
Unit 3. The AI Data Pipeline: From Collection to Model Readiness (Syllabus)  

The AI Data Pipeline: Stages and Components: Key Stages (Data Collection, Annotation, 
Preprocessing, Splitting, Feeding into AI Models  

Core Components: Ingestion, Storage, Processing, Validation, Delivery  

Data Collection Methods for AI: Manual Input (Surveys, forms, human-curated entries), 
Sensors & IoT Devices (Real-time data from physical environments), System Logs & 
Transactions, Web Scraping (Automated extraction from websites), APIs (Structured data 
access from external platforms)  

Data Annotation and Labelling: Definition & Importance; Annotation Methods: Manual 
Annotation, Automated Annotation; Types of Annotation: Classification, Bounding Boxes, 
Segmentation, Transcription, Named Entity Recognition (NER)  

Data Cleaning and Preprocessing: Importance of data cleaning; Understanding “Dirty” Data: 
Missing Values, Duplicates, Incorrect Formats, Outliers, Noise; Steps in Data Cleaning: 
Identify Issues, Handle Errors (Imputation, Removal), Validate Cleaned Data  

Data Splitting: Splitting data into training set and test set.  

Data Transformation Techniques: Normalization, Transformation, Feature Engineering 
(Conceptual) 

Question and Answers: 

Q) AI Data Pipeline And Its Key Stages And Components  

The AI Data Pipeline is a systematic process that transforms raw, unstructured, or imperfect 
data into a clean, organized, and meaningful form that AI models can learn from. Think of it as 
a factory assembly line: raw materials enter at one end, go through several processing stages, 
and emerge as a finished product ready for use.  

The pipeline consists of five major stages, each building upon the previous one: 

Stage  What Happens  Why It Matters  

1. Data Collection  Raw data is gathered from 
various sources — sensors, web, 
surveys, databases  

Without sufficient and 
relevant data, no meaningful 
AI model can be built  

2. Data Annotation  Human experts or automated 
tools label the data so the AI 
knows what it is looking at  

Labels teach the AI what 
patterns to learn and what 
outputs to produce  

3. Data Preprocessing & 
Cleaning  

Errors, duplicates, and 
inconsistencies are identified 
and corrected  

Dirty data produces incorrect 
or unreliable AI predictions 
(Garbage In, Garbage Out)  

4. Data Splitting  Cleaned data is divided into 
training, validation, and test sets  

Ensures the AI model is 
fairly tested on data it has 
never seen before  



5. Feeding into AI 
Models  

Transformed data is passed into 
the AI algorithm for learning  

The model learns patterns 
and relationships to make 
future predictions  

 

 

Q) Core Components of the Pipeline  

The AI data pipeline has five main parts. Think of an AI system as a factory. Raw materials 
(data) come in, are stored safely, are processed and checked for quality, and finally delivered 
to the AI model. If any part fails, the whole system gives poor results. 

Component  What It Does  Simple Example  

1. Data Ingestion  The entry point where data 
comes into the system from 
different sources.  

Collecting tweets from 
Twitter or readings from a 
temperature sensor.  

2. Data Storage  Keeping collected data in a 
safe place for future use. Can 
be files, databases, or cloud.  

Storing patient records in a 
hospital database or images 
on Google Cloud.  

3. Data Processing  Changing raw data into a 
form that AI can use. This 
includes cleaning errors and 
fixing formats.  

Converting all dates to one 
format (YYYY-MM-DD) 
and removing blank entries.  

4. Data Validation  The quality check. Making 
sure data is correct, complete, 
and makes sense.  

Checking that age is not 500, 
or that marks are not 
negative.  

5. Data Delivery  Sending the prepared data to 
the AI model, dashboard, or 
application.  

Sending cleaned medical 
images to a diagnostic AI 
system.  

