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Abstract

Accurate modelling of lens distortion is essential for reliable geometric reconstruction in computer vision and optical metrology
systems. Conventional characterisation approaches estimate distortion parameters from multiple images by leveraging repeated
observations of a three-dimensional (3D) target under different viewpoints. However, practical constraints may limit data acquis-
ition to a single usable image, motivating the investigation of reduced-data alternatives. This work investigates the estimation of
Brown—Conrady distortion coefficients directly from a single distorted checkerboard image. The problem is formulated as a su-
pervised regression task, in which a convolutional neural network predicts radial and tangential distortion parameters. A synthetic
dataset is generated to provide controlled variations in distortion and corresponding ground-truth labels. The results demonstrate
that the model is able to extract distortion-related information from image geometry and produce physically plausible parameter
estimates. Although the numerical accuracy of the predicted coefficients remains limited, the resulting geometric transformations
are consistent and preserve the global distortion structure, with minor local deviations. This behaviour reflects an inherent ambigu-
ity in the estimation problem, where multiple parameter combinations can produce similar image deformations when only a single
view is available. Overall, the proposed approach shows that single-image distortion estimation can yield geometrically meaningful
predictions, while highlighting the fundamental limitations associated with recovering a unique set of distortion parameters from
limited geometric information.

1. Introduction usable image, motivate the investigation of reduced-data altern-

atives. Estimating distortion parameters from a single image

Lens distortion introduces systematic geometric deviations in
captured images, particularly toward the image periphery. If not
accurately modelled, these distortions propagate into projection
errors, biased measurements, and degraded geometric recon-
struction (Hartley and Zisserman, 2003). Accurate estimation
of distortion parameters is therefore a fundamental requirement
in computer vision applications such as photogrammetry and
fringe projection profilometry (FPP), where metric accuracy is
critical (Luhmann et al., 2023).

In FPP systems, the quality of the system characterisation dir-
ectly affects the accuracy of the three-dimensional (3D) re-
construction, making robust distortion modelling a critical re-
quirement (Geng, 2011, Zhang, 2010). Distortion estimation is
typically embedded within the characterisation pipeline, where
multiple images of a known characterisation target are used to
estimate intrinsic, extrinsic and distortion parameters (Zhang,
2000).

The Brown-Conrady model is one of the most widely used para-
metric formulations for representing lens distortion (Brown,
1966, Conrady, 1919). It describes distortion using a small
set of physically interpretable parameters, including radial
(k1, k2, k3) and tangential (pi,p2) coefficients. In conven-
tional characterisation procedures, these parameters are estim-
ated simultaneously with intrinsic and extrinsic camera para-
meters using multiple target images, enabling robust optimisa-
tion across diverse viewing geometries (Zhang, 2000).

However, acquiring multiple views of the characterisation target
is not always feasible. Practical constraints, such as limited sys-
tem access, time constraints, or the availability of only a single

becomes a meaningful but challenging problem.

This work investigates the feasibility of estimating Brown-
Conrady distortion coefficients directly from a single distorted
checkerboard image. Rather than producing a visually correc-
ted image, the objective is to estimate the parameter vector

d= [k17k27p17p27k3]T7

where k1, k2, ks represent the radial distortion terms and p1, p2
represent the tangential ones. These parameters are physically
interpretable and can be directly used in standard undistortion
routines (e.g., OpenCV), where distorted image coordinates are
mapped back to their undistorted positions using the inverse dis-
tortion model.

To address this problem, we formulate a supervised regression
task in which a convolutional neural network (CNN) maps a
single distorted image to its corresponding distortion parameter
vector, as shown in Figure 1. The predicted coefficients can
then be used within standard undistortion pipelines to demon-
strate compatibility with existing photogrammetric toolchains.

Unlike prior learning-based approaches that focus on full cam-
era characterisation from real-world images, this work con-
siders a constrained metrology setting using structured targets.
The objective is not to replace classical characterisation meth-
ods, but to evaluate whether meaningful distortion parameters
can be inferred from a single image under controlled conditions.

