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A. Complete algorithm of affine P3P solvers

The detailed algorithms of the proposed weak/para P3P
solvers are shown in Algorithms 1 and 2, respectively.
Three subroutines, the common pre-processing, a bi-
quadratic solver for real solutions, and upgrading affine to
perspective, are also shown in Algorithms 3 to 5, respec-
tively. The symbol & represents the empty set.

Algorithm 1: Weak P3P solver

Input : 3D points X1, Xo, X3,

Normalized image points m, mo, ms

Upgrade iterations K > 0

Output: Rotation R, Translation t
Compute mg, X, a1,2,V1,2,3
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17 20 < (r{a; +rlay)/2

18 R(—RU{[I‘MI'Q,I‘?,}T}

19 | t+—tU{z[m,,1]" —RX,}
20 if K >0

21 | Upgrade all R, t

22 return R, t

> Algorithm 5




Algorithm 2: Para P3P solver

Algorithm 3: Pre-processing
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Input : 3D points X, Xo, X3,
Normalized image points mj, mo, mg
Upgrade iterations K > 0

Output: Rotation R, Translation t

Compute mg, Xg4,a1.2,V1,23 > Algorithm 3
(z0,Y0) ¢ my
k1 < —xoyo
kg < Z‘g +1
ks + viva(zd + 1) — |[val® zoyo
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Solve cqaa* + coa® + ¢ =0 > Algorithm 4
b+ T, RO, t+«o
for each o
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else
L B+ BU {—(k‘la2 + k3)/(l€20¢)}

ifa# and § # @

for each o, 8
P < avy + Vg
q< fBvi+vs
20— 3 (VI+ 33/ Il + T+ 33/ lall)
r3 <

23 (I — yozo[px + Toz0[a)x) ' (p x q)
ry < 2op + xors
ro <= 20q + Yor's
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if K >0
L Upgrade all R, t
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returnR, t
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Input : 3D points X4, X, X3,

Normalized image points mj, mo, ms
Output: 2D centroid mg, 3D centroid X,

Vectors ap, as, Nullvectors vq, vo, V3
Xg = % Z?:l X
my % Z?:l m;
Xl < Xl — Xg,
Ii'll —mp; — myg,
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Algorithm 4: Solve c,a* + coa® +¢co =0

Input : Coefficients c4, co, co
Output: Real-valued solution(s) «

1 for each i € {0,2,4}

2 L ¢; = ¢/ max(|eal, |2, [col)

3 if [c4] = 0 and |c2| # 0 and |¢o| # O

4 LO(2<——CO/02 > caa?4c9=0
5 elseif |c4| # 0 and |c2| # 0 and |cy| =~ 0

6 L 062 — {0, —02/64} > cgat +c20? =0
7 elseif |c4| # 0 and |c2| = 0 and |¢y| =~ 0

8 L a2 ~—0 > C4a4 =0
9 else

10 D+ C% — 4dcpey > Discriminant
11 if D<O0

12 | @* o

13 else

a® < {q/ca, co/q}

14 L q <+ —(co + sign(cz)V'D) /2

16 @ <

17 for each o?

18 ifa? =0

19 | a+aU{0}
20 elseif a2 > 0

21 Lou—au{i\/?}

22 return o«

Algorithm 5: Affine to perspective upgrade

Input : 3D points X1, Xo, X3,
Normalized image points mj, mo, ms
Rotation R,
Tterations K > 0, Tolerance ;o) = le™°
Output: Rotation R, Translation t
1 for each {i,j} € {{1,2},{2,3},{3,1}}
2 Cij < [m;r, 1]T X [m;r, 1]T
3 dij < Xl — Xj
4k+0, 6+ 0
5 while £k < K or 0 > €

6 k+—k+1
-1
(C12 X Rdlz)T C'1|'2 Rdi2
7 Ar « |(co3 x Rd23)T cJ3Rdas
(cs1 x Rdgy)" c31 Rdz)
3 0 « ||Ar|]

9 AR%IJrsinH[%]XJr(lfcosG) [%K
10 | R+ ARR

] )

11 t<——[




B. Additional results on synthetic experiments

As described in Sec. 2.4, the accuracy of the affine ap-
proximations decreases as 2D points approach the image
boundary, resulting in increasing errors. Figure B.1 shows
a depth sensitivity test where image points are generated
near the image border (withing the outer quarter of the
width/height). The other settings were the same as in Sec.
4.1.1. Errors are slightly larger than in Fig. 2; however, we
can observe similar tendencies. The proposed solvers con-
verge almost within two iterations, highlighting the validity
of the proposed update-scheme.
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Figure B.1. Sensitivity against depth deviation with respect to im-
age points close to the image border. Median values over 10° in-
dependent trials for each depth. Weaks and Paras almost overlap
with Ding.

