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Abstract

This paper addresses the Perspective-Three-Point (P3P)
problem under affine camera models. We derive direct
closed-form solvers for weak perspective and para perspec-
tive, which are representative affine camera models. The
affine P3P solution reduces to a bi-quadratic equation. Un-
like exact P3P solvers that require a cubic or quartic equa-
tion, it allows for the simple and stable calculation of real
solutions using the quadratic formula. Since affine approxi-
mations are valid only when scene depth variation is small,
we further propose an iterative correction that upgrades the
affine solution to the exact P3P solution. Through extensive
comparisons using synthetic data and public datasets, we
demonstrate that affine P3P solvers with two upgrade itera-
tions achieve performance substantially comparable to that
of the state-of-the-art P3P solver.

1. Introduction
The Perspective-three-Point (P3P) problem—the minimal
formulation for calibrated camera pose estimation from
three 2D-3D point correspondences—has been a classical
and fundamental topic for a wide range of vision tasks, in-
cluding Structure-from-Motion (SfM), Visual SLAM, and
robot navigation. The classical derivation treats the dis-
tances from the camera to the 3D points as unknowns, or-
ganizes the law of cosines between the points, and reduces
the problem to a quartic polynomial [16, 18]. In the early
days, singular value decomposition was further used to cal-
culate the camera pose after solving the quartic equation. Its
properties, such as at most four real solutions and degener-
acy conditions, are thoroughly investigated [15]. Later, di-
rect solvers without singular value decomposition have been
widely studied [24, 26, 33]. Furthermore, the P3P problem
has been reinterpreted as a problem of the intersection of
two conics [12, 36], which leads to formulations that com-
bine a cubic and a quadratic equations and improves nu-
merical stability and computational efficiency. Primary re-
search interests for P3P solvers, as a minimal solver within
RANSAC [10, 13], are numerical stability and speed.

Many derivatives and extensions build on the P3P prob-
lem. P4Pf considers unknown focal length of uncalibrated
cameras [6, 44], and P4Pfr/P5Pfr additionally handle un-
known radial distortions [7, 27, 32]. By exploiting affine-
or scale-invariant features, P1P [42] and P2P [43] reduce the
number of required correspondences to one or two points.
The PnP problem is the task for finding camera pose in the
least squares case (N > 3) [40, 45, 46]. In recent years,
learning-based PnP solvers have also been explored [3, 8].

Perspective projection is inherently non-linear, yet un-
der certain imaging conditions and scene geometries, affine
camera models can be more appropriate alternative. For
example, far-field imaging where scene depth variation is
small relative to the distance to the camera. Among affine
models, weak perspective and para perspective are repre-
sentative approximations. Alter [2] showed that the mo-
tion of weak perspective cameras can be derived from three
point correspondences as in the P3P problem. Ohta et
al. [35] proposed para perspective projection to enhance
affine camera approximation. Historically, affine assump-
tions underpinned classical frameworks in SfM, such as fac-
torization methods [37, 41]; however, as large-scale SfM
pipelines have been established [1, 38], research interests in
affine models decreased. For N > 3 case, several solvers
based on weak perspective were proposed [11, 17, 29, 34,
39], but as fully perspective PnP solvers matured, affine-
based methods have been less attention.

This paper revisits the P3P problem from the above
broader historical and practical perspectives. We reveal
a unified treatment of affine P3P: both weak and para
perspective share the same derivation—centroid shift and
nullspace parameterization—and collapse to a single bi-
quadratic equation. The only model-specific step is a simple
back-substitution to recover the camera motion. We further
propose a lightweight upgrade procedure that, starting from
an affine solution, reaches the exact P3P solution in a few it-
erations. This provides a smooth bridge between affine and
perspective solutions. Our focus is not to enter affine cam-
eras into P3P benchmark competitions, but to demonstrate
their value in simplifying geometric problems.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 1. Perspective and affine projection models. A 3D point
X is observed as m in the normalized image plane by perspective
projection (X—m). Weak perspective orthogonally projects X in
the reference plane on the centroid Xg , then scales it to mw in
the image plane (X · · ·mw). Para perspective projects X in the
direction parallel to

−−−→
OcXg on the reference plane, then scales it to

mp in the image (X- - -mp).

