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Abstract— This work introduces a novel method for surface
normal estimation from rectified stereo image pairs, leveraging
affine transformations derived from disparity values to achieve
fast and accurate results. We demonstrate how the rectification
of stereo image pairs simplifies the process of surface normal
estimation by reducing computational complexity. To address
noise reduction, we develop a custom algorithm inspired by
convolutional operations, tailored to process disparity data
efficiently. We also introduce adaptive heuristic techniques
for efficiently detecting connected surface components within
the images, further improving the robustness of the method.
By integrating these methods, we construct a surface normal
estimator that is both fast and accurate, producing a dense,
oriented point cloud as the final output. Our method is
validated using both simulated environments and real-world
stereo images from the Middlebury' and Cityscapes datasets,
demonstrating significant improvements in real-time perfor-
mance and accuracy when implemented on a GPU. The source
code is available at https://github.com/mrafifaisal/
Surface-Normal-Estimation/.

I. INTRODUCTION

Obtaining oriented point clouds is a crucial challenge in
both computer vision and robotics, with numerous real-world
applications exploiting the advantages of the additional infor-
mation they offer. These applications encompass tasks such
as 3D reconstruction [1] or simultaneous localization and
mapping [2] (SLAM), where the orientation of 3D surface
points offers valuable insights into the underlying structure.
See figure 1 for an example. Image-based visual localization
methods [3] can also leverage knowledge of surface nor-
mals. In the context of autonomous vehicles, understanding
surface orientation can enhance tasks like ground or facade
segmentation within visual odometry [4]. Furthermore, the
use of oriented point clouds greatly simplifies geometric
model and multi-model estimation [5], [6] by enabling the
development of solvers that require fewer data points than
their point-based counterparts. Additionally, surface normals
play a significant role in the numerical refinement of the
reconstructed oriented 3D point cloud [7].

Nowadays, 3D reconstruction pipelines usually serve the
result as 3D point clouds, and the surface orientation is com-
puted from spatial points. This paper principally addresses
the rapid and accurate estimation of surface normals based
on affine correspondences.

*The author gratefully acknowledges the financial support provided by
Robert Bosch Group through their scholarship program.

Fig. 1: Estimated surface normals in a vehicle-mounted
camera image from the Cityscapes dataset [8]. Normals for
the road are vertical, aiding segmentation from other objects.

A. Surface Normal Estimation

There are several different techniques to estimate surface
normals from stereo images, they are overviewed here.
Surface normal from point clouds: Upon applying state-of-
the-art sparse [9] or dense [10] reconstruction pipelines, the
resultant point cloud can be readily endowed with point ori-
entations. In this scenario, it is common practice to estimate
normals on a per-point basis, employing the widely accepted
Principal Component Analysis (PCA) [11] to deduce tan-
gent planes from the immediate local vicinity surrounding
each point. Nan Ming et al. [12] propose minimizing the
depth Laplacian through a dynamic programming approach.
Higher-order surfaces [13] can also be reconstructed from
point clouds. Nevertheless, this approach has two significant
drawbacks. First, the choice of neighborhood size signifi-
cantly impacts accuracy and is often uncertain in the absence
of a metric reconstruction. Alternatively, using the k-nearest-
neighbors algorithm to determine local neighborhoods is a
feasible solution, but the estimation is heavily influenced
by the sparsity of the point cloud. Second, independently
fitting local surfaces to the neighborhood of each 3D point
in the reconstruction is an exceedingly resource-intensive
operation.

From affine transformations: Recently, the mainstream point-
based reconstruction systems have been extended by the
application of affine transformations [7]. An affine transfor-
mation connects two small corresponding regions between
two images. They are the linear local approximation of
differentiable R> — R? functions. The pioneering work in
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camera parameters determine the related affine transforma-
tion. Later on, Barath et al. [16] showed how homogra-
phies can be estimated from fewer correspondences if affine
parameters are also available. Remark that the normal can
be retrieved from a homography [1] if the camera intrinsic
parameters are known.

As far as we know, the first normal estimator for a
general pin-hole camera pair was proposed by Molnar et
al. [17] in 2014. Since their work, faster and more accurate
methods [18], [19], [20] have appeared in the literature.
Surface normals via machine learning: Nowadays, machine
learning has become a frequently used method in the com-
puter vision community. There are specific networks [21],
[22] for normal estimation as well. However, their results
highly depend on the training data, and one of our main
purposes is to develop a deterministic approach as surface
normal can be computed from the disparities.