The main contributions of this paper are:
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Figure 1. Overview of the proposed single-image distortion
regression framework.
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e A systematic investigation of single-image distortion para-
meters regression model using a controlled synthetic data-
set.

e A learning-based formulation that predicts interpretable
Brown-Conrady coefficients compatible with standard
characterisation pipelines.

e An experimental analysis highlighting the limitations and
challenges of single-image distortion estimation.

2. Related Work

Lens distortion modelling has been extensively studied in com-
puter vision. The Brown—Conrady model provides a parametric
representation of radial and tangential distortion and remains
widely used in practical characterisation systems (Brown,
1966, Conrady, 1919). In conventional approaches, distortion
parameters are estimated jointly with intrinsic and extrinsic
parameters using multiple images of a characterisation target
(Zhang, 2000, Heikkila and Silvén, 1997). The use of multiple
views introduces geometric redundancy, which improves estim-
ation stability and accuracy.

Several methods estimate distortion as part of a full character-
isation process using multiple images of a checkerboard (Gas-
parini et al., 2009, Mei and Rives, 2007), one of the most com-
monly used characterisation patterns (Chaudhry et al., 2025).
While such approaches are generally robust, they are typically
limited to controlled acquisition environments (Martins et al.,
2020). Targetless methods have been proposed for less con-
trolled scenarios (Barazzetti et al., 2012), although often at the
expense of reduced accuracy.

Other approaches aim to estimate distortion from limited data.
Line-based methods exploit the constraint that straight lines in
the scene should remain straight after distortion correction (De-
vernay and Faugeras, 2001, Hartley and Kang, 2007). More
general formulations estimate distortion jointly with scene geo-
metry under minimal assumptions (Fitzgibbon, 2001). While
these methods demonstrate that distortion can be inferred from
a single image, they rely on specific geometric structures and
accurate feature extraction.

More recently, deep learning has been applied to the regres-
sion of camera-related parameters directly from images. Con-
volutional neural networks have been used to estimate quant-
ities such as camera pose and intrinsic parameters from image
content (Kendall et al., 2015, Chaudhry et al., 2025). These ap-
proaches suggest that image appearance can encode sufficient
information for parameter prediction, particularly when trained
on large synthetic or mixed synthetic and real datasets.

In contrast to existing work, this study focuses specifically on
the regression of Brown-Conrady distortion coefficients from
a single structured characterisation image. The distortion vec-
tor consists of radial coefficients (k1, k2, k3), which describe
symmetric distortion increasing with distance from the image
centre, and tangential coefficients (p1, p2), which model asym-
metric distortions caused by lens misalignment.

Unlike general vision scenarios, the problem is investigated
within the context of fringe projection profilometry (FPP), a
metrology technique that relies on precise geometric character-
isation for accurate 3D reconstruction. The aim is not to replace
full camera characterisation, but to assess whether these inter-
pretable parameters can be recovered from a single image under
controlled conditions typical of FPP systems.

3. Methodology

The objective of this work is to estimate Brown-Conrady dis-
tortion coefficients from a single distorted checkerboard image
using a deep regression model. The formulation combines a
standard camera model, a parametric distortion model, and a
supervised learning framework.

3.1 Distortion Model

The Brown-Conrady model expresses distortion as a combina-
tion of radial and tangential components. The radial distance is
defined as

r’ =z + yQ. (1)

The radial distortion is given by

L(r) = 1+ k1r® + kor® + kar®, )

and tangential distortion is defined as
Az = 2prxy + po(r® + 22°), 3)

Ay =p1 (7“2 + 2y2) + 2pa2xy. )

The distorted coordinates are obtained as
zq = zL(r) + Az, %)

ya = yL(r) + Ay. (6)

These normalised distorted coordinates are subsequently
mapped to pixel coordinates through the camera intrinsic mat-
rix. Image undistortion corresponds to applying the inverse
of this transformation, typically implemented via interpolation-
based remapping.

