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Problem statement

Task: Find orientation and location of proteins in cryo-tomograms using
template matching

(left) A simulated tomogram with SNR = 0.025, (right) Apoferritin molecule (source: rscb pdb)



Maximum likelihood noise model - I

R ∈ SO(3)

TR(x) = ∫ V(x̃R, ỹR, z̃R) dz
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Maximum likelihood noise model - II

I (x) = TR(x + x0) + η(x) , η ∼ N (0, σ2), iid

plik(I |x0,R) =
∏
x

1

2πσ2
exp

(
−|TR(x + x0)− I (x)|2/(2σ2)

)

x̂0, R̂ = argminx0,R(− log plik) = |I |2 + |TR |2 − 2 〈I ,TR(·+ x0)〉 ,

where

〈I ,TR(·+ x0〉 =

∫
I (x)TR(x + x0)

Assume: |TR |2 ≈ const

x̂0, R̂ = argminx0,R(− log plik) = argmaxx0,R 〈I ,TR(·+ x0)〉

Maximum likelihood estimator is the maximizer of the cross-correlation



Computational cost
• N - number of pixels in image I ∼ 10802 for numerical experiments

• M - number of pixels in template T ∼ 3602 for apoferritin at
0.965A resolution

• Nr - number of rotations in SO(3) ∼ 2× 106 for ∆θ = 1.7◦

• Fourier slice theorem for template generation O(Nr ·M)

TR(x) =

∫
V (x̃ , ỹ , z̃) dz

• FFTs for computing cross correlations O(Nr · N)

〈I ,TR(·+ x0)〉 for all x0

• 100 CPU hours per template per image

• Proposed acceleration: Frequency marching
Low resolution search followed by local searches at higher resolution



Typical images
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Preliminary results - Accuracy
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• s1 : ∆θ = 6.8◦,∆x = 1.93A

• s2 : ∆θ = 6.8◦,∆x = 0.965A

• s3: initial coarse search using s1,
then local searches around top 250
candidates

• s4: initial coarse search using s2,
then local searches around top 250
candidates

• s5: initial coarse search using s1,
then local searches around top 1000
candidates

• s6: initial coarse search using s2,
then local searches around top 1000
candidates

• s7 : ∆θ = 3.4◦,∆x = 0.965A



Preliminary results - Speed
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• s1 : ∆θ = 6.8◦,∆x = 1.93A

• s2 : ∆θ = 6.8◦,∆x = 0.965A

• s3: initial coarse search using s1,
then local searches around top 250
candidates

• s4: initial coarse search using s2,
then local searches around top 250
candidates

• s5: initial coarse search using s1,
then local searches around top 1000
candidates

• s6: initial coarse search using s2,
then local searches around top 1000
candidates

• s7 : ∆θ = 3.4◦,∆x = 0.965A



Ongoing work
• Faster template generation using NUFFT

• Optimization of parameters for local searches

• Exploiting symmetries of proteins

• Better maximum likelihood estimators

• Performance in crowded protein environments

• Using tilt series information available to improve SNR

• Automated and robust pipeline for simultaneous detection of
collection of proteins

• Questions?

Thank you
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