B. Goals

Although there are general estimators [18], [19], [20] to
compute the surface normals from an affine correspondence
if the cameras are calibrated, there are many open problems:
(i) The speed is crucial especially in real-time applications if
a very dense oriented point cloud is required as a result. (ii)
The accuracy of surface normal estimation is very sensitive
to the quality of the affine transformations, sophisticated
filtering methods have not been proposed before, to the best
of our knowledge. (iii) Affine transformations are the first-
order approximations of the projection between correspond-
ing image patches. However, theoretically, the approximation
is valid only if the pixels are related to the same surfaces.
At their borders, multiple surfaces might contribute pixels to
the estimation of the same normal vector. A major task is
therefore to detect the borders of these surfaces. We address
all these three listed goals in our paper.

C. Contribution

The main theoretical novelty here is that rectified images
are applied for affine transformation estimation for the sake
of lower processing time. This special stereo image setup
can be achieved from a general image pair if the epipoles
are not on the image. There are efficient methods to rectify
image pairs [23]. Therefore, it is not a strict restriction.

To the best of our knowledge, only Megyesi et al. [24]
dealt with the application of affine transformations for rec-
tified images. Their method is not complete as they only
proposed a simple formula to determine the normal from the
affine transformation and that formula does not consider the
camera intrinsic parameters. Their work highly motivated us,
but we replace their formula with an alternative one, includ-
ing camera intrinsics, and we also deal with the accurate
estimation of affine transformations and border detection of
planar regions.

As speed is also a critical aspect, the application of
GPUs is preferred. Modern GPU architectures are massively
parallel and have a certain set of limitations that need to
be taken into account when designing and implementing

algorithms for them. The SIMD architecture employed by
modern GPUs executes the same instruction in parallel over
multiple sets of data. Therefore it is usually costly to do a lot
of branching if the code is expected to be executed differently
on neighboring pixels. It is also generally advisable to
use as little extra memory as possible per pixel. If the
required memory is too much to be entirely stored in local
registers, performance degrades significantly. We designed
our algorithms considering these limitations.

The key contribution of our work is fourfold: (i) It is
shown how the normal estimation is simplified for a rectified
image stereo pair. (ii) We propose a novel method here
that computes the normal vector from affine transformations
determined between rectified images. (iii) A novel algorithm
is also introduced to retrieve the affine parameters from
disparity values. It works for both the minimal and over-
determined cases. (iv) An adaptive method for border detec-
tion of regions corresponding to flat surfaces is proposed.

Our approach is purely geometric, without any machine
learning components. Therefore, learning data is not re-
quired, the results are deterministic, it depends only on the
disparities. Nevertheless, the proposed methods are straight-
forwardly differentiable, with the exception of the adaptive
estimation, thus the approach can be built into a complex
system as a component for which end-to-end training is
possible. Moreover, our geometry-based solution contains a
convolution, this fact suggests that there can are similarities
in the operations of Convolutional Neural Networks (CNNs)
and our geometric approach.

II. THEORETICAL BACKGROUND

The relationship between inter-region affine transforma-
tions of stereo images and the surface normal has been
studied previously by Barath et al. [18]. Here, we deduce
the related formulas for a rectified stereo pair.

In general, the affine transformation is derived from the
surface normal as follows:
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where n denotes the surface normal and w; through ws
are calculated from the gradients of the projection matrices.
These can be written as follows:

w1 = VH]V X VHQH, Wy = Vnzu X VH]M, W3 = VH]V X
VIl,,, wq4 = VII,, x VII;, and ws = VII;, x VII;,.

In the formulas, IT;(x,y,z), i € {1,2}, are the projection
functions transforming world to image coordinates as

e = [Mute2]

Rectified stereo images. Figure 2 shows the special case
of a rectified stereo setup with pin-hole cameras when the
intrinsic parameters are the same for both cameras. In this
case the projection functions can be written as

2
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Fig. 2: Geometric setup for rectified stereo. It is represented
by baseline b and common focal length f. The inputs are
the disparity values d; coming from the projection of spatial
points X;.

where x,y,z are the world coordinates, f, and f, are the
horizontal and vertical focal lengths in pixels, b is the
baseline distance between the cameras and [ug,vo]” is the
principal point in which the optical axis intersects the image
plane.