3.2 Learning Formulation

The distortion estimation problem is formulated as a supervised
regression task in which a convolutional neural network (CNN)
learns a mapping from an input image to a vector of distortion
parameters. The model is defined as

d=fo(I), @)

where I denotes the input distorted image, d is the predicted
distortion vector, and fy(-) represents the nonlinear function
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implemented by the neural network with learnable parameters
0. The target vector

d = [k, k2, p1,p2, ks] " ®)

contains the Brown-Conrady distortion coefficients associated
with the input image.

Direct regression of the distortion parameters can be challen-
ging due to the varying numerical scales and coefficient distri-
butions. To improve stability, each parameter is transformed
using a signed logarithmic mapping

d; = sign(d;) log(1 + |d;|), 9)

where d; and d; denote the original and transformed distor-
tion parameters, respectively, which compress large magnitudes
while preserving the sign and relative ordering. The network is
trained to predict the transformed parameters, and the predic-
tions are mapped back to the original space during inference
using the inverse transformation.

The learning objective is defined as a combination of parameter-
space and geometric consistency losses. The parameter loss
is given by the mean squared error between the predicted and
target transformed parameters

[fparam = Ha - a”% (10)

where d and d denote the predicted and ground-truth distortion
parameters in the transformed space, respectively. To ensure
that the predicted parameters correspond to physically mean-
ingful distortions, a geometric loss is introduced based on the
Brown-Conrady distortion model. A set of normalised image
coordinates (z,y) is sampled over a regular grid, and both the
predicted and ground-truth parameters are used to generate cor-
responding distorted coordinates

(Ipredy ypred)a (mgt, ygt)- (11)
where (Zpred; Ypred) and (zgt, ygr) denote the distorted coordin-
ates obtained using the predicted and ground-truth parameters,
respectively.

The geometric loss is then defined as the discrepancy between
these two mappings over all sampled points

Lseo = |[@prea — Taull3 + [Yprea — yaull3. (12)

The total loss combines both terms
L=« Eparam + 6 Egeo, (13)

where « and 3 are weighting factors that balance the contribu-
tion of parameter accuracy and geometric consistency. Higher
values of o emphasise parameter accuracy, while higher values
of 3 enforce stronger geometric consistency in the predicted
distortion mapping.

The network architecture consists of a convolutional backbone
for feature extraction, followed by a fully connected regression
head that outputs the five distortion coefficients. The convolu-
tional layers learn spatial features related to geometric deforma-
tion in the checkerboard pattern, while the regression head maps
these features to the parameter space.

This formulation assumes that distortion-related information is
implicitly encoded in the spatial deformation of the observed
pattern. However, unlike classical calibration methods that rely
on multiple views, the model must infer all parameters from a
single image, making the regression problem inherently under-
constrained.

3.3 Interpretation and Practical Use

Distortion introduces a global deformation pattern in the image.
When a structured characterisation pattern such as a checker-
board is observed, deviations from the ideal grid geometry en-
code information about the underlying distortion parameters, as
can be seen in Figure 2.

Undistorted Distorted

Figure 2. Synthetic example of Brown-Conrady distortion
applied to a planar checkerboard. (Left) Undistorted reference
image. (Right) Distorted image exhibiting increasing geometric
deviation toward the image periphery.

The regression model learns to associate these geometric de-
viations with the underlying distortion parameters. However,
this mapping is not strictly one-to-one, as different parameter
combinations can produce visually similar distortion patterns,
particularly under moderate distortion levels. As a result, the
model aims to recover physically plausible parameter sets rather
than an exact match to the ground truth. Moreover, unlike clas-
sical characterisation procedures, this approach relies solely on
information contained within a single image, making the prob-
lem inherently under-constrained.

The predicted coefficients can later be used directly within
standard undistortion routines (e.g., OpenCV), confirming com-
patibility with existing characterisation pipelines.

4. Experiments

This section describes the dataset generation, training setup,
and evaluation protocol used to assess the proposed single-
image distortion regression framework.

