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Where is Machine Learning in Al World

The Al Hierarchy

Artificial Intelligence

The broad field of creating systems that can perform tasks requiring human
intelligence

ARTIFICIAL
INTELLIGENCE

Machine Learning

Subset of Al that enables systems to learn and improve from experience without
explicit programming

MACHINE
LEARNING

Deep Learning

DEEP

A subset of ML using neural networks with multiple layers that can learn LEARNING

representations of data

Why This Matters for PM2.5 Forecasting:

e ML algorithms excel at finding complex patterns in environmental data
e Supervised learning specifically helps us create predictive models
e PM2.5 forecasting benefits from ML's ability to process multiple variables

Machine Learning sits at the intersection of computational statistics and pattern recognition,
forming a crucial subset of Al technologies
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Why PM2.5 Forecasting Matters

What is PM2.5?

Fine particulate matter with diameter less than 2.5 micrometers—about 30 times
smaller than a human hair

Health Impacts

Penetrates deep into lungs and bloodstream

Linked to respiratory and cardiovascular diseases

Associated with increased mortality rates

Particularly dangerous for children and elderly

Environmental & Societal Impact

e Reduces visibility (haze)
o Affects climate patterns
e Economic costs: healthcare, productivity loss

e Environmental justice concerns

Machine Learning

€PM25
Combustion particles, organic
HUMAN HAIR compounds, metals, etc.
- 50-70um < 2.5um (microns) in diameter
(microns) in diameter
& PM1g

Dust, pollen, mold, etc.
10um (microns) in diameter

90 um (microns) in diameter
FINE BEACH SAND

Why Forecasting Matters
@ Early public health warnings

@ Better pollution control measures
@ Policy & regulatory enforcement

@ Urban planning improvements

3/30



Connection between Machine Learning and Quantum Computing

Quantum-Enhanced Machine Learning

Quantum Advantage

Quantum computers can process complex calculations exponentially faster than
: . o . @ Current Quantum ML Landscape
classical computers, potentially revolutionizing ML algorithm performance

e Hybrid systems: Classical-quantum integration for near-term applications

Quantum ML Algorithms e Quantum feature spaces: Mapping classical data to quantum states

Quantum versions of classical algorithms (QNN, QSVMs) can handle higher- * Variational quantum circuits: Trainable quantum algorithms
dimensional data and find patterns invisible to traditional ML

"Quantum machine learning holds the promise of transforming computational

Relevance to Environmental Forecasting: modeling for complex systems like weather and air quality prediction.”

e Complex atmospheric modeling with multiple variables
) . NISQ Era Quantum Advantage Feature Mapping QPUs
e Processing massive weather datasets at unprecedented speeds
e Discovering hidden correlations in PM2.5 formation factors
e Optimizing predictions through quantum feature mapping
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Where ML Fits in Environmental Forecasting

Traditional vs. ML Approaches

Traditional Modeling

e Physics-based equations and relationships
e Based on established scientific principles
e Often requires simplification of complex systems

Machine Learning Approach

e Learns patterns directly from historical data

e Candiscover non-linear relationships

e Adapts to new patterns as more data becomes available

Why Supervised ML is Ideal for PM2.5:

PM2.5 has complex relationships with multiple factors
Historical labeled data is available for training

Can incorporate both weather and human activity factors
Prediction accuracy improves as data quality grows

Machine Learning

Aspect Traditional Models

Data Requirements  Fewer but specific

Requires manual

Adaptabilit
> 4 updates
Complexity o )
. Limited by equations
Handling

) Often simpler
Computation

calculations

Typically more
Interpretability ypeaty

transparent

ML Models

More but diverse

Self-improves with new data

Can model highly complex
relationships

More computationally intensive

Can be "black box" (depends on
model)

For PM2.5 forecasting, hybrid approaches combining physical understanding with ML
techniques often yield the best results
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SECTION 2

Supervised Machine Learning Fundamentals

S 5 B, > |~

Input Data Model Predictions
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What is Supervised Learning?

Core Concept

Definition —
A machine learning approach where algorithms learn from labeled examples to

- Labeled Training Data
make predictions on unseen data

Key Components

o Inputs (Features): Variables used for prediction "

e Outputs (Labels): Target values we want to predict ) )
¢ Model Training: Learning patterns between inputs and outputs Learning Algorithm

2

Real-World Examples:

e PM2.5 Forecasting: Predict pollution levels from weather data l”
o Spam Detection: Classify emails based on content analysis _ o
e Medical Diagnosis: Predict diseases from patient symptoms Trained Prediction Model

» House Price Prediction: Estimate values from property features

"The algorithm learns a mapping function from input to output based on example
input-output pairs"
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Types of Supervised ML Problems

Classification
Predicts discrete categories or classes

e Output: Categorical (yes/no, spam/not spam)
e Examples: Email spam detection, disease diagnosis
e Evaluation: Accuracy, precision, recall, F1-score

Regression
Predicts continuous numerical values

e Output: Continuous values (price, temperature)
e Examples: House price prediction, stock prices
e Evaluation: MAE, MSE, RMSE, R?