The gradients of the projective functions for the pin-hole
camera can be written as follows:

—

VI =5 [fz 0 —f]", )
1

VI =5 [0 fiz —l", (6)
1

VI, = 5 [fc 0 fb—x)]", (7)

VI, — VIIj,. ®)

After calculating the cross product of the respective gradi-
ents, one can get for wy...ws that

wlzf;{y [b—x —y —Z]T, )
2
b
wzzf%[o 10", (10)
Z
wi=[0 0 0], (11)
w4:w5——f;{y[ y 4. (12)
Substituting (9), (10), (11), (12) into (1) yields
n“w;  n'w,
A — nTW4 nTW4 — |:a1 a2:| —
n’0 n_wy 0 1
n“wy nlwy
ny(x—b)+nyy+n:z —bfiny
Ny X+nyy+n;z Sy(nex+nyy+n;z) | (13)
0 1

III. PROPOSED METHOD

In this section, it is shown how a robust surface normal
estimator for a rectified stereo image pair can be formed.
First, it is deduced how the normal can be determined using
the affine parameters. Then it is derived how these affine
parameters can be computed from disparity values. Finally,
an adaptive method is proposed to robustly detect the area
from which disparities are selected.

Fig. 3: Two corresponding regions (squares) of the stereo
image pair. The region in the left image is estimated by
applying an affine transformation to its corresponding pair
in the right image. This figure shows the original and the
estimated regions overlapped. (¢,¢’) and (p,p’) denote two
correspondences between the two regions with respective
disparities d. and d,. ¢,¢’ are central pixels of the two
regions, the pixels at where the affine transformation is
estimated and normal calculated. v=p—c¢, v/ =p’ —¢’. Note
that v/ = Awv.

A. Normal Calculation

If we apply the Fast Normal Estimation (FNE) formulas
from [18] in order to calculate the normal, this special case
always yields a zero vector as a3 = 0 is a scalar multiplier.
For this reason, we derived a new method for calculating the
normal in this special case.

Suppose we know the affine parameters a; and a,. This
yields two equations from Eq.(13):

ai (nex+nyy+n;z) =n.(x—b) +nyy+n.z, (14)
a2fy(nxx +nyy+ nzZ) =— bfxny (15)

Let us introduce the following vectors if X = [x,y,z]”:
vi=X V2:[x_bay7z]a (16)
vz = f£,X vq = [0,—bf,0]. a7

If they are substituted to Eqs.(14) and (15), after elementary
modifications, then two new formulas can be written as:

nT(a1V1 —V2) = 0, nT(an3 —V4) =0.

Since n is perpendicular to both (a;vy — V) and (av3 —vy),
one can calculate n up to a scalar multiple by computing their
cross product. Expressed with the original parameters, this
results in the following formula:

khZ(Cll - l)
agkvz
—arkpx — axk,y + bky, + kpx

(18)

where k; and k, denote the horizontal and vertical pixel
densities of the camera sensor. Alternatively f, may be used
instead of k; and f, instead of k,.

B. Calculating the Affine Parameters

In order to use the formula presented above, we need to
know the affine transformation between two corresponding
image patches. Here, we present a novel robust method for
the efficient calculation of the required two affine parameters
from disparity maps [25].
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Let us examine a pair of corresponding points on the two
images, and their surrounding pixels. One of the patches
transformed by the respective affine matrix approximately
matches the corresponding area on the other camera image.
The matching problem is visualized in figure 3. If the dis-
parity map is known, the following equation can be written:

v+[dy,0]" = [d,0]" +V. (19)
Note that d, and d. can be negative when going from the
left image to the right one.

Furthermore, v/ may be expressed using the affine trans-
formation (v = Av), which yields

RO R A I

The upper row gives a linear equation for each surrounding
pixel. With N selected pixels, one can get an over-determined
linear system of equations as follows:

(20)

Vix Viy dl _dc
Vox  V2y a; — 1 d2 — dc
o { o } = e
VNx VNy a dy —d.
\% d

Using the well-known least squares estimation of an inho-

mogeneous linear system of equations, we get the affine
~1

parameters as a= (V'V)  V'd.

