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BACKGROUND

Why do we want to know how vegetation is doing in these wetlands?
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DO MACROPHYTES PLAY A ROLE IN
CONSTRUCTED TREATMENT
WETLANDS?

Hans Brix

Department of Plant Ecology, Instisute of Biological Sciences. University of Aarhus,
Nordlandsvej 68, DK-8240 Risskov, Denmark

ABSTRACT

The larger aquatic plants growing in wetlands are usually called macrophytes. These inclade aquatic vascular
plants, aquatic mosses and some larger algae. The p by of aquatc i one of the
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oxygen to the rhizosphere by lcakage from roots scrobic degrad of orgasic master and
fication. The macrophytes have sdditional sitc-spocific values by providiag habitat for wikdlife and

making wastewaler sysiems acsth Ily pleasing. © 1997 IAWQ. Published by Elsevier Science
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Identifying critical inundation thresholds to maintain vegetation cover in | M) .
stormwater treatment wetlands st

J.J. Robertson®, T.D. Fletcher®, A. Dangerb, C. Szota™"

* School of Ecosystem and Forest Sciences, The University of Melbourne, Australia
" Melbourne Water Corporation, Australia
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BACKGROUND

Water level experiments at Troups Creek Wetland, Narre Warren, VIC

NOVATECH 2023

Activating lazy stormwater wetlands through real-time
monitoring and control

DCtoAC JF inverter @ 4G-enabled
Switch

Activation des zones humides d'eaux pluviales paresseuses

grace a un suivi et un contréle en temps réel

Canwel Pang®, Baigian Shi®, Stephen Catsamas?, Xixi Shi!, Miao Wang?,
Tim Fletcher?, Rhys Coleman?, David Bergmann®, David McCarthy**

Motor Starter

Are there trade-offs when
controlling water levels for
water quality improvement
Vs vegetation health using
RTC?

= KT T . B 12VDC Battery
- Sl j Bypass Control T | S R s = = .

Figure 1: (a) Site Map of Troups Creek Wetland and the RTC control points. (b) Cabinet setup for the actuators
installed at the control points. The actuator is placed behind the back of the cabinet.
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BACKGROUND

Plant surveys: Fun, but a lot of work!

Vegetation cover can be determined from satellite
iImagery

High resolution drone imagery can increase accuracy

NDVI (Drone) NDVI (Sentinel 2)
15/11/2024 15/11/2024
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BACKGROUND

How *is* the vegetation doing?

In many stormwater wetlands in Victoria, vegetation is struggling.

Nov 2024
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BACKGROUND

What did we want out of this project?

A tool for classifying vegetation cover, health, and type in
a constructed wetland undergoing RTC experiments

- Track changes in cover using NDVI and other metrics

High spatial resolution
Data that could be used to classify veg health and type
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APPROACH

Vegetation reflects light that we can’t see with our eyes.
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APPROACH

Drone with multispectral sensors

* Flights across different seasons

« Ground truth data

« Post-processing in Agisoft Metashape Pro

* Ortho-mosaic developed

. Calculated NDVI, NDW| (&= —VIR)

Green+NIR

« Developed NDVI, NDWI, CIR, and single band
Images

DJI Mavic 3M

G: 560nm+ 16nm;

R: 650nm#+ 16nm;

RE: 730nm# 16nm;

NIR: 860nm+26nm:;

- RGB camera
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APPROACH

Classification of vegetation communities

A Random Forest machine learning model was
used to classify pixels based on a training dataset
we developed.

« Training data from Nov 2024 flight data

« Tested on Nov 2024 and Mar 2025 images

* Model trained for 1) plant health and 2) plant type

« Colour infrared maps generated for visual
comparison of revegetated zones

Table 6-3 Table Depicting Examples of Vegetation Training Class
Training Class Class Description Example Image

Water/Non-Vegetation Any non-organic object
detected, including water
and weir plate

Submerged/Shallow Very Shallow Water or

Submerged Vegetation

Wetland Plant Type 1 Reed/Grass-like plants

with brown reed

Wetland Plant Type 2 Leafy green plant with

large flat leaves

Pimentel, L., 2025. Stormwater Wetlands Vegetation Modelling with Dror
Imagery and Machine Learning (Honours). Monash University.
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OUTCOME

November 2024

Visual assessment

Orthomosaic images clearly show
vegetation communities, but it's
difficult to distinguish around areas
with shadows and dense vegetation.
CIR images help with distinctions
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OUTCOME

March 2025

Visual assessment

Orthomosaic images clearly show
vegetation communities, but it's
difficult to distinguish around areas
with shadows and dense vegetation.
CIR images help with distinctions
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OUTCOME

July 2025

Visual assessment

Orthomosaic images clearly show
vegetation communities, but it's
difficult to distinguish around areas
with shadows and dense vegetation.
CIR images help with distinctions
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OUTCOME

CIR Images: Revegetation zone

Nov 2024 Mar 2025 Jul 2025

~
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OUTCOME

CIR Images: Submerged vegetation

Nov 2024 Mar 2025 Jul 2025
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OUTCOME

Machine learning classification - Plant health

Nov 2024 (Training) Mar 2025 (Testing)

Health-based classification

] Healthy plant
1 Unhealthy plant
Bl \Water
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OUTCOME

Machine learning classification - Plant type

Nov 2024 (Training) Mar 2025 (Testing)

Type-based classification

B Wetland plant type 1
[ wetland plant type 2
] Submerged plant

B Water
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OUTCOME

Summary

- Visual analysis using different bands helps distinguish veg cover

- Machine learning classification can be applied to quantify cover and can
accurately distinguish cover types on images which were not used in training

- Distinction between plant types:

o Very high accuracy for image used in training for both health (97%) and type (94%) classifications
o For testing data, health classification remained high (94%), but type classification was reduced (66%)

MONASH
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NEXT STEPS
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NEXT STEPS

* Machine learning: incorporate additional data
sources (DEM, in situ spectral measurements)

« Merge satellite (high temporal resolution) and
drone (high spatial resolution) data in a model

« Use changes in NDVI and other indices to
predict vegetation health ‘direction’

« Evaluate effects of water level drawdown on
vegetation cover through RTC trials

23
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Questions?

brandon.winfrey@monash.edu
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