4.1 Dataset Generation

A synthetic dataset was generated to provide full control over
distortion parameters and ensure the availability of ground-
truth labels. A planar checkerboard pattern was rendered under
multiple poses, and distortion was applied using the Brown-
Conrady model.

Each dataset sample consists of:
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ki = 0.267, ky = —0.236, kg =
0.013
p1 = —0.0001, py = —0.0045

k1 = 0.011, ko = —0.089, ks =
—0.061
p1 = 0.0018, py = —0.0030

k1 = —0.159, ko =
—0.030, k3 = 0.067
p1 = —0.0038, pa = 0.0021

k1 = 0.286, ko = 0.003, k3 =
0.033
p1 = 0.0003, po = 0.0022

Figure 3. Sample training images with their corresponding
distortion coefficients.

e adistorted checkerboard image

e a corresponding distortion parameter vector

d = [k1, k2,p1,p2, k3] .

To avoid bias and improve generalisation, distortion parameters
were sampled independently for each image from predefined
ranges. These ranges were selected to reflect realistic distor-
tion magnitudes derived from prior characterisations of the FPP
imaging system, while maintaining numerical stability during
training. Specifically, the coefficients were sampled from uni-
form distributions with k1, k2 € [—0.3,0.3], ks € [—0.1,0.1],
and p1, p2 € [—0.005,0.005].

The dataset of 1000 images was split into training, validation,
and testing subsets using a 70/20/10 ratio. Each subset con-
tains images generated from independent distortion samples,
ensuring that the model is evaluated on unseen parameter com-
binations. Figure 3 shows sample images from the dataset
along with their corresponding distortion coefficients. The syn-
thetic data simulates multiple checkerboard poses, consistent
with characterisation procedures in FPP systems, and includes
representative image degradations, either individually or com-
bined, such as Gaussian noise and blur encountered during im-
age acquisition.

4.2 Preprocessing

All images were resized to a fixed resolution of 224 x 224 pixels
prior to training to ensure a consistent input size, reduce com-
putational cost, and maintain sufficient geometric information.
To reduce the influence of colour information and encourage the
model to focus on geometric structure, images were converted
to grayscale. The grayscale images were then replicated across
three channels to match the pre-trained convolutional network’s
input format.

Ground-truth distortion parameters are transformed using a
signed logarithmic mapping prior to training. This transform-
ation reduces the effect of large parameter magnitudes while

preserving the sign and relative relationships between coeffi-
cients, leading to more stable optimisation across parameters
with different numerical scales.

4.3 Training Setup and Evaluation

The distortion regression model is implemented using a convo-
lutional neural network with a ResNet18 backbone, followed by
a fully connected regression head that outputs the five distortion
coefficients. The choice of a relatively lightweight architecture
is motivated by the limited dataset size and the structured nature
of the input, where simpler models are sufficient to capture geo-
metric features while reducing the risk of overfitting associated
with more complex architectures.

The network is trained in a supervised manner using a combined
loss function that incorporates both parameter-space accuracy
and geometric consistency. The parameter loss is defined as the
mean squared error (MSE) between the predicted and ground-
truth distortion parameters in the transformed space. To ensure
that the predicted parameters correspond to physically mean-
ingful distortions, a geometric loss is introduced based on the
Brown-Conrady model that penalises discrepancies between the
distorted coordinate mappings generated by the predicted and
ground-truth parameters. The total loss is defined as a weighted
combination of these two components. Model performance is
evaluated using the mean absolute error (MAE) (Goodfellow
et al., 2016) computed in the original parameter space on the
validation and test sets.

Training is performed for a fixed number of epochs with early
stopping based on validation loss to prevent overfitting. The
AdamW optimiser (Loshchilov and Hutter, 2017) is used due to
its decoupled weight decay formulation, which improves reg-
ularisation compared to standard Adam, and a learning rate
scheduler is applied to stabilise convergence. Table 1 demon-
strates more details about the training configuration.

Table 1. The model training configuration.