2. Perspective and affine projections
This section reviews the theory of perspective projection un-
der the pinhole camera model and its affine approximations,
namely weak perspective and para perspective. Through-
out the paper, cameras are assumed to be calibrated; in-
trinsic parameters such as focal length and lens distortions
are known. Thus, all image measurements are expressed
in the normalized image coordinates. Readers may refer
to [2, 5, 21, 22, 35] for details of affine projections.

2.1. Perspective
As illustrated in Fig. 1, let a 3D point Xi = [xi, yi, zi]

T be
observed as the image point mi = [ui, vi]

T by a pinhole
camera with rotation R = [r1, r2, r3]

T and translation t =
[tx, ty, tz]

T. The projective equation is given byui

vi
1

 =
1

zci

rT1rT2
rT3

Xi +

txty
tz


↔
[
mi

1

]
=

1

zci
(RXi + t)

(1)

where zci denotes the depth of Xi measured from the optical
center, i.e.,

zci = rT3Xi + tz. (2)

Equation (1) can be rewritten in an inhomogeneous form:

mi =
1

zci

[
rT1Xi + tx
rT2Xi + ty

]
. (3)

Since zci varies across each 3D point, perspective projection
is a non-linear mapping due to the division by zci .

2.2. Weak perspective
Affine camera models remove the non-linearity of perspec-
tive projection. Among them, weak perspective is the
zeroth-order approximation [2, 21, 22] and also known as
scaled-orthographic.

Weak perspective first orthographically projects Xi onto
a reference plane that is parallel to the image plane and
passes through the object centroid Xg , and then projects
it onto the image plane (See the dotted line X · · ·mw in
Fig. 1). Let z0 be the distance from the optical center to the
reference plane. The two-step mapping can be written by

mw
i =

1

z0

[
rT1Xi + tx
rT2Xi + ty

]
. (4)

Weak perspective approximates the depth of every 3D point
by a constant zci ≈ z0, regardless of the true depth zci .

2.3. Para perspective
Para perspective, first developed by Ohta et al. [35], is a
more accurate affine camera model that is a first-order ap-
proximation to perspective projection [5, 21]. Unlike weak
perspective, it first projects 3D points onto the reference
plane along the direction parallel to the line through the op-
tical center and the object centroid Xg (See the dashed line
X- - -mp in Fig. 1).

Let us define x0 = (rT1Xg + tx)/z0 and y0 = (rT2Xg +
ty)/z0. The para perspective can be mapped by

mp
i =

1

z0

[
(r1 − x0r3)

TXi + tx
(r2 − y0r3)

TXi + ty

]
(5)

As in weak perspective, the object depth is approximated by
a constant zci ≈ z0, but the correction terms involving r3 of
the rotation matrix R improve the approximation accuracy.

2.4. Properties of affine projections
Due to the constant depth assumption, neither weak nor para
perspective projection produces vanishing points: parallel
lines in 3D space remain parallel in 2D images. This as-
sumption holds when the depth deviation ∆z = |zci − z0|
is sufficiently small relative to z0. Since the affine projec-
tions keep linearity, the projection of the object centroid Xg

coincides with the centroid of the image points mg , i.e.,
(x0, y0) = (ug, vg).

The affine approximation is most accurate when Xg lies
on the optical axis, and the projection errors, ∥m−mw∥
and ∥m−mp∥, increase as X and Xg move away from
the optical axis. In other words, even for 3D points at the
same depth, the projection error grows with distance from
the optical center, or close to the image boundary.

12218



3. Affine perspective-three-point problem
This section presents direct minimal solvers for the affine
P3P problem under weak perspective and para perspective.
In addition, it describes an iterative refinement that employs
the affine P3P solution as an initial guess and enforces the
perspective projection constraint. The complete algorithm
is summarized in the supplementary material.

