, and productivity.

➢ Develop a multimodal deep learning (DL) model that integrates time-series 

sensor and phenotypic data for early postpartum disease prediction.

Routine clinical evaluations are subjective and may delay diagnosis. 

Wearable sensors enable early disease detection, but most studies 

rely solely on sensor-derived information.

Imbalanced datasets limit disease prediction performance.

➢ Evaluate the impact of representation learning and class-imbalance 

mitigation strategies on disease prediction performance.

Objectives Angelo De Castro



Department of Animal Sciences 12

Postpartum disease 

data 

(N = 9,540 cows)

Time-series data:

❑Rumination 

❑Activity 

❑Days in Milk 

❑Temperature-humidity 

index 

Single-time-point data:

❑Parity

❑Calving problems 

❑Calving cohort 

❑Calf sex 

❑Calving ease score 

6,888 cows 

Healthy (0) Diseased (1)
   2,652 cows

Disease distribution 

across three farms 

Multimodal data for postpartum disease prediction
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Postpartum disease prediction design

-21 DIM +2 DIM +30 DIMCalving

Peripartum input data

(-21 to +2 DIM)

Disease occurrence window

(0 to +30 DIM)
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Baseline multimodal architecture

Time-series

data

➢ Activity

➢ Rumination

➢ Days in Milk

➢ Temperature-

humidity index

Single time-

point data

➢ Parity

➢ Calving ease

➢ Male offspring

➢ Calving problem

➢ Cohort number

Time-series DL 

encoder

Multilayer 

perceptron

Fusion layer 

cross-modal 

integration

Classification 

head

Multi-modal input data Multi-modal deep learning (DL)

➢ Three time-series DL encoders: LSTM, TCN, and Transformer.  

A.) Baseline multimodal architecture

Healthy vs. Diseased
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Adding representation learning

Time-series

data

➢ Activity

➢ Rumination

➢ Days in Milk

➢ Temperature-

humidity index

Single time-

point data

➢ Parity

➢ Calving ease

➢ Male offspring

➢ Calving problem

➢ Cohort number

Time-series DL 

encoder

Multilayer 

perceptron

Fusion layer 

cross-modal 

integration

Classification 

head

Multi-modal input data Multi-modal deep learning (DL)

A.) Baseline multimodal architecture

B.) Contrastive multimodal (CMM) 

Healthy vs. Diseased
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Adding class imbalance handling

Time-series

data

➢ Activity

➢ Rumination

➢ Days in Milk

➢ Temperature-

humidity index

Single time-

point data

➢ Parity

➢ Calving ease

➢ Male offspring

➢ Calving problem

➢ Cohort number

Time-series DL 

encoder

Multilayer 

perceptron

Fusion layer 

cross-modal 

integration

Classification 

head

Multi-modal input data Multi-modal deep learning (DL)

A.) Baseline multimodal architecture

B.) Contrastive multimodal (CMM) C.) Imbalance handling techniques

Healthy vs. Diseased
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Cross-validation design: 5-fold CV

Fold 5Fold 4Fold 1 Fold 2 Fold 3

Iteration 1

Iteration 2

Iteration 3

Iteration 4

Iteration 5

Fold 1

Fold 1

Fold 1

Fold 1

Fold 1

Fold 2

Fold 2

Fold 2

Fold 2

Fold 2

Fold 3

Fold 3

Fold 3

Fold 3

Fold 3

Fold 4

Fold 4

Fold 4

Fold 4

Fold 4

Fold 5

Fold 5

Fold 5

Fold 5

Fold 5

Training set

Testing set

Farm 1

Combined dataset

Farm 2 Farm 3
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Cross-validation design: cross-farm CV

Training set Testing set

Farm 1 Farm 2 Farm 3
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Results: prediction performance across model designs
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Results: prediction performance across three deep learning 

encoders
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Summary

We developed multimodal deep learning models that integrate time-series 

and single-time-point data to effectively predict postpartum diseases in 

dairy cattle.

Our proposed multimodal integration provides an opportunity to enhance 

early disease detection and advance the use of digital phenotypes in dairy 

cattle.

Contrastive multimodal representation learning (CMM) improved 

multimodal feature learning by aligning representations across data 

modalities.

Class imbalance handling strategies improved prediction of minority 

disease cases, and the combined framework achieved the highest 

performance (AUPRC = 0.74).
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Develop and evaluate a computer vision approach for automated 

social network analysis in group-housed dairy calves.

Challenge 3: Deriving biologically meaningful behavioral phenotypes

Social behavior influences welfare, health, and 

productivity in dairy cattle.

Human observation is labor-intensive and 

prone to observer bias.

Computer vision offers opportunities for 
continuous, automated monitoring of social 

behavior.

Computer vision-based social network analysis 

remains underexplored in dairy cattle.

