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Camera pose estimation
Our problem:

1. Camera pose initialisation:
• Relative {rij , cij}

→ in parallel & fast
• Global Ri, then Ci

→ fast but not precise

2. Refinement: bundle adjustment (BA) → rigorous & precise but slow

EBA =
∑∑

ρ · r2 =

N∑
i

M∑
j

ρ · [proj(pi)− oki]
2
.

Initial poses and 3D After bundle adjustment

Key ideas:
✅ Local BAs over relative motions provide hessians
✅ Hessians encode features’ random errors & correlations between

camera poses and 3D points
❌ Existing methods discard those information rich matrices

Pointless BA:
⭐ Leverage hessians in global BA while excluding features
⭐ Propagate the locally defined hessians to the global frame &

adjust → rigorous & precise & fast & low cost

Method

1. Compute local motions & retrieve local Hessians w.r.t. camera parameters

EBA =
∑∑

ρ · r2 = ρ

δxT

H︷ ︸︸ ︷
(JTJ) δx+ rT0 Jδx+ r20


2. Extract the camera reduced matrix h from H using Schur complement

3. Find initial global poses

xs = {c, rot} = {λsαsC + βs, αsR}

4. Refine global poses
Averaging Eg

BA =
∑S

s

∑3
i ρ||{csi, rotsi} − {λsαsC + βs, αsR}||2

Pointless BA Es
BA = δxThδx+ · · · ⇒ Eg

BA =
∑S

s=0 E
s
BA

{λαC + β, αR} − {c0, rot0}

Local Hessians
• Rigorous: encode stochastics of relative motions
• Compact: information stored in 6N × 6N matrices
• Low cost: by-product of local BA (parallel comp.)

Global Bundle Adjustment
• Fast: disengages feature points from the adjustment
• Precise: propagates the quality of local BA to the global frame
• Flexible: can be easily integrated within any SfM pipeline

5-Points Bundle Adjustment
Idea: 1️⃣ Reduce features per motion 2️⃣ refine with classical BA.

• Triangulate features
• Inscribe ellipsoid in 3D features
• Generate virtual features

µ =
1∑N

i=1 Pi

N∑
i=1

Pi · PdsPi , KP =
1∑N
i=1

N∑
i=1

Pds2 · PiP
T
i − µP · µT

P

Pi = µ+ e1E1 · pi1 + e2E2 · pi2 + e3E3 · pi3 ,

p1 = [−1, 1, 1], p2 = [1,−1, 1], p3 = [1, 1,−1], p4 = [0, 0, 0], p5 = [−1,−1,−1]

Initial features Virtual features Two-view case

🟢 🟡 🟠 Fast Rigorous Precise 🔌 in existing SfM 🎚
5-Points BA: 🟢 🟠 🟡 🟢

Pointless BA: 🟢 🟢 🟢 🟡

Experiments & Results

↓ Re-projection errors �����, ↓ number of parameters >
Covariance matrices (hessian−1) vs geometry of relative motion

Initial 3D structure

Averaging 5-Points BA Pointless BA BA

Sensitivity to outliers ↓

Averaging Pointless BA

Performance vs # of motions

Convergence rates ↓

Photogrammetric d. ETH3D Temple Long focal

🟢 🟠 Averaging Pointless BA BA
Excludes features 🟢 🟢 🟠

Includes random feature errors 🟠 🟢 🟢

Efficiency & #overlapping motions 🟠 🟠 ∅
Considers 📷 extrinsics’ uncertainties 🟠 🟢 🟠

& correlations related to geometry

Datasets
×1 photogrammetric d., ×2 computer vision benchmark, ×1 long focal d.