C. Affine Parameter Calculation by Convolution

Suppose the relative position of selected surrounding pix-
els is the same for all observed pixels. For example we
always select an n x n square centered at the observed pixel.
In this case, the entire S = (VTV)_1 VT matrix can be
precalculated as it only depends on the shape of the selected
area, its disparity values do not influence the elements in S.
Precalculation of S can significantly reduce the time demand
of the algorithm.

By expanding S, the following formula is obtained for the
convolution kernels:

- i N -
Zvix Zvixviy
i=1 i=1
~—— ——
o
Viv=| , Lol (22)
Zvixviy ZV,'Zy
i=1 i=1
L B v
Therefore,
S— 1 Yvix — ﬁvly YVNx — BVNy (23)
ay— B2 [—Bvii+avy —Bvnx+ovyy|”

When calculating the affine parameters, we just have to
construct d for each observed pixel, then it multiplies by the

Sl | S12 | S13
[1-1] [-10] | [-11]

S14 | S15 | S16
[0,-1] | [0,0] | [0,1]

S1,7 | S1,8 | S19
(L=1] | [1L0] | [1,1]

Fig. 4: Left. An example of a 3 x 3 kernel for computing
a;. The listed coefficients s; and their corresponding vectors
vi{ are in the same cell. Right. Visualization of the selected
(green) pixels by performing star-fill from C in eight direc-

tions.

precalculated elements of S from the left as

N
1
aj—1=) ——(wix—Pviy) (di—d), 24)
R Y AR
s1i '
N 1
= ——(—Bvir +avy) (d; —d.) . 25
D A

d;
$2i

Note that other than the precalculated «, 8 and 7y constants,
s1; and sy; are both only dependent on the relative position
vector v; of the ith pixel.

With some rearrangement, we can decompose the cal-
culation of each parameter into two steps. A discrete 2D
convolution of the disparity map with a special precalculated
kernel, and a second step consisting of a multiplication by a
precalculated constant and a subtraction:

0
~ =
N N N
ar =Y si(di—d;) =Y sudi—de Y s1i+1, (26)
i=1 i=1 i=1
—_—————
Step 1 Step 2
&
~ =
N N N
ay =Y su(di—dc) =Y sydi—d. Y .
i=1 i=1 i=1
—_————
Step 1 Step 2

Inside the summations of equation (26), si; and sp;
are only multiplied with the disparity of the pixel at vj.
Therefore, this is a 2D convolution with the kernel con-
taining $1,1,51,2,...,51,;y for the computation of a;, and
521,822,752 N for a.

In both cases, the first step is a 2D convolution of the
disparity map with two kernels. This is followed by the other
operations involving the precomputed &; and &, defined in
equation (26). An example kernel layout is shown in the left
plot of figure 4.

The bulk of the computation is in the calculation of the
2D convolutions. In practice, this is efficiently sped up using
the Fast Fourier Transform (FFT) algorithm either on CPU
or GPU [26], [27]. However, according to our testing, on
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modern GPUs and with reasonable kernel sizes, the method
is already very fast without the additional performance gain
of FFT.

D. Adaptive Region Estimation

A very important challenge for robust surface normal
estimators is maintaining accuracy around corners and edges.
The main problem here is that including points from a
neighboring surface will yield less accurate normals. This
usually appears as a smoothing of normals around edges,
which is especially problematic when the results are used
for segmentation tasks. Ming et al. [12] propose minimizing
the depth Laplacian via dynamic programming. Feng et
al. [28] also propose a post processing step for correcting
the smoothing effect around edges.

We introduce a dynamically shaped kernel for our method
described above. The main idea is to iteratively extend the
patch of included points, starting from the observed pixel.
As the same procedure should be run for all pixels, it can
be strongly parallelized in GPU cores.

A natural method of choice would be to use flood filling
for the selection of included pixels. However, in our case, we
have to run this selection algorithm for each pixel. Instead,
we introduce a simplified technique, for the sake of a more
efficient GPU implementation. Our algorithm starts from the
observed pixel at the center and traverses several lines in M
uniformly distributed directions. The traversal either stops
when a maximum length is reached, or when a stopping
condition is met. All visited pixels are included in the final
normal estimation. The selected pixels will be in star-like
shape as it is visualized in the right image of figure 4.

