Module 5: Classical Object Detection

The Architecture of Haar Cascades & The Precision of Template Matching
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How Can a Machine Find a Specific Object in a Sea of Pixels?

We'll explore two classic philosophies for solving this challenge:

1. Learning-Based (Haar Cascades)

Train a model on thousands of examples (both
positive and negative) to learn the general,
statistical features of an object class. Think of it
as teaching a machine the concept of a "face.”

2. Template-Based (Template Matching)

Use a perfect, pixel-for-pixel example of an

object to find identical copies of it in a new image.
This is about finding an exact match, not a
general concept.
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Method 1: The Viola-
Jones Insight—lIt’s
Faster to Discard
What's Not a Face

The power of the Haar Cascade
classifier comes from its ‘cascade’
structure. Instead of intensely
searching for a face, it uses a series of
simple-to-complex filters.

Each stage’s job is to quickly reject
regions of an image that are obviously
not a face, allowing computational
resources to focus only on promising
candidates.

ﬁ
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The Building Blocks: What a Machine Sees Are Simple
Patterns of Light and Dark

The algorithm doesn’t see noses or eyes. It sees thousands of “Haar-like Features,” which are simple rectangular

patterns that capture intensity gradients. The value of any feature is calculated as:
Feature Value

Feature Types

Edge Features

Line Features

Four-Rectangle
Feature

>(pixels in white area) - ) (pixels in black area)
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Detects darker eye
region between
lighter cheeks and
nose bridge.
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The Engine Room: Calculating Thousands
of Features in Constant Time

The Problem

A 24x24 window has over 160,000 possible features.
Calculating the pixel sums for each one via brute force
would be far too slow for real-time detection.

The Solution

The Integral Image. This is a pre-computed lookup

table where the value of any pixel (x,y) is the sum

of all pixels above and to its left. With this table, the
sum of any rectangular area can be calculated with
just four array lookups.
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The Cascade: A
A Waterfall of
Increasingly
Demanding Tests

Core Concept: The algorithm chains classifiers
together in a cascade. Early stages are simple and
computationally cheap, designed to reject the
vast majority of non-face windows. Only the few
candidates that pass these simple tests are
subjected to the more complex,

computationally expensive stages later on.

Key Insight: Most of the image is not a face.
The cascade is built to exploit this fact for
maximum efficiency.
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Finding Objects of All Sizes by Scaling the World, Not the Detector

The Haar Cascade detector is trained for a fixed size (e.g., 24x24 pixels). To find faces larger or smaller than this,
the algorithm doesn’t change the detector. Instead, it creates an ‘Image Pyramid’ by repeatedly downscaling the

input image. The fixed-size detector is then run across every level of the pyramid.

Algorithm Steps:
1. Create image pyramid by scaling down image (e.g., by a "scaleFactor’ of 1.1 each time).

2. Apply the fixed-size detector at each scale.
3. Consolidate the results.

Scale 1.0 Scale 0.8 Scale 0.6
24x24 Detector
> >
Scale 1.0 Scale 0.8 Scale 0.6
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Method 2: Template
Matching—Finding
the Perfect Fit

Core Concept: If you know exactly what
you're looking for, the simplest approach is
often the best.

Template Matching works by sliding a
small ‘template’ image over a larger search
image. At every possible location, it
calculates a similarity score. The location
with the best score is the result.

Brightest pixel
indicates the location
of the best match.
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Defining “Similarity”: Six Ways to Measure a Match

OpenCV provides several mathematical methods to quantify how well the template matches a region of the
search image. They fall into two main families:

1. Difference-Based 2. Correlation-Based
Calculate the squared difference Measure the correlation between
between the template and the the template and patch. A higher
image patch. A lower value value indicates a better match.
: indicates a better match (Ois a

perfect match). - TM_CCORR

~ TM_SODIFF - TM_CCORR_NORMED

- TM_SQDIFF_NORMED s IR SHECT

- TM_CCOEFF_NORMED

The Most Robust Choice

Normalized Correlation Coefficient (TM_CCOEFF_NORMED). Its output is bounded from -1 to +1, where +1
represents a perfect match. Crucially, it is resilient to global changes in brightness and contrast, making it reliable
in real-world conditions.
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The Architect's Blueprint

Essential Refinements: Handling Scale and Duplicate Detections

Out-of-the-box algorithms often need refinement to work robustly. Two common problems are scale and

duplicate detections.

