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DoD R&D Federally Funded  Research and Development Center (FFRDC)

One of 10 FFRDC’s sponsored by the DoD and 
the only one authorized to work outside DoD. 

Partnerships with Academia and private sector 
Enable us to take innovations from concept to 
practice, closing the gap between research and 
use.

R&D in Artificial Intelligence engineering, 
software engineering, systems engineering, 
cybersecurity, and many other areas of 
computing, 

Capable of conducting both fundamental 
research and classified work

Offices in Pittsburgh and DC, with employees 
near customer facilities in MA, TX, and CO
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Advanced Computing for AIAI for Engineering Secure and Counter AIAI for Mission

Scalable, Robust and Secure, Human-Centered

Mission-Focused Capabilities

CMU SEI Capabilities: AI Division Overview 
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• Lesson 1: Introduction to Computer Vision and its applications

• Lesson 2: Computer Images
- Hands on 1: Representing and processing digital images

• Lesson 3: Neural Networks for Computer Vision
- Hands on 2: Convolution and Pre-Trained Neural Nets (PTNNs)

• Lesson 4: Object Detection
- Hands on 3: YOLO Output

• Lesson 5: You Only Look Once (YOLO) Model Deep Dive
- Hands on 4: Post-processing YOLO output with Non Max Suppression (NMS) algorithm

Course Agenda
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BLUF: Give you a low-level and hands-on overview of how computer vision works

• Describe computer vision applications

• Define image data representation

• Preprocess images for a pretrained computer vision model

• Describe how a neural network performs computer vision

• Explain the steps in a computer vision pipeline

• Use a computer vision model for object detection

• Postprocess computer vision algorithm (YOLO) results

Please ask questions along the way!

Course Learning Objectives
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Lesson 1

Introduction to Computer Vision
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• Discuss applications of computer vision.

• Define what machine learning is.

• Describe computer vision's place within machine learning.

Lesson 1: Learning Objectives
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Lesson 1

Computer Vision Applications
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• List your ideas for applications and uses of computer vision.

• How many uses can you think of?

• How would you use computer vision in your work or work group?

What do you think computer vision is used for?

Why might you want to use it?
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Computer vision has many useful applications.
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• Parameters, weights, coefficients

• Predictions, outputs, guesses

• Arrays, matrices, tensors

Arrays are structured/ordered collections of numbers

A 1D array with 3 integers: [25 120 75]

Matrices are two dimensional arrays: 25 120 75

120 25 75

75 120 25

Tensors are multidimensional arrays.

Before we dive in, some helpful terminology
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• Enabling computers to understand visual content (images, videos, etc.)

• Early computer vision systems used handcrafted features and rule-based 

systems to classify objects in images

• Since the 1990s, computer vision has been dominated by machine learning.

• Since the 2010s, computer vision has been dominated by neural networks.

• Effectively, it’s now a subfield of machine learning

What is “computer vision”?
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Situating ourselves (AI, ML, NLP, DL, CNNs)

Artificial Intelligence (AI)
Systems capable of performing
tasks that typically require
human intelligence

Machine Learning
Algorithms/techniques that
enable computers to “learn”

from data (e.g. neural networks,
support vector machines, 
decision trees, random forests)

Computer Vision (CV)
Algorithms that enable computers
to process images and videos

Deep Learning
A specific subset of machine 
learning methods where 
much of the most notable 
progress in AI over the last 
decade has occurred

CNNs

Convolutional Neural Nets (CNNs)
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• Machine learning models are programs that take some input x and produce 

some result, prediction, or action y = f(x)

• The rules for transforming input to output are not directly programmed.

• The rules are learned from analyzing lots of data.