3.1. Weak perspective
As described in Sec. 2.4, since the projection of the object
centroid Xg = 1

3

∑
Xi coincides with the image point cen-

troid mg = 1
3

∑
mi, the translation t can be canceled by

subtracting their centroid from the points: m̂w
i = mw

i −mg

and X̂i = Xi −Xg . The centroid shifting also moves the
world origin to the object centroid, where the new transla-
tion becomes z0[ug, vg, 1]

T that is equivalent to t+ RXg in
the original world coordinates.

Define p = 1
z0
r1 and q = 1

z0
r2. From Eq. (4), we can

obtain [
m̂w

1 m̂w
2

]
=

[
pT

qT

] [
X̂1 X̂2

]
. (6)

Note that m̂3 and X3 are excluded due to the linearity.
Since the left-hand side matrix is 2× 2, we obtain[

1 0

0 1

]
=

[
pT

qT

] [
a1 a2

]
, (7)

where [
a1 a2

]
=
[
X̂1 X̂2

] [
m̂w

1 m̂w
2

]−1
. (8)

Equation (7) shows the following four constraints with re-
spect to p and q:

pTa1 = 1, pTa2 = 0,

qTa1 = 0, qTa2 = 1.
(9)

We can rewrite Eq. (9) in a matrix form as[
aT1 −1
aT2 0

] [
p
1

]
=

[
0
0

]
,

[
aT1 0
aT2 −1

] [
q
1

]
=

[
0
0

]
. (10)

The unknown vectors, [pT, 1]T and [qT, 1]T, can be param-
eterized by a linear combination of the nullspace of the co-
efficient matrices, i.e.,[

p
1

]
= αn1 + γn2,

[
q
1

]
= βn1 + δn3, (11)

where ni represents the nullspace vector, and α, β, γ, δ are
unknown coefficients. The two 2 × 4 coefficient matrices
in Eq. (10) have the same first 2 × 3 components, differing
only in their fourth column. Therefore, Eq. (11) share the

same nullspace vector n1. Letting aij be the j-th element of
ai, we can manually derive the nullspace vectors ni by

n1 =


a21a32 − a31a22
a31a12 − a11a32
a11a22 − a21a12

0

 ,

n2 =


a22
−a12
0

a11a22 − a12a21

 , n3 =


−a21
a11
0

a11a22 − a12a21

 .

(12)
To ensure {n1,n2} and {n1,n3} to be orthogonal, we ap-
ply the Gram-Schmidt orthogonalization:

n1 ← n1/ ∥n1∥ ,
n2 ← n2 − (nT

1n2)n1, n3 ← n3 − (nT
1n3)n1.

(13)

The last element of n1 is n41 = 0, and Eq. (11) shows
that the fourth element of the two unknown vectors is one.
Therefore, we normalize n2 and n3 by

n2 ← n2/n24, n3 ← n3/n34. (14)

As a result, we can determine γ = δ = 1 and rewrite
Eq. (11) by[

p
1

]
= αn1 + n2 = α

[
v1

0

]
+

[
v2

1

]
,[

q
1

]
= βn1 + n3 = β

[
v1

0

]
+

[
v3

1

]
.

(15)

Note that the null-vectors are orthogonal but not orthonor-
mal: vT

1v2 = vT
1v3 = 0, ∥v1∥ = 1, ∥v2∥ ≠ ∥v3∥ ≠ 1.

Now, we consider how to find the two unknown variables
α and β. Using the rotation matrix constraints RTR = I, we
can obtain the following two polynomials in α and β:

pTq =


1

z20
rT1 r2 = 0

(αv1 + v2)
T(βv1 + v3) = αβ + vT

2v3

→ αβ + vT
2v3 = 0, (16)

∥p∥2 − ∥q∥2 =
1

z20

(
∥r1∥2 − ∥r2∥2

)
= 0

∥αv1 + v2∥2 − ∥βv1 + v3∥2

= α2 − β2 + ∥v2∥2 − ∥v3∥2

→ α2 − β2 + ∥v2∥2 − ∥v3∥2 = 0. (17)

From Eq. (16), we have

β = −vT
2v3

α
. (18)
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Plugging this into Eq. (17) results in a bi-quadratic (fourth-
degree) equation in α, i.e.,

α4 +
(
∥v2∥2 − ∥v3∥2

)
α2 −

(
vT
2v3

)2
= 0. (19)

Bi-quadratic equations have at most four real solutions
that can be solved by using the quadratic formula. Complex
number calculations are avoidable by simply checking the
sign of the discriminant, allowing us to compute real solu-
tions very easily and stably. Once the real solution(s) for α
is obtained, substituting α into Eq. (18) yields β.