1. The Scale Problem (Template Matching)

Standard Template Matching is not scale-invariant. If the
object in the search image is 10% larger than the template,
it won’t be found.

Solution: Template Pyramid

The solution is to create a scale pyramid for the template,
resizing it iteratively and running the match at each size.

Resize lteratively

( )

Template
Image

2. The Duplicate Problem (Both Methods)

Both Haar Cascades and multi-scale Template Matching
can produce multiple, overlapping bounding boxes for a
single object.

Solution: Non-Maximum Suppression (NMS)

The solution is Non-Maximum Suppression (NMS), an
algorithm that filters these clusters down to a single, best
detection.

NMS Filter J

N

Before NMS After NMS
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Intersection over Union (loU):
The Deciding Metric for Overlap

Non-Maximum Suppression relies on a metric called
Intersection over Union (loU) to decide if two BOX A
bounding boxes are detecting the same object. It

quantifies the degree of overlap.

_ Box B
Intersection

(Area of Overlap)

IoU = Area of Overlap / Area of Union

An loU of 1.0 means the boxes are identical.
An loU of 0.0 means they do not overlap at all.

In NMS, if the loU between two boxes is above a
certain threshold (e.g., 0.5), the box with the lower

confidence score is suppressed. loU = Intersection / Union

(Area of Union)
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A Direct Comparison: Choosing the Right Tool for the Job

Feature Haar Cascades Template Matching

Speed Fast Slow (Slower with multi-scale)
Q Scale Invariance Yes (built-in via Image Pyramid) No (requires manual pyramid)

) Rotation Invariance Limited No

222 Generality High (detects a class of objects) None (detects a specific template)
@ Accuracy Medium High (for an exact match)

Use Haar Cascades for:
General object categories where you need high speed and can use a pre-trained model (e.g., detecting any
face, car, or eye in a video stream).

Use Template Matching for:
Finding specific, rigid, un-rotated objects where precision for an exact pattern is critical (e.g., finding a

particular logo, Ul icon, or game sprite on a screen).
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From Theory to Code: Key OpenCV Functions

Implementing these algorithms in practice is straightforward with OpenCV.
Here are the core functions.

Haar Cascades

face_cascade = cv2.CascadeClassifier('haarcascade frontalface _default.xml')
faces = face_cascade.detectMultiScale(gray, scaleFactor=1.1, minNeighbors=5)

f Controls the image pyramid step size. %1 r Controls detection confidence. Higher
Smaller values (e.g., 1.05) are more | values result in fewer detections but
thorough but slower; larger values (e.g., higher quality. It's a powerful tool for
1.4) are faster but may miss objects. | filtering out false positives.
Template Matching Non-Maximum Suppression
res = cv2.matchTemplate(img_gray, template, o :
cv2.TM_CCOEFF_NORMED) indices = cv2.dnn.NMSBoxes(boxes, confidences,

min_val, max_val, min_loc, max_loc = score_thresh, nms_thresh)

cv2.minMaxLoc(res)
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Getting Started: Pre-Built Classifiers and Further Reading

Available Models Resources for a Deeper Dive

OpenCV ships with a number of pre-trained Haar Official Tutorial: OpenCV Cascade Classifier Tutorial &

Cascade models, ready to use for common tasks. https://docs.opencv.org/4.x/db/d28/tutorial cascade

classifier.html| &

- haarcascade_frontalface_default.xml Official Tutorial: OpenCV Template Matching &

- haarcascade_eye.xml https://docs.opencv.org/4.x/d4/dc6/tutorial py temp

- haarcascade_smile.xml late_matching.html ¢

- haarcascade_fullbody.xml The Original Paper: Rapid Object Detection using a

B SR e e o oAt a e L Boosted Cascade of Simple Features by Viola & Jones
% (2001) &

https://www.cs.cmu.edu/~efros/courses/LBMVO7/Pap
ers/viola-cvpr-0l.pdf &
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Your Classical Object Detection Toolkit

Haar Cascades achieve real-time

speed and generality through a
cascade of simple features,
intelligently structured to rapidly
reject non-objects. It’s an
architecture of efficiency.

Template Matching provides

high precision for specific,
unchanging objects via a direct
pixel-wise comparison. It’s an
architecture of precision.

Real-world application of both methods requires robustly
handling scale variance and cleaning up duplicate detections with
Non-Maximum Suppression (NMS) using the loU metric.
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