Machine learning performs actions (prediction and 

classification) without explicit programming.
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• A function is a rule that assigns inputs to outputs over some domain

• The domain refers to the types of objects the function is defined over

• Put differently, a function specifies a relationship between inputs and outputs

• The two equations above are simple functions over the domain of integers

* Functions map each of their inputs to a unique outputs, whereas some ML models might map the same input to different outputs due to 

stochasticity in the model

At their core ML models are simply mathematical 

functions!*
y = f(x) = 2x2 - 4x + 5

y = f(x) = 3x + 2
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• At their core, ML models are functions!*

• They map numerical inputs to numerical outputs based on some 

transformation specified by their parameters

• Parameters are learned during training

* Functions map each of their inputs to a unique outputs, whereas some ML models might map the same input to different 

outputs due to stochasticity in the model

For our purposes, machine learning can be thought of as 

implementing (learning) complex functions.
y = f(x) = 2x2 - 4x + 5

y = mx + b
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• We learn the “right” parameters during 

training

• During inference we freeze those 

parameters and use them to make 

predictions

Linear Regression is simple ML y = mx + b
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• Linear regression is a very simple neural network

• Neural networks are also functions!

• Complicated and nested functions, but still functions

• Uniquely expressive and flexible functions

Neural Networks
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• A deep learning model itself is just lots 

and lots of transformations of its inputs

• Linear Algebra is the field of mathematics 

that deals with transformations of vectors 

and matrices

Linear Algebra is the 

Language of Deep Learning
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• These are very complicated functions

• Inputs and outputs are high-dimensional vectors (lists) of numbers rather 
than scalar values

• Many more parameters (millions, billions, even trillions)

• Complicated and non-linear transformations

Machine Learning Functions tend to be Complex
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• The inputs to CV models are numerical representations of images

• The output of a CV model is also numerical

• The form of the output depends on the application (for example, object 

detection, object classification, identification, object tracking, etc.) but it’s 

always numerical

• Examples:

• Tank classification model

• Binary vs Multi-label classification

• Object detection model

The machine learning function metaphor describes 

computer vision (CV).
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Computer vision falls into three broad categories.

2. Object Classification/Identification

1. Object 
Detection

3. Object Segmentation
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Lesson 2

Computer Images
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• Explain RGB color space.

• Define pixels and their integer representations.

• Describe image preprocessing steps.

• Preprocess images using provided code.

Lesson 2: Learning Objectives
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Lecture 2

The Anatomy of an Image
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• How do you think computers store image data?

• What data needs to be stored?

• What type of values are needed?

Think About It: How do computers represent image data?
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Computer vision is not like human vision.
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For a computer images, are arrays of numbers
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• Three dimensional array:

- Height

- Width

- Color channel

• (H x W x C)

• Red Green Blue (RGB)

color space

For color, we need another dimension
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Image data is made of arrays (lists) of pixels.
Pixel (Each Row of 3 Numbers)

Columns (Image Width)

Row (Image Height)
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Colors are represented with combinations of red, green, 

and blue (RGB).
[50 58 57] is

[47 71 63] is

[37 74 124] is

[179 168 160] is

[0 0 0] is

[255 255. 255] is

[255 0 0] is

[0 255 0] is

[0 0 255] is [127 127 127] is

Note: RGB over integers can represent a finite number of colors, which also means it 

can represent a finite number of images of a given dimension
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• Images may not be captured in the format necessary for input into the 

computer vision model

• If this happens, it's necessary to transform the image:

- Scaling: changing the size of the image

- Cropping: cutting out part of the image

- Letterboxing: reduce image but keep aspect ratio

- Flipping: flipping the image

• Transformations are achieved by altering the numerical representations of the 

images

• Pixel values may be normalized, which means divided by a value to fit in [0, 1].

Images usually must be transformed for model input.
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Exercise 1

Computer Images and Processing
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Lab Set Up
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We'll use Jupyter Notebooks to run the software.
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• Python offers access to state-of-the-art data science/AI packages.

• Commonly used frameworks for neural networks are available in Python.

• Easy to run in interactive environments.

• For data science or machine learning project, Python is a reasonable choice.

Python is the primary language for machine learning.
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Here are the main Python packages we'll use.

NumPy provides high performance array (list) support.

Open Neural Network Exchange supports the 
creation of deep learning models and supports 
converting models between PyTorch and 
TensorFlow, popular neural network packages.

Open Computer Vision supports image processing.
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Setup:

• Go to: https://lms.gauntlet.sei.cmu.edu/ and sign in with a student account

• Open ”TAP Lab Course"

• Select ”Computer Vision" then open the lab

Click 

https://lms.gauntlet.sei.cmu.edu/
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• Gauntlet

• CVIntro Repo (github)

• Virtual environment venv, requirements.txt

• First duplicate the Jupyter ExerciseNotebook in case something goes 

wrong

Gauntlet/VM Setup
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• What questions or observations do you have?