Finally, we can recover the rotation matrix R =
[r1, r2, r3]

T by

r1 =
1

∥αv1 + v2∥
(αv1 + v2),

r2 =
1

∥βv1 + v3∥
(βv1 + v3),

r3 = r1 × r2,

(20)

the depth to the reference plane by

z0 =
rT1a1 + rT2a2

2
, (21)

and the translation vector by

t = z0

[
mg

1

]
− RXg. (22)

3.2. Para perspective
In the para perspective case, the procedure is actually identi-
cal to the weak perspective case up to the computation of the
nullspace vector. Specifically, subtract the centroids from
the image points and corresponding 3D points, respectively,
i.e., m̂p

i = mp
i −mg , X̂i = Xi −Xg , and define

p =
1

z0
(r1 − x0r3) , q =

1

z0
(r2 − y0r3) , (23)

which yields[
m̂p

1 m̂p
2

]
=

[
pT

qT

] [
X̂1 X̂2

]
. (24)

Repeating the steps from Eq. (7) through Eq. (15) then pro-
duces the three nullspace vectors {n1,n2,n3} in the same
manner as in the weak perspective case.

The approach for computing α and β differs from the
weak perspective case. For the vectors p and q, we can
construct the following three equations:

∥p∥2 =


∥r1 − x0r3∥2

z20
=

1 + x2
0

z20

∥αv1 + v2∥2 = α2 + ∥v2∥2

→ 1

z20
=
∥v2∥2 + α2

1 + x2
0

, (25)

∥q∥2 =


∥r2 − y0r3∥2

z20
=

1 + y20
z20

∥βv1 + v3∥2 = β2 + ∥v3∥2

→ 1

z20
=
∥v3∥2 + β2

1 + y20
, (26)

pTq =


(r1 − x0r3)

T(r2 − y0r3)

z20
=

x0y0
z20

(αv1 + v2)
T(βv1 + v3) = αβ + vT

2v3

→ 1

z20
=

αβ + vT
2v3

x0y0
. (27)

Note that (x0, y0) = (ug, vg). We eliminate z20 by selecting
two equation pairs such as Eqs. (25) and (27) and Eqs. (25)
and (26), then obtain two polynomials in α and β, i.e.,

(x0y0) ∥p∥2−(1 + x2
0)p

Tq

= k1α
2 + k2αβ + k3 = 0, (28)

(1 + y20) ∥p∥
2−(1 + x2

0) ∥q∥
2

= k4α
2 + k5β

2 + k6 = 0, (29)

where

k1 = −x0y0,

k2 = x2
0 + 1,

k3 = vT
2v3(x

2
0 + 1)− ∥v2∥2 x0y0,

k4 = y20 + 1,

k5 = −(x2
0 + 1),

k6 = ∥v2∥2 (y20 + 1)− ∥v3∥2 (x2
0 + 1).

(30)

From Eq. (28), we have

β = −k1α
2 + k3
k2α

. (31)

Now we can obtain a bi-quadratic equation in α by substi-
tuting Eq. (31) into Eq. (29):(
k21k5 + k22k4

)
α4 +

(
2k1k3k5 + k22k6

)
α2 + k23k5 = 0.

(32)
As in the weak perspective case, the real solution(s) of α
is obtainable by using the quadratic formula, and β is also
determined by Eq. (31).

Once we obtained α and β, we can calculate p = αv1 +
v2 and q = αv1 + v3. To recover the motion parameters,
we first find the constant depth

z0 =
1

2

(√
1 + x2

0

∥p∥
+

√
1 + y20
∥q∥

)
, (33)
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for which we utilized Eqs. (25) and (26).
Then, we determine the rotation matrix R. By rearrang-

ing Eq. (23), we obtain

r1 = z0p+ x0r3, r2 = z0q+ y0r3. (34)

Due to the constraint r3 = r1 × r2, we have

r3 = r1 × r2

= (z0p+ x0r3)× (z0q+ y0r3)

= z20 (p× q) + y0z0 (p× r3)− x0z0 (q× r3) .

