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What wildlife live here?



Minimally invasive

Presence AND absence data

Spatial and temporal replication

Individual recognition

Captures behavioral observations

Verifiable by a picture

©Will Burrard-Lucas

©eMammal, Akesai County Mammal Survey Project

©eMammal, Students Discover Kenya Project



Ahumada, et al. 2019. Environmental Conservation. doi:10.1017/S0376892919000298 

Barriers

1Slow data flow 2Data is siloed 3No easy tools to
gain insights

Millions of photos collected. 
Data can take months or 

years to process

Individual storage means risk of 
loss; data is not standardized for 

collaboration

Camera trap data can be difficult 
to analyze



Leveraging big data, cloud technology and machine learning to 
transform wildlife conservation



Solutions

Ahumada, et al. 2019. Environmental Conservation. doi:10.1017/S0376892919000298 

Identifies species and 
separates ‘blanks’

10x faster than other systems

Easily share data to understand 
trends across projects and borders

Anyone can run science-based 
models and generate reports

1Powered by AI 2Cloud-based data 
sharing 3Automated 

analytics







Imbalanced data, geospatially sparse, and noisy 
labels

Top 10 classes (out of 1,000) 
account for 70% of the data

User data has to be vetted for 
quality
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Classification Model → Classification System

InceptionV3 
Classifier Prediction

EfficientDet Object 
Detector

(distilled from 
MegaDetector)

Taxonomi
c label 
rollup

Geofence
suppressio

n
Sequence 

aggregation

2021 - GA

● 15M images
● 1000 classes

Training 
Data 

Cleanup

2019 - beta launch

● 8.7M images
● 614 classes

Classification Model

EfficientNet B5 
Classifier

Mule Deer 87%
Red-tailed deer 
5%
Wild Boar 1.4%

Image



Results: recall increase w/ similar precision

● 20% increase in animal 
recall

● 13.5% increase in 
recall@species-level 

● 44% decrease in 
unclassified images

Overall performance

Overall Animals Blanks

% Classified

Recall (any 
taxonomic 
level)

Precision (any 
taxonomic 

level)
Species 

recall Recall Precision
Classifier 0.8302 0.6854 0.8597 0.6229 0.8081 0.9538

Classifier + Geofence 0.8272 0.6931 0.8694 0.6028 0.8081 0.9538
Classifier + Label 
Rollup 0.8823 0.7787 0.8537 0.6229 0.8081 0.9538

Classifier + Detector 0.8939 0.8121 0.864 0.6228 0.8056 0.9583

Classifier + Sequence 0.9047 0.7761 0.8239 0.7069 0.8073 0.9555
Classifier + Label 
Rollup + Geofence + 
Detector
(production model) 0.9036 0.8225 0.8566 0.6027 0.8056 0.9583

Classifier + Label 
Rollup + Geofence + 
Detector + Sequence 0.9339 0.8292 0.8213 0.6884 0.8054 0.9585



27,540,000
images

10,000+
cameras

CDFW is using 
AI predictions to 
reduce their 
workload
For some projects, staff are trusting the 
model to identify blanks and reducing the # of 
images to review.

CDFW now has close to 30 million images in 
Wildlife Insights and  for the first time is 
beginning to explore data across the 
organization.



Eyes on Recovery

© Brad Fleet

Summer 2019-20 bushfires in Australia burned 
19 million hectares (>73,000 sq. miles)

3 billion animals impacted

Unclear whether species were recovering

Using Wildlife Insights to measure the impact of the 
2019-20 bushfires on Australia’s wildlife
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18 partners set out 1000+ cameras 

3 million images collected to date

Improving understanding of fire impacts on priority 
species; and informing management actions

~500 hours of staff time saved per project location



Development

Analytics launching in 2023 → State of Wildlife Report by CI

Offline desktop client

Model improvement experiments
● Embedding the taxonomic tree in the loss
● Penalizing errors based on the the taxonomic distance
● Ensemble meta-model learning
● Classification in cropped images / bounding boxes
● Weak-segmentation
● Incorporating visual confusion in the loss
● Attention-based sequence augmentation
● Per-region models
● Improved class balancing
● Model report card - per project diagnostics

…much more than we can do!



White lipped peccary

White-lipped and collared peccaries (Tayassu pecari and Pecari tajacu, 
respectively) are primarily fruit-eating mammals in Neotropical rain 
forests. Recent studies have shown that their role as fruit predators 
and disperses affects the biodiversity of certain forest habitats. 

