Master Adapt Detection System - Technical Overview

Purpose: This document provides technical onboarding for developers implementing similar detection systems in other media formats (e.g., video). It
explains the technologies, techniques, and architectural decisions used in the still image detection system.
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Business Context

Marketing campaigns use master key visual images (expensive, professionally-produced assets) to create regionalized adaptations (layouts tailored for
different markets/regions). These adaptations may:

Crop or resize master images

Combine multiple masters into multi-panel layouts

Apply transformations (rotation, scaling, perspective changes)
Switch between censored (CEN) and general (GEN) versions

Business Need: Track which master assets were used (or not used) in the campaign to:
Measure asset ROl and utilization
Inform clients about how their expensive assets performed

Identify underutilized or misused assets
Track regional variations and censorship patterns

Given:

41 master images (reference set)
299+ layout images (adaptations to analyze)

Detect which master(s) appear in each layout, even when:
Masters are cropped, scaled, or transformed
Multiple masters appear in one layout (multi-panel)

Layouts have varying numbers of panels (1-14+)
Censored vs non-censored versions exist

System Overview
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The system provides four detection strategies that can be used independently or combined:

Local Computer Vision (CV) - Feature matching using OpenCV
Al Vision Models - GPT-4 Vision, Gemini 2.5 Pro

Vector Embeddings - Semantic similarity via Google Vertex Al
Hybrid Mode .= - Combines Al + Local CV (recommended)

Layout Image

Al Vision

l

Detection Mode

Vector

}

Hybrid

y

OpenCV AKAZE + RANSAC(

OpenAl GPT-4 / Gemini

Vertex Al Embeddings

Al Panel Analysis + Local
Matching

\%//

Component Technology
Core Language Python 3.8+
Computer Vision  OpenCV

Al Vision OpenAl O3 mini

Al Vision (Alt) Google Gemini 2.5 Pro
Vector Search Google Vertex Al
Numerical NumPy, SciPy

ML scikit-learn

Interface CLI (argparse)

Detection Results

JSON with Master IDs

Purpose

Primary development

Feature detection, image processing
Panel counting, censorship detection
Alternative vision analysis
Multimodal embeddings (1408-dim)
Array operations, signal processing
K-means clustering

Command-line interface

Cost Optimization - Minimize expensive API calls

Accuracy - Handle edge cases and transformations

Performance - Parallel processing where possible

Robustness - Automatic fallbacks and error recovery

Flexibility - Multiple methods for different scenarios

Computer Vision Fundamentals

Before diving into methods, let's establish key CV concepts used throughout the system.
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Concept: Identify distinctive points in an image that can be reliably found even after transformations.
Example: Corners, edges, texture patterns that are unique and recognizable.
In This System: We use AKAZE (Accelerated-KAZE) features:

Detects keypoints using non-linear scale space

Creates binary descriptors (faster to match than floating-point)

Robust to scale, rotation, and moderate perspective changes

Python +

akaze = cv2.AKAZE_create()
keypoints, descriptors = akaze.detectAndCompute(image, )
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Concept: Find corresponding keypoints between two images.
Method: Brute-Force Matcher with Hamming Distance
Compares binary descriptors bit-by-bit
Hamming distance = count of differing bits
Faster than Euclidean distance for binary data
Lowe's Ratio Test (quality filter):
Each keypoint gets 2 best matches

Keep match only if: best_distance < 0.8 x second_best_distance
Filters out ambiguous matches

Python v

matcher = cv2.BFMatcher(cv2.NORM_HAMMING, crossCheck= )
matches = matcher.knnMatch(descriptorsl, descriptors2, k=2)

good_matches = []
for m, n in matches:
if m.distance < * n.distance:
good_matches.append(m)

O oo NOoO U s WN -

Homography: A 3x3 matrix that transforms one image plane to another (handles perspective, rotation, scale).
Problem: Some matches are wrong (outliers) due to repeating patterns or noise.
RANSAC (Random Sample Consensus):

Randomly pick 4 matches

Calculate homography from these 4 points

Test how many other matches agree (inliers)

Repeat many times, keep best solution

Inliers = matches that agree with the transformation

Why This Matters: Inlier count = confidence that master image actually appears in layout.
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Python +

1
2 homography, mask = cv2.findHomography (
3 points_layout,
4 points_master,
5 cv2.RANSAC,
6 ransacReprojThreshold=
7 )
8 inliers = (np. (mask) )
Thresholds:

High confidence: 230 inliers, 250% inlier ratio
Medium confidence: 215 inliers, 230% inlier ratio

Low confidence: Below medium (rejected)

Concept: Find boundaries in images where brightness changes sharply.
Canny Algorithm:

Gaussian blur (reduce noise)

Calculate gradients (brightness changes)

Non-maximum suppression (thin edges)

Double thresholding (strong/weak edges)

Edge tracking by hysteresis

Used For: Finding panel separators in multi-panel layouts.

