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Computer Vision

“Teaching Computers To See”
Face 

Recognition 
Emotion 
Analysis

Crowd 
Analytics

Sports: draw 
lines on field &

highlights

Medical 
Imaging

Movie Special 
Effects

Self Driving 
Cars



Importance

Humans

 Vision = vital for basic tasks

 Humans generate massive 

amounts of video (Video data 

accounted for 75 percent of 

the total internet traffic in 2017) 
[23]

Computers

 For these reasons, computer 

scientists try to give computers 

sight for half century [1,2]

CV Goal – teach computers 

how to understand digital 

images & videos at a high level

75%



CV Basic Tasks 

Computer 
Vision

Classification

Object 
Detection

Segmentation
Pose 

Estimation

Enhancement 
& Restoration

Action 
Recognition

[14]



AI & Machine Learning

• Human 
intelligence 
exhibited by 
machines [3]

Artificial 
Intelligence

• Statistical techniques that 
enable machines to 
improve at tasks without 
being explicity 
programmed [4]

Machine 
Learning

• Multilayered neural networks 
learn from vast amounts of 
data

Parse data

Learn from it

Predict something 
in world

Deep 

Learning



Note Taking – Literature Review

 Note taking is almost a universal activity among students.[27]

 Students’ notes are generally incomplete, and thus not adequate 

for reviewing the material.[28]

 Those that review instructor provided notes score higher than those 

who review their own notes.[28]

 Students prefer guided notes[29] and course final exam performance 

higher for guided notes.[30]



Estimated Effects

 Previewing: [31] suggests that summarized lecture slides reduce the 

amount of previewing time required without impacting quiz scores

MOOCs: Summaries enable quick skimming of the main points.

 Automated summaries will

Decrease time spent creating notes

 Increase quiz scores (content knowledge)

Enable faster learning
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1. Lecture Video Dataset – Literature Review

“TalkMiner: A lecture webcast search engine” by 

Adcock et al.22 – Web scraping and OCR used to 

index online lecture videos

Summary of TalkMiner [22] 
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1. Lecture Video Dataset – Mass Collection 
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“Lecture Video Indexing and 

Analysis Using Video OCR 

Technology” 

Yang et al.20

Entire System Workflow of [20] 

2. Slide Classifier – Literature Review

“Unsupervised Video 

Summarization with Adversarial 

LSTM Networks”

Mahasseni et al.19

Summarizer network from [19] 

Uses summarizer LSTM network to 

minimize distance between 

training videos & a distribution of 

their summarizations, in 

unsupervised way. Applies to 

videos not lectures.

Focused on lecture videos that 

provide two video streams. 

Outdated methods.  



2. Slide Classifier – ML Workflow
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2. Slide Classifier – Training Code



2. Slide Classifier – Algorithm (ResNet-34)

[26]



2. Slide Classifier – Algorithm (ResNet-34)

 ResNet is a type of Convolutional 
Neural Network (CNN), NN that 
interprets images

 CNN Simple Definition: Series of 
matrix multiplications

 I’ve added some regularization 
methods (improve accuracy)

[26]



Convolutional Neural Networks

…

… …
Edges Shapes Simple 

Objects

…

https://pixabay.com/en/child-boy-portrait-children-people-817373/

It’s a

Face



Slide Classifier – Current Results



Slide Classifier – Current Results



3. End-to-End Approach – Overview

ffmpeg Slide Classifier 
that uses the 

ML model 
from previous 
slide trained 

on the dataset

Crop slides 
captured by 

video camera

Extract Frames Classify Frames
Perspective 

Crop
Cluster Slides

Segment or 
Normal



3. End-to-End Approach – Overview

Crop slides 
captured by 

video camera

Tesseract OCRSegment or 
Normal

DeepSpeech
CMU Sphinx (works offline) 
Google Speech Recognition 
Google Cloud Speech API

Combination
Modifications

Extractive
Abstractive
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Transcribe 
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Perspective Cropping

Frames Classifier

Perspective
Crop

Slides

Screen 
Capture

Video 
Camera

Group 
Together



Perspective Cropping
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Perspective Cropping – Problems 



Perspective Cropping – Problems 



Clustering

Normal

Groups slides based on features 

(visual similarities) extracted from 

Slide Classifier CNN 

 Affinity Propagation and K-Means

 Similar slides are clustered 

together (removes transitions)