• Does anything need clarification?

Debrief
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Exercise 1: Transforming Images for Reference

• Images as arrays of integers

• Image manipulation as transformations of these arrays

• Resizing, scaling, letterboxing images for model input specifications
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• What questions or observations do you have?

• Does anything need clarification?

• Anything else you’d like to do in this notebook?

Debrief
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Lesson 3

Neural Networks for Computer Vision
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• Describe neural network structure.

• Describe what the layers of a neural network do.

• Explain the benefits of using pretrained models.

• Explain the machine learning pipeline for computer vision application development.

Lesson 3: Learning Objectives
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Lecture 3

Neural Networks for Computer Vision
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Neural networks are used to implement current computer vision.

What's a neural network?

Dog

Cat

Shark

Butterfly

Image
Data

Red

Green

Blue

ClassificationsLayer 1 Layer 2 Layer NOther 
Layers

Loss 
Function
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Neural networks are trained using forward and back propagation.

Dog

Cat

Shark

Butterfly

Image
Data

Red
Channel

Green
Channel

Blue
Channel

ClassificationsLayer 1 Layer 2 Layer NOther 
Layers

Forward Propagation

Back Propagation

Loss 
Function
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Neural networks can do different computer vision tasks

2. Object Classification/Identification

1. Object 
Detection

3. Object Segmentation
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Deep Learning Revolutionized Machine Learning
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Deep learning revolutionized computer vision.

Convolutional neural networks are especially important.
     

                       

       

       

       

       

       

                                             

                                             

                                              

                                              

                                             

                                  

                                 

                                 

       

                         

    

    

    

    

    

       

                   

                   

                                                

                                               

                                            

                                           

                                             

                                           

                                           

                                           

                                           

                                   

                                   

                                   

By Cmglee - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=104937230

LeNet
• Created by LeCun in 1998
• Early convolutional network

AlexNet
• The start of modern CV
• Classification model
• Won ImageNet Large Scale 

Recognition Challenge in 2012
• Top-5 error 15.3%
• 10.8% better than next model
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• Convolutional Layer: Selects/identifies image characteristics.

• Pooling Layer: Reduces the data while keeping the information.

• Dense Layer: Does the feature (image characteristics) extraction and classification.

• Kernels perform calculations on layer (image) data.

• Different types of functions affect calculations between layers.

Let's take a closer look at convolution and kernels

The layers have different functions.
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• A convolution is a way to transform an image array

• Convolutions for image processing pre-date their use for computer 

vision/machine learning

• Lots of common image effects (blurring, sharpening, etc.) are achieved using a 

convolution filter

• A convolution of an image array is specified by three things

- The kernel

- The stride length

- The padding

Convolution basics
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During convolution a kernel slides across the image to 

make the feature data.

0 1 2

3 4 5

6 7 8

0 1

2 3

Image Data Kernel

19 25

37 43

Output

In this (very simplified) example, a 2 x 2 kernel matrix slides across a 3 x 3 image data matrix.
The kernel does a component-by-component multiplication and adds the values together.

For example: 0 * 0 + 1 * 1 + 3 * 2 + 4 * 3 = 0 + 1 + 6 + 12 = 19 (the top left output)
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Here's how the next output cell is calculated.

The stride is 1 because the kernel moves by 1 cell.

0 1 2

3 4 5

6 7 8

0 1

2 3

Image Data Kernel

19 25

37 43

Output

For example: 1 * 0 + 2 * 1 + 4 * 2 + 5 * 3 = 0 + 2 + 8 + 15 = 25 (the top right output)

The calculations follow the same procedure for the bottom row.

Stride describes how the kernel moves over the data.
In this case the stride is 1 since it moves to the right and down by 1 cell.
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Stride can be used to downsample (reduce) the data.

Here's an example where stride = 2.

0 1 2 3

1 1 2 3

2 2 2 3

3 3 3 3

0 1

2 3

Image Data Kernel

6 16

17 21

Output

When reducing the size of the data, it's important to keep the feature information.