Concept: Detect geometric shapes (lines, circles) in edge-detected images.
For Lines: Each edge point "votes" for possible lines it could be part of.
Parameters:

Threshold: Minimum votes needed for a line

Min Length: Minimum line length to accept

Max Gap: Maximum gap to connect broken lines

Used For: Finding horizontal lines between panels.

Concept: Convert images into high-dimensional vectors where similar images are close together.

In This System: Google Vertex Al multimodal embeddings (1408 dimensions)

Neural network creates semantic representation
Similar images have similar vectors
Compare using cosine similarity:

similarity = dot(vecl, vec2) / (||vecl|| x ||vec2]|]|)
# Result: -1 (opposite) to +1 (identical)
# Threshold: 0.75 = "similar enough"
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Detection Methods Deep Dive

Layout Image

Master Image

A

A

AKAZE Feature Detection

AKAZE Feature Detection

A

v

Keypoints + Descriptors

Keypoints + Descriptors

S -

Brute-Force Matcher

v

Lowe's Ratio Test

Good Matches

v

RANSAC Homography

230 inliers, 250% ratio

¢

A

Count Inliers

Confidence?

215 inliers, 230% ratio

'

Below thresholds

¥

High Confidence Match

Medium Confidence Match

Reject/Low Confidence

Feature Detection (per image)

Detect AKAZE keypoints in both layout and master
Generate binary descriptors (486 bits each)
Typical: 1,000-50,000 keypoints depending on image complexity

Feature Matching

Compare all layout descriptors vs all master descriptors

Use Hamming distance (bit differences)
Apply k-NN matching (k=2 for Lowe's test)
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Quality Filtering

Apply Lowe's ratio test (0.8 threshold)

Minimum: 10 good matches required to proceed
Geometric Verification

RANSAC to estimate homography

Threshold: 7.0 pixels (reprojection error)

Count inliers (matches agreeing with transformation)

Confidence Scoring

if inliers >= and inlier_ratio >=
confidence =

elif inliers >= and inlier_ratio >=
confidence =

else:
confidence =

Relative Thresholding
Find best match's inlier count

Other matches must have: inliers >= best_inliers x 0.65
Prevents false positives from weak matches

Multiprocessing: Each master is checked in parallel

def (
layout_path, master_id, master_path,
min_good_matches=10, max_features=

import cv2, numpy as np

return {
master_id,
inlier_count,
confidence_level
+
with ProcessPoolExecutor(max_workers=cpu_count-2) as executor:
futures = [executor.submit(process_single_master_inlier_analysis, ...)
for master in masters]
Memory Safety:

Limit features to 10,000-15,000 per image if count is very high
Keep best features based on response strength
Dynamic worker reduction when memory usage > 80%

No API costs - Entirely local processing

Fast - Multiprocessing for 41 masters in parallel

Geometric accuracy - RANSAC verifies spatial relationships
Scale/rotation invariant - AKAZE handles transformations
Privacy - No data sent to external services

X Fails on heavy crops - Too few matching keypoints
X struggles with small regions - Need minimum features
X cCannot understand context - Purely geometric matching


af://h4-21
af://h4-22
af://h4-23

X No semantic awareness - Can't distinguish CEN vs GEN
X Parameter sensitive - Thresholds need tuning

Simple layouts (1-2 panels)
Full or lightly-cropped masters
When API costs are prohibitive
When privacy is critical

Layout Image Master Images
Base64 Encode Base64 Encode All
OpenAl API Call

l

Vision Prompt:
'Which of these masters
appear in the layout?'

GPT-4 Vision Model

Parse JSON Response

List of Master IDs

Image Preparation
Encode layout as base64 JPEG
Encode all 41 masters as base64 JPEG
Optional: Convert to greyscale, enhance contrast
Prompt Engineering

You are analyzing a layout image that may contain one or more master images.
Layout image: [base64_image]

Master images to detect:

3. Master ID: "1011A_1011_05" [base64_image]

4. Master ID: "1011A_1011_06" [base64_image]

5. Master ID: "..." [base64_image]
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Task: Identify which master images appear in the layout.
Return: JSON list of detected master IDs.