Once we have a list of included pixels, we need to do
two passes. During the first pass, parameters o, and 7y
are computed. In the second pass, the affine parameters are
estimated using equation (24). and equation (25).

Stopping at edges on the depthmap. (Simple thresholding,
ST) As a first step, an edge detection filter of choice is run
over the depth map. It stops when an edge pixel surpassing
a threshold is reached. We use the depth Laplacian as a
measure of discontinuity.

Stopping based on covered depth. (CD) Let us assume that
the central pixel has depth d, the surrounding pixels on the
same flat surface should be in a range of kd, where k is an
adaptive threshold parameter.

With this method, we keep track of the maximum and
minimum encountered depth along our traversal. If their
difference surpasses kd, then the traversal is stopped. This
method adapts much better to wider ranges. Unfortunately,
it usually misses depth-continuous edges, like the edge
detection based method.

IV. EXPERIMENTAL RESULTS

The dataset used for evaluation is the 3F2N dataset [29],
which contains 24 synthetic images with ground truth nor-
mals and depth values. We calculated the disparity maps from
the depth values, with a unit length baseline (1 meter). Then
we added noise with a Gaussian distribution to generate our

Fig. 5: Comparison of execution time depending on kernel
size. The naive cross product execution time is also dis-
played for reference. Average over 100 frames at resolution
480x620.

tests. The dataset is divided into three difficulty levels (Easy,
Medium, Hard). Scenes with a higher difficulty contain more
discontinuities and fine detail.

The proposed method has been implemented in an

OpenGL shader, along with some other methods for refer-
ence. Tests have been conducted on a laptop equipped with
an Nvidia RTX 4060 (mobile) GPU and an AMD Ryzen 7
7840HS CPU.
Implemented algorithms. We have developed all variants of
the proposed approach. Additionally, a PCA-based solution
and a naive implementation are also examined in the tests.
The naive solution is denoted by ’Cross’ in the tests, when
the normal is calculated from two tangent vectors. These
vectors are determined by triangulation of the processed
point and the horizontal and vertical neighbouring pixels.

The PCA-based normal estimation is also our own imple-
mentation, we set its parameters by an exhaustive search to
tune it for the best results. The essence of the estimation is
the eigenvalue/eigenvector computation of a 3 x 3 matrix, we
applied closed-form formulas for the sake of speed.

Moreover, we tested the SDA-SNE [12] method as well,

which is claimed to be robust to noise. Unfortunately, a
GPU implementation for the technique is not available at
the moment, therefore we compared with the original CPU
implementation, mainly for comparing accuracy.
Runtime. To avoid overhead from unrelated rendering tasks,
we exclusively measured the GPU execution time of the
shaders. This was accomplished utilizing OpenGL query
objects to get the elapsed GPU time. A comparison between
the adaptive methods, PCA, and the fixed kernel version is
shown in table I and table II.

The provided SDA-SNE implementation [30] is for the
CPU. To compensate for at least the additional time taken
by the python interpreter, we ran the original python script
through cython, compiled it and ran all tests natively.

Additionally, we have compared the execution time of the
methods depending on the kernel size. The affine convolution
method shows about twice the performance of PCA. Time
demands are reported in figure 5.

It is clearly seen that adaptive methods are slower, as it is
expected, but all the values are below 10ms, therefore real-
time operation can be reached even if large kernel size or
adaptive disparity selection are applied.
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Method Avg Min Max  Std

Cross 0.03 0.03 0.03 0.00
PCA 9x9 048 048 048 0.00
Affine 9x9 021 021 021 0.00

ST s10 d8 0.1 0.19 0.12 030 0.04
CD s10 d8 t0.5 024 0.17 050 0.07
SDA-SNE 190.35 162.48 220.53 15.25

TABLE I: Statistics of frametimes over 100 frames at a
resolution of 480x640. ’s’ denotes the maximal number
of steps taken in each direction, ’d’ denotes the number
of uniformly distributed directions. The threshold for both
conditions is denoted with ’t’. All measurements are in
milliseconds.