PM2.5 Forecasting as Regression:

e We predict continuous PM2.5 concentration values
e Outputis measured in ug/m? (continuous scale)
e Goal: Minimize prediction error between actual and forecasted values

Machine Learning

Classification vs. Regression

Classification

®

Divides data into categories

Feature
Output
Use Case

Decision

PM2.5 Classification
Categories (Low, Medium, High)
Air quality index level

Issue warnings

Regression
fad

Predicts continuous values

PM2.5 Regression
Exact concentration (42.3 ug/m?3)
Precise pollution forecasting

Detailed pollution trends
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Features and Labels

From Weather Data to ML Input

Features (X):
Input variables used to make predictions

Weather Data ML Feature

Temperature TEMP (°C)

Wind Direction CBWD (categorical)

Dew Point DEWP (°C)

Pressure PRES (hPa)

Date/Time Year, Month, Day, Hour
Label (y):

PM2.5 concentration at the next time step

Target variable we want to predict
Example: PM2.5 = 89 ug/m? at t+1 hour

Machine Learning

Weather Data to PM2.5 Prediction

Raw Weather Dataset
Temperature, Wind, Pressure, etc.

\J

Feature Engineering
Preprocessing, normalization, etc.

N\

Features (X) Label (y)

Current time data Future PM2.5 value

\

ML Model Training

Learn to predict PM2.5 from weather data

In supervised learning, the model learns the relationship between weather conditions now and
PM2.5 levels later
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Key Steps in Supervised Learning

The Supervised ML Pipeline

1. Data Collection

Gather relevant historical weather and PM2.5 data from reliable sources [ Data Collection ]
¥
2. Preprocessing _
Clean missing values, normalize features, and engineer relevant attributes Preprocessing
¥
Divide data chronologically (not randomly) for time-series forecasting "
4. Model Training [ LEE O ]
Apply learning algorithm to find patterns between features and PM2.5 values J
[ Evaluation ]
5. Evaluation
Measure performance using metrics like RMSE, MAE and R? 4
[ Hyperparameter Tuning ]

6. Hyperparameter Tuning
Optimize model parameters for best performance
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Common Models for Regression

Real PM2.5 Model Performance (Beijing Dataset)

30
25
=20
E
?
= 15
L
2.
= 10
5 l . .
0
Linear Regression  Decision Trees Random Forest X GBoost Meural Metworks
Linear Regression Decision Trees
RMSE: 28.7 R%0.65 RMSE: 23.1 R%:0.72
o Parameter sensitivity: Low Q Parameter sensitivity: High
Random Forest XGBoost
RMSE: 19.5 R*:0.83 RMSE: 16.3 R*:0.87 N353y
@ Parameter sensitivity: Medium o Parameter sensitivity: High

Model Selection for PM2.5 Forecasting:

Tree-based ensembles consistently outperform linear models for PM2.5
XGBoost shows 43% improvement in RMSE over Linear Regression

e Parameter tuning critically impacts tree-based models

Models with time-based features show better prediction accuracy

Machine Learning

Parameter Sensitivity Analysis

Decision Tree Max Depth

ol
Simpler (1) More Complex (10)
RMSE: 23.1 Overfitting Risk: Low

Random Forest n_estimators

—
Fewer Trees (10) More Trees (200)
RMSE: 19.5 Training Time: Medium

XGBoost Learning Rate

eEEsssssssss————
Slower (0.01) Faster (0.3)
RMSE: 16.3 Convergence: Balanced

Model Performance by Weather Conditions

[ Linear Reg [J Random Forest [] XGBoost

7
=1
£

0'm
%]
n

i
=
(%]
]

i

25

20 ; —

Mormal Windy High Humidity High Temp High Paollution

R

XGBoost outperforms other models significantly during high pollution events

Key Finding
Models trained with pollution spike data reduce RMSE by 23% during high PM2.5 episodes
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Linear Regression for PM2.5 Forecasting

Regularization for PM2.5 Prediction

Ridge (L2) Lasso (L1)

Regularized Linear Model
PM2.5 = wo + wixTemp + w2xWind + ... + AXX(w?)

