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Abstract—Unpredictable weather, trash overflow, and
changing energy consumption are some of the major
obstacles to urban sustainability. Traditional planning
methods frequently don't account for unexpected spikes
brought on by seasonal changes or cultural festivities.
This study offers a hybrid forecasting platform that
combines festival effect mapping, real-time weather data
from APIs, and machine learning algorithms into an
interactive dashboard. Strong predictive accuracy is
demonstrated by the system, which was developed using
Python and Streamlit and validated using metrics like
MAE, RMSE, and R2. The framework facilitates
proactive resource allocation and supports sustainable
smart city management by integrating historical
datasets, artificial seasonal weather patterns, and
cultural event markers.

L INTRODUCTION

Managing energy consumption and garbage creation
has become difficult in Indian cities due to the
country's fast urban population growth and frequent
cultural events. Demand frequently surges during
holidays like Diwali, Holi, and Ganesh Chaturthi, and
monsoon rainfall exacerbates waste management
challenges. In such dynamic circumstances, traditional
municipal planning is insufficient because it mostly
depends on static historical averages. In order to
provide real-time, understandable information, this
study presents a Smart City Hybrid Forecast
Dashboard that combines machine learning
algorithms, weather APIs, and festival mapping. The
system supports smart city objectives and sustainable
development goals by emphasizing proactive
decision-making.

1. LITERATURE REVIEW
1. First.The results of Patel et al.'s 2023 study, "Time

Series Forecasting of Urban Energy Demand"
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(Springer Energy Informatics Journal), showed
how well ARIMA and LSTM models predicted
short-term power demand in urban areas.
Remarks: Although the study emphasizes the
value of time series modeling, it ignores cultural
or festival-related events that result in abrupt
spikes in demand in Indian cities.

Two.In their 2022 paper "loT Enabled Waste
Monitoring Systems for Smart Cities" (IEEE
Smart Infrastructure Proceedings), Sharma and
Kulkarni proposed sensor-based garbage bin
monitoring with IoT devices to monitor overflow
and improve collection routes. Remarks:
Although the system offers real-time monitoring,
its capacity to detect overflow before it happens is
limited by its lack of predictive integration with
external elements like rainfall or seasonal
changes.

3. "Festival Impacts on Urban Resource
Consumption in India" by Rao et al. (2021)
(Journal of Urban Studies) Finding: During
Diwali, Holi, and Ganesh Chaturthi, there were
notable increases in garbage production and
electrical use, according to empirical data.
Remarks: Rather than integrating meteorological
data or predictive modeling, the research stays
descriptive and concentrates on observed
consumption patterns.

4. "Hybrid Forecasting Approaches for Smart City
Planning" by Kumar and Singh (2020) (Elsevier
Sustainable Cities and Society) Finding:
Developed hybrid models for projecting
municipal resources that include regression and
decision trees. Remarks: Despite emphasizing
hybrid approaches, the study ignores live weather
APIs and cultural markers, which are essential for
Indian urban situations.
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III. RESEARCH AND METHODOLOGY

A. Data Collection and Dataset Features

Several data sources are integrated in the study:

e Historical data on waste production and energy
consumption.

e Synthetic seasonal meteorological data that
reflects the monsoon, summer, and winter cycles,
such as temperature and precipitation.

e (Calendar entries for festivals, such as Diwali,
Holi, and Ganesh Chaturthi, are matched to
particular dates.

e Current weather data obtained via the
OpenWeatherMap APL

A category festival flag, temperature, rainfall,
expected and actual trash, date, and forecast and actual
demand are all included in each record. Supervised
learning methods are able to capture both cultural and
environmental influences on urban resource usage
thanks to this structured dataset.

B. Exploratory Data Analysis (EDA)

Exploratory analysis was conducted to uncover trends

and correlations:

e Seasonal variation: Higher garbage overflow was
strongly correlated with monsoon rainfall.

o Festival surges: During Diwali and Ganesh
Chaturthi, demand and garbage values
significantly increased.

e Correlation checks: Relationships between
festival flags and demand peaks as well as
between rainfall and garbage overflow were
found. Model selection and feature engineering
were influenced by these ideas.

C. Data Preprocessing

e  Missing values were either eliminated or imputed.

o To ensure uniformity among models, numerical
features were standardized.

e Festival flags, which are categorical traits, were
numerically encoded.

e In situations where actual data was not available,
synthetic seasonal weather values were created to
provide realistic variance among months.
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D. Feature Engineering

A number of derived features were included in order

to enhance predicting performance:

Festival Impact Flag: A binary indication that

separates festival days from regular ones.

e Seasonal Weather Indices: Monsoon rainfall
index and summer temperature index are
examples of seasonal weather indicators.

e Demand-Waste  Ratio: Determines  the
proportionate  relationship  between  waste
overflow and energy demand.

E. Model Selection and Development

Five models of supervised machine learning were

examined:

1. The baseline model for interpretability is linear
regression.

2. Nonlinear relationships are captured by decision
trees.

3. The Random Forest ensemble model is resistant
to overfitting and noise.

4. Support Vector Machine (SVM): SVM works
well with high-dimensional data.

5. Hybrid Forecasting (Dashboard Integration):
integrates forecasts with festival mapping and
weather APIs.

F. Optimization of Hyperparameters

e Grid Search CV is used with decision trees and
random forests.

e To expedite investigation, Random Search CV is
applied to SVM.

e To guarantee stability and generalization, five-
fold cross validation is applied to every model.