 

Q) Data Collection Methods for AI  

Data collection is the very first step. It answers the question: "Where does the data come from?" 
AI does not create its own data. Humans must gather it from different sources. Here are the 
main methods:  

a) Manual Data Input  

Humans enter data directly by typing or selecting options. Examples include student admission 
forms, medical records filled by hospital staff, and census data collected by government 
workers. This method gives good control over quality, but it is slow, has human errors (typos), 
and is not suitable for very large amounts of data.  

b) Sensors and IoT Devices  



Sensors are devices that collect data from the physical world automatically. IoT (Internet of 
Things) devices are sensors connected to the internet. Examples include temperature sensors, 
motion detectors, and smartwatches tracking heart rate. AI uses sensor data for traffic 
monitoring in smart cities, healthcare monitoring, and agriculture (soil moisture). This method 
is fast and automatic, but sensors can be expensive and may give noisy (imperfect) data.  

c) System Logs and Transaction Data  

System logs are records automatically created by software. They capture user actions, events, 
and errors. Transaction data records business activities like purchases or payments. Examples 
include online shopping orders, bank transactions, and website click logs. AI uses this data to 
detect bank fraud, recommend products, and improve website performance. This data must be 
handled carefully to protect user privacy.  

d) Web Scraping  

Web scraping means using automated tools to extract data from websites. For example, 
collecting product names, prices, and ratings from Amazon or Flipkart. Tools like "Instant Data 
Scraper" (a Chrome browser extension) can do this easily. This method is fast and can collect 
large amounts of data, but it must follow website rules and respect copyright laws.  

e) APIs (Application Programming Interfaces)  

An API allows one system to request data from another system in a structured way. Think of 
an API like a waiter in a restaurant: you (the AI system) order specific data, and the waiter (the 
API) brings it back in a clean, organized format. APIs are popular because the data is structured, 
reliable, and updated regularly. Examples include fetching weather data, social media posts, or 
location maps from Google.  

Q) Data Annotation and Labelling  

To help AI learn, we must add labels or meaning to the data. This process is called data 
annotation. For example, a photo might be labeled as "cat," a review might be tagged as 
"positive," or a voice recording might be converted into written text. These labels act as a guide 
for the AI during its learning phase.  

AI models learn by comparing data with the correct labels given by humans. Good labels lead 
to a good AI model. Bad labels lead to a bad AI model. The quality of labeling is more important 
than the amount of data.  

Methods of Annotation: 

Method  Who Does It?  Best For  

Manual Annotation  Humans label data one by one  Small datasets needing high 
accuracy (medical images)  

Crowdsourced Annotation  Many people online label 
data together (e.g., Amazon 
Mechanical Turk)  

Large datasets needing many 
labels quickly  



Automated Annotation  Software or existing AI 
models label data 
automatically  

Very large datasets (millions 
of items)  

 

Types of Annotation  

a)Classification  

Classification annotation assigns a category label to an entire data item. It answers the question: 
'What is this?'  

• Image classification: Label an image as 'cat,' 'dog,' or 'bird'  

• Text classification: Label a news article as 'politics,' 'sports,' or 'technology'  

• Audio classification: Label a sound clip as 'speech,' 'music,' or 'noise'  

b)Bounding Boxes  

Bounding box annotation draws rectangular boxes around specific objects within an image, 
identifying where objects are located. It answers: 'Where is this, and what is it?'  

• Object detection in autonomous vehicles: drawing boxes around pedestrians, cars, and signs  

• Retail shelf analysis: boxing each product to count inventory  

• Sports analytics: tracking player positions with boxes  

• Medical imaging: outlining organs or abnormalities  

c)Segmentation  

Segmentation annotation goes beyond bounding boxes by precisely marking the exact pixel-
by-pixel boundary of each object. There are two types:  

• Semantic Segmentation: Every pixel is assigned a category label (e.g., all grass pixels = 
'grass', all sky pixels = 'sky', all road pixels = 'road')  

• Instance Segmentation: Like semantic segmentation, but distinguishes between different 
instances of the same category (e.g., 'person 1' vs. 'person 2')  

d)Transcription  

Transcription annotation converts audio or visual content into text. This is the foundation of 
speech recognition and handwriting recognition AI systems.  