 Eliminates duplicate frames that 

show the same slide



Clustering

Normal

Groups slides based on features 

(visual similarities) extracted from 

Slide Classifier CNN 

 Affinity Propagation and K-Means

 Similar slides are clustered 

together (removes transitions)

 Eliminates duplicate frames that 

show the same slide

Segment

 Iterates through the extracted 

slides in order 

Marks a split when the cosine 

similarity between the feature 

vectors differs by a value greater 

than the mean of the cosine 

similarities



OCR

 pytesseract Python Package

 “Optical character 

recognition (OCR) tool for 

python”

 Recognizes and “reads” the 

text embedded in images

 Uses Google’s Tesseract-OCR 

Engine



Transcribe Audio – YouTube 

 If the lecture to be summarized is a YouTube video

 Download the transcript directly from YouTube

 Apply minimal processing (remove speaker names)

 Human-made transcripts improve summarization (less error from 

speech-to-text process)



Transcribe Audio – Speech-To-Text

 DeepSpeech architecture created by Baidu in 2014

 Project DeepSpeech created by Mozilla (Firefox) to provide open 

source community with Speech-To-Text engine

 5.97% word error rate on the LibriSpeech clean test corpus (one of 

many speech datasets)

 Audio File (WAV) → Transcript (TXT)

https://mozilla.design/mozilla/logo-usage/



Transcribe Audio – Chunking 

 Voice Activity: Uses WebRTC Voice Activity Detector (VAD) –

reportedly one of the best VADs available, being fast, modern, free

 Noise Activity: Detects segments of audio that are significantly 

below the average loudness of the file.

Chunking increases speed of voice-to-text by reducing the amount 

of audio without speech



Extract Frames Classify Frames
Perspective 

Crop
Cluster Slides

OCR Slides
Transcribe 

Audio
SummarizationNotes Designer

3. End-to-End Approach – Slides/Videos

= Novel ML Models

= Novel Approaches



Text Summarization – PreSumm Example

Original Article
visitors to a wildlife park in new zealand got to encounter a pride of lions up-close 
and personal . filmed at the orana wildlife park -- the country 's only open-range 
zoo -- the video shows the lions interacting with the visitors who stand inside a 
metal cage attached to a car . the video , which was captured by ekant veer , 
35 , an associate professor at the university of canterbury , also shows the lions 
scaling the cage and eating meat through its bars . the lions at orana wildlife 
park approach the metal cage and begin interacting with the people inside 
standing with its paws against the cage , a lion is introduced as sakura who is 
around 11-years-old and weighs about 265kg . as the keeper speaks , the lion 
licks at a piece of meat that is held up against the bars as another lion walks 
across the roof of the cage . looking down at the people below , the lion 
wanders around as if deciding who it would like to make its prey before staring 
down the lens of the camera . one of the lions notices meat and begins sticking 
out its tongue in the hope of being fed a lion stands next to one of the keepers 
and its large paw is the same size as the lady 's head the people inside can be 
seen recording the many lions from their phones , while another -- with paws the 
same size as the keeper 's head -- holds itself up against the cage and chews on 
some meat . later in the video people can be seen pointing out the various 
felines as a keeper moves her hand along the cage , instigating the lion to follow 
. still frames capture a lion standing up against the side of the cage alongside 
the keeper -- its power and size is plain to see . a keeper holds a piece of meat 
up to the bars of the cage and a lion follows her hand in the hope of receiving it 
a number of lions are fed directly through the metal bars , while others receive 
meat dropped from the back of the cage the car then begins driving away and 
the lions can be seen chasing after the people in the hope of receiving more 
food . a keeper then drops meat from the back of it and the lions begin tailing off 
one by one with their own little piece of food . the video concludes with one lion 
picking up a final", "reference": "video shows the lions scaling the cage to look at 
the people inside <q> lions jump up on the side of the bars and eats meat 
through them <q> the encounter took place at the orana wildlife park in new 
zealand