Parameter Value

Backbone ResNet18

Input size 224 x 224

Batch size 8

Epochs 50

Optimiser AdamW

Learning rate 1x107*

Weight decay 1x107*

Loss function Combined (parameter + geometric)
Scheduler ReduceLROnPlateau

Model performance is evaluated using MAE computed on the
test set, reported as an overall average across all coefficients and
individually per coefficient. The overall MAE summarises the
average prediction error over the full distortion vector, while
the per-coefficient MAE highlights the estimation accuracy of
each parameter separately. MAE is selected for evaluation as
it provides a direct interpretation of the prediction error in the
original parameter units.

To assess whether the model learns meaningful image-
dependent information, a baseline predictor is introduced: a
mean-coefficient model that outputs the average distortion vec-
tor computed from the training set for all inputs. This baseline
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represents a scenario in which no image information is used,
and therefore serves as a lower bound on learning performance.
All reported MAE values, including the baseline, are computed
in the original parameter space to ensure consistent and fair
comparison.

The model is implemented in Python using a standard deep
learning framework and trained on a workstation equipped with
an NVIDIA Quadro P5000 GPU. All experiments are conduc-
ted under consistent training settings, including network archi-
tecture, input resolution, preprocessing, optimiser configura-
tion, and training schedule, to ensure fair comparison across
configurations. The specific parameter values are summarised
in Table 1. These settings were selected based on standard deep
learning practices and preliminary experiments to ensure stable
and reproducible training behaviour.

5. Results and Discussion

This section presents the quantitative and qualitative evaluation
of the proposed single-image distortion regression framework.
Results are reported in original coefficient units and compared
against a baseline predictor.

5.1 Quantitative Performance

During training, the model exhibits a steady decrease in the
training mean squared error (MSE), which serves as the optim-
isation objective and converges to low values in the final epochs.
The MSE is used during optimisation due to its sensitivity to
large deviations, encouraging the network to reduce significant
errors in the predicted parameters.

In contrast, the validation mean absolute error (MAE) improves
primarily during the early stages of training and then stabil-
ises around 0.076, remaining above the baseline MAE of 0.066,
which indicates limited generalisation. As shown in Figure 4,
this behaviour reflects that improvements in the optimisation
loss do not directly translate into improved performance in the
original parameter space.

While MSE is used to guide the optimisation process, MAE is
reported for validation and testing as it provides a more inter-
pretable measure of prediction accuracy in the original para-
meter units. Both metrics are shown to illustrate the differ-
ence between optimisation behaviour and generalisation per-
formance.

F0.250

or] = Training MSE
= Validation MAE | 555
——- Baseline MAE

F0.200

F0.175

-14
10 F0.150

Training MSE

F0.125

F0.100

Validation / Baseline MAE

10-24 F0.075

Epoch
Figure 4. Training and validation error curves over 50 epochs.

Regression accuracy varies across distortion coefficients, as
shown in Table 2. The radial parameters (k1, k2, k3) exhibit
larger errors compared to the tangential parameters (p1, p2), re-
flecting the increased difficulty of modelling radial distortion

from limited geometric information. In particular, k1 and ko
show the highest errors (0.1737 and 0.1128, respectively), in-
dicating that the dominant components of radial distortion are
not reliably recovered from a single checkerboard image. In
contrast, the tangential coefficients exhibit lower absolute errors
(on the order of 10~3), with p; = 0.0142 and p = 0.0191, al-
though their contribution to overall distortion is comparatively
smaller.

Table 2. Per-parameter mean absolute error (MAE) on the test

set.
Distortion parameter MAE
k1 (radial) 0.1737
ko (radial) 0.1128
p1 (tangential) 0.01419
po (tangential) 0.01911
k3 (radial) 0.0549

The results indicate that, while the model captures general
trends in the distortion parameter distribution, it struggles to
infer precise parameter values from a single image.