(35)

Thus, we can derive r3 by

r3 = z20 (I− y0z0[p]× + x0z0[q]×)
−1

(p× q) , (36)

where [p]× denotes a 3 × 3 skew symmetric matrix repre-
senting the vector cross product such that x × y = [x]×y.
By substituting r3 into Eq. (34), we obtain r1 and r2. Fi-
nally, we can determine t by Eq. (22) as in the weak per-
spective case.

3.3. From affine to perspective
The rotation matrix R and translation vector t calculated in
Secs. 3.1 and 3.2 are based on an affine camera model; con-
sequently, applying them to standard perspective cameras
may yield low accuracy. To address this issue, we upgrade
the affine P3P solution to the exact P3P solution. We adopt a
P3P formulation by Ke et al. [24] and optimize the rotation
matrix R so that the constraints are satisfied.

We first outline Ke et al. ’s formulation. From Eq. (1),
using two pairs of 2D–3D correspondences we can elimi-
nate the translation vector as follows

zci

[
mi

1

]
− zcj

[
mj

1

]
= R (Xi −Xj) . (37)

We remove the depths zci , z
c
j by taking the vector cross

product of the image points:([
mi

1

]
×
[
mj

1

])T
R (Xi −Xj) = cTij Rdij = 0. (38)

Accordingly, starting from the rotation obtained by the
weak/para P3P solver, we refine it so as to satisfy Eq. (38).

We apply Newton’s method on the Lie algebra with a
small-angle approximation [23]. Approximating the incre-
mental rotation as ∆R ≈ I + [∆r]×, where ∆r is a 3 × 1
rotation vector, the constraint equation becomes

cTij (I+ [∆r]×) Rdij = 0. (39)

We can obtain the increment ∆r by solving the resulting
linear system

(c12 × Rd12)
T

(c23 × Rd23)
T

(c31 × Rd31)
T

∆r =


cT12 Rd12

cT23 Rd23

cT31 Rd31

 . (40)

The exact incremental rotation is computed by the
exponential-mapping or Rodrigues’ formula:

∆R = exp([∆r]×)

= I+ sin θ

[
∆r

θ

]
×
+ (1− cos θ)

[
∆r

θ

]2
×
,

(41)

where θ = ∥∆r∥. Then, we upgrade the rotation via

R← ∆R R. (42)

Iterating from Eq. (39) to Eq. (42) until sufficiently small
∆r, we can calculate the rotation matrix R that coincides
with the solution to the exact P3P problem.

After obtained R, from Eq. (1), eliminating the depth via
the vector cross product leads to a linear system in t:[

[m1]×
[m2]×

]
t = −

[
[m1]×RX1

[m2]×RX2

]
. (43)

We can obtain t by solving the above linear equations.
There are two advantages to using the above iterative

scheme. First, the per-iteration computational cost for solv-
ing the linear system is low compared to a joint optimiza-
tion of both rotation and translation. Minimization over
[∆r, t] ∈ R6 is a commonly used approach for camera
pose tracking in Visual SLAM [25, 31]. However, the lin-
ear system is of size 6 × 6 whereas Eq. (40) is at most
3×3. Second, a valid rotation is guaranteed at any iteration.
In distance-based P3P formulations that minimize pairwise
distances [12, 14, 33, 36], the distant constraints need to
be exactly zero to obtain a valid rotation, which prevents
early termination of the refinement. In contrast, our upgrade
scheme ensures that the rotation remains on SO(3) even if
the optimization stops at any iterations.

4. Experiments
This section reports evaluation experiments conducted us-
ing both synthetic and real-image datasets. The primary ob-
jective is to investigate how closely the performance of the
affine solvers approach that of exact P3P solvers. Accord-
ingly, we compared variants of our proposed methods only
with the Ding method [12], which is the current state-of-the-
art and outperforms other solvers such as [24, 26, 33, 36].