A (alpha) controls regularization strength

Regularization Strength (A): 0.5
—
Weak (0) Strong (10)

Performance on Beijing PM2.5 Data

No Regularization With Regularization
RMSE: 24.6 RMSE: 21.3
R 0.61 R%0.72

Implementation
from sklearn.linear_model import Ridge, Lasso
# Ridge regression model

ridge = Ridge(alpha=0.5)
ridge.fit(X_train, y_train)

# Lasso regression model

lasso = Lasso(alpha=0.1)
lasso.fit(X_train, y_train)

Error vs. Regularization Strength

RMSE

10
0 1 2 3 4 5 G T 8 G 10
Regularization Strength (k)
@ Training Error @ TestError
Feature Coefficient Impact
Mo Regularization With Regularization
1.0
0.8
S os
£ oa
5 0.2
e 0
S 02
[} .
0.6
Temp Hurmnidity Wind Pressure Dewr Point Hour
Regularization helps identify the most important features
Key Features: Temp, Wind, Pressure Noise Reduction: 42%

Why Regularization for PM2.5?

e Reduces model sensitivity to noisy weather measurements

e Prevents overfitting to seasonal patterns

e Ridge: Handles correlated weather variables better

e Lasso: Automatically selects important environmental features
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Support Vector Regression for PM2.5 Forecasting

Mathematical Foundations

SVR Objective Function
1 n
min > ||w[> + C ) (& +§)
w,b 2 1

Subject to constraints:

(

yi — (W-x;+b) <e+ ¢
(Wex; +b) —y; <e+§&
\51752*20

”

Key Parameters

e C:Regularization - Balances margin vs. errors (~C = stricter fitting)

o g (epsilon): Margin width - Tolerance for errors (v& = more support vectors)

e Kernel: Transforms data into higher dimensions (RBF excels with weather
data)

PM2.5 Forecasting Implementation

Interactive Parameter Tuning

from sklearn.svm import SVR

C: L 10.0

# Initialize SVR model with optimal parameters
svr_model = SVR( Epsilon (): e 0.10

kernel="rbf"', # Radial basis function

C=10.0, # Regularization Kernel: RBF v

epsilon=0.1, # Margin width

-1 1 3 3

gamma="‘scale iskennelicoenficIent SVR creates a regression model by finding the optimal hyperplane that fits within an epsilon-

) margin of training data points. Support vectors (circled) define the model boundaries.

# Train on meteorological features
svr_model.fit(X_weather_train, y_pm25_train)

# Predict PM2.5 concentrations
predictions = svr_model.predict(X_weather_test)

Performance on Beijing PM2.5 Data
RMSE: .| 15.2 ug/m3

R2: < | 0.86
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Decision Trees for PM2.5 Forecasting

Understanding Decision Trees

What Are Decision Trees?
Non-parametric supervised learning models that learn simple decision rules from
data features to predict target values

Interactive Parameter Tuning

Controls tree complexity

max_depth: 3
aassssssss—{)

min_samples_split: 5 Min samples to split a node

ol

from sklearn.tree import DecisionTreeRegressor
from sklearn.model_selection import train_test_split

# Create model with tuned parameters
model = DecisionTreeRegressor (
max_depth=3,
min_samples_split=5

# Train on Beijing PM2.5 data (2010-2014)
model.fit(X_train, y_train)

# Predict next-hour PM2.5
y_pred = model.predict(X_test)

Real PM2.5 Performance Metrics

Train RMSE Test RMSE Test R?
14.2 23.5 0.68

Machine Learning

Error vs. Tree Depth

o
=

RMSE (ug/m?)
=]

0 & e & = ]
1 2 3 4 5 ] 7 a 9 10
max_depth
[ Training Errar [_] Testing Error
Tree Structure Visualization
TEMP <£15°C?

Yes No
DEWP <2°C? WIND <8 m/s?
PM2.5 =35ug/m? PM2.5 = 75ug/m?
Tree Growth by Depth
e B N B B NN
Simple Complex

Interactive Observations:

e Optimal depth for Beijing PM2.5: 3-4 (balances bias & variance)

e Higher depth (depth > 6) causes overfitting

e Increasing min_samples_split reduces overfitting but may increase bias
o Key split features: Temperature, Wind Direction, Pressure
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Decision Trees: Splitting Criteria & Entropy

Mathematical Foundations

Impurity Measures for Splitting
Entropy (Classification): Measures randomness in data

H(S)=— sz' log, (p:)

Where p; = proportion of class i in node, c = number of classes

Information Gain
Quantifies expected reduction in entropy after split

IG(S,A)=H(S)- Y. “Z”‘

veValues(A) ‘ |

Best split = attribute with highest information gain

Mean Squared Error (Regression)
For PM2.5 regression trees:

n

_ 1 )2
MSE =~ (yi — )

1=1

Where y = mean PM2.5 value in the node

Interactive Parameters

Max Depth:

—0

Min Samples Split:
ﬁ

18/36

x H(S,)

