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Executive Summary

Project Overview

The Annual Fall Foliage Prediction Machine Learning Model aims to provide accurate and

timely predictions of fall foliage patterns across the United States. By utilizing historical

foliage data, year-to-date weather records, and advanced machine learning techniques, the

project seeks to address the growing demand for precise and user-friendly tools to plan

autumn-related activities, tourism, and environmental analysis.

Objectives

1.

Develop a machine learning model that predicts the timing and intensity of fall foliage
at a granular geographical level.

Create a reliable pipeline for collecting, preprocessing, and integrating data from
multiple sources, including NOAA weather data and Explore Fall fall foliage archived
data.

Evaluate the model’s performance by using different metrics including accuracy, mean
squared error (MSE), or F1 scores to ensure reliability and precision.

Integrate model’s predictions and results into a database using PostgreSQL for
visualization and model-training purposes.

Visualize the prediction results in an intuitive and interactive format such as heatmaps

or intensity map with time included.

This project not only highlights the intersection of data science, machine learning,
and environmental science. But also provides practical value for stakeholders,
including tourism agencies, environmental researchers, and individual travelers.




Introduction

Background & Motivation

As a computer scientist, countless hours are spent in front of monitors, navigating complex
algorithms, analyzing numbers, and solving challenging problems. While this work is
intellectually stimulating, it can often lead to mental fatigue and a diminished capacity for
creativity and productivity. To maintain peak performance and balance, it’s essential to

engage in hobbies and activities that allow the mind to reset and recharge.

One such activity is exploring nature, which has been shown to reduce stress, improve focus,
and spark creativity. Fall, in particular, offers a unique opportunity to connect with nature
through its vibrant foliage and breathtaking scenery. The annual transformation of leaves into
shades of red, orange, and yellow draws millions of people outdoors, whether for hiking,

photography, or simply appreciating the beauty of the season.

Problem Statement

The timing and intensity of fall foliage vary annually due to environmental factors including
temperature, precipitation, and daylight, making it difficult for travelers, photographers, and
tourism agencies to plan effectively. Existing prediction methods are often too generalized,

and climate change adds further uncertainty.

To address these challenges, this project leverages machine learning to create a precise and
adaptable model for predicting fall foliage patterns. By integrating historical data and
environmental variables, it aims to provide a reliable, user-friendly solution for planning and

optimizing fall-related activities.

This project aims to develop a machine learning model to predict the timing and
intensity of fall foliage across the United States. It involves collecting and integrating
historical foliage and weather data, training and optimizing a predictive model, and
presenting results through interactive visualizations like maps and charts.




Data Collection Process

Source of Data

This Machine Learning Model will rely solely on three different datasets:

e Archived Fall Foliage Data - Explore Fall
® Year-to-Date Weather Data - NOAA
e Average Day-Light Data - U.S. Naval Observatory

Archived Fall Foliage Data

Data Selection

With a time constraint of roughly 3 months, this project will be focusing on only a few key
and major destinations rather than attempting to cover the entire U.S. This approach allows
for more efficient travel planning, reduces the stress of overextending, and ensures a richer

tourism experience at iconic spots known for their stunning autumn colors.

The following destinations are the most scenic and popular choices for fall foliage sightseeing

according to Thrillist, US News Travel, Culture Trekking, and Lonely Planet:

1 Levenworth
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Columbia

EPA, Esri, FAOQ, Garmin, NOAA, TomTom, USFWS, USGS Powered by Esri

(Selected locations for the project)



https://www.explorefall.com/fall-foliage-map-archive
https://www.weather.gov/
https://aa.usno.navy.mil/data/Dur_OneYear

Data Pre-Processing

The process of data preprocessing for Archived Fall Foliage Data will be done manually since
there is no existing formatted dataset for Annual Fall Foliage. Instead, there will be an

interactive map from Explore Fall that shows the intensity of Fall colors with dates indicator.