• Speech-to-text: Human transcribers listen to audio recordings and type exactly what is said 
— including pauses, accents, and background conditions  

• Handwriting recognition: Handwritten documents are manually transcribed to create training 
pairs of image + correct text  

• Video transcription: Spoken content in video is converted to text, including identifying which 
speaker said what  



 

e)Named Entity Recognition (NER)  

Named Entity Recognition annotation marks specific types of entities within text — such as 
person names, organizations, locations, dates, monetary values, and products. This creates 
training data for natural language processing (NLP) models. 

NER annotation is used in information extraction systems, chatbots, document analysis, and 
automated news summarization tools. 

 

Q) DATA CLEANING AND PREPROCESSING  

Data cleaning and preprocessing is the critical process of identifying and correcting these 
problems before data enters the AI pipeline.  

Dirty Data  

Dirty data refers to any data that is inaccurate, incomplete, inconsistent, or otherwise unsuitable 
for direct use in an AI model. The most common categories of dirty data are:  

a)Missing Values  

Missing values occur when data entries are left blank or marked as unknown. In a dataset of 
patient records, for example, some patients may not have had their blood pressure recorded. In 
survey data, some respondents skip questions they find too personal. 

Types:  

1) Missing completely at Random(MCAR) 
2) Missing at Random(MAR) 
3) Missing not at Random(MNAR) 

 
b)Duplicates  
Duplicate entries are records that appear more than once in a dataset. They can arise from system errors, 
merging multiple databases, user error, or repeated form submissions.  
• A customer database merged from two regional systems may contain the same customer twice  
• Web form submissions may be duplicated if a user clicks 'submit' twice  
• Sensor data may be duplicated if a network error causes a packet to be sent twice  
 
c)Incorrect Formats  
Format errors occur when data values are stored in inconsistent or unexpected formats. These prevent 
AI systems from parsing and interpreting the data correctly. 

 

Field  Correct Format  Incorrect Entries Found  

Date of Birth  DD/MM/YYYY  15-Mar-1995, 1995/03/15, 
March 15 1995  



Phone Number  10 digits, no spaces  +91-9876543210, 9876 543 
210, 09876543210  

Gender  Male / Female / Other  M, F, male, MALE, 1, 2, man  

Pincode  6-digit number  560001, 56001, PIN: 560-
001  

 

d)Outliers  

Outliers are data values that are significantly different from the rest of the dataset. They may 
be genuine extreme values (a marathon runner with an unusually low resting heart rate) or 
errors (a typo entering age as 199 instead of 19).  

Outliers are particularly dangerous for regression-based AI models, where a single extreme 
value can dramatically skew the model's learned parameters.  

e)Noise 

Noise refers to random errors or meaningless variation in data that obscure the true underlying 
signal. It is distinct from outliers in that noise is distributed throughout the dataset rather than 
concentrated in specific extreme values.  

• Sensor noise 

• Image noise 

• Label noise 

• Text noise  

 

Q) Steps in Data Cleaning  

Step 1: Identify Issues  

The first step is to thoroughly audit the dataset to detect all present data quality problems. This 
is typically done through:  

• Statistical summaries 

• Data profiling tools  

• Visualization  

• Sample review  

Step 2: Handle Errors  

After identifying issues, they must be addressed. The two primary strategies are imputation and 
removal.  

