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Outline of TalkOutline of Talk

• What is Video Mining?
• Classification of Sound Effects
• Data Representation / Feature Extraction
• Details of Framework
• Experimental Setup and Results
• Conclusions and Future Work



Event Detection/ Video MiningEvent Detection/ Video Mining

Pattern Discovery: Detecting intense scenes / 
highlights in movies

• Preview movies

• Surveillance video

Clustering Multimedia: Group movies together with 
similar characteristics or styles

Classification: Classify “un-typed” movies based on 
their characteristics



Classification of Sound EffectsClassification of Sound Effects
Experiment Performed on:

• 4 classes: explosion, glass-
shattering, gunshots, and 
screaming 

• Without preprocessing or 
dimensionality reduction

• Sounds from action type movies 

• Data consists of 100 examples 
from each class

• 80% training, 20% testing

74.52Naïve Bayes

83.3410-Nearest 
Neighbors (KNN)

70.90Gaussian Mixture 
Model (GMM)

87.14Hidden Markov 
Model (HMM)

Accuracy %Techniques



A Closer Look at HMMA Closer Look at HMM
Experiment Performed on:

• Same classes and specifications as 
before

• Used 4 mixtures per state

• Previously analyzed 2-5 number of 
states, 2-5,10 mixtures per state, and 
different transitions 
(4*5*5=100 different settings!!)

90.703-State Ergodic

87.143-State Forward

Accuracy %Types of HMM

N-State Forward: Each state 
has transitions to itself and next 
successor state

N-State Ergodic: Every state can 
be reached from any other state 



• HMM outperforms other classifiers for sound 
effects.

• HMM challenges
- fine-tune high number of parameters

- requires an expert to design and optimize model

- otherwise, requires many trials

Alternative approach 
with less parameter 

tweaking??



Segmentation,

Feature extraction,

Dimensionality 
reduction

Framework of ClassifierFramework of Classifier
Audio Clips

…

Training Data
Trained, if necessary, 
on classifier of choice

…Section 1 Section 2 Section nMerge together 
feature-frames for 
each n section



SegmentationSegmentation
Divide audio clip into n segments based on: 

1) Equal-length: each segment contains same 
amount of time

2) Equal-energy: each segment contains same 
amount of energy (time varies)



SegmentationSegmentation
Equal-Length

Segmentation

Equal-Energy

Segmentation



PrePre--Processing the DataProcessing the Data
1. For each audio data sequence, 

Obtain n segments

For each segment

Extract MFCC features for each sampling frame (feature-frame)

End 

End 

2. Combine all feature-frames of each segment together

3. Reduce dimensionality of data

This is your training data



Classifying a New InstanceClassifying a New Instance
1. Classifying a new instance of sound effect

Obtain n segments

For each segment

Extract MFCC features for each sampling frame (feature-frame)

end
2. Combine together all feature-frames of each segment
3. Reduce dimensionality of data
4. Classify each feature-frame individually
5. Use majority voting to determine section classification
6. Each section votes to determine classification of query

(Ties are broken by sections with more frames)



Dataset and Feature ExtractionDataset and Feature Extraction

Dataset: short audio clips of action-type sound effects
- Audio streams are 16 bits, mono-channel, and downsampled to 16 KHz
- Each audio clip is 3-10 seconds
- 100 samples for each class

4 Classes: explosions, glass-shattering, gunshots, and 
screaming

Feature Extraction: features are analyzed and extracted 
for every 20ms frame
- Mel-Frequency Cepstral Coefficients (MFCC) to the 40th order per frame



Dimensionality ReductionDimensionality Reduction
• 40 MFCC features are extracted for every 20ms frame

• Each audio clip ranges from 3-10 seconds
- 150-500 feature-frames per audio sequence

• Use Principal component analysis (PCA)
- Eliminate redundancy between dimensions based on correlation.  
Collapse correlated dimensions, leaving uncorrelated ones intact.

0.1 min0.1 minNaïve Bayes

4.8 min10.52 minGMM

6.42 min16.42 min10-Nearest
Neighbors

12 dims40 dims



Experimental ComparisonExperimental Comparison
• Compared classification rate using our framework along 

with:
GMM, 10-Nearest Neighbors, and Naïve Bayes

• Observe different settings:
- Variation in dividing into N equal-length segments
- Equal-length versus Equal-energy as segmentation criteria
- Effects of PCA on K dimension

• 80% Training, 20% Test 

• Measured Classification Accuracy



Classification using Proposed Classification using Proposed 
FrameworkFramework

Experiment Performed on:
• 4 classes: explosion, glass-
shattering, gunshots, and 
screaming 

• With preprocessing and 
dimensionality reduction (with 
exception for HMM)

• Sounds from action type movies 

• Data consists of 100 examples 
from each class

• 80% training, 20% testing

N/A87.14HMM

84.370.91GMM

90.883.3410-Nearest
Neighbors

91.374.52Naïve Bayes

Accuracy %Accuracy % -
without 

preprocessing



Experimental ResultsExperimental Results
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Experimental ResultsExperimental Results
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Experimental ResultsExperimental Results
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ConclusionConclusion
• Novel representation of the data for efficient classification 
of sound effects

Segment each audio data sequence by using energy as 
an indicator

•Introduce a framework using semi- or non-parametric 
classifiers, along with dimensionality reduction  for mining 
of sound effects

• Perform better than HMM and obviate the need for an 
expert to design or fine-tune to achieve optimal model



Future workFuture work

• Automation of the hierarchical segmentation of  
data

• Make sections more adaptive using the notion of 
relevance feedback and weights

• Classify increasing types of sound effects
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