5.2 Qualitative Performance

A qualitative assessment was performed by applying the pre-
dicted distortion parameters to unseen undistorted images us-
ing standard distortion routines. Figure 5 presents an example
of the resulting transformation.

a) b) O]

Figure 5. Qualitative comparison of distortion effects. (a)
Undistorted reference image. (b) distortion using ground-truth
parameters. (c) distortion using predicted parameters. The
predicted distortion produces a similar global deformation with
slight boundary shifts.

The predicted coefficients produce a geometrically consist-
ent deformation that closely resembles the ground-truth dis-
tortion pattern. The overall structure of the checkerboard and
the global deformation trend are preserved, indicating that the
model captures the dominant distortion characteristics. How-
ever, subtle differences can be observed near the image bound-
aries, where a slight global shift is introduced, resulting in
an asymmetric distribution of background regions. This beha-
viour suggests a small misalignment in the estimated distortion
centre, likely arising from inaccuracies in the tangential com-
ponents. Despite these deviations, the resulting transformation
remains physically plausible and visually consistent with the
ground-truth distortion.

To further illustrate the relationship between the predicted and
ground-truth distortion parameters, a grid-based visual compar-
ison is provided in Figure 6. Unlike the checkerboard pattern,
the ideal grid more clearly reveals geometric deviations across
the entire image domain.

Consistent with the checkerboard example, the predicted distor-
tion produces a global deformation pattern that closely matches
the ground truth. However, the grid representation makes local
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()

Figure 6. Grid-based visualisation of distortion. (a) Undistorted
reference grid. (b) Grid distorted using ground-truth parameters.
(c) Grid distorted using predicted parameters. The predicted
distortion preserves the global deformation pattern with slight
deviations in alignment and boundary behaviour.

discrepancies more apparent, particularly in the form of slight
misalignments and boundary shifts.

Although these differences are subtle, the overall distortion pat-
terns remain visually similar. This supports the observation that
multiple parameter combinations can produce comparable geo-
metric effects, reinforcing the inherent ambiguity of the single-
image distortion regression problem.

These observations suggest that the model captures meaningful
distortion-related features from the input image, even though
it does not recover the exact ground-truth coefficients. Con-
sequently, the model tends to converge towards solutions that
yield geometrically consistent corrections rather than exact
parameter recovery.

Overall, the qualitative results complement the quantitative
findings by demonstrating that, while precise coefficient es-
timation remains challenging, the proposed framework is cap-
able of producing physically coherent distortion representations
from a single image.

5.3 Discussion

The results demonstrate that distortion-related information can
be inferred from a single image, with the model consistently
producing physically plausible parameter estimates. While the
numerical accuracy of the predicted coefficients remains lim-
ited, the resulting geometric transformations are coherent and
preserve the global distortion structure.

The behaviour observed in both quantitative and qualitative res-
ults highlights an inherent ambiguity in the estimation problem.
Multiple combinations of distortion coefficients can produce
similar image deformations, particularly when only a single
view is available. As a result, the regression task does not ad-
mit a unique solution, and the model tends to converge towards
parameter sets that generate geometrically consistent, rather
than exact, reconstructions.

This effect is evident in the qualitative analysis, where the pre-
dicted distortion closely matches the global deformation pat-
tern of the ground truth, while exhibiting slight misalignment
and boundary shifts. These deviations, although subtle, indic-
ate differences in the estimated distortion centre and emphas-
ise the sensitivity of the mapping to parameter variations. The
grid-based visualisation further exposes these discrepancies, re-
vealing local geometric differences that are less apparent in the
checkerboard representation.

The variation in performance across distortion coefficients re-
flects the uneven observability of the parameters. Radial dis-
tortion components, which dominate the global deformation

pattern, exhibit higher prediction errors, while tangential com-
ponents, associated with local asymmetric effects, contribute to
subtle spatial shifts and misalignments. This suggests that dif-
ferent parameters influence distinct geometric characteristics in
the image.

It is also important to note that the evaluation is conducted on
synthetic data, where distortion is applied under controlled con-
ditions. While this enables precise ