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8. Additional Details on Real Data Results
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Figure 6. Runtime versus pose accuracy results for the Sacré-
Ceeur scene in the PhotoTourism [27] validation set. Top row
shows all methods, bottom row zooms in on top perform-
ers. All methods use the PoseLib LO-RANSAC [30] im-
plementation, with the number of RANSAC iterations in the
set {10, 20, 50, 100, 200, 500, 1000, 2000, 5000, 10000} and
a 1-pixel epipolar threshold. Combined relative pose error is
calculated as max (0w, 6¢). Results at 1000 RANSAC itera-
tions are highlighted with larger markers, with stars for meth-
ods without ENM and X markers for methods with ENM.

We show the Sacré-Coeur scene results from the Pho-
toTourism validation set in Figure 6, where most meth-
ods perform best. Table 2 additionally reports results for
each PhotoTourism scene separately. These results show
that V-Umlaut can provide comparable performance
to top methods without using ENM when a scene is gen-
erally easier for all methods. Although V-Umlaut
shows a larger performance drop in more challeng-
ing scenes, its runtime advantage is preserved across
all scenes, leaving room for improvement through in-
creased RANSAC iterations or by using ENM.

9. Details of Derivation

In Figure 7, we provide code for the computer algebra
system Macaulay2 [18] that can be used to derive the
equations of the rational map Feooas = P (s, x,y) dis-
cussed in Section 3. The formulas for these rational ex-
pressions are rather long, but still compact enough to
easily cut-and-paste them into our C++ implementation
of Solver 3.1.

For the coefficients in equation (18), we find from the

FF = frac(QQ[x_1..x_3,y_1..y_3,
]

3

s_(1,1)..8_(2,2)1);

R =FF[f_(2,1),f_(3,1),f_(1,2),
f_(1,3),f_(2,3)1;

F = matrix({
{0, f_(1,2), £_(1,3)},
{f_(2,1), 0, £_(2,3)1},
{f_(3,1), 1, O }

}i
I = id_(R"3);
xs = apply (3, 1 -—> I_{i});

Xxs = xS | {sum xs}
ysS = Xs;
comb = (pts, i, Jj, c) —>

cxpts#i + (l-c) * pts#7;
xs = xs | |
comb(xs,0,1,s_(1,1)),
comb (xs,0,2,s_(1,2)),
matrix{{x_1},{x_2},{x_3}}};
ys = ys | |
comb(ys,0,1,s_(2,1)),
comb(ys,0,2,s_(2,2)),
matrix{{y_1},{y_2},{y_3}}};
Ilin = ideal apply(xs, ys, (x,y) —>
transpose y * F % x);
netList Ilin_ =«
eqgd = (Ilin_=)#4;
eg5 = (Ilin_=«)#5;
factor ((det F)%(ideal (eg4, egb)))
cls = s_(1,1)*s_(2,2)%*
(1-s_(1,2))*(1-s_(2,1))
s_(1,2)*s_(2,1)+*
(1-s_(1,1))*(1l-s5_(2,2))
I = Ilin + ideal(cls*xf_(2,3)+c2s)
netlList apply(gens R, g —-> g => g%I)

c2s

Figure 7. Macaulay?2 code.

output of the factor command in Figure 7 that

c1(s) = s11522(1 — s12)(1 — s21), (23)
ca(s) = s12521(1 — s11) (1 — s22). 24)

The operator % used in this code is the remainder af-
ter polynomial division modulo an ideal, which is com-
puted using Grobner bases [11]. The final line in this
code prints the coordinate functions of the rational map
D (s, x,y), giving each entry of Foqs in terms of input
data.



Median Pose Error (°) Mean Runtime (ms)

w/o ENM
Scene | SpE 4pE(M) 7pF  SpF-V-Umlaut | SpE  4pE(M) 7pF SpF-V-Umlaut
Brandenburg Gate 1.33 1.36 6.86 5.36 19.97 19.38 6.26 2.68
Buckingham Palace 1.43 1.51 4.00 5.31 23.53 22.70 7.45 3.03
Colosseum Exterior 1.13 1.13 4.29 3.64 27.94 26.20 8.74 3.92
Grand-Place Brussels 1.89 1.96 7.81 18.80 29.90 28.37 10.63 3.93
Notre-Dame Front Facade 1.42 1.42 8.89 3.00 27.48 25.67 8.43 3.94
Palace of Westminster 1.12 1.17 20.46 8.05 18.59 17.77 5.90 2.68
Pantheon Exterior 1.43 1.53 6.14 8.28 20.19 19.63 6.94 2.82
Reichstag 1.31 1.30 2.90 3.04 35.70 34.79 11.11 4.51
Sacré-Coeur 0.52 0.52 4.24 1.17 19.35 17.85 6.37 3.17
St. Peter’s Square 1.71 1.85 7.28 7.19 24.71 24.05 7.87 343
Taj Mahal 0.69 0.72 5.84 2.97 22.49 22.19 7.23 3.49
Temple Nara Japan 1.05 1.09 3.40 2.10 30.17 29.64 10.10 4.88
Trevi Fountain 1.57 1.65 3.82 4.93 20.89 19.40 7.87 3.25
Overall | 126 131 553 4.26 | 24.68 2366  8.07 3.52
w/ ENM
Scene 5pE  4pE (M) 7pF 5pF-V-Umlaut iqp/FfFvafsUtmlEaNL;/[t SpE  4pE(M) 7pF  5pF-V-Umlaut 55/F7Fvaftml§;4t
Brandenburg Gate 1.33 1.33 1.34 1.32 1.33 96.56 91.58 50.76 34.99 28.96
Buckingham Palace 1.44 1.42 1.42 1.42 1.41 113.20 106.07  61.56 42.09 34.99
Colosseum Exterior 1.11 1.11 1.11 1.11 1.11 131.04 118.17  69.50 50.29 40.73
Grand-Place Brussels 1.88 1.87 1.88 1.87 1.90 145.21 132.74  75.90 53.27 43.20
Notre-Dame Front Facade 1.40 1.42 1.42 1.41 1.41 128.61 116.27 6591 49.58 39.15
Palace of Westminster 1.12 1.14 1.13 1.14 1.14 85.18 78.80 4727 31.86 26.94
Pantheon Exterior 1.43 1.44 1.42 1.42 1.46 94.91 89.97 53.23 35.68 30.14
Reichstag 1.31 1.31 1.32 1.30 1.32 172.78 164.01 85.98 66.29 54.45
Sacré-Coeur 0.52 0.51 0.51 0.52 0.52 87.81 7742 46.96 33.18 27.55
St. Peter’s Square 1.69 1.71 1.70 1.70 1.72 119.32  112.80 61.95 44.94 36.98
Taj Mahal 0.70 0.70 0.69 0.70 0.71 108.73 105.41 54.40 40.53 33.62
Temple Nara Japan 1.08 1.08 1.07 1.07 1.07 141.87 13595  73.38 56.16 47.33
Trevi Fountain 1.58 1.56 1.55 1.58 1.60 85.05 76.31 51.93 34.75 28.80
Overall | 126 1.26 1.26 125 1.26 | 11617 10811  61.44 4.12 36.37

Table 2. PhotoTourism [27] all 13 scenes from the training and validation sets. Per-scene results shown here are aggregated in
Figure 5 and Table 1. Median combined pose error is computed as max (0w, 6¢), and runtime in ms is averaged over all pairs.
RANSAC iteration count is fixed at 1000.
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