Imputation: Filling in Missing Values  



Imputation replaces missing values with estimated substitutes rather than discarding the record 
entirely. Common imputation strategies 

: Strategy  How It Works  

Mean / Median Imputation  Replace missing value with the column's average (mean) or middle 
value (median)  

Mode Imputation  Replace missing value with the most frequent value in the column  

Predictive Imputation  Use a model to predict what the missing value should be based on 
other columns  

Forward / Backward Fill  Use the previous (or next) value in a time sequence to fill the gap  

Domain-specific defaults  Use a known default based on business rules (e.g., '0 claims' if 
insurance claim field is empty)  

 

Removal: Deleting Problematic Records  

Sometimes it is better to remove a problematic record entirely rather than attempt to fix it:  

• Delete records where a critical field is missing and cannot be reliably imputed  

• Delete exact duplicate records, keeping only one copy  

• Delete records where values are clearly impossible  

• Delete columns where more than 50-70% of values are missing and imputation would be 
unreliable  

Step 3: Validate Cleaned Data  

After cleaning, the dataset must be validated to confirm that all identified issues have been 
resolved and no new errors have been introduced during the cleaning process.  

• Re-run statistical summaries to confirm no remaining null values in critical fields  

• Check value ranges to confirm all values fall within plausible bounds  

• Verify format consistency across all columns  

• Confirm that record counts are as expected  

• Cross-validate against an external source where possible  

Q) Data Splitting  

After cleaning and validation, data must be divided into separate parts before using it in AI 
models. This is called data splitting. One part is used to teach the AI (training set), and another 
part is used to test what it has learned (test set).  

If an AI model is trained and tested on the same data, it may look like it performs very well. 
But this is misleading because the model is just memorizing the data instead of learning real 
patterns. This problem is like a student who memorizes answers instead of understanding the 



subject – they will fail when new questions come. Splitting ensures the AI is tested on data it 
has never seen before, giving a fair evaluation.  

Training Set vs Test Set 

 Training Set Test Set  

Purpose  Used to teach the AI model. The 
model learns patterns from this data.  

Used to check how well the AI model 
has learned. The model has never seen 
this data.  

Example  In spam detection, thousands of 
emails labeled Spam/Not Spam are 
used to train the AI.  

New unseen emails are used to test 
whether the AI correctly identifies 
spam.  

Common Splitting Ratios  

AI engineers divide datasets using specific ratios: 70% Training and 30% Testing, 80% 
Training and 20% Testing, or 90% Training and 10% Testing. For smaller datasets, a larger 
percentage is kept for training so the AI has enough examples to learn from.  

Random vs Ordered Splitting  

Random Splitting means data is randomly divided. This reduces bias and gives fair 
representation in both sets. Ordered Splitting means data is split based on a sequence like time. 
This is used in forecasting applications where past data trains the model and future data tests 
it.  

Best Practices for Splitting  

Always split data before training begins. Keep test data completely hidden from the model until 
the very end. Use the same splitting method every time so experiments can be repeated. 
Document your splitting strategy clearly. 

Q) Data Transformation and Feature Engineering  

Even after cleaning and splitting, data may not be in the best form for AI models. Different 
values may be on different scales. Data transformation reshapes data so that AI models can 
understand and learn from it easily.  

AI models do mathematical calculations on data. If one feature has values from 1 to 10 and 
another has values from 1,000 to 1,000,000, the AI will give more importance to the bigger 
numbers just because they are big, not because they are actually more important. 
Transformation brings all values to a similar scale so every feature gets a fair chance.  

Normalization (Min-Max Scaling)  

Normalization scales numerical data into a fixed range, usually between 0 and 1. The formula 
is: Normalized Value = (Value – Minimum) / (Maximum – Minimum). For example, if Age 
ranges from 18 to 60, then age 18 becomes 0, age 60 becomes 1, and age 39 becomes 0.5. This 
ensures that all features, whether small (like age) or large (like income), have equal influence 
on the AI.  



 Data Transformation  

Data transformation involves changing the format or structure of data. This includes converting 
text to numbers (for example, Male = 0, Female = 1), converting categories to numerical codes, 
and changing data shapes or representations so that AI algorithms can process them.  

Feature Engineering  

Feature engineering is creating new, meaningful features from existing data to help the AI learn 
better. For example, instead of giving AI a Date of Birth, you can calculate the Age. Instead of 
just Total Marks, you can calculate the Percentage. These new features highlight important 
patterns and make it easier for AI to learn. A common saying is: "Better features matter more 
than better algorithms."  

 