API Call
Model: gpt-4o-mini (cost-optimized vision model)
Response format: JSON mode
Token usage: ~2,000-5,000 tokens per layout

Response Parsing

{

Panel Counting:

Analyze this layout and count how many distinct panels it contains.
Return: {"panel_count": N, "confidence": "high/medium/low"}

Censorship Detection:

Determine if this layout contains censored imagery.
Look for mosaic blur, white bars, or other censorship indicators.
Return: {"is_censored": true/false, 'confidence": "high/medium/low"}

One-at-a-Time Mode:

Instead of 1 API call with all 41 masters
Make 41 separate API calls (one per master)
Higher accuracy but 41x cost

Use when regular mode fails

Cost Tracking:

usage = response.usage

cost_calculator.track_api_call(
operation_type= ,
prompt_tokens=usage.prompt_tokens,
completion_tokens=usage.completion_tokens,
layout_name=layout_name

Pricing (OpenAl O3, 2025):

Input: $2.00 per million tokens

Cached input: $0.50 per million tokens

Output: $8.00 per million tokens

Typical cost: ~$0.02-0.05 per layout (standard mode)
One-at-a-time cost: ~$0.50-1.00 per layout

Semantic understanding - Understands image content
Handles crops - Can identify partial views
Context aware - Understands what it's looking at
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Can count panels - Analyzes layout structure

Censorship detection - Identifies CEN in
Flexible - Easy to add new detection crite

X Expensive - API costs for every layout
X slow - Network latency for API calls
X Not deterministic - Results may vary slig

dicators
ria

htly

X Rate limited - API throttling at high volumes

X Privacy concerns - Data sent to external
X Scaling costs - Linear cost with volume

Complex layouts with multiple panels
Heavily cropped or transformed masters
When semantic understanding needed
When CEN detection required

service

Low volume processing (hundreds, not thousands)

Master Images

Generate Embeddings
1408 dimensions

Layout Image

Cache Embeddings
master_embeddings.pkl

Generate Embedding
1408 dimensions

Cosine Similarity
vs All Masters

Yes No
Detected Match No Match

Master Embedding Generation (one-tim

e)
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from vertexai.vision_models import MultiModalEmbeddingModel
model = MultiModalEmbeddingModel. from_pretrained(

master_embeddings = {}
for master_id, image_path in master_images.items():
image = VertexImage.load_from_file(image_path)
response = model.get_embeddings(image=image)
master_embeddings [master_id] = np.array(response.image_embedding)

pickle.dump(master_embeddings, (
Layout Embedding Generation (per layout)

layout_image = VertexImage. load_from_file(layout_path)

response = model.get_embeddings(image=layout_image)

layout_embedding = np.array(response.image_embedding)
Similarity Calculation

def (embl, emb2):
norml = np.linalg.norm(embl)
norm2 = np.linalg.norm(emb2)

if norml == 0 or norm2 ==
return
return (np.dot(embl, emb2) / (norml * norm2))

similarities = {}

for master_id, master_emb in master_embeddings.items():
sim = cosine_similarity(layout_embedding, master_emb)
if sim >= :

similarities[master_id] = sim
Result Ranking
Sort detected masters by similarity (highest first)
Return all above threshold

1408 Dimensions: Neural network learned representation where:

Each dimension captures some aspect of image semantics
Similar images cluster together in this space
Distance = semantic similarity

Cosine Similarity:

Measures angle between vectors (direction, not magnitude)
Range: -1 (opposite) to +1 (identical)
Threshold 0.75 = "similar enough" after empirical testing

Semantic matching - Based on content understanding
Fast at scale - O(n) similarity checks after embedding
Cached masters - Embed masters once, reuse forever
No geometric constraints - Works on crops/transforms
Batch friendly - Can embed many layouts efficiently

X API costs - Google Cloud charges per embedding
X Black box - Hard to understand why similarity is X
X Threshold sensitive - 0.75 may not suit all cases
X cannot count panels - Just similarity matching
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X Storage needed - Cache embeddings (41 x 1408 x 4 bytes)
X Cold start - Initial embedding generation takes time

Large-scale batch processing

When geometric precision less important
After masters are embedded and cached
When semantic similarity is key
Alternative to expensive Al vision calls

Each method has trade-offs:

Method Cost Speed Accuracy Panels CEN
LocalCV ~ $0 Fast Medium X X
AlVision $$$  Slow  High
Vector $ Fast Medium X X

Hybrid combines the best of each:

Al for what it's good at (panel counting, censorship)
Local CV for what it's good at (geometric matching)
Result: High accuracy + low cost + reasonable speed
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Layout Image

OpenAl API Call
$0.01-0.02

Panel Count
+ Censorship Status

Panel Count
< Threshold?