10

"
PM2.5:15 PM2.5:24

Splitting Performance Analysis

MSE Before MSE After Reduction
18.6 8.2 56%

20
o 15
g 10
LLI
]
o mm B

0

Parent Mode Left Child Right Child

Current Split:
Wind Speed <10

Interactive controls affect tree structure and performance metrics in real-time



Random Forest for PM2.5 Forecasting

Interactive Parameter Tuning

Adjust Parameters to See Real-Time Effects
Number of Trees (n_estimators):

1IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII"

Max Depth of Trees:
]

Code Updates Automatically:

# Train Random Forest for PM2.5 prediction
from sklearn.ensemble import RandomForestRegressor

# Create and train model

rf _model = RandomForestRegressor (

n estimators=100, # number of trees
max_depth=10,

random state=42

)
rf _model.fit(X train, y train)

# Predict PM2.5 levels
predictions = rf model.predict(X test)

Real-Time Performance Metrics:

RMSE (ug/m?3) R? Score
15.6 0.82

Machine Learning

100

10

Live

MAE (ug/m?)
10.4

Beijing PM2.5 Dataset Results

0/m?)

Model Performance vs. Parameters

¥

Ep

RMS

Importance (%4)

1 RMSE (ug/m?)
20
18
16
—e B o
14
10 50 100 150 200
Mumber of Trees (n_estimators)
Feature Importance Analysis
50
40
30
20
; .
PM2.5 (t-1) TEMP DEWP PRES WIND MOMTH

Key Findings from Beijing PM2.5 Dataset:

e Optimal model: n_estimators=100, max_depth=10

e Most important feature: previous day PM2.5 (lag feature)
e Temperature and wind speed highly influence accuracy
e 32% more accurate than linear regression models

Random Forest ensemble learning balances bias-variance trade-off by combining multiple trees.
Tuning n_estimators increases robustness, while max_depth controls model complexity to

prevent overfitting.
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Ensemble Methods Theory: Bagging vs Boosting

Mathematical Foundations of Ensemble Methods

Bagging (Bootstrap Aggregating)

e Trains models in parallel on bootstrap samples

e Final prediction: f(z) = 7 Znﬂle fm(z)
e Reduces variance while maintaining bias

_ 2 B
e Variance reduction: Var(f) = & + %02

Boosting (Sequential Training)
e Trains models sequentially, focusing on previous errors
. - M
e Final prediction: F(z) = > aphy, ()
e Loss function minimization: h,,, = arg miny > .. | L(y;, Fp,—1(x;) + h(z;))
e Reduces bias at potential cost of variance

Interactive Controls:
Number of s

models: 10

Sample size: s
80%

PM2.5 Application Results:

Machine Learning for PM2.5 Forecasting

Visual Ensemble Process

Bagging (Parallel) Boosting (Sequential)
M1 M2 M3 M4 M5 M1
M6 M7 M8

M2 < errors

Models trained independently M3 - errors

Final Average M4 - errors
Mathematical Insight
Random Forest: XGBoost:
1 = Fm(x) - Fm—l(x) + 'Ymhm(w)
frr(z) = B ) Ty(z)
b—1 + Optimizes second-order gradient

« Includes regularization term
« Decorrelates trees with feature randomness

« Trees vote with equal weight

PM2.5 Forecasting Performance

Random Forest XGBoost

RMSE: 17.0 ug/m? RMSE: 13.2 ug/m?

Training: Fast (parallel) Training: Slower (sequential)
Robustness: Medium Robustness: High
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XGBoost for PM2.5 Forecasting

Interactive Parameter Tunmg Learning Curve (RMSE vs. # of Trees)

50 ,

Learning Rate (eta): 0.1 opmiMAL w40 -
= 20 : | |
0.01 conssssss————{ 0.3 10 .
Controls the contribution of each tree to the final outcome 0 25 B0 75 100 175 150 175 200
MNumber of Trees
Number of Estimators: 100 Feature Importance Analysis (Beijing PM2.5 Dataset)
10— 200
Higher values may improve accuracy but increase computation time PM2.5 (lag_1h)
Max Depth: 6 PRES (hPa)
3 aEEEEEE——— 10
Controls tree complexity; higher values may lead to overfitting PM2.5 Prediction Performance
. 100
Real-time Performance on Beijing PM2.5 Dataset: i
" = 60
RMSE: 16.8 R“:0.91 MAE: 10.2
20
Jan Feb Mar Apr May  Jun Jul Aug  Sep Oct Mov  Dec
# PM2.5 forecasting with XGBoost @ ActualPM2.5 @ XGBoost Prediction
import x t X . . .