Explore
Fa|| HOME LIVE MAP MAP ARCHIVE BLOG RESOURCES ABOUT CONTACT US

Fall Follage Map 2024 Little to No Low Moderate m High n Peak n Past Peak
. ) Color Color Color Color Color Color
Search for a location in the United

States to get the latest fall foliage

report:

Toggle between the color report
and confidence map layers:

Color Report Peak Timing

Toggle between verified and

unverified fall foliage reports:

Verified Unverified

Download the Map
EPA, Esri, FAO, Garmin, NOAA, TomTom, USFWS, USGS

Powered by Esri

October 09, 2024: Estimate @

Explore Fall Interactive Fall Intensity Map

This project will be utilizing Fall Intensity Data from the past 10 years from Explore Fall.

The Processed Data will includes:
e Locations - Aspen, Traverse City, Stowe, etc.
e The Time - Early (1st - 9th), Mid (10th - 19th), Late (20th - 31st).
e Months - September, October, November

e Intensity - Little to No Color, Low - Moderate, High - Peak, Past-Peak

Data will be recorded into Structured Query Language (SQL) file format.
Updating and modifying using PostgreSQL for better efficient use of the
Machine Learning process.



https://www.explorefall.com/fall-foliage-map

Year-to-Date Weather / Temperature Data

Data Selection

To support our machine learning model, historical climate data will be collected from the NOAA
Weather Forecast Office Climate Portal (weather.gov/wrh/climate). The data is accessed by selecting

a specific state, then a local area or city within that state.

For each selected location:
e We will retrieve monthly climate summaries provided in table format.
e The two main parameters collected will be:
O Average temperature
o Average precipitation
e These summaries include average values for all twelve months. We will manually extract data
for the months of June through September, as they are most relevant to our prediction goals.
e Data will be exported to Excel, where we will calculate the average values across these months

to form consistent climate features per location.

Year Jan Feb Mar Apr May Jon Jul Aug Sep. Oct Nov Dec Annual
1991 202 371 40.7 492 60.5 719 751 739 646 50.2 321 335 50.8
1992 339 372 419 49.1 60.8 655 676 673 643 519 317 3.7 496
1993 197 19.0 366 454 589 652 704 704 597 509 314 310 466
1994 199 204 417 434 631 700 710 720 646 525 387 297 493
1995 272 338 367 419 535 671 750 76.7 624 506 369 276 491
1996 168 293 296 470 559 693 718 75 600 509 274 204 458
1997 195 306 102 4138 560 700 738 710 659 529 336 314 491
1998 273 354 298 485 618 648 757 738 70.2 514 413 315 510
1999 265 373 395 470 59.1 672 772 739 617 528 471 339 519
2000 285 365 427 495 621 675 755 764 66.3 533 281 17.9 50.4
2001 286 205 351 502 599 683 76.7 753 651 530 43 306 507
2002 308 352 284 505 565 742 798 742 652 451 387 334 511
2003 263 248 393 504 582 66.7 760 748 634 56.5 336 302 500
2004 245 264 424 510 60.6 635 727 69.0 66.7 521 39.8 323 50.1
2005 215 344 389 493 566 69.2 760 732 68.6 519 414 253 506
2006 396 267 349 536 612 713 789 728 589 487 380 302 512
2007 239 204 443 458 615 685 757 739 659 539 402 242 499
2008 233 265 375 4438 554 669 751 718 638 505 375 213 479
2009 264 310 372 468 596 66.1 701 694 630 22 133 184 4738
2010 224 235 109 517 573 639 76.1 759 636 554 364 248 497
2011 199 248 343 468 56.1 68.1 775 735 616 54.1 404 313 49.0
2012 312 296 527 53.7 612 744 81.8 750 66.8 504 39.8 29.0 540
2013 269 285 336 415 583 678 737 740 60.7 490 374 211 485
2014 258 220 363 436 585 673 721 716 643 552 313 275 485
2015 278 271 455 513 562 694 744 721 694 552 104 290 515
2016 269 369 150 495 586 737 742 727 654 571 153 2338 524
2017 2438 339 111 50.2 579 719 80.0 702 66.0 523 130 73 513
2018 258 207 374 419 64.9 X 749 731 66.0 483 356 284 49.1
2019 263 15.7 313 49.1 542 693 757 724 69.4 455 371 32.0 482
2020 269 312 426 483 58.1 746 764 76.2 66.3 483 4.7 33.7 523
2021 309 176 1338 430 593 744 M M 673 520 1238 312 467
2022 260 254 363 444 590 715 780 759 671 521 315 200 489
2023 28 260 299 466 625 706 732 748 668 483 207 334 496
2024 186 359 374 485 59.1 69.4 744 738 70.0 553 372 311 509
2025 199 19.3 423 471 M M M M M M M M 322
Mean 254 280 385 479 589 693 750 731 653 515 380 279 493
- 396 373 527 53.7 64.9 746 81.8 76.7 70.2 571 471 339 s10
2006 1999 2012 2012 2018 2020 2012 1995 1998 2016 1999 1909
— 168 157 284 415 535 635 676 673 559 22 274 179 322
1996 2019 2002 2013 1995 2004 1992 1992 2006 2009 1996 2000