Post-Processing

Deduplication

CEN Refinement

Truncation to Panel Count

Matches < Panels?

Yes, if enabled



v

OpenAl One-at-a-Time
Additional $0.50-1.00

/

Final Results

No

Phase 1: Al Analysis (1 API call)

result = openai_api.analyze_layout(layout_image)

panel_info = {

censorship_info = {
False,

’

Phase 2: Routing Decision

panel_threshold = 2
if panel_count <= panel_threshold:

method =
else:

method =

Phase 3A: Direct Local Analysis (simple layouts)

Confidence Scoring

Detected Masters

Lavout Image AKAZE Features
yout imag ~10k-50K points
Master 1 AKAZE Features
Parallel Matching RANSAC Verification
CPU cores - 2 Count inliers
Master 2 AKAZE Features
Master 41 AKAZE Features
Pseudocode

layout_features = akaze.detectAndCompute(layout_image)
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with ProcessPoolExecutor(max_workers=cpu_count-2) as executor:
tasks = []
for master_id, master_path in masters.items():
task = executor.submit(
match_single_master,
layout_features,
master_id,
master_path
)
tasks.append(task)

for future in as_completed(tasks):
result = future.result()
if resultl ] in [ D 17
detected_masters.append(result( 1)

Phase 3B: Split Then Analyze (complex layouts)

Layout Image
14 panels

Panel Splitter
Canny + Hough

Panel 1 Panel 2 Panel 14
Match vs Match vs Match vs
41 Masters 41 Masters 41 Masters

S -

Combine Results

Deduplicate

Master List

Pseudocode:

panels = panel_splitter.split(layout_image, panel_count=14)
all_matches = []
for panel in panels:

panel_matches = detect_masters_in_panel(panel, all_masters)
all_matches.extend(panel_matches)



unique_masters = deduplicate(all_matches)

Phase 4: Post-Processing

Deduplication

detected = [ ; ) ]
unique = (et (detected))

CEN Refinement (if enabled)

if not is_censored and in detected:

detected. remove ( )
detected.append( )
Truncation to Panel Count

if (detected) > panel_count:
detected.sort(key=1lambda x: inlier_scores[x], reverse= )

detected = detected[:panel_count]
Confidence Scoring

confidence = (num_matches / panel_count) x*

Phase 5: Optional Fallback

if fallback_enabled and (detected) < panel_count:

print( {len(detected) } {panel_count}

fallback_results = openai_one_at_a_time(layout, all_masters)

detected = fallback_results]| ]

Problem: Running inlier analysis on multiple layouts simultaneously causes memory exhaustion.

Solution: Serial Inlier Analysis Coordinator
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Layout 1
Worker

\

I

Layout Workers (Parallel)

[
Serial Processing——— | Result
Inlier Analysis
Coordinator
Single Worker Thread
Process 1 at a time Submit Submit Submit
/
OpenCV AKAZE
Feature Matching
Multiprocessing Q
Result Result Result
Layout 2 Layout 3 Layout 4
Worker Worker Worker

Inlier Analysis
Task Queue

AW/

Key Insight:

Multiple layouts processed in parallel (Phase 1: OpenAl calls)
But only ONE inlier analysis runs at a time (Phase 2/3)
Prevents memory explosion from too many AKAZE operations
Layout workers wait for their inlier analysis turn

Implementation:

class
def (self):
self.task_queue = queue.Queue()
self.worker_thread = threading.Thread(target=self._worker_loop)
self.worker_thread.start()
def (self, layout_id, params, result_future):
self.task_queue.put({
layout_id,
: params,
result_future
1)
def (self):

while True:
task = self.task_queue.get()
result = perform_inlier_analysis(taskl[




task[

].set_result(result)

self.task_queue.task_done()