G. Model Evaluation and Validation

Models were evaluated using:

e  Mean Absolute Error (MAE)

e Root Mean Square Error (RMSE)

e R2?Score

e Comparative analysis between predicted and
actual values during festival vs normal days.

H. Dashboard Development

The forecasting method was implemented as a five-tab
interactive Streamlit dashboard:

1. Overview: Predicted vs actual waste and demand.
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2. Festival Impact: Average and peak values are
compared between festival and typical days.

3. Weather Trends: Current and historical
temperature and rainfall information.

4. Forecast: a five-day weather forecast that
incorporates waste and demand estimates.

5. Validation: Model performance measures (MAE,
RMSE, R2).

Iv. RESULTS AND DISCUSSION

A. Model Performance

When the forecasting models were assessed using
MAE, RMSE, and R2, Random Forest consistently
performed better than the other models, obtaining the
highest explanatory power and the lowest error rates.

Model MAE | RMSE | R?
Linear Regression 4.12 537 |0.78
Decision Tree 3.65 492 |0.82
Random Forest 2.51 3.14 | 0.87
Support Vector Machine | 2.94 3.56 | 0.84

Interpretation:

e The optimal balance between generalization and
accuracy was attained by Random Forest.

e  Although it struggled with nonlinear festival
spikes, linear regression offered baseline
interpretability.

e  The decision tree exhibited a little amount of
overfitting but was able to capture nonlinear
patterns.

e  SVM worked well, but it needed more processing
power.

B. Festival Impact Analysis

During significant festivals, the dashboard showed
distinct  increases in waste and demand:
* Diwali: Waste overflow increased by about 12% and
energy demand by about 15%.

* Ganesh Chaturthi: Idol immersion events caused

waste overflow to peak, which was around 18%

greater than usual.

* Holi: There was a moderate (~8%) increase in waste

and energy.

* Visual Perspectives:

*  Higher averages and peaks were seen in bar charts
comparing festival days to regular days.
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e Abrupt spikes were highlighted on line charts with
event markers precisely on festival dates.

C. Weather Trends

e During the monsoon season (June to September),
there is a substantial correlation between rainfall
and trash overflow, frequently beyond typical
thresholds.

e  Summertime (April-May): As a result of the need
for cooling, higher temperatures corresponded
with higher energy consumption.

e  Winter (December—January): Stable trash levels
and reduced demand were seen.

D. Forecast Integration

Demand and waste forecasts were effectively

combined with real-time weather API data on the five-

day forecast tab.

e Forecasted rainfall events matched anticipated
increases in trash overflow.

e Forecasts of temperature provide early alerts for
any spikes in demand.

E. Discussion

e When compared to conventional time series
models, the results show that incorporating
festival markers and weather trends greatly
increases forecasting accuracy. For municipal
planners, the dashboard offers useful insights:

e Set aside more energy resources for Ganesh
Chaturthi and Diwali.

e When monsoon rainfall peaks, prepare waste
management plans.

o Instead of responding reactively, use the forecast
tab for proactive preparation.

Limitations include a small festival dataset and a

dependence on artificial weather data for past records.

Reliability will be improved by future integration with

municipal datasets and IoT devices.

V. CONCLUSION

In order to solve urgent issues in urban sustainability,
this project effectively built and deployed a Smart City
Hybrid Forecast Dashboard that combines machine
learning models, real-time meteorological data, and
festival impact mapping. The methodology offers a
thorough understanding of resource use in Indian cities
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by fusing historical demand and waste records with
artificial seasonal weather patterns and cultural event
markers.

According to the study, Random Forest outperformed
baseline models like Linear Regression and Decision
Tree in terms of prediction accuracy (MAE 2.51,
RMSE 3.14, R? 0.87). Dashboard visualizations
showed strong links between monsoon rainfall and
waste overflow, as well as obvious festival-driven
spikes in energy demand and waste overflow,
especially during Diwali and Ganesh Chaturthi.
Proactive planning is further strengthened by the
addition of a five-day forecast tab, which allows
municipal authorities to foresee overflow hazards and
demand spikes before they happen. Overall, by
encouraging data-driven decision making and
lowering reliance on reactive resource management,
the framework promotes the
sustainable smart cities.

development of

VL FUTURE WORK

Despite the positive outcomes, there are still a number

of opportunities for improvement:

o Integration of IoT Sensors Accuracy and
responsiveness would be enhanced by
incorporating real-time data from garbage bin
sensors and smart meters, enabling dynamic
dashboard updates.

e The Expansion of Multiple Cities The forecasting
framework's generalizability would be enhanced
and comparison analysis made possible by
expanding the dataset to include several urban
areas in India.
Advanced Deep Learning Models Spatial models
like CNNs and sequential models like LSTM and
Prophet could more successfully capture temporal
and geographic trends, particularly for long-term

forecasting.

e« Supervised + Unsupervised Hybrid Methods
Unsupervised methods  (Isolation  Forest,
Autoencoders, DBSCAN) could find new

anomalies or zero-day occurrences, increasing
resilience, whereas supervised models are
superior at identifying established patterns.

e Automated Alerts and Decision Support
Connecting the dashboard to municipal alert
systems would enable planners to get real-time
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notifications, guaranteeing quicker reactions to
weather-driven overflow threats or festival spikes.
Integration of Governance and Policy In line with
the Sustainable Development Goals (SDGs) of the
UN and India's Smart City Mission, integrating
the framework into municipal governance
platforms could facilitate evidence-based
decisions.
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