Using larger kernel sizes reduces the size (dimensionality) of the next layer.
This is usually more computationally efficient, too.
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Padding can be used to increase or keep the output

the same size as the input data.

0 0 0 0 0

0 0 1 2 0

0 3 4 5 0

0 6 7 8 0

0 0 0 0 0

0 1

2 3

Image Data Kernel

0 3 8 4

9 19 25 10

21 37 43 16

6 7 8 0

Output

For these shapes, padding the image data by 1 increases the output size assuming stride = 1.

A 3 x 3 kernel would have produced an output the same size as the input.
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Different kernels highlight/capture different information in 

the underlying image

0 0 0

0 1 0

0 0 0

Identity Kernel

1 1 1

1 1 1

1 1 1

Simple Blur

0 -1 0

-1 5 -1

0 -1 0

Image Sharpening

1/9
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• Edge detection kernel

Kernels (continued)

0 -1 0

-1 4 -1

0 -1 0

These are examples of handcrafted kernels for achieving specific desired effects
In contrast, Convolutional Neural Nets are learning their own kernels which may or may not 
be interpretable
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Pooling (usually max pooling) reduces the data and

preserves the features from the convolutional layers.

0 1 2

3 4 5

6 7 8

Image Data Max Pooling
2 x 2 Matrix

4 5

7 8

Output

Max pooling takes the maximum value in the pooling window.
There are other pooling techniques (like taking the average).

Strides and padding can be adjusted like a kernel for a convolutional layer.
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Dense (fully connected) layers have 

all input and output nodes connected

- Dense layers are another way of reducing the data.
- Eventually, the layers must be reduced to the correct 

number of possible answers to make a prediction.

Dog

Cat

Shark

Butterfly

ClassificationsDense Layer
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• Translation equivariant

• More efficient than fully connected or transformers architecture

Why convolutions?
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Node values (weights) are adjusted by activation 

functions.

Rectified Linear Unit (ReLU)
Keeps positive values and sets negative to 0
Better for optimization

GELU used in some models like BERT transformer
GELU can be more accurate

By Ringdongdang - Own work, CC BY-SA 4.0, 
https://commons.wikimedia.org/w/index.php?curid=95947821

 

   

 

          

Sigmoids
Sigmoids are squashing functions that smash any value into 
the (0, 1) range.
Used to convert outputs to probabilities.
Especially useful for binary classification.
Still used but generally replaced by ReLU (easier to train)
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You have all the concepts for these architectures.

The layer size changes are due to the kernel, stride, and padding.
     

                       

       

       

       

       

       

                                             

                                             

                                              

                                              

                                             

                                  

                                 

                                 

       

                         

    

    

    

    

    

       

                   

                   

                                                

                                               

                                            

                                           

                                             

                                           

                                           

                                           

                                           

                                   

                                   

                                   

By Cmglee - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=104937230

LeNet
• Created by LeCun in 1998
• Early convolutional network

AlexNet
• The start of modern CV
• Classification model
• Won ImageNet Large Scale 

Recognition Challenge in 2012
• Top-5 error 15.3%
• 10.8% better than next model
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Training models can take a considerable amount of time.

Now, there trained models to leverage.
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There are many places to find models.

For example, Huggingface also provides models.
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The characteristics of the dataset are important, too.

Common Objects in Context (COCO) will be our dataset.

•Used for segmentation and detection
•Objects are in context
•1.5 million objects
•80 object categories
•5 captions per image
•https://cocodataset.org/#explore
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There are multiple neural network frameworks.

•Developed by Facebook
•Used in research/academia
•Python (and C++) interface
•Autodifferentiation
•Faster prototyping

•Developed by Google
•Used in industry
•Graph-based computation
•More memory efficient

•Open Neural Network Exchange
•Common set of operators
•Converts PyTorch/TensorFlow
•Model interoperability



Hands On Course: Computer Vision
© 2024 Carnegie Mellon University 80

[[Distribution Statement A] Approved for public release and unlimited 
distribution.

[Distribution Statement A] Approved for public release and unlimited 
distribution.