PO Yot 25 Al Parameter Set RMSE Training Time Issue
dtrain = xgb.DMatrix(X train, label=y train) Optimal (depth=6, eta=0.1) 16.8 42s Balanced
dtest = xgb.DMatrix(X test) ) o

Excessive (depth=10, eta=0.01) 17.3 126s Overfitting

Parameter Impact on Model Quality

# Set hyperparameters
params = {

'objective': 'reg:squarederror',
'max_depth': [,

'eta': -,

'subsample': 0.8

}

# Train model
model = xgb.train(params, dtrain, num boost round=jlill)
preds model.predict(dtest)

Machine Learning for PM2.5 Forecasting 15/30



Gradient Boosting: Mathematical Foundations

Sequential Loss Function Minimization

Core Concept:

Gradient boosting builds an ensemble of weak learners sequentially, with each
new tree fitting to the negative gradient of the loss function.

Mathematical Formulation:

At iteration T, we compute the negative gradient of the loss function
with respect to the current model’s predictions:

Fy(x) = arg mvmz L(y;, )
i=1

Tim —
F:mel

Key Properties:

e Each tree fits to the errors (residuals) of previous trees
e Learning rate n controls contribution of each tree

e More trees generally improve performance until overfitting

PM2.5 Application:

XGBoost achieves 14.6 ug/m?* RMSE on Beijing PM2.5 data by capturing complex weather-
pollution relationships.

Machine Learning

Gradient Boosting Process

Step 1: Initial Prediction (Average Value)

XGBoost Implementation:

model = XGBRegressor( n_estimators=100, # Number of trees

learning_rate=0.1, # Step size (eta) max_depth=5 # Max tree depth
) model.fit(X_train, y_train)

RMSE: 14.6 pg/m? R?:0.87 MAE: 10.2 pg/m?
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Neural Networks for PM2.5 Forecasting

Interactive Parameter Tuning Training & Validation Loss over Epochs
Hidden Layers: 2 S [ Training Loss [_] Validation Loss
L
oasssssssss————{ 3
[1¥}
1 4 =
5]
&
Neurons per Layer: 32 I L S N B - BT S T4 SRt B SR R
casssssssssl) Enoch
8 128

. Model Performance Comparison on PM2.5 Data
Learning Rate: 0.0011

<9 B FASE (pg/m3) - Lower is better

0.0001 01 T
=

Dynamic Code Adaptation g 10 . - - - -
= 0

from tensorflow import keras Linear Decision Tree Random Forest X GBoost Meural Metwork
from tensorflow.keras import layers

model = keras.Sequential([ Architecture Performance Comparison

layers.Dense( , activation='relu',

input_shape=(X_train.shape[1],)), Architecture RMSE (ug/m?3) R? Notes
layers.Dropout(0.2),
layers.Dense(32, activation='relu'), 1 layer, 16 neurons 18.3 0.73 Underfitting

WS - BETeE(E) 2 layers, 32 neurons 13.6 0.82 1339 Balanced
D 4 layers, 64 neurons 14.1 0.80 Overfitting risk
model.compile(optimizer=keras.optimizers.Adam(

learning_rate= ),

loss='mse') Real-world Impact: Optimizing neural network architecture reduced PM2.5 forecasting error

by 27% compared to baseline models, enabling more accurate air quality warnings for Beijing
history = model.fit(X_train, y_train, residents.

validation_split=0.2,

epochs=50, batch_size=32)

Parameter Impact on PM2.5 Forecasting

RMSE: G 13.6 ug/m?
R%: R 0.82
Training Time: .| 42 seconds

Machine Learning for PM2.5 Forecasting 16/30



Neural Networks: Backpropagation and Optimization

Forward Pass

Backpropagation Algorithm

s =V,C 0 d'(2\D),

Network Architecture Control

Hidden Layers: 2
—

Neurons per Hidden Layer: 16

—
1|

PM2.5 Forecasting Application:

e Network architecture: 12 - 16 —» 16 — 1
e RelU activation, Adam optimizer (n=0.001)

e Performance: RMSE 15.8 ug/m?3,R*0.89

50

A0 = -1 | 50

Input signals propagate through layers via weighted connections

oV = g(z)

Uses chain rule to calculate gradients for weight updates

((W(l+1))T5(l+1)) ® O_/(Z(l))

Output

e Captures non-linear relationships between meteorological variables and PM2.5 concentration

Machine Learning for PM2.5 Forecasting

Backpropagation Training Loss

Theimage you are

irgur.com

Backpropagation Flow: Forward signal (blue), backward gradient flow (red)

Optimizer Comparison on PM2.5 Data

Optimizer RMSE (ug/m3®)  Epochs to Converge
SGD 19.6 126
SGD+Momentum 17.1 74
Adam Best 15.8 42

Chain Rule for Backpropagation:

oC  oC aag-l) 0z§l)
N N )’ !
8wj(.k) 8a§- ) 82{5 ) 8w](.k)
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Loss Functions & Optimization Algorithms

