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Contrastive Divergence:
y+ ∼ yGT +N (0, σ)
y− ∼ exp(−U(·,X,θn))
L = U(y+,X,θn)− U(y−,X,θn)
θn+1 ← θn +∇θn
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s (y|y \ {y},X) = sdata (y|X) sprior (y|y \ {y})
detection score coherence w.r.t.

the image
internal
coherence

↓ sprior ↑ sdata ↑ sprior ↑ sdata

↑ sprior ↓ sdata↓ sprior ↓ sdata

Energy map from a CNN
(computed once per image)

Priors on configurations
(area, size, alignment, overlap . . . )

Energy Based Model
measures coherence between image X and configuration y

p(y|X) ∝ exp (−U(y,X,θ))

Sampling Configurations
Markov chain yt ∼ exp

(
−U(·,X,θ)

Tt

)
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y
U(y,X,θ)

Parameter Estimation
Finding θ such that

yGT = arg min(y)U(y,X,θ)

Results Interpretability
Novel scoring function

taking into account interactions

Learning Point Processes and Convolutional Neural Networks for Object Detection in Satellite Images
Performing object detection in remote-sensing images combining Convolutional Neural Network features with geometric priors on configurations within an Energy Based Model.