Exercise 3

Convolution and Pretrained Neural 

Networks
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• ONNX Model Zoo

- https://github.com/onnx/models

• Netron Model viewer

- https://netron.app/

Links

https://github.com/onnx/models
https://netron.app/
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Exercise 2: Convolution and Pretrained Neural Networks

• Illustration of convolution with different types of kernels

• Run inference on an image with object detection model, show raw output of YOLO

• Motivates discussion of converting outputs to visual annotations
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• What questions or observations do you have?

• Does anything need clarification?

• Anything else you’d like to do in this notebook?

Debrief
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Lesson 4

Object Detection
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• Distinguish and discuss object identification/detection methods
- Different objectives, different outputs

• Explain the purpose of bounding boxes.

• Define YOLO algorithm output.

• Produce bounding boxes for images using the YOLO algorithm.

Lesson 4: Learning Objectives
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Lesson 4

Object Detection
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• Object Detection entails two sub-

problems

1. Localization - determining the location 
on an image where certain objects are 
present

2. Classification – determining what those 
objects are

The Object Detection Problem
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• A classic problem in CV is classifying digits using 

the MNIST dataset

• Input x: 28x28x1 (greyscale) image

• Output ŷ: a 1D vector of 10 class probabilities 

corresponding to the digits 0 through 9

• Ground truth y: True class probabilities

• Loss function: Mean Squared Error: (yi – ŷi)
2

- Intuition: loss should measure how far we are from the correct 
answer

Image Classification
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Neural networks are trained using forward and back propagation.

Dog

Cat

Shark

Butterfly

Image
Data

Red
Channel

Green
Channel

Blue
Channel

ClassificationsLayer 1 Layer 2 Layer NOther 
Layers

Forward Propagation

Back Propagation

Loss 
Function
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• COCO is a much larger and diverse 

dataset of images than MNIST

• https://cocodataset.org/#explore

• There are 80 types of labeled objects so 

our object classification model will have to 

output 80 class probabilities

Object Classification for COCO

https://cocodataset.org/#explore
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• “largest openly-available very high resolution dataset built to test the value of 
synthetic data from an overhead perspective”

• Real data

- 253 Maxar WorldView-3 satellite scenes spanning 112 locations and 2,142 km^2 with 14,700 hand-annotated 
aircraft

• Synthetic data

- 50,000 synthetic satellite images with ~630,000 aircraft annotations.

RarePlanes
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“airplane” is a category in COCO dataset
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Localization – How?
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• Bounding boxes identify the locations of objects in an image

• Bounding boxes can be specified with coordinates, typically we use:
• x (x-coordinate of the center of the box)
• y (y-coordinate of the center of the box)
• w (width of the box)
• h (height of the box)

• Object Detection models output these four coordinates

In object detection, bounding boxes identify object 

locations



Hands On Course: Computer Vision
© 2024 Carnegie Mellon University 99

[[Distribution Statement A] Approved for public release and unlimited 
distribution.

• Images are sub-divided into an SxS grid of cells for object detection (here S=3)

Bounding boxes and grid cells
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• Each of our SxS grid cells predicts B bounding boxes

• Each bounding box prediction has 5 components:

- x

- y

- w

- h

- confidence/objectness score (we’ll talk more about this later – for now think 
of it as the confidence our prediction)

General object detection output
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During training bounding box quality is assessed with 

Intersection over Union metric
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Intersection over Union (cont.)
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Exercise 3

Bounding Boxes
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Hands-on Exercise 3: Bounding boxes

• Introduce initial code for handling Yolo output and drawing annotations on 

image

• Motivate need for NMS and objectness threshold
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• What questions or observations do you have?

• Does anything need clarification?

• Anything else you’d like to do in this notebook?

Debrief
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Lesson 5

You Only Look Once (YOLO) Details
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• Describe YOLO (bounding box) output.

• Explain the purpose of non-max suppression.

• Apply non-max suppression for postprocessing.

• Interpret YOLO (bounding box) output.

Lesson 6: Learning Objectives
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Lecture 5

YOLO Input and Output
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Yolov1 (2016)
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• v1 published in 2016.