Common Loss Functions

Mean Squared Error (MSE)
Standard loss for regression, heavily penalizes large errors

n

1 _
Lvse = - > (wi—5)°

1=1

Mean Absolute Error (MAE)
Less sensitive to outliers, equal weight to all error magnitudes

1 — ~
Lyviag = - Z lyi — i
=

Huber Loss
Combines MSE and MAE, robust to outliers with parameter &

Ly —19)* if |y — g| < 1.0
1.0

Lityber (Y, ) =
Hube (y’ y) 1.0 - ‘y — g‘ — ~5- otherwise

Huber Delta (8) Parameter Control:

Less robust (MSE-like) 1.0 More robust (MAE-like)

PM2.5 Application:
For Beijing PM2.5 forecasting with extreme pollution events:

MSE: RMSE

Machine Learning for PM2.5 Forecasting

Convex vs. Non-convex

Optimization Landscapes

Noise level: @ 0%

*—0—0
Convex (Linear Regression) Non-convex (Neural Networks)
Optimization Algorithms
Algorithm Key Feature Best for

01 =0, —nVJ(6;) Convex problems

Gradient Descent

Stochastic GD Updates with single samples Large datasets

Adam Adaptive learning rates Deep learning

Learning Rate (n) Control:

Slow, Stable 0.01 Fast, Unstable

@ Tip: For PM2.5 data with seasonal patterns, adaptive optimizers like Adam typically

converge faster and handle noise better.

PM2.5 Optimization Results:
Convergence speed and final accuracy using different optimizers:

OSGD O.Adam ORMSpmp

60
50
40
30

20 “

10

RMSE (pgim?)

100 epochs

50 epochs
22/36
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SECTION 3

PM2.5 Forecasting with ML Pipeline

Y m ad

Weather Data Feature Engineering PM2.5 Prediction

Machine Learning for PM2.5 Forecasting 12/25



Data Sources for Weather & Pollution

Beijing PM2.5 Dataset

Source

UCI Machine Learning Repository & Kaggle
Hourly data from US Embassy in Beijing (2010-2014)

Dataset Characteristics

e 43,824 hourly measurements over 5 years
¢ Includes both air quality and meteorological data
e Missing values marked as "NA" (primarily in PM2.5 column)

Key Variables:

e PM2.5: Target variable (ug/m?)

e TEMP: Temperature (°C)

e DEWP: Dew Point (°C)

e PRES: Air Pressure (hPa)

e cbwd: Combined wind direction
e |ws: Cumulated wind speed (m/s)

Machine Learning

Raw Dataset Sample

No year month
1 2010 1
2 2010 1
3 2010 1

100 2010 1

@ Data can be accessed via:

day

hour

pm2.5

NA

NA

NA

129

DEWP

-16

S ucl: archive.ics.uci.edu/dataset/381/beijing+tpm2+5+data
BB Kaggle: kaggle.com/datasets/djhavera/beijing-pm25-data-data-set

TEMP

-11

-12

-11

PRES

1021

1020

1019

1015

cbwd

NW
NW

NW

SE
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Feature Engineering for Forecasting

Key Feature Types for PM2.5 Prediction

Time-based Features

Extract temporal patterns from date/time information Raw Data vs. Engineered Features
e Hour of day (cyclical patterns) )

Raw Data Engineered Features
e Day of week (weekend vs weekday effects)
e Month (seasonal variations) Timestamp: 2014-01-01 08:00 Hour=8, Month=1, IsWeekend=False
e Holiday indicators (traffic patterns)

PM2.5:[100, 98, 105, ...] PM2.5_lag1=100, PM2.5_lag3=98, PM2.5_avg6h=102
Rolling Window Features TEMP: 4°C TEMP_lagl=3°C, TEMP_delta=1°C
Capture recent historical trends using statistical aggregations
e Moving averages (6h, 12h, 24h windows)
e Rolling max/min values Why Feature Engineering Matters:

> SEfeEeleGiENElTIE ) o Captures cyclical patterns (daily, weekly, seasonal)

e Reveals long-term trends and dependencies

Lag Features e Helps models understand temporal relationships
Previous PM2.5 values and other measurements e Often more important than model selection
e PM2.5values from t-1, t-3, t-6, t-24 hours » Contextualizes measurements with external factors

e Rate of change between measurements
e Lagged correlations with weather variables

Machine Learning for PM2.5 Forecasting 14 /25



Train/Test Split in Time-Series

Time-Aware Split for PM2.5 Data

Random Splitting doesn't work for time series:

e Future data points could be used to predict past events
e Seasonal patterns get disrupted
o Creates unrealistic evaluation scenarios

T ===,

Time-Aware Split
Use chronological order: first 80% for training, last 20% for testing

e Preserves temporal relationships
e Mimics real-world forecasting scenarios

Concrete Example: Beijing PM2.5

e Dataset spans Jan 2010 - Dec 2014
e Random split: PM2.5 readings from 2014 could help predict 2010 values
e Time-aware split: Train on 2010-2013, test on 2014