Baseline: OpenAl One-at-a-Time

1 layout x 41 masters = 41 API calls
Cost per layout: ~$0.50-1.00
300 layouts = $150-300

Hybrid Mode

1 layout x 1 panel analysis call = 1 API call

Local matching = $0
Cost per layout: ~$0.01-0.02
300 layouts = $3-6

Savings: 97.6% cost reduction ($294 saved per 300 layouts)

From code analysis:

Metric

Processing Time

Simple Layouts (2 panels)

~2-3 seconds

Complex Layouts (>2 panels)

~5-7 seconds

API Calls 1 (panel analysis) 1 (panel analysis)

API Cost ~$0.01-0.02 ~$0.01-0.02

Accuracy High (verified) High (verified)

Failure Rate Low Medium (splitting issues)

Parallel Mode: ~50-100 layouts per minute (system-dependent)

Dynamic Worker Adjustment:

memory_percent = psutil.virtual_memory().percent
swap_percent = psutil.swap_memory().percent
if memory_percent > or (swap_percent > and memory_percent >
layout_workers = (1, layout_workers - 1)
local_workers = (1, local_workers - 1)
elif memory_percent < and swap_percent <

layout_workers = (4, layout_workers + 1)
local_workers = (cpu_count-2, local_workers + 1)

Feature Limiting:

if feature_count >
safe_workers
max_features =

elif feature_count >

(1, workers // 2)
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safe_workers = (1, (workers x* ))
max_features

panel_threshold =

inlier_threshold =
inlier_ratio_threshold =
min_good_matches =

openai_workers = (master_images)
local_workers = (1, cpu_count - 2)
layout_workers = (4, cpu_count // 2)

max_memory_percent =
max_swap_percent =

Best cost/accuracy ratio - 97.6% cheaper than pure Al
Handles all scenarios - Simple and complex layouts

Panel awareness - Knows how many to find

CEN detection - Al distinguishes censored/uncensored
Automatic routing - Picks best method per layout

Fallback safety - Can escalate to expensive method if needed
Memory safe - Dynamic adjustment prevents crashes
Scalable - Parallel processing for high throughput

X Complexity - More moving parts than single methods

X Panel splitting failures - Irregular layouts may split poorly

X still has API cost - Just much lower than pure Al

X Tuning required - Multiple thresholds to optimize

X Dependency chain - If Al panel count wrong, affects everything

Panel Splitting Techniques

When a layout has multiple panels (>2), we need to split it into individual images before matching. The system provides three splitting strategies.

Given a multi-panel layout:

Panel 1 Panel 2 Panel 3

Panel 4 Panel 5 Panel 6

Find the boundaries between panels (vertical/horizontal lines).
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Approach: Optimized Canny edge detection + Hough line transform

Layout Image

Convert to Greyscale

Canny Edge Detection
Multi-threshold

/

—

Threshold 1:
50, 150

Threshold 2:
100, 200

Threshold 3:
150, 250

.

—

Morphological Closing
Kernel: 3x1

Combine Edge Maps
Maximum operation

Hough Line Transform
Detect horizontal lines

Process:

Filter:
- Min length: 3530px
- Max gap: 1059px
- Nearly horizontal

Panel Boundaries

Split into Panels

Multi-threshold Canny: Try 3 different sensitivity levels, combine results

Morphological closing: Connect nearby edges (kernel: 3x1 vertical)

Hough transform: Detect long horizontal lines

Filtering: Keep lines that:

Are long enough (3530+ pixels)

Are nearly horizontal (< 5% slope)

Are separated by minimum distance

Boundary creation: Use line positions as panel separators




Tuning: Parameters specifically optimized for 14-panel detection accuracy.

Strengths:

Accurate for regular grid layouts
Finds actual visual separators
Well-tuned parameters

Weaknesses:

X Fails on irregular layouts

X Sensitive to noise and artifacts
X Computationally intensive

Approach: Sobel gradient analysis + gutter detection
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Layout Image