Article Link: http://bit.ly/hhousen-summarization 

Summarized Version (Abstractive)

the video was filmed at the orana

wildlife park - the country 's only 

open-range zoo <q> the video 

shows the lions interacting with the 

visitors who stand inside a metal 

cage attached to a car <q> the 

people inside can be seen recording 

the many lions from their phones , 

while another holds itself up against 

the cage and chews on some meat



Text Summarization

Extractive Summarization

Identifies important sections of 

the text and generates them 

verbatim producing a subset

of the sentences from the 

original text

Abstractive Summarization

Reproduces important 

material in a new way after 

interpretation and 

examination of the text using 

advanced natural language



Text Summarization

headlines (from 
around the 

world)

outlines (notes 
for students)

minutes (of a 
meeting)

previews (of 
movies)

synopses (soap 
opera listings)

reviews (of a 
book, CD, 

movie, etc.)

digests (TV 
guide)

biography 
(resumes, 
obituaries)

abridgments 
(Shakespeare 
for children)

bulletins 
(weather 

forecasts/stock 
market reports)

sound bites 
(politicians on a 

current issue)

histories 
(chronologies of 
salient events)

Approaches to text summarization greatly vary[25]
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Combination Algorithm
• only_asr – only uses the audio transcript (deletes the slide 

transcript)
• only_slides – reverse of only_asr
• concat – appends audio transcript to slide transcript
• full_sents – audio transcript appended to only the complete 

sentences of the slide transcript
• keyword_based (most advanced) – selects a certain 

percentage of sentences from the audio transcript based on 
keywords found in the slides transcript

Text Summarization

Slides 
Transcript

Audio 
Transcript

Summarization 
Model

Combination 
Algorithm
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Text Summarization

Slides 
Transcript

Audio 
Transcript

Combination 
Algorithm

Summarization 
Model

Summarization Model
1. Modifications

• Get only complete sentences
2. Extractive Summarization

• Cluster – groups the lecture transcript into categories by 
topic and summarizes each topic using “generic”

• Generic (non-neural) – uses algorithms from “sumy” 
package: lsa, luhn, lex_rank, text_rank, edmundson, 
random

3. Abstractive Summarization
• PreSumm or BART or TransformerExtSum



Text Summarization – PreSumm

 Paper: "Text Summarization

with Pretrained Encoders"

 Based on BERT

 BERT is pretrained language model (understands English language) 

that can be applied to natural language processing (NLP) tasks

 Applied BERT to text summarization

[24]



Text Summarization – BART

 Paper: “BART: Denoising Sequence-to-Sequence Pre-training for 

Natural Language Generation, Translation, and Comprehension”

 BART is trained by

1. Corrupting text with an arbitrary noising function

2. Learning a model to reconstruct the original text

3. Finetuning to summarize



Text Summarization – Result Comparison

BART > PreSumm



Text Summarization – TransformerExtSum

 Being created by HHousen

 Improves the architecture of BertSum (extractive component of 

PreSumm)

 Final results nearly completed (waiting for powerful GPU access)



Text Summarization – TransformerExtSum

Pooling mode improvements associated with a 0.617 average 
ROUGE F1 score improvement.

BertSum

BertSum

My Improvement

My Improvement



Text Summarization – TransformerExtSum

Loss graphs from pooling experiment



3. End-to-End Approach – Diagram 
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Notes Designer

 Basic formatting (bold, italics, etc.) from OCR

 Features specific to notes (headings, etc.) will be generated by the 

Notes Designer

 Implementation details not determined



4. Website

My Flask 
Template

Customize Deploy Web Server

Maintenance
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https://unsplash.com/photos/OyCl7Y4y0Bk https://www.advectas.com/en/blog/what-is-machine-learning/

Machine LearningEducation Process

Anticipated Results

Summaries of lecture slide sets 

enhanced likelihood students would 

preview material & sometimes led to 

better quiz scores [21]

Slide classifier (makes future slide 

analysis easier), dataset of lecture 

videos, text summarization, OCR



https://unsplash.com/photos/Yhc7YGZlz3g https://unsplash.com/photos/zFSo6bnZJTw

Continue Writing The Code Assess Impact on Education

Future/Next Steps



Summary – Five-Fold Contribution

Lecture 
Video 

Dataset

• Appropriate 
categories

• Large variety

Slide 
Classifier

• Identify 
important 
frames in slide 
presentations

Summariza
tion Models

• Improve state-
of-the-art in text 
summarization

• Novel 
approaches

End-To-End

• Multimodal 
approach

• Convert lecture 
videos to notes

Online 
Web 

Service

• Allows people to 
easily use the 
created lecture 
summarizer to 
create notes 
based on their 
own lectures
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