• New versions with better performance have been developed over the years. Most recently 
Yolov9

• We’re using Yolov3 Tiny

• Fast and accurate

YOLO (You Only Look Once) is a one stage object 

detection algorithm used in real-time systems
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Joseph Redmon aside
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YOLOv3 Tiny Architecture
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• Divides image into an SxS grid of cells

• Predicts bounding boxes and class probabilities for each cell in one pass of the network

• Each cell predicts B bounding boxes and 1 set of conditional class probabilities                  C = 
P(Classi | Object)

• 5 predictions for each bounding box: x, y, w, h, confidence/objectness score

• Confidence/Objectness scores are interpreted as the P(object) * IOU(pred, truth)

• Class-specific confidence scores can be derived as follows:

This gives us class specific confidence scores for each box

YOLO is a single convolutional neural network.
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YOLOv3 Tiny Architecture: Two Prediction Blocks
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• Different prediction blocks process the image at different spatial compressions

• Allows the network to learn objects at different sizes

• Block 1 (13x13) for larger objects: broader context, poorer resolution

• Block 2 (26x26) for smaller objects: less context, greater resolution

• Prediction blocks receive both highly-processed features and partly-processed 

features from earlier in network

Multiple Prediction Blocks for Better Predictions
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• S x S x (B x (5 + C))

• Prediction Block 1
• 13 x 13 x (3 x (5 + 80)) = 13 x 13 x 255

• Prediction Block 2
• 26 x 26 x (3 x (5 + 80)) = 26 x 26 x 255

YOLOv3-Tiny Output Dimensions
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YOLOv1 Loss Function
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YOLOv1 Loss Function

Coordinate Loss
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YOLOv1 Loss Function

Coordinate loss

“responsible” box
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YOLOv1 Loss Function

Objectness or 
Confidence Loss
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YOLOv1 Loss Function

Objectness or 
Confidence Loss

- Loss associated with the confidence score for each bounding box predictor
- C_hat is the confidence score and C is the IOU of the predicted bounding box 
with the ground truth (true or calibrated confidence)
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YOLOv1 Loss Function

Classification Loss
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YOLOv1 Loss Function

Classification Loss

Loss associated with misclassification of object
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YOLOv1 Loss Function – lambdas are hyperparameters

Coordinate Loss

Objectness or 
Confidence Loss

Classification Loss
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YOLOv1 to YOLOv2
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• Multiple anchor boxes are proposed around a pixel

• The anchor boxes generated will have different sizes and aspect ratios

• They acts as informed priors about size and location of objects

• Introduced in Yolov2

Anchor boxes are used to predict object locations.
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Bounding box prediction details
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YOLOv3 Loss Function

Coordinate Loss

Objectness or 
Confidence Loss

Classification Loss
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Ideas?

What to do about too many detections?
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• Algorithm for filtering the YOLO bounding box detections

• Given a list P of bounding box predictions each of the form (x,y, w, h, c), set 

some threshold IOU thresh, then:

1. Select the prediction S with the highest confidence score

2. Remove S from P and put it in our keep list K

3. Now calculate the IOU of S with every prediction in P, if the IOU is greater than 
thresh for some prediction T, remove T from P

4. If there are still predictions in P return to step 1, else return keep list K

• Lower thresh is a more aggressive filter

Non-Maximum Suppression
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Speed-Performance Tradeoffs
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• One stage approaches like Single Shot Detector (SSD) and YOLO

• Regional-based approaches (two stage) like RCNN and later versions.

• One stage algorithms are faster but not as accurate as two stage.

• Two stage algorithms are more accurate because they identify and narrow down regions of 
where object(s) may be located.

• Although one stage can be less accurate, the increased speed makes them more appropriate 
for real-time systems. Although Faster RCNN can be used in real-time, YOLO is currently better 
when performance counts like in autonomous vehicles.

There are broadly two categories of object detection 

algorithms in current deep learning-based computer vision.
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Exercise 4

Post-Processing and Non-Max 

Suppression
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Running Object detection on NMS output

Play with 3 hyperparameters

1. Object confidence threshold

2. class confidence threshold, and

3. non-max suppression threshold
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• What did you see?

• What did we choose for you? (maybe)

Debrief
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• Questions and Comments?

• Thank you for attending!

Wrap-Up
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