C. Additional results on real data experiments

C.1. Frequency of the real solutions

We evaluated the proportion of real-valued solutions re-
turned by the proposed solvers and by the Ding solver
across the two datasets. In this analysis, we counted the
frequency with which each solver produced real solutions
during the hypothesis-generation stage of RANSAC.

Tables C.1 and C.2 present the results for the EOPS and
IMC2023 datasets, respectively. Across both datasets, our
methods consistently produce two real solutions in nearly
all instances. In contrast, the Ding solver exhibited a sub-
stantially wider distribution in the number of real solutions,
typically yielding from O to 2 solutions, and occasionally
even 3 or 4.

Table C.1. Percentage of the real solutions on the EPOS dataset.
The dots - represent 0.00%.

The number of real solutions

Method
0 1 2 3 4
Ding 0.20 3.85 95.95 0.0001  0.0020
Weakg . 100.00 . .
Weaks, 100.00
Parag 100.00
Paras 100.00

Table C.2. Percentage of the real solutions on the IMC2023
dataset. The dots - represent 0.00%.

The number of real solutions

Method
0 1 2 3 4
Ding 10.91 30.69 57.58 0.08 0.74
Weakg 0.0002 99.9998 .
Weakso 0.0003 99.9997
Para, - 100.00
Para, 100.00




C.2. Performance w.r.t. runtime

We examined the runtime-dependent performance of each
solver on the EPOS and IMC2023 datasets. Specifically, we
varied the maximum number of RANSAC iterations from
10 to 3500 and computed the recall of the estimated poses
relative to the ground truth as a function of the per-image
processing time.

Figure C.1 presents the resulting recall-runtime curves,
where the horizontal axis indicates the average processing
time per image (in milliseconds) and the vertical axis re-
ports the recall (in percent). Consistent with the synthetic
evaluations, Weak, and Paras behave almost identically to
the Ding solver, demonstrating comparable performance.
On the other hand, Weak,y and Parag, which do not em-
ploy the refinement step, show performance saturation even
when additional computation time is allowed.
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Figure C.1. Recall-runtime curve on the EPOS and IMC2023
datasets. Weako and Paras almost overlap with Ding.

C.3. Quantitative evaluation per sequence

In this section, we present the experimental results for each
sequence in the EPOS and IMC2023 datasets.

The EPOS dataset consists of three subsets: T-LESS,
YCB-V, and LM-0, containing 3027, 2673, and 889 data
instances, respectively. The experimental results of them
are shown in Tabs. C.3 to C.5.

The IMC2023 dataset has four subsets: Haiper,
Heritage, Phototourism, and Urban, containing 54,
247, 5461, and 271 data instances, respectively. The exper-
imental results of them are shown in Tabs. C.6 to C.9.



Table C.3. Quantitative results on T-LESS of the EPOS dataset, which consists of 3027 instances. Recalls in percentages, and runtime
and RANSAC iterations elapsed to process all data.

Method Recall (e / €¢) T Time] Iters|
1°/1% 2°12% 3°/3 5°15% 7°17% 10°/10% 20°/20% (min.) (x10)

Ding +LO 1.0 7.5 17.9 32.7 41.7 48.5 56.1 10.60 1.58
Weak,+LO 1.0 7.6 17.8 334 41.6 48.7 55.9 10.93 1.58
Para, +LO 0.9 7.6 17.8 334 41.7 48.7 56.0 10.99 1.58
Weaky+LO 0.8 7.2 16.9 33.2 41.5 48.0 55.9 8.90 1.61
Parag +LO 0.9 7.3 17.6 334 42.0 48.8 56.7 10.02 1.58

Table C.4. Quantitative results on YCB-V of the EPOS dataset, which consists of 2673 instances. Recalls in percentages, and runtime and
RANSAC iterations elapsed to process all data.

Method Recall (e / €¢) T Time] Iters]
1°/1% 2°/2% 3°/3 5°/5% 7°17% 10°/10% 20°/20% (min.) (x10)
Ding +LO 1.3 11.3 25.3 47.7 60.9 71.4 80.5 3.19 0.58
Weak,+LO 1.5 11.3 254 47.6 60.8 71.2 80.4 3.29 0.58
Para, +LO 14 11.4 25.4 474 60.7 71.1 80.4 3.31 0.58
Weaky+LO 1.3 10.3 22.9 46.6 59.8 70.5 80.2 2.76 0.62
Parag +LO 1.3 10.5 24.8 474 60.4 70.7 80.3 3.03 0.59

Table C.5. Quantitative results on LM—0 of the EPOS dataset, which consists of 889 instances. Recalls in percentages, and runtime and
RANSAC iterations elapsed to process all data.

