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Motivation 

350 Million Images Uploaded a Day 

100 Hours Video Uploaded Every Minute Rapid growth in remote sensing 

numbers and capability 

There is not enough time or expertise to write algorithms for each 

individual information extraction task that needs to be performed 

 

Deep Learning provides general algorithms that identify mission-

relevant content and patterns in raw data at machine speed 

Tens of thousands of social and political 

events indexed daily  



Motivation: GEOINT analysis workflow 
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Recap: What is Deep Learning? 
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Deep Learning for Visual Perception 

Input: 
pixels 

Output: 
image class 
prediction 

Biologically inspired Convolutional Neural Network (CNN) 

Application components: 

 

• Task objective 

• e.g. Identify face 

• e.g. Classify age  

• Training data 

• Typically 10K – 

100M samples 

• Network architecture 

• Learning algorithm 

 

Local receptive field 



Visual Perception: DL State of the Art 
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1000 object classes  

1.2 million training images [1] 

 

Top-5 error (Google): 4.8% 

Top-5 error (Human): 5.1% 

Localization error (Oxford): 25.3% 
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Y LeCun

NORB Dataset (2004): 5 categories, multiple views and illuminations

Training instances Test instances

291,600 training samples, 

58,320 test samples

Less than 6% error on 

test set with cluttered 

backgrounds

5 object classes 

Multiple views and illuminations 

291,600 training images 

58,230 test images [2] 

 

<6% classification error on test set with 

cluttered backgrounds (NYU) 



Remote Sensing Imagery Exploitation 

Object detection and 
classification  

Scene segmentation 

Land usage classification 

Geologic feature classification 

Change detection 

Crop yield prediction 

Surface water estimation 

Population density estimation 

Super-resolution 

Photogrammetry 

[3] Keio University, Japan – SPIE EI 2015 

[4] University of Arizona 



Advanced Imaging Modalities 

[5] D. Maturana and S. Scherer. 3D Convolutional Neural Networks for Landing Zone 

Detection from LiDAR. In ICRA. 2015 

CNN architecture supports: 

MSI/HSI data cubes 

SAR imagery 

Volumetric data, e.g. LIDAR 



Open-source Imagery Exploitation 

Object detection 

Scene labeling 

Face recognition 

Image geo-location 
estimation 

Text extraction from 
images 

Geographic property 
estimation 

Image de-noising 
[6] Stanford University, NLP group 



Video and Audio Understanding 

Video: 
Object tracking 

Scene tagging 

Human activity 
recognition 

Occlusion prediction 

3D layout prediction 

Augmented reality 

Audio: 
Speech recognition 

Speaker identification 

Real-time translation 

 

NVIDIA 

[7] Google/Stanford 
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Deep Learning is adaptable 

Classification 

Regression 

Unsupervised learning 

• Clustering 

• Topic extraction 

• Anomaly detection 

Real-valued feature vector 

Varied data types 

(and multi-source) 
Varied tasks 

Sequence prediction 

Control policy learning 

Constants: Big (high dimensional) Data + a complex function to learn 
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Language Understanding 

Topic extraction 

Named entity 
recognition 

Question Answering 

Author identification 

Language tagging and 
translation 

Image captioning 

Sentiment analysis 

 

[8] Stanford University, NLP group 

[9] Richard Socher (Metamind/Stanford NLP group) 



Geospatial Analytics 

12 years of San 

Francisco crime 

reports 

Given date, time and 

location DL model 

predicts crime: 

Top-5 error: 59% 

~4 hours work 

(including training) 

using open source 

tools 
[10]  Kaggle San Francisco Crime Classification Competition 



Sensor/Platform Control 

Data sequence 

Control 

policy 

Δ(predicted future reward, actual reward) 

Applications: 

Sensor tasking 

Autonomous 

vehicle navigation 

Reinforcement learning: 

[11] Google DeepMind in Nature 



Deep Learning deployment options 

Training 

data Classifier 

Enterprise 

desktop (virtual 
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Stream 

processor 
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HPC Data Center Train 

Deploy 

Long training (hours 

to days), 

batch updates, 

leverage GPU 

acceleration 

~100ms response 

for new data sample, 

model interactivity 



Deep Learning is a GEOINT force multiplier 

Managing Big Data 

Real-time near-human level perception at web-scale 

Data exploration and discovery 

Semantic and similarity based search 

Dimensionality reduction 

Transfer learning 

Model sharing 

Compact model representations 

Models can be fine-tuned based on multiple analysts 

feedback 



Summary 

Deep Learning is: 

Adaptable to many varied GEOINT workflows and 

deployments scenarios 

Available to apply in production and R&D today 

Approachable using open-source tools and libraries 



Resources 

Popular DL frameworks: 
Caffe (UC Berkeley) 

Theano (U Montreal) 

Torch 

Examples from talk: 
[1] Imagenet Large Scale Visual Recognition Challenge 

[2] NORB dataset 

[3] Keio University, Japan - Aerial image segmentation 

[4] University of Arizona - Geographic feature detection 
[5] D. Maturana and S. Scherer. 3D Convolutional Neural Networks for Landing Zone 
Detection from LiDAR. In ICRA. 2015 

[6], [8] Stanford NLP group Deep Learning research 

[7] Google/Stanford Large Scale Video Classification with CNNs 

[9] Richard Socher’s word embedding research 

[10] Kaggle San Francisco Crime Classification Competition 

[11]  Google DeepMind Nature article 

http://caffe.berkeleyvision.org/
http://deeplearning.net/software/theano/
http://torch.ch/
http://www.image-net.org/challenges/LSVRC/
http://www.image-net.org/challenges/LSVRC/
http://www.cs.nyu.edu/~ylclab/data/norb-v1.0/
//localhost/[3] http/::www.slideshare.net:mitmul:building-and-road-detection-from-large-aerial-imagery
//localhost/[3] http/::www.slideshare.net:mitmul:building-and-road-detection-from-large-aerial-imagery
//localhost/[3] http/::www.slideshare.net:mitmul:building-and-road-detection-from-large-aerial-imagery
//localhost/[3] http/::www.slideshare.net:mitmul:building-and-road-detection-from-large-aerial-imagery
http://devblogs.nvidia.com/parallelforall/deep-learning-image-understanding-planetary-science/
http://devblogs.nvidia.com/parallelforall/deep-learning-image-understanding-planetary-science/
http://devblogs.nvidia.com/parallelforall/deep-learning-image-understanding-planetary-science/
http://devblogs.nvidia.com/parallelforall/deep-learning-image-understanding-planetary-science/
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
https://www.ri.cmu.edu/publication_view.html?pub_id=7900
http://nlp.stanford.edu/projects/DeepLearningInNaturalLanguageProcessing.shtml
http://cs.stanford.edu/people/karpathy/deepvideo/
http://www.socher.org/index.php/Main/ImprovingWordRepresentationsViaGlobalContextAndMultipleWordPrototypes
https://www.kaggle.com/benhamner/sf-crime/san-francisco-top-crimes-map
http://www.nature.com/nature/journal/v518/n7540/full/nature14236.html
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