A

Greyscale

v

Vertical Sobel Filter
Find vertical edges

v

Project to 1D
Column energy profile

v

Energy per column
Sum of edge strengths

v

Find threshold
percentile=10
Low-energy columns

A

Cluster consecutive
low-energy columns

A

Filter clusters
min_gap=>5 pixels

A

Take center of
each cluster

A

Panel boundaries

Algorithm:

def (image, percentile=10, min_gap=5):

sobelx = cv2.Sobel(greyscale, cv2.CV_64F, 1, 0, ksize=3)

energy = np. (sobelx) . (axis=0)

threshold = np.percentile(energy, percentile)
low_energy = np.where(energy < threshold) [0]



clusters = []

current = [low_energy[0]]
for col in low_energy[1:]:
if col == current[-1] +
current.append(col)
else:

clusters.append(current)
current = [col]

clusters = [c for ¢ in clusters if (c) >= min_gap]

boundaries = [ ni(np.mean(cluster)) for cluster in clusters]

return boundaries
Parameters:

percentile=10 : Look at bottom 10% of energy (quiet regions)
min_gap=5 : Minimum 5 consecutive low-energy columns

Strengths:

More flexible than Hough lines
Finds subtle gutters

Works on varied layouts

Weaknesses:
X Parameter tuning needed per dataset
X May find false gutters in dark regions

Approach: Divide layout evenly based on panel count
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Layout Image
Width: W, Height: H

v

Panel Count: N

Determine Grid

Horizontal Layout?
Rows=1, Cols=N

A 4

Calculate:
panel_width =W /N
panel_height = H

Create N panels:
Panel i: x =i x panel_width

Extract panel images

Algorithm:

def (image, panel_count):
height, width = image.shape[:2]

rows = 1
cols = panel_count

panel_width = width // cols
panel_height = height // rows

panels = []
for i in (panel_count):
x_start = i * panel_width
x_end = (i + 1) * panel_width if i < panel_count-1 else width

panel = image[0:height, x_start:x_end]
panels.append(panel)

return panels

Strengths:
Fast - No complex CV operations
Simple - No parameters to tune



Predictable - Always creates N panels
Memory efficient - No intermediate images

Weaknesses:

X Assumes regular grid - Fails on irregular layouts

X Ignores visual cues - Doesn't look for actual separators
X May split mid-image - Could cut through content

When to Use: Layouts with regular, evenly-spaced panels (common in marketing materials).

CEN Refinement System

CEN (Censored) vs GEN (General/Uncensored) imagery:
Same master image exists in two versions
Censored: Mosaic blur, white bars, pixelation
Uncensored: Original unmodified image

Challenge: Local CV matches features geometrically - cannot distinguish CEN from GEN. Both have similar keypoints, so both match!

Client Need (H&M): Track which version (CEN or GEN) was actually used in each market.
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Layout Image

A

OpenAl Censorship

Detection
Censored?
No
Detected: GEN/CEN
Masters
Yes

!

Detected: CEN Masters

Find GEN equivaleni

A

A

Keep CEN versions

Switch: CEN — GEPM

Keep as-is

OpenAl Prompt:

A

Refined Results

Analyze this layout image for censorship indicators.

Look for:

Mosaic blur or pixelation over body parts

- White bars or black bars obscuring content

— Other censorship techniques

Return JSON:

{
"is_censored": true/false,
"confidence": "high/medium/low",

Fog/smoke effects used for coverage
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"details": "Description of censorship indicators found"

Response Example:

def (detected_masters, is_layout_censored):

refined = []

for master_id in detected_masters:
if is_cen_image(master_id):
if not is_layout_censored:

gen_id = master_id.replace( ’ )
if gen_id in available_masters:
refined.append(gen_id)
log ( {master_id} - {gen_id}
else:

refined.append(master_id)
else:

refined.append(master_id)
else:

refined.append(master_id)

return refined

Masters follow naming pattern:
M123 - General (uncensored) version

M123CEN - Censored version
Both have same base ID (M123)

Input:
Layout: Uncensored image
Local CV detected: ['M123CEN', 'M456', 'M789CEN']
OpenAl analysis: {"is_censored": false}

Refinement:

Check M123CEN : Is CEN? Yes — Layout censored? No — Switch to M123
Check M456 : Is CEN? No — Keep M456
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Check M789CEN : Is CEN? Yes — Layout censored? No — Switch to M789

Output: ['M123', 'M456', 'M789']

This client pays for both CEN and GEN master production. Accurate tracking of which version was used where:

Informs localization decisions
Measures censorship impact on engagement
Justifies production costs for both versions

Performance Characteristics

From code analysis and benchmarks:

Scenario Time per Layout  Throughput (parallel)
Simple (<2 panels) 2-3 seconds ~100-120 layouts/min
Complex (>2 panels) 5-7 seconds ~50-80 layouts/min
Very complex (14+ panels)  8-10 seconds ~30-40 layouts/min

