Hands-on 2: Computer vision
classification for cattle food
grading with a hands-on

exercise (Python) on Google Co-
lab

Yalong Pi, Associate Research Scientist, Texas A&M Institute of
Data Science

2025 ASAS, Sunday, July 6, 2025, 12:30 PM - 2:20 PM



https://github.com/National-
Animal-Nutrition-

Program/2025ASAS_Pi

* Objective
* Data

* Simple neural network

* Convolutional network (pre-trained)
* Test on unseen data
* Result visualization
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Agenda

« Fundamentals of machine learning (1 hour)
« Simple example
 Training and test
« Understand the results
e metric

 Feed grading with computer vision part 1 (20 minutes)
 Feed grading with computer vision part 2 (20 minutes)
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For each neuron H;:
H = Z Xk Wij —+ b

dw; is the weight

b is the bias

JA DNN has millions of
weights and biases
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For each neuron H:

H=f(zkau+b)

Jfis the activation function

dw; is the weight

b is the bias

JA DNN has millions of
weights and biases
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RelLU Activation Function
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Sigmoid Activation Function
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Output types

* Regression

* Classification

* Feature extraction
* Combination
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Regression loss

e Mean absolute error

1
MAE = ; |ypred — Yeruel

* Mean square error

1
MSE = E (Ypred — ytrue)z



One hot encoding for vy,
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Softmax fory_pred
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Cross entropy loss for classification

* Binary cross entropy
» After softmax

BCE = - 2 Ytrue * 1Og(yp’red) + (1 - ytrue) * 10g(1 — )’pred)

* Multi class entropy
e After softmax

CE = _zytrue * log(yzared)



Range of negative log-likelihood
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Binary Cross-Entropy Loss

Binary Cross-Entropy Loss for True Labels 0 and 1

—— True Label 0
—— True Label 1
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Weight update
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Use the model
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Predicted Values
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Loss

A

Underfitting

Overfitting




Computer vision






dPinhole principle
dTraditional film

Digital sensors (CCD and CMOS)
(JRed Green Blue (RGB) channels




Grey Scale
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Image of Abraham Lincoln as a matrix of pixel values. Image Credit: Thomas Smits
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'= Files 3 X + LoadlImages
@ + Analyze your files with Upload
code written by Gemini torchvision.datasets.ImageFolder is a PyTorch class that simplifies loading image datasets by organizing them into a directory structure
<> where each subdirectory represents a class or category of images. In practice, it is more complicated but doable with care.
C B ©
{x} v 4] c 1 -0 .. ,
— os 1 images = torchvision.datasets.ImageFolder( 'mixture/")
e ' B config
v .
» [ RANDOM_PICTURES_TO_VERI... o [32] 1 images
(. _ _
~ [l mixture 3~ Dataset ImageFolder
Number of datapoints: 183
» [ soo Root location: mixture/
, . 305 StandardTransform
Transform: Compose(
» . s10 Resize(size=(128, 128), interpolation=bilinear, max_size=None, antialias=True)
ToTensor()
» . 520 Grayscale(num_output_channels=1)
)
» BB s30
» I s40 v O 1 images[4][1]
» [ sample_data 5% o
‘ Confusing Matrix.pdf NV 4+ o * '|"_—-| m
v * .
B RANDOM_PICTURES_TO_VERIF... w © 1 br‘lnt(np.arr‘ay(lmages[él] [@]).shape)
‘ best_model.pth 5% (ase, 5ee, 3)
. mixture.zip
B orecision_recall_table.csv v |mage Transformation
PyTorch transformations are crucial for preparing datasets before training machine learning models. They ensure standardization and
normalization, which scale data points uniformly to prevent features with large ranges from dominating the training process. Transformations
Disk 74.28 GB available _ ) _ e g _ ) )
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v 0s completed at 2:22PM ® X

ZQL-c2@PO O T

2:23 PM
27/2025 @



v R Howdy 1" 25 SPRING ICPE 642 6/ % 20 computer_vision_for_fc % IT Central Authentication X 1" 24AICPE 639 601/701 X Sy -log(x) CrossEntropyloss — X +