Specifically, we evaluated the weak P3P solver described
in Sec. 3.1, the para P3P solver in Sec. 3.2, and their variants
incorporating the upgrade procedure detailed in Sec. 3.3.
We indicate the number of upgrade iterations by a sub-
script in the method name: for instance, Weak0 refers to
the vanilla weak P3P solver without any upgrade, and Para2
denotes the para P3P solver with two upgrade iterations.

We also integrated each solver with the vanilla
RANSAC [13] and LO-RANSAC [10]. To focus on a fair
comparison with the Ding method, we did not employ more
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recent RANSAC variants such as GC-RANSAC [4]. The
reprojection error threshold was set to 3 pixels, and we con-
figured RANSAC to achieve a success probability of 0.995.
EPnP [28] implemented in OpenCV was adopted as the lo-
cal optimizer. After convergence, we applied the reprojec-
tion error minimization by Levenberg-Marquardt method,
specifically OpenCV’s solvePnP with ITERATIVE option,
to the predicted inliers to further refine the camera pose es-
timation. The initial maximum number of iterations was
adjusted depending on the type of experiment, and we up-
dated the iteration upper-bound every time more inliers are
found. To draw same samples in different minimal solvers,
we fixed the random seed for each trial.

We calculated the rotation errors by the rotation an-
gle ϵR = acos((trace(RTgtRest) − 1)/2) [degrees] and
the translation errors by the relative L2 distance ϵt =
min(∥tgt − test∥ / ∥tgt∥ , 1.0)× 100 [%].

All experiments were implemented in MATLAB. For the
Ding method, we ported the official C++ code1 to MAT-
LAB. Evaluations were conducted on a PC equipped with
an Intel Core i7-13700 processor.

4.1. Synthetic data evaluation
We generated simulation data as follows. The camera was
configured with a 1024×1024 resolution, principal point at
(512, 512), and a 45◦ field of view (approximately a 1236-
pixel focal length). We sampled N random image points
in pixel coordinates and normalized them using the inverse
intrinsics to obtain mi = (ui, vi) in the normalized im-
age plane. Next, we drew a random camera-frame depth zci
and formed 3D point Xi = zci [ui, vi, 1]

T, establishing N
2D–3D correspondences {mi ↔ Xi | i ∈ {1, . . . , N}}.
Finally, we sampled a random camera pose, R and t, and
applied the rigid transformation Xi ← RT(Xi − t).

4.1.1. Depth deviation sensitivity
We first investigated the sensitivity of the proposed affine
P3P solvers to depth variation. When generating N = 3
correspondences, we set the depths as zc1 = z0, zc2 =
(1 + ∆z/z0)z0, and zc3 = (1 − ∆z/z0)z0, and then re-
projected onto the normalized image plane to obtain the 2D
measurements m1,2,3. No image noise was added.

Figure 2 shows the median rotation, translation, and re-
projection errors over 106 independent trials for each ∆z,
with 0 ≤ |∆z/z0| ≤ 0.5. Ding’s solver produced zero er-
rors irrespective of depth variation because it solves P3P
problem exactly. The vanilla affine solvers, Weak0 and
Para0, are sensitive to depth variation; Para0 is slightly more
accurate than Weak0 due to its higher approximation, but
both are fragile. In contrast, the iterative upgrade dramati-
cally improves accuracy. Two correction steps (Weak2 and

1https : / / github . com / yaqding / P3P / blob / main /
matlab/solver_p3p.cpp

Figure 2. Sensitivity against depth deviation. Median values over
106 independent trials for each depth. Weak2 and Para2 almost
overlap with Ding.

Figure 3. Robustness against image noise. Median values over 106

independent trials for each noise level. Weak2 and Para2 almost
overlap with Ding.

Para2) converged to an exact solution on par with Ding.
We observed similar results for 2D points near the image
boundary, which are shown in the supplementary materials.

4.1.2. Image noise robustness
We next evaluated robustness to image noise. To remove the
influence of depth variation, we fixed the depth of all three
3D points to zci = z0, i.e., ∆z = 0 for all 3D points. We
then added zero-mean Gaussian noise with standard devia-
tion σ to the image measurements in pixels.