Machine Learning for PM2.5 Forecasting
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Timeline Split Visualization

Training Set (80% Test Set

(20%)
Jan 2010 Oct 2013 Dec 2014

Performance Comparison

]
=

-
(%3]

RMSE (Lower is Bettar)
=

5
0
Random Split Time-Aware Split Production Performance
Split Strateqgy
Split Strategy RMSE R2 MAE
Time-Aware Split 18.6 By 0.87 E:EHy 12.3 By
Random Split 12.4 (misleading) 0.94 (misleading) 8.7 (misleading)

@ Random splits show artificially better metrics but fail in production. Time-aware splits
provide realistic performance expectations for deployment.
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Example Pipeline Diagram

PM2.5 Forecasting Pipeline Components

1. Data Collection & Preparation
Historical weather data and PM2.5 measurements from Beijing dataset

2. Feature Engineering
Creating time-based features, lag features, and rolling averages to capture
temporal patterns

3. Model Training
Apply regression models (e.g., Random Forest, XGBoost) on the training set

4, Prediction Generation
Use the trained model to forecast PM2.5 values on unseen data

5. Model Evaluation
Assess performance using metrics like RMSE, MAE, and R? on test data

Machine Learning for PM2.5 Forecasting

S Raw Data

Weather & PM2.5 measurements

N2

4 Feature Engineering

Time-based, lag features, window stats

N2

4} ML Model

Train regression models

N

2 Predictions

Future PM2.5 concentrations

\2

Evaluation
RMSE, MAE, R? metrics
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SECTION 4

Model Training, Debugging & Evaluation
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Model Training Process

From Data to Predictions

o Fit Model on Training Data
Model learns patterns by minimizing error between predictions and actual PM2.5 values

e Generate Predictions on Test Data
Apply trained model to previously unseen data to forecast PM2.5 levels

o Evaluate Performance
Calculate metrics (RMSE, MAE, R?) to assess prediction accuracy

Training Code Example (Python)

model = RandomForest()
model.fit(X_train, y_train)
y_pred = model.predict(X_test)

Note: For PM2.5 forecasting, we typically need multiple training iterations to fine-tune
hyperparameters and optimize model performance

Machine Learning for PM2.5 Forecasting

Training Dataset (80%)
Historical Weather + PM2.5 Data

2

Model Training
Learn patterns & relationships in data

2

Test Dataset (20%)
Unseen data for evaluation

N2

Prediction Generation
Forecast PM2.5 levels

N2

Performance Evaluation
Compare predictions with actual values
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Common Pitfalls

Key Issues in ML Model Training

Overfitting
A Symptoms: High training accuracy, low test accuracy

oS Fix: Regularization, early stopping, simpler models

Underfitting
A Symptoms: Poor performance on both training and test data
Q Detection: High bias, learning curves show poor convergence

Data Leakage

A Symptoms: Unrealistically high performance

Q Detection: Model performs much worse in production

oS Fix: Proper time-aware splits, feature engineering after split

Imbalanced Datasets

A Symptoms: Poor performance on minority classes

Q, Detection: Confusion matrix, class-specific metrics

oS Fix: Resampling, class weights, specialized evaluation metrics

Machine Learning for PM2.5 Forecasting

Q_ Detection: Learning curves show diverging train/test performance

#$ Fix: More complex models, additional features, parameter tuning

Error

Overfitting vs. Underfitting Visual

V |

Data Points

|

I Underfitting I Good Fit I Overfitting

Warning Signs in PM2.5 Forecasting

Perfect prediction of historical data but fails on new data
Model can't detect seasonal patterns in pollution

Using future weather data to predict current PM2.5
Inability to predict high pollution events (rare cases)
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Evaluation Metrics for Regression

Common Regression Metrics
When to Choose Each Metric
MAE (Mean Absolute Error)

Average of absolute differences between predictions and actual values
MAE = (1/n) * Z|y true - y pred|

Metric Best Used When

@ Intuitive, same unit as target, robust to outliers Need intuitive interpretation, outliers present, error magnitudes

MAE _
matter linearly

MSE (Mean Squared Error) Large errors are particularly undesirable, optimization needs

. . MSE/RMSE .
Average of squared differences between predictions and actual values smooth gradient
MSE = (1/n) * X(y true - y pred)?