Average Precipitation/Temperature Generated Table (1991-2025)


http://weather.gov/wrh/climate

Year-to-Date Day-Light Data

Data Selection

To collect average daylight duration per location, we used the U.S. Naval Observatory (USNO)

Daylight Duration Tool (https://aa.usno.navy.mil/data/Dur OneYear).

e For each selected city and year, we manually entered the location into the online form to
generate a daylight duration table for the entire year.

e The output is a structured table listing daily sunrise and sunset times, along with the
calculated daylight duration for each day.

e Using Excel, we filtered or isolated the data for the months of June through September and
then calculated the average daylight duration across this four-month period.

e This average daylight value is then recorded for that location and used as one of the input

features in our predictive model.

This manual method allows precise control over location-specific daylight data, complementing the

temperature and precipitation data to form a complete environmental profile for each region.

Day  Jan Feb. Mar. Apr. May  June  July Aug. Sep. Oct. Mov Dec.
1 09:29  10:15 11:221  12:40 13:52 1445 14:52  14:11 1301 1146 10:30  09:37
2 09:30  10:17  11:23  12:43 1354 1446 14:52  14:09 12:58  11:43  10:28  09:36
3 09:30 10:19 11:26  12:45  13:57 1447 14:51  14:07 12:56 11:40 10:26  09:35
4 0931 10:221 11:28 12:48 1359 1448 14:50 1405 12:54 11:38 10:24  09:33
5 09:32  10:24 11:31 12:50 1401 14:49 14:49 14:03 12:51 11:35 10:22  09:32
6 09:33  10:26 11:3¢  12:53  14:03 14:50 1449 1401 12:49 11:333 10:19 09:32
7 09:34 10:28 11:36 1255 1405 14:51 14:48 13:59 1246 11:30 10:17  09:31
8 09:35  10:30 11:39  12:58 1407 1451 1447  13:56 1244 1128 10115 09:30
9 09:36 10:32 11:41 13:00 14:09 14:52 14:46 13:54 12:41 11:225 10:13  09:29
10 0938 10:35 1144  13:03  14:11 14:53  14:45  13:52  12:39  11:23  10:11  09:28
11 0%39 10:37 11:46 13:05 1413 14:53 14:44 1350 12:36 11:220 10:09 09:28
12 0940 10:39  11:49  13:08 1415 1464  14:42 1348 12:34 11118 10:07  09:27
13 09:41 10:42 11:52  13:10 1417 14:54 14:41 1346 12:31  11:15 10:05 09:27
14 0%43 10:44 11:54  13:13 1418 14:554  14:40 1343 1229 11:13 10:03  09:26
15 0944 1046 11:57 13:15 1420 14555 1439 1341 1226 11:11  10:01 0926
16 0%:46 10149 11:59 1318 1422 1455 14037 1339 12:23 11:08  10:00 09:25
17 0947 1051 12:02  13:20 1424 14555 1436 1337 12221 1106  09:58 0925
18 09:49  10:54 12:04  13:22  14:25 14:55  14:35  13:34  12:18  11:03 09:56 09:25
19 0950 10:56 12:07 13:25 14:27 14:56 14:33  13:32  12:16 11:01 09:54 09:25
20 0%:52  10:58  12:10  13:27 1429 1456 1432 1330 12:13 10:58  09:53 0925
21 0%:54 11:01 12:12  13:30 1430 1456 1430 1327 1211 10:56  09:51 0925
22 09:56 11:03 12:15 13:32  14:32 14:56 14:28  13:25 12:08 10:54 0949  09:25
23 0%57 11:06 12:17  13:34  14:33  14:555 14227 13:23 12:06  10:51 0948  09:25
24 0%:59 11:08 12:20 13:37 1435 1455 14226 13:20  12:03  10:4% 0946 0925

