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There I1s a 400,000 to 800,000 position deficit each year
IN our Industry.

The US Needs More Engineers. What's
the Solution?

https://www.bcg.com/publications/2023/addressing-the-engineering-talent-shortage
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There are multiple ways to leverage Al in our industry.
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LLMs progress has reached a performance plateau.
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Technical Al will transform the industry;
there Is room for unprecedented growth.
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CDM Smith is leveraging Al to drive data to decisions.
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CDM Smith is leveraging Al to drive data to decisions.

Monitoring
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Al models are used to make predictions based on input data.
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Modern-day computer processing power has opened the door to widespree
use of Al.

2025




Modern-day computer processing power has opened the door to widespree
use of Al.
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Machine learning models are used to predict values or variables of interest based on
Input data.

Model Variables

Target Variable
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Machine learning models are used to predict values or variables of interest based on
Input data.

Model Variables

Target Variable
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Machine learning models require training data and validation data.

Training Data
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Training data Is then used to train the machine learning model.

DATA GROUND MACHINE
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Model predictions are then compared to data of known values to
determine model accuracy.

DATA MACHINE MODEL
INPUTS LEARNING MODEL PREDICTIONS
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Model predictions are then compared to data of known values to
determine model accuracy.
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Lets start our adventure!

Monitoring
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CDM Smith monitored a natur®ased solution project at the mouth of the
Savannah River.




CDM Smith monitored a natur®ased solution project at the mouth of the
Savannah River.
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Structure from Motion GfM) can be
used to generate 3D models from
2D |mages LR
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Drone data revealed that the contractor graded too high.

Areas out of spec for target grading

80 Fee

Target Marsh Elevations:
North Area: 2.98 +/- 0.25 ft NAVD
South Area: 2.96 +/- 0.25 ft NAVD

Legend

Ground Surface Elevation
[ 240-2.75 (Below Target)
[ 275-3.25 (In Target)

Note:|Elevations derived;from|UAV:collected aerial imagery,via structure, from motion? - 3.25-575 (Above Target)
~ Y g ———— - - 3
g Only elevations for areas withjless than 0.5 fractionalvegetative coverageishown®
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Multispectral data provides information vegatative cover and health.
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High resolution pixels identify individuabpartinaplugs.
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CDM Smith combined field data, 3D drone data, and multispectral da
In a machine learning model to quantify biomass.

& plotAnalysis21.ipynb
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Model
Parameters

plotStats
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The machine
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Machine learning model results allow for easy identification
of biomass loss and gain over time.

Change from 2021 to 2022

é _ N\
. Biomass Loss

Biomass Stable

\. Biomass Galn/







L .
CDM Smith used drone data and machine learning used to monit
multiple ecosystems in Vero Beach, Florida.
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L
CDM Smith used X0and multispectral sensors to map the site.

Dronederived Aeria 10-band Dual Camersz




Multispectral drones can monitor 100s of acres of
seagrass at high resolution.




CDM Smith developed learning models to map seagrass/SAV versus sandy substrate.




Reflectance (%)

Red mangroves have a different spectral signature than Australian pine

which allows for machine learnidgased mapping and monitoring.
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Reflectance (%)
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CDM Smith developed a machine learning model with over 95%
accuracy to identify the invasive species Australian pine.

Australian Pine