Figure 3 reports the median rotation, translation, and re-
projection errors over 106 independent trials for each σ,
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varying 0 ≤ σ ≤ 5 pixels. Even without depth varia-
tion, Weak0 and Para0 are vulnerable to image noise. As in
the depth sensitivity test, the upgrade procedure is effective:
even starting from affine’s low-accuracy initialization, two
upgrade steps achieves performance comparable to Ding.

4.1.3. Computational time
With the noise robustness test, we concurrently measured
runtime of the solvers: 50.1 µ sec by Ding, 40.3 µ sec by
Weak0, 44.2 µ sec by Weak1, 45.5 µ sec by Weak2, 42.0
µ sec by Para0, 46.7 µ sec by Para1, 48.1 µ sec by Para2. The
proposed affine P3P solvers are more efficient than Ding
because they rely solely on bi-quadratic equations. With
one upgrade step Weak1 and Para1 are approximately 10%
faster than Ding; with two steps Weak2 and Para2 are still
approximately 4% faster.

4.1.4. RANSAC scenario
We evaluated each solver as a minimal solver within
RANSAC when correspondences are contaminated by out-
liers. We considered two depth-variations: small varia-
tion with |∆z/z0| ≤ 0.1 and large variation with −0.5 ≤
∆z/z0 ≤ 1.0. We generated N = 1000 correspondences
and replaced a portion of them with random outliers, vary-
ing the outlier ratio from 0.1 to 0.8. We added Gaussian
image noise with σ = 1 pixel to the inlier 2D points. Given
the success probability of 0.995 and a minimal sample size
of 3, the theoretical maximum number of iterations at 80%
outliers is log(1− 0.995)/ log(1− 0.23) ≈ 660; in the ex-
periment we set 1000 iterations as the upper-bound.

For each outlier ratio, we ran 1000 independent trials and
evaluated RANSAC and LO-RANSAC instantiated with
the proposed solvers and with Ding. Figure 4 summa-
rizes the results of median values. The affine approxima-
tion held reasonably well for small depth deviations, where
both Weak0 and Para0 converge even with noticeable esti-
mation errors. Under large depth variation, their conver-
gence rate drops sharply as the outlier ratio increases. Their
average runtime seems decreasing as the outlier ratio grew;
this does not indicate speedup—it simply reflected more
frequent failures to converge, which in turn avoids the cost
of the final Levenberg-Marquardt refinement. Consistent
with Secs. 4.1.1 and 4.1.2, two upgrade steps (Weak2 and
Para2) delivered performance indistinguishable from Ding.

4.2. Real data evaluation
We report experimental evaluations on public real-image
datasets shown in Fig. 5. The synthetic results in Sec. 4.1
suggested that the vanilla affine P3P solvers (Weak0 and
Para0) are not accurate enough in some situations, but can
still be useful within LO-RANSAC when depth deviations
are small. They also showed that the upgraded variants
(Weak2 and Para2) reaches the accuracy of the Ding’s solver
irrespective of depth variation. Based on these findings, in

Figure 4. RANSAC simulation. Median over 103 trials for each
outlier ratio. Weak2 and Para2 almost overlap with Ding.

this experiment, we instantiated LO-RANSAC with Weak0,
Para0, Weak2, Para2, and Ding, and compared them on the
real datasets. We set the inlier threshold to 3 pixels and
limited the maximum number of LO-RANSAC iterations at
2000. To ensure fair random sampling, we used the same
random seed across different solvers for the same input.

4.2.1. 6D object pose estimation
We first evaluated under small depth deviation. The EPOS
dataset [20, 30] is a subset of the BOP Challenge 2019
for 6D object pose estimation [19], comprising three se-
quences: T-LESS, YCB-V, and LM-O. As shown in the first
column of Fig. 5, a single image contains multiple objects,
and for each object the 2D points concentrate in a portion
of the image. For each object in a image, the dataset pro-
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Figure 5. Real image dataset. Left: the EPOS dataset [20, 30].
Middle and Right: the IMC2023 dataset [9].

vides 2D–3D correspondences that include outliers as well
as the ground-truth 6D pose of the object. The total number
of instances is approximately 6,600.