@ Penalizes larger errors, differentiable for optimization R? Need to compare across different scales, explaining model fit to
stakeholders

RMSE (Root Mean Squared Error)

Square root of MSE, returns to original unit scale For PM2.5 Forecasting:

RMSE = VMSE

RMSE is common in literature (easy to compare)
@ Same units as target, common in literature, interpretable

MAE when concerned about outliers in pollution data

R? when explaining model performance to non-technical stakeholders

R? (Coefficient of Determination) Consider domain-specific metrics (e.g., % within regulatory threshold)

Proportion of variance explained by the model

Interpretability Sensitivity to Outliers
Rz =1 - (SS res / SS tot)

MAE MSE
@ Scale-free (0-1), easy to interpret as percent variance explained

Machine Learning for PM2.5 Forecasting 20/ 25



Hyperparameter Tuning in Action

Random Forest Hyperparameters for PM2.5

Key Hyperparameters & Their Effects:
e n_estimators - Number of trees (» reduces variance, may increase training
time)
* max_depth - Max tree depth (v reduces overfitting, ~ captures complex

patterns)
e min_samples_leaf - Min samples per leaf (» reduces overfitting)

E Effect of n_estimators and max_depth on RMSE
g 20
7] [ .
from sklearn.ensemble import RandomForestRegressor T 15 Oe— ' - — S— . N O
from sklearn.metrics import mean_squared_error ;’1 — . - -5
W 10
¥y}
# Base model with default parameters z 0 — L — 2L ‘JOD_ — <l =2t ZLn
rf_default = RandomForestRegressor(random_state=42) Number of Trees (n_estimators)
rf_default.fit(X_train, y_train) [ RMSE (max_depth=5) [___] RMSE (max_depth=10) RMSE (max_depth=20)
default_rmse = mean_squared_error(y_test,
rf_default.predict(X_test), squared=False)
_ . 12.47 0.83 8.16
# Tuned model with optimal parameters ,
rf_tuned = RandomForestRegressor ( HikEE i e e
n_estimators=200, # 1 from default 100
max_depth=15, # Set explicit depth Parameter Comparison Table:
min_samples_leaf=4, # 1t from default 1
random_state=42 Configuration n_estimators max_depth min_samples_leaf RMSE Training Time
)
rf_tuned.fit(X_train, y_train) Default 100 None 1 1534  4.2s
tuned_rmse = mean_squared_error(y_test,
rf_tuned.predict(X_test), squared=False) Optimal 200 15 4 1247 7.8s
# RMSE improvement: 18.7% Underfitting 50 5 10 1892  1.7s
Overfitting 500 None 1 14.85 @ 22.1s

Interactive Parameter Effects:
Adjust the sliders to see how different parameter values affect model

performance on PM2.5 data:

n_estimators: 100

el

max_depth: 10

easssssssssss(@)

Machine Learning for PM2.5 Forecasting

PM2.5 prediction

Interactive demonstration shows how parameter tuning significantly impacts model accuracy for

21/25



SECTION 5

Wrap-up and Next Steps

© > X > ¥

Lessons Learned Resources Next Steps
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Summary of What We Learned

Supervised Learning Pipeline

Data collection and preprocessing are crucial first steps

Feature engineering significantly impacts model performance .
2 2EE AL k Your PM2.5 Forecasting Journey

Time-aware train/test splits prevent data leakage in forecasting

Model selection depends on data complexity and interpretability needs Understanding the Problem

Defined PM2.5 forecasting as a supervised regression task using time series data
Model Debugging & Evaluation 9 Building the Pipeline
e Evaluation metrics (MAE, MSE, RMSE, R?) measure different aspects of Created feature engineering workflow with time-based features and proper train/test splits
performance
Training & Evaluation
Selected appropriate models, tuned parameters, and evaluated with right metrics

e Learning curves help diagnose overfitting vs. underfitting
¢ Residual analysis reveals systematic prediction errors

e Feature importance helps understand model decisions o Debugging & Improving

Applied debugging techniques to identify and fix model weaknesses

PM2.5 Forecasting Applications
° Real-World Application

* Environmental monitoring and public health alerts Connected model outputs to environmental decision-making
¢ Policy planning for pollution reduction

 Integration with smart city infrastructure
e Real-world impact: Protecting vulnerable populations
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Q&A + Final Tips

Questions to Consider

What challenges did you face?
Reflect on the areas you found most difficult and how you might approach them
differently Your ML Journey

Learn the fundamentals

How can you apply these concepts? Strengthen your Python & ML foundations

Consider environmental problems in your region that could benefit from ML
Experiment with data

forecasting
Practice with the Beijing PM2.5 dataset

Build your own model

Building Your Own Projects , ,
Apply techniques to local environmental data

Share your insights
Contribute to environmental ML research

" Start small, scale gradually
Begin with a simple PM2.5 prediction model before adding complexity

n H H 11
O e SR T The best way to learn is by doing.

Track changes methodically to understand what improves your models We're available for questions and guidance as you continue your learning journey!

22 Join the community
Share your work on GitHub, Kaggle, or ML forums for feedback
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