Method Recall (eg / €;) T Time| Iters]
1°/1% 2°2% 3°/3 5°/5% 7°/7% 10°/10% 20°/20% (min.) (x109)
Ding +LO 0.1 1.0 2.7 12.3 27.4 45.0 71.3 0.32 0.16
Weaky+LO 0.1 1.2 3.1 13.0 27.0 45.0 70.9 0.34 0.16
Para; +LO 0.1 1.2 2.7 12.9 27.6 44.8 70.9 0.35 0.16
Weaky+LO 0.1 0.7 2.8 11.8 25.2 43.0 70.6 0.28 0.18

Parag +LO 0.2 0.9 3.1 12.6 26.6 44.0 71.7 0.31 0.16




Table C.6. Quantitative results on Haiper of the IMC2023 dataset, which consists of 54 instances. Recalls in percentages, and runtime
and RANSAC iterations elapsed to process all data. Note the multiplication factor for the iterations is x 10°.

Method Recall (eg / €¢) T Time]  Iters]
0.1°/0.1% 0.1°/0.5% 0.5°/1.0% 1.0°/2.0% 2.0°/2.0% 3.0°/3.0% 5.0°/5.0% (min.) (x10%)
Ding +LO 3.7 80.2 100.0 100.0 100.0 100.0 100.0 0.01 2.1
Weaky+LO 3.7 80.9 99.4 100.0 100.0 100.0 100.0 0.02 2.3
Paray +LO 3.7 79.0 100.0 100.0 100.0 100.0 100.0 0.02 2.1
Weaky+LO 49 32.7 87.7 97.5 98.1 99.4 99.4 0.27 44.9
Parag +LO 4.9 52.5 95.1 100.0 100.0 100.0 100.0 0.15 23.5

Table C.7. Quantitative results on Heritage of the IMC2023 dataset, which consists of 247 instances. Recalls in percentages, and
runtime and RANSAC iterations elapsed to process all data.

Method Recall (eg / €¢) T Time|  Iters)
0.1°/0.1% 0.1°/0.5% 0.5°/1.0% 1.0°/2.0% 2.0°/2.0% 3.0°/3.0% 5.0°/5.0% (min.) (x10)
Ding +LO 45.3 58.6 74.9 79.5 80.0 80.7 81.9 1.29 0.16
Weak,+LO 44.4 56.0 74.6 79.8 80.0 80.8 81.9 1.34 0.16
Para; +LO 44.4 571 75.0 79.6 80.2 81.0 81.9 1.33 0.16
Weaky+LO 46.5 53.2 73.1 76.2 77.0 78.4 79.5 1.36 0.15
Para; +LO 44.0 51.8 68.5 72.9 74.6 76.3 77.2 1.58 0.17

Table C.8. Quantitative results on Phototourism of the IMC2023 dataset, which consists of 5461 instances. Recalls in percentages,
and runtime and RANSAC iterations elapsed to process all data.

Method Recall (eg / €¢) T Time|  Iters)
0.1°/0.1% 0.1°/0.5% 0.5°/1.0% 1.0°/2.0% 2.0°/2.0% 3.0°/3.0% 5.0°/5.0% (min.) (x10)
Ding +LO 2.7 11.5 21.9 384 39.0 50.0 62.6 35.32 1.31
Weak,+LO 2.8 11.3 21.9 38.5 39.0 50.0 62.5 36.34 1.32
Para, +LO 2.8 11.3 22.0 38.2 38.8 49.8 62.6 36.08 1.32
Weaky+LO 1.9 9.1 20.7 37.6 38.3 49.1 60.9 40.90 1.77
Para; +LO 2.0 9.3 20.7 37.7 38.3 49.1 61.0 40.35 1.68

Table C.9. Quantitative results on Urban of the IMC2023 dataset, which consists of 27 instances. Recalls in percentages, and runtime and
RANSAC iterations elapsed to process all data.

Method Recall (eg / €¢) T Time|  Iters]
0.1°/0.1% 0.1°/0.5% 0.5°/1.0% 1.0°/2.0% 2.0°/2.0% 3.0°/3.0% 5.0°/5.0% (min.) (x10%)
Ding +LO 4.5 14.2 25.1 40.9 41.4 51.9 63.8 1.42 355
Weak,+LO 4.6 13.8 25.0 40.9 41.5 51.9 63.8 1.53 35.7
Para; +LO 4.6 13.9 25.1 40.7 41.2 51.7 63.8 1.43 35.7
Weaky+LO 3.6 11.1 23.5 39.8 40.5 50.7 62.0 2.08 39.1

Para; +LO 3.8 11.5 234 39.8 40.5 50.7 62.0 2.22 41.6
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