The white-lipped peccaries (WLP) are the only rainforest ungulates 
which form large social herds (50-300 individuals), so their effects on 

forest habitats can be dramatic. Extirpation of either peccary species 
from a forest area would undoubtedly cause habitat alterations and 
additional biodiversity losses. READ MORE

Status
Habitats

Vulnerable
Neotropical rainforests



Mato Grosso, Brazil



+40% Population Growth 

+56% Crop Demand 

+88% Beef/Lamb Demand 

+68% Meat/Dairy Demand 

+70% Wood Products Demand 

Projected Business-as-Usual Land Needs 
2010 - 2050

#GeoForGood22

+120 Mha 
Expansion of Urban Areas

+400 Mha 
Expansion of Pastureland

+ 200 Mha 
Expansion of Cropland

Cropland decreased from 0.45 to 0.21 hectare per capita between 1961 -
2016. 



Land Cover is the Earth’s basemap for science, policy and action.

#GeoForGood22http://www.fao.org/3/a-i5232e.pdf



Bare Ground

Built-up Areas

Snow/Ice

Water

Crops

Flooded Vegetation

Shrub/Scrub

Trees

Grass



Global Land Use Land Cover Dataset

10m resolution based on ESA Sentinel-2

Near Real Time 2-5 day global 
availability

Free, Open License (AI model and 
dataset)

Peer reviewed scientific publication

01

02

03

04

05

Dynamic World
Data Product and AI Model

Land Cover data just got real-time.



Sentinel-2

● S2A launched 2015, S2B 2017 
● 10m spatial resolution
● 5 days revisit time
● 12 TBytes of data per day
● Open, full, and free data policy

● Dynamic World uses S2-L1C Top of 
Atmosphere (12 bands)

Sentinel-2A & 
Sentinel-2B in 
orbit 
constellation

Source: European Space Agency



First we worked with NatGeo in labelling 24k Sentinel-2 scenes



Dynamic World data available from June 23, 2015 to….2-5 days ago.

Then we ran the model backwards and forwards



Dynamic World Dataset

10.2 PB
In Google Earth Engine Data 

Catalog

10,821,068
Total Dynamic World Assets 

and counting

~1,000,000 
CPU Hours to produce

5640+
New Dynamic World 

Assets per day



Per-pixel probabilities across 9 classes

Input for derivatives

The Takeaways

“Map with you, not for you”

2015



Water 0.04499815497547388

Trees 0.23571428004652262

Grass 0.0990055596921593

Flooded vegetation 0.03684693947434425

Crops 0.41711383406072855

Shrub/Scrub 0.04767815116792917

Built 0.04229519609361887

Bare Ground 0.03698766604065895

Snow/Ice 0.03931811661459505

Per-pixel probabilities across 9 classes

Dynamic World
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Peaks Aug/Sept.

2019 Drought

Inundated Area over the Okavango Delta
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LAND COVER PROBABILITIES BY MONTH
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S.1251 - Growing Climate 
Solutions Act of 2021



Experiments

Oliver Guinan

● Ground-truthed data on traditional vs 
industrial peat bogs in Ireland

● Dynamic World as feature vector for 
Random Forests classification

● Derivative dataset
● EE Script

Irish Peatbog 
Classifier

https://code.earthengine.google.com/516a36eaa9e4cd0b299979e0f5ab0d71


Applying Ethical Principles
● WRI/Google team worked with independent 

consultant BSR to identify risks
● Designed safeguards to minimize risk
● Collaboration with ally organizations (WRI) to 

address potential harm.
● Open science & open data 

Learn more
● Google I/O Talk
● Case Study

Responsible Innovation
Following AI Principles at Google

https://io.google/2022/program/385b422e-3a08-4372-8ed3-4e79bafb779a/
https://ai.google/static/documents/case-study-dynamic-world.pdf


The Forest Data Partnership strengthens 
collaboration and application around global 
monitoring of commodity-driven deforestation, 
forest degradation and restoration efforts across 
the globe.

forestdatapartnership.org

Forest Data Partnership
End commodity-driven deforestation and 

accelerate restoration

#GeoForGood22



Mapping Forests
● Forest / plantation NRT
● “I want to map ____”
● Deforestation Risk Modeling
● Reforestation
● Forest species composition
● Groundtruth data (carbon, crops, 

everything)
● Smallholder farmer incentivization

Biodiversity
● All the sensors! Acoustic → 

Soundscapes, eDNA, cameras, 
drones, and and and…..platforms!

● Species risk modeling

What we hear people ask for.
Related to forests, nature, biodiversity



Thank you!



Appendix