Table 1 reports the recall value (the fraction of instances
whose error is below threshold) together with the total num-
ber of iterations and the total processing time elapsed by
LO-RANSAC to process all instances. Consistent with the
synthetic data experiments, Weak2 and Para2 exhibit nearly
identical accuracy to Ding, with no clear difference in pro-
cessing time and total iterations. Since object depths are
relatively small with respect to the distance from the cam-
era, Weak0 and Para0 perform better than in the synthetic
evaluations. Para0 shows slightly higher recall than Weak0,
which empirically supports its theoretically higher approx-
imation. Per-sequence results and recall w.r.t. runtime are
provided in the supplementary material.

4.2.2. Camera localization
We next evaluated under large depth deviation using the
IMC 2023 dataset [9], which is an outdoor image dataset
for Structure-from-Motion benchmarking. It consists of
four categories (Haiper, Heritage, Phototourism, Urban)
and contains roughly 5,800 images in total. As shown in
the second and third columns of Fig. 5, scenes span a wide
range of distances from near to far. Unlike EPOS, 2D points
are distributed across the entire image. not in a small region.

Each image sequence stores 2D-3D point correspon-
dences and the camera motion, which were reconstructed
by COLMAP [38]. Additionally, each sequence contains
outlier 2D points, which were detected but not successfully
associated with any 3D point. To simulate outlier 2D-3D
pairs in an image, we synthesized outlier 3D points sam-
pled from a normal distribution whose mean and standard
deviation were calculated from the inlier 3D points visible
in the image.

Table 2 summarizes the recall values, the total number of
LO-RANSAC iterations, and total runtime. As in the pre-

Table 1. Quantitative results on the EPOS dataset. Recalls in per-
centages, and runtime and RANSAC iterations elapsed to process
all data.

Method Recall (ϵR / ϵt) ↑ Time↓ Iters↓
2◦/2% 3◦/3% 5◦/5% (min.) (×106)

Ding +LO 8.3 19.3 36.8 14.1 2.32
Weak2+LO 8.4 19.3 37.1 14.6 2.32
Para2 +LO 8.5 19.3 37.1 14.7 2.32
Weak0+LO 7.7 17.7 36.5 11.9 2.41
Para0 +LO 7.9 18.9 37.0 13.4 2.33

Table 2. Quantitative results on the IMC2023 dataset. Recalls
in percentages, and runtime and RANSAC iterations elapsed to
process all data.

Method Recall (ϵR / ϵt) ↑ Time↓ Iters↓
0.5◦/1% 1◦/2% 3◦/3% (min.) (×106)

Ding +LO 25.1 40.9 51.9 38.0 1.51
Weak2+LO 25.0 40.9 51.9 39.2 1.52
Para2 +LO 25.1 40.7 51.7 38.9 1.52
Weak0+LO 23.5 39.8 50.7 44.6 2.00
Para0 +LO 23.4 39.8 50.7 44.3 1.91

vious experiments in Secs. 4.1 and 4.2.1, Weak2 and Para2
demonstrate comparable performance to Ding. Since many
sequences have substantial depth variation, both Weak0 and
Para0 are inferior to Ding. In such cases, the difference in
approximation accuracy between Weak0 and Para0 does not
appear to produce a practical difference. Results by cate-
gory and frequency of the real solutions are shown in the
supplementary material.

5. Conclusions

We have derived direct P3P solutions to the weak perspec-
tive and para perspective camera models and have evaluated
their practicality through extensive experiments. Since the
affine camera models are merely an approximation to per-
spective projection, we have shown that the vanilla affine
P3P solvers are useful, limited to scenes with small depth
deviation. Yet, starting with the affine approximations and
performing a few upgrade iterations yields accuracy equiv-
alent to the SOTA exact P3P solver. Our findings sug-
gest that, beyond revisiting the P3P problem, more complex
camera-geometry problems—P4Pfr, P1P, multi-view geom-
etry etc.—may also be approached effectively by leverag-
ing affine cameras. Although not addressed due to the
lack of public datasets, evaluations of our solvers to super-
zoom/telecentric cameras is raised as future work.
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