<« c s colab.research.google.com/github/TAMIDSpiyalong/Decision-Science-for-Sustainable-Livestock-Systems/blob/main/computer_vision_for_feed_grading.ipynb#scrollTo=69ziB2mQawVO hxd
og i Howdy ' Home - Workday & My Drive - Google... SciENcv - Home @ Research.gov- Hom.. ' Welcome | Logingov = Indect IVIS @ Natural Language P...  i[+ Faculty Job Board i E&M Supplemental... My Benefit Coverage
cO €) computer vision for feed grading.ipynb & save in GitHub to keep changes & @ Share 4 Gemini °
File Edit View Insert Runtime Tools Help
Q Commands + Code + Text Copy to Drive v T4 D??: > A
e LA g e e e
i= Files 0O X
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code written by Gemini
<> y .
C B © e 1 import torch.nn as nn
= . 2
3 class SimpleModel(nn.Module):
coe * I config 4 def _init_ (self):
» [ RANDOM_PICTURES_TO_VERI.. 5 super(SimpleModel, self). init_ ()
O ~ Bl mixture 6 self.fcl = nn.Linear(16384, 1000)
- 7 self.fc2 = nn.Linear (1000, 1600)
8 self.fc3 = nn.Linear(100, 6) # Output layer is the same dimension as the classes
» I so5 9
» @B s10 10 def forward(self, x):
» B s20 11 X = x.view(-1, 16384) # Flatten the input
12 x = torch.relu(self.fcl(x)) # Activation function for hidden layer
> IS0 13 x = torch.relu(self.fc2(x))
» I s40 14 x = self.fc3(x)
» [ sample_data 15 return x
16
Confusing Matrix.pdf
b ¢ ° 17 model = SimpleModel().to(device)
. RANDOM_PICTURES_TO_VERIF...
18
B best_model.pth 19 # Define loss function and optimizer
B mixturezip 20 criterion = nn.CrossEntropylLoss() Loading...
21 optimizer = torch.optim.SGD(model.parameters(), 1lr=0.0001, momentum=0.9)
‘ precision_recall_table.csv
22
23
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= Files @ X v Training
RV ST « T

Analyze your files with
@ + code written by Gemini Upload e 1since = time.time()
<> 2
cC B @ 3 best_acc = 0.9
= e 4 num_epochs=5¢
5
» I .config .
& 6 for epoch in range(num_epochs):
» [ RANDOM_PICTURES_TO_VERI.. 7 print('-' * 10)
O .
» Il mixture 8
» B sample_data 9 model.train() # Set model to training mode
B Confusing Matrixdf 10 train_running_loss = 0.0
onusing Matriep 11 train_running corrects = @
B RANDOM_PICTURES_TO_VERIF... 12
B best_model.pth 13 for inputs, labels in train_dataloader:
B mixture.zip 14 inputs = 1nputs.to(dev%ce)
15 labels = labels.to(device)
‘ precision_recall_table.csv 16
17 # zero the parameter gradients
18 optimizer.zero_grad()
19
20 # forward
21 outputs = model(inputs)
22 _, preds = torch.max(outputs, 1)
23 loss = criterion(outputs, labels)
24
25 # backward + optimize only if in training phase
26 loss.backward()
Disk 74.28 GB available — optimizer.step()
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Data
{x} ORIV S - I |
Load Images :]/5 1 '
& ) 2 model = torchvision.models.resnetl8(pretrained=True)
Image Transformation
o °
Data Split for Training, Validation, 4 num_ftrs = model.fc.in_features
and Testin . e
¢ 5 # The last layer should have len(class_names neruons)
Dataloader 6 model.fc = nn.Linear(num_ftrs, len(class_names)) I
7
visualize the input examples 5 g
P . 8 criterion = nn.CrossEntropylLoss()
Result Visualization 9
10 optimizer = torch.optim.Adam(model.parameters(), 1lr=0.0001)
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11
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del with d h -
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Test on unseen data :v /usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:2088: UserWarning: The parameter 'pretrained' is deprecated since ©.13 and may be ren
warnings.warn(
Confusion Matrix Result Analysis /usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:223: UserWarning: Arguments other than a weight enum or "None  for 'weights' are dep
warnings.warn(msg)
+ Section < »
w [18] 1 Start coding or generate with AIL.
[19] 1 since = time.time()
v 0s completed at 2:50PM ® X
=n - @ . 2:50 PM
M QL o 22 ¢ O & ~ ~ 88 P RE® s &



Convolution Computation
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Convolutional Nueral Network
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Tensor Output
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Large dataset

* COCO: https://cocodataset.org/#home (80 classes)
* ImageNet (1000 classes with 1.3M labeled images)
e Common Crawl (~100TB+)



https://cocodataset.org/#home

Transfer learning

Convolution layer
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Transfer learning

Convolution layer

Y1,Y2, Ve



Transformer

e GPT: Generative Pre-trained Transformer
* Tokenization: https://tiktokenizer.vercel.app/

* Vectorization: https://projector.tensorflow.org/



https://tiktokenizer.vercel.app/
https://projector.tensorflow.org/
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GPT 3

* Parameters 175 B
* Dataset 45T

* 96 attention heads
* 2048 token size

 Learn from their chief scientist:
https://www.youtube.com/watch?v=kCc8FmEb1nY



https://www.youtube.com/watch?v=kCc8FmEb1nY
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