Method Avg Min Max Med Std

Affine 9x9 0.65 0.62 0.72 0.65 0.01
PCA 9x9 1.62 1.55 1.73 1.62 0.03
ST[s:10 d:8] 1.80 1.73 2.07 1.79 0.03
ST[s:30 d:16] 8.15 7.73 8.89 8.14 0.21
CD[s:10 d:8] 1.71 1.66 1.86 1.71 0.03
CD[s:30 d:16] 6.85 6.47 8.01 6.84 0.21

TABLE II: Statistics of frametimes over 1000 frames at a
resolution of 1024x720.

Robustness to Noise. To measure the effect of disparity
noise at different viewing angles, we rendered a sphere
placed directly in front of the camera. For better accuracy,
the sphere has been rendered via raycasting [31], the true
normals were calculated per pixel. Disparities were calcu-
lated by projecting the ray-sphere intersection to two virtual
pinhole cameras and taking the difference of the projected
coordinates. Their noise is assumed to have a Gaussian
distribution with zero mean. Therefore, we add this .4#(0, o)
noise to the calculated disparities.

Table III shows our results for different kernel sizes and
for a scenario with o =1 px and a more reasonable case with
o = 0.2 px. For reference, the Middlebury dataset’s ”Adiron-
dack” scene has an average standard deviation of 0.12 over
the samples. In our measurements, the affine convolutional
estimator exhibited superior accuracy and consistency over
PCA, especially for larger kernel sizes.

As shown in figure 6a and figure 6d, the sensitivity to noise

Method =02 o=1
Affine 3x3 19.15 51.74
Affine 5x5 6.92 30.52
Affine 9x9 2.22 10.47
Affine 15x15 0.97 3.94
PCA 3x3 27.44 50.36
PCA 5x5 11.22 42.85
PCA 9x9 3.62 35.30
PCA 15x15 1.55 24.42

TABLE III: Average angle in degrees between ground truth
and estimated normal vectors for a sphere with .47(0,0.2)
and .47(0,1) disparity noise (Resolution: 1024x1024). Note
that with the same kernel size the affine-based method
performs significantly better.

(a) ¥ (0,0.25) (b) 4(0,0.5)

(©) A#(0,0.75) ) .4 (0,1)

Fig. 6: Angular normal error of sphere. Radius: 1.4, distance:
3 units from center, baseline: 0.3, resolution: 1024x1024.

(a) Affine 9x9 (b) PCA 9x9

(¢c) CD s:10 d:8 (d) CD s:30 d:16

Fig. 7: Angular error of estimated normals on synthesized
scene. Angles in degrees. .4#(0,0.2) noise. The furthest box
is of size 4 x 3 x4 and its center is 15.5 units from the
camera focal point. baseline: 0.3, resolution: 1024x720.

tends to depend on the viewing angle. The reasons of it is
that the noise in the disparities does not affect all directions
uniformly, yielding a distortion to the general shape of
the point-cloud. An example for this effect is shown in
figure 9. We think that this non-uniform scaling is the reason
behind PCA performing worse especially in heavy noise
circumstances. Therefore, the use of affine transformations
has theoretical advantages over PCA-based solution(s).

Additionally, figure 8 shows the accuracy of all methods
depending on noise level. SDA-SNE did not show any noise
filtering capability, opposed to the claim in the original paper
[12].

a) Discontinuities and the adaptive version: Figure 7
shows a comparison of the discussed methods on a test
scene, consisting of multiple simple shapes. In this scene, the
furthest cube is 15 units away from the cameras. The used
baseline is 0.3 and the applied noise is of the distribution
A4(0,0.2). Table IV contains the numerical measurements
excluding background pixels. The runtime performance of
calculating the normals for this scene is displayed in table II.

For the same amount of included pixels, the adaptive
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Different methods All

Error (deg)
<

—= 3FN
SDA (CP2TV)
—— Affine CD 510 d8 k0.5
<=+ Affine Conv 9x9
—— Affine ST 510 d8 t0.1

0.01 " 0.05 0.10 0.20 0.30
0 002 Noise std dev

Fig. 8: Comparison of average angular error depending
on disparity noise. Complete dataset, images of 480x640
resolution.