Factors affecting speed:

Panel count (more panels = more splits to analyze)
Image size (larger = more features = slower)
Feature density (complex images = more keypoints)
CPU cores (more cores = more parallel matching)

Memory availability (low memory = reduced parallelism)

Per Layout Costs (hybrid mode):

Component Cost

OpenAl panel analysis ~ $0.008-0.015
Local CV matching $0

Total $0.008-0.015

Compared to alternatives:

OpenAl one-at-a-time: $0.50-1.00 (50-100x more expensive)
Pure OpenAl standard: $0.02-0.05 (2-5x more expensive)
Pure local CV: $0 (but lower accuracy)

Monthly estimates (300 layouts/month):
Hybrid: $2.40-4.50/month

OpenAl standard: $6-15/month
OpenAl one-at-a-time: $150-300/month
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High confidence matches (=30 inliers, 250% ratio):

Precision: ~95-98% (few false positives)
Recall: ~85-90% (may miss heavily cropped)

Medium confidence matches (215 inliers, 230% ratio):

Precision: ~80-85% (more false positives)
Recall: ~90-95% (catches more crops)

Failure modes (next section) reduce accuracy in edge cases.

Peak memory (hybrid mode with parallel processing):
Layout workers (4): ~500MB-1GB each
Inlier analysis: ~2-4GB during feature matching
Total: ~4-8GB typical, 10-12GB peak

Memory management:
Dynamic worker reduction when >80% RAM used

Feature limiting (max 10k-15k per image)
Forced garbage collection after each layout

Failure Modes and Limitations

Irregular layouts:
Panels not in grid pattern
Overlapping panels
Curved or angled separators
No visual separators (bleed images)

Result: Incorrect panel boundaries — wrong regions matched

Mitigation: Use simple splitter for regular grids, manual review for complex cases.

Heavy cropping:

<20% of master visible
Insufficient keypoints for RANSAC (need 10+ good matches)

Low-texture regions:
Solid colors, gradients
Few distinctive features
Keypoint detection fails
Repeating patterns:
Many false matches pass Lowe's ratio test

RANSAC may find incorrect homography
High inlier count but wrong image
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Extreme transformations:
Severe perspective distortion
Very small regions (<100%100 pixels)

Heavy compression artifacts

Mitigation: Fallback to OpenAl one-at-a-time when matches < panels.

Ambiguity:

Similar-looking masters hard to distinguish
May confuse visually similar images

Inconsistency:

Slight variations in responses between runs
Temperature=0 helps but doesn't eliminate

Context dependence:

May consider context beyond pure visual matching
Sometimes helps, sometimes hurts

Cost at scale:

Linear cost increase with volume

Prohibitive for thousands of layouts

Subtle censorship:

Light blur or minimal coverage
Al may miss or misclassify

Artistic effects:

Intentional blur for effect
False positive censorship detection

Regional variations:

Different censorship standards per market
Al trained on general patterns

Mitigation: Confidence scoring, manual review for low-confidence cases.

Feature explosion:

High-resolution images (4K+) may have >100k keypoints
Memory exhaustion from descriptor matrices

Parallel processing limits:

Too many concurrent workers — OOM errors
File descriptor exhaustion (>1024 open files)
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Queue backlog:

Inlier analysis bottleneck
Layout workers wait in queue

Mitigation: Dynamic worker adjustment, feature limiting, resource monitoring.

Watermarked masters: Local CV matches watermark features, not actual content
Extremely small masters: <5% of layout area may be missed

Collage layouts: Many small images confuse panel detection

Text-heavy layouts: Few visual features for matching

Monochrome images: Reduced feature diversity

High compression: JPEG artifacts interfere with features

Rotated layouts: AKAZE handles rotation, but panel splitting assumes upright
Multi-page layouts: System assumes single-page images

Key Takeaways for Video Implementation

Hybrid Architecture Pattern @

Use Al where it excels (scene understanding, temporal analysis)

Use local methods where they excel (frame-level matching)

Minimize API costs while maintaining accuracy

For video: Al analyzes scene changes, local CV matches within scenes
Feature-Based Matching &

AKAZE features work for still frames

Can match video frames to master stills

For video: Extract keyframes, run same matching logic
Confidence Scoring @

Inlier counts indicate match quality

Relative thresholding prevents false positives

For video: Track confidence across frames for temporal consistency
Parallel Processing @