25  10:01 11:11 1222 13:339 1436 1455 14:23 13118 12:01 1046 09:45  09:25

Average Day-Light Generated Table (Aspen, CO 2024)


https://aa.usno.navy.mil/data/Dur_OneYear

Model Training

Random Forest Regressor

For training the prediction model, I utilized the Random Forest Regressor. I've tried out various
models available in Scikit-Learn like K-means or clustering. However, with the labeled data I've

collected, Random Forest Regressor is the most suitable model that can be used for training.

Throughout the training process, I experimented with various hyperparameters such as the number
of estimators (trees), maximum tree depth, and minimum samples required to split an internal node. I
discovered that different locations” data will behave differently so I would have to manually modify
the hyperparameters accordingly for each location. The predicted results are desirable with a (+/-1)

error range.

No. |Pred. Low Pred. Peak Pred. Past Low Peak Past
1 2 4 5 2 3 4
2 1 4 4 2 3 4
3 2 3 5 2 3 5
4 2 4 5 2 3 5

Prediction Results for Eastern Sierra (Results will varies based on locations)

Each location will have its own .pkl file due to difference inconsistency in data between locations,

each location will have a different pattern from the others.



Limitations and Future Direction

Limitations in Data Collection

While building the prediction model, one of the major challenges I encountered was the lack of
comprehensive and consistent historical foliage data across multiple regions and year. The data only
spans from 1991-2025 (less than 40 years) which is not good enough data to train a model, it would
cause a lot of noise throughout the data. Due to the limited dataset, the machine learning model
could not be trained as effectively or accurately as desired. As a result, no further training or
refinement of the model was feasible within the project timeline. Recognizing the constraint, I
decided to pivot my focus toward strengthening my skills in full-stack web development so I can

share my project with everybody and everyone can play around with it.

Full-Stack Web Application

I focused on strengthening my skills in full-stack web development by building several applications
using Python and Flask web framework. Through these projects, I gained hands-on experience in
designing backend services, integrating third-party APIs, and creating responsive front-end
interfaces. This process deepened my understanding of web architecture, improved my ability to
manage server-client interactions, and enhanced my proficiency in deploying and maintaining

scalable web applications.
Web Application Layout:

e Main Page
o Location(s)
o Documentation of the Project
e Location Pages
o Instruction Documentation (How to get data for input)
o Data Input Fields
o Prediction Output

o Interactive Map to Location



Deployment

Backend Receive User
Input and generate
prediction results

f okl £l
Flask Frame-work rom -pi ies

Receive User-Input

Front-End

Design Document of Full-Stack Web Application
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LINK TO WEB APPLICATION

Github Repository



http://fallfrenzy.online
https://github.com/twok-teks/Fall_Foliage_ML_Model

-

o

~

I would like to sincerely thank Professor Brian Ricks for his
support and accommodations throughout the semester,
which greatly contributed to the successful completion of

my project.
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