Project 3: Angelo De Castro
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Overview of the study
Step 1: Dairy calf 

detection
Video data

Step 2: Dairy calf 

tracking

Step 4: Case study 

evaluation
Step 2.1: Interaction detection

Step 3: Social network 

analysis

Continuous video recording of 

group-housed dairy calves

Detecting calves in each frame 

using the YOLOv8 model

Tracking individual calves 

across frames using ByteTrack 

tracker

Detecting interactions using (a) 

one-body length and (b) bounding 

box overlap
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Selected video segments used for model development 

and evaluation

Dataset Pen Duration Description

Training 

video
Pen 1 ~60 min

Training (20 min) and 

evaluation (40 min)

Testing 

video
Pen 1 ~171 min

Same calves, same pen, 

different day

Testing 

video
Pen 2 ~148 min

Same calves, different pen, 

different day

Experimental setup

Five group-housed Holstein heifer calves 

(28-42 days old) at the UF Dairy Unit

~3 m overhead top-down camera, 7 fps, 

continuous video recording

Pen 1

Pen 2
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Step 1: Dairy calf detection

YOLOv8

Training set

8,676 frames from video 1

Trained

model

Evaluate detection 

performance

Detects and localizes each calf 

in every frame using bounding 

boxes and confidence scores.

8,676 frames from Video 1 

manually annotated using CVAT

Pre-trained YOLOv8 model fine-

tuned using 8,676 manually 

annotated calf images

Testing set

16,801 frames from video 1
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❑ Continuous tracking across video 

frames

❑ Persistent calf IDs during occlusion 

❑ Outputs used for interaction detection in 

Step 2.1

Step 2: Dairy calf tracking

Kalman filter
Predicts calf 

positions

Match detections
Link detections to 

existing tracks

Assign IDs
Unique ID for each calf

Dairy calf tracking 

outputs

Frame number

Track ID

Bounding box 

coordinates

Dairy calf  

detection outputs 

ByteTrack tracking algorithm

Tracking output



Department of Animal Sciences 27

Step 2.1: Dairy calf interaction detection

Dairy calf tracking outputs

Frame number

Track ID

Bounding box coordinates

Tracking video

Interaction detection criteria

Proximity-based interaction Contact-based interaction

Centroid distance ≤ 

minimum calf body length of 

each pair Bounding box overlap > 0
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Step 3: Social network analysis (SNA)

Simple ratio index (SRI)

➢ Quantifies the proportion of observations in 

which two calves were grouped together.

➢ Serves as the edge weight in the social 

network.

Group-by-individual (GBI)

➢ Records whether pairs of calves were grouped 

together in each frame

➢ 1 = grouped together, 0 = not grouped together

Social network metrics

Group-level

➢Density

➢Modularity

➢Community structure 

(Louvain)

➢Clustering coefficient



Department of Animal Sciences 29

Step 4: Case study evaluation

Comparison between CV- and observer-

identified interactions

Video 2 – same animals, same 

pen, different day

Video 3 – same animals, 

different pen, different day

➢Videos 2 and 3 were sampled at 1-minute 

intervals for case study evaluation

➢Each calf pair was assessed by a trained 

observer using both interaction criteria

Sensitivity and specificity

CV-detected 

interactions
Observer-reviewed 

interactionsvs.
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Results: Calf detection and tracking performance

The model accurately detected and tracked 

dairy calves under group-housed pen conditions.

Detection performance

Metric Result

F1 score 0.985

mAP@0.5 0.994

Tracking performance

Metric Result

MOTA 0.981

MOTP 0.127

IDsw 0
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Results: Social network analysis

Proximity-based interaction

Contact-based interaction

Testing video 2

Proximity-based interaction

Contact-based interaction

Testing video 3

Proximity-based interaction

Video 2 Network metric Video 3

1.0 Density 1.0

1.0 Clustering coefficient 1.0

0.20 Modularity 0.0

2
Community structure 

(Louvain)
1

Contact-based interaction

Video 2 Network metric Video 3

1.0 Density 1.0

1.0 Clustering coefficient 1.0

0.15 Modularity 0.0

2
Community structure 

(Louvain)
1

0.20

0.15
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Results: Case study evaluation

❖ The proximity-based threshold detected more true interactions (human-reviewed 

interaction) than the contact-based threshold.
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The proposed computer vision framework enabled automated 

quantification of social interactions and social network structure in 

group-housed dairy calves.

The proximity-based interaction criterion achieved higher sensitivity than 

contact-based interaction (77.8% vs. 57.7%), while both maintained high 

specificity (>98%).

Differences in social network structure were detected between the two 

evaluated housing environments.

Future work will extend the framework by incorporating behavior 

classification to capture both social relationships and behavioral context.

Summary
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Looking ahead: From prediction to intelligent decision support
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Thank you! 

Artificial Intelligence in Animal Omics Sciences 

Lab @ UF
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