Process multiple images concurrently

Coordinate resource usage

For video: Process multiple frames/scenes in parallel
Memory Management &

Dynamic worker adjustment

Feature limiting

For video: Critical due to larger data volumes

Temporal Dimension

Still images: Single moment

Video: Sequence of frames with temporal relationships

Implication: Need temporal consistency checks, scene segmentation
Volume and Scale

Still: 299 images, ~2-10 seconds each

Video: Potentially thousands of frames per video, 30-60 fps

Implication: Need efficient frame sampling, cannot process every frame
Motion and Transitions

Still: Static composition

Video: Camera motion, scene transitions, animation

Implication: Need motion-aware matching, transition detection

Scene Changes
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Still: Panels are spatial divisions

Video: Scenes are temporal divisions

Implication: Scene boundary detection replaces panel splitting
Storage and Bandwidth

Still: ~2-5MB per image

Video: ~100MB-2GB per minute at HD

Implication: Need video streaming, frame extraction pipelines

Hybrid Video Detection System:

Video File

Scene Detection
OpenAl or PySceneDetect

Scene Boundaries
timestamps

Sample Keyframes
1 per second or
representative frames

Keyframe Set

Feature Matching
AKAZE + RANSAC(
per frame

Temporal Consistency
Track across frames

Aggregate Results
Master appears in
frames X-Y

Key Adaptations:

Scene Detection (Al component)
Use OpenAl to analyze representative frames
Identify scene boundaries
Cost: ~1 API call per 10-30 seconds of video
Keyframe Sampling (local component)
Extract 1 frame per second (not all 30 fps)
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Or use scene representative frames
Run AKAZE matching on sampled frames
Temporal Tracking (local component)
If master detected in frame N, check frames N+1, N+2
Build temporal intervals: "Master M123 appears seconds 10-25"
Filter brief flashes (<0.5 seconds)
Efficient Processing
Pre-generate AKAZE features for all masters (like vector embeddings)
Cache frame-level matches
Process scenes in parallel
Cost Optimization
Scene detection: ~$0.05-0.10 per minute of video
Frame matching: $0 (local)
Total: ~$0.05-0.10 per minute vs $5-10 pure Al

For video-specific needs:

ffmpeg: Video frame extraction, scene detection

PySceneDetect: Fast local scene boundary detection

OpenCYV video: Frame reading, analysis

Temporal databases: Store frame-level results (PostgreSQL with timeseries)
Object tracking: OpenCV trackers or YOLO for following masters across frames

Scene segmentation accuracy - \Wrong boundaries = wrong master attribution
Frame sampling strategy - Too few = miss brief appearances, too many = slow
Temporal consistency - Brief flashes should be filtered, not counted

Storage management - Video files and intermediate frames need cleanup
Streaming pipeline - Cannot load entire video into memory

For a 2-minute promotional video:

Scene Detection (Al): 5 scenes identified — $0.10
Keyframe Extraction (local): 120 frames (1 fps) — $0
Feature Matching (local): 120 frames x 41 masters in parallel — $0
Temporal Aggregation (local):
Master M123: frames 0-45 (0-45 seconds)
Master M456: frames 60-90 (60-90 seconds)
Master M789: frames 100-120 (100-120 seconds)
Result: 3 masters used, with precise timecodes — $0.10 total

Compared to: Analyzing every frame with Al = $0.10 x 120 frames = $12.00 (120x more expensive)

Conclusion

The Master Adapt Detection system demonstrates a successful hybrid architecture that:
Combines Al (semantic understanding) with local CV (geometric precision)
Optimizes costs (97.6% reduction) while maintaining accuracy
Handles complex scenarios (multi-panel, censorship detection)

Scales efficiently (parallel processing, memory management)

Core principles transferable to video:
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Use Al sparingly for high-level analysis (scenes, not frames)
Use local CV for bulk matching (frames, not every pixel)
Maintain temporal consistency (video-specific)

Monitor resources aggressively (video uses more memory)
Provide fallback mechanisms (hybrid approach)

Success in video will require adapting these principles to:

Temporal domain (frame sequences, not single images)

Scale challenges (thousands of frames, not hundreds of images)
Storage constraints (videos are large, need streaming)

Scene understanding (temporal boundaries, not spatial panels)

The architecture patterns, cost optimization strategies, and technical approaches documented here provide a proven foundation for building a video-based
master detection system.
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