Method Avg  Min  Max Std

Affine 9x9 979 0.0 8999 16.27
PCA 9x9 22.07 0.02 90.00 28.07
ST[s:10 d:8] 827 0.0 8999 13.80
ST[s:30 d:16]  8.08 0.0 90.00 1522
CD[s:10 d:8] 6.62 0.0 90.00 12.11
CD[s:30 d:16] 752 0.0 90.00  12.13

TABLE IV: Angle in degrees between ground truth and
estimated normal vectors with .47(0,0.2) disparity noise.
(Scene shown on Fig. 7)

version is much slower than the convolutional method. Using
star fill with 8 directions and maximum 10 steps takes about
thrice the amount of time it takes to run the convolutional
method with a 9x9 kernel, while processing a similar number
of pixels. Despite being slower, star fill came close to the
performance of 9x9 PCA in this case, with better accuracy.

Most of the errors come from areas close to edges. There
are two reasons for this. There are cases when the stopping
condition is not triggered. This occurs mostly around edges
where the depth is exactly C® continuous. In other cases, the
stopping condition is rightly triggered, reducing the number
of included points, but there are not enough remaining
points for an accurate estimation. This is usually observable
around strong discontinuities, such as around the edges of
the furthest cube in the center of figure 7b.
Additional Real-World Evaluation.

We have also collected data using the car, called ELTECar,
of our university. Two cameras are mounted on the top, for
which the baseline is about one meter. The reconstruction

Fig. 9: Side view of pointcloud generated from disparities
(Cityscapes dataset). The points of the sign in the bottom
right corner are circled in the center. As errors affect the
depth of the points more, the pointcloud is distorted here
with a very high signal to noise ratio.

Fig. 10: Real-world examples with estimated normals from
the Cityscapes [8] (left and center), and the Middlebury [32]
dataset (right).

setup is visualized in figure 12. As the fixation of the cameras
is not perfect, a slight rectification is required. We use
chessboard images for this purpose.

Some images of real world results are provided in fig-
ure 11. In addition, we conducted experiments on our own
stereo car dataset, collected using a stereo camera rig, the
images are not fully rectified as the optical axes of the
cameras are only quasi parallel. The camera calibration
parameters (intrinsic and extrinsic) were first estimated from
chessboard images, and the stereo pairs were rectified. Dis-
parity maps were then generated using BGNet [33], and
the adaptive method was applied to compute the surface
normals. The corresponding 3D coordinates are calculated by
the widely-used triangulation algorithm for standard/rectified
stereo [34].

The estimated normals demonstrate that the method can
be applied reliably to real driving scenarios, even when the
disparity is obtained from a deep stereo network. This high-
lights both the versatility of our approach and its applicability
beyond synthetic or benchmark datasets.

Remark that more results are included in the supplemen-
tary video.

V. CONCLUSIONS

It is shown here how affine correspondences provide an
effective way of estimating surface normals from rectified
stereo images. GPU implementations guarantee efficient and
rapid real-time estimation. Our solution is purely geometric,
without any machine learning-based component.

For fixed sized and shaped kernels, the proposed method
outperforms PCA-based normal estimation both in terms of
runtime and accuracy. The experiments show double speed-
up w.r.t. an optimized PCA implementation while offering
about 30% — 40% improvement over the average angular er-
ror. Moreover, we introduced heuristic methods for adapting
our affine estimator to dynamic neighbour selection, yielding
20 — 25% improvement in accuracy.

Distant camera facing surfaces are challenging for normal
estimation as these scenarios exhibit a very high signal to
noise ratio. Affine methods are more efficient in filtering the
noise in such extreme conditions.

Future work. While the proposed normal estimation frame-
work is computationally efficient, its real-time integration
is currently bottlenecked by the disparity estimation stage,
which accounts for the bulk of the processing latency.
Furthermore, because the framework’s spatial mapping relies
on the fidelity of input disparity data, any artifacts from oc-
clusions or reflective surfaces directly impact the final output
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Fig. 11: Real-world result for ELTECar. Two images in the left shows the rectified images. It is clearly seen that rectification
is mandatory. In the middle, coloured disparity image is pictured. The full normal map and regularly sampled normal
directions are plotted in the right.

Fig. 12: Reconstruction pipeline for surface normal esti-
mation. The point clouds can also be reconstructed from
disparity values, but this process is not visualized.

quality. Consequently, future work will focus on accelerating
and enhancing state-of-the-art disparity estimators to ensure
both the speed and accuracy required for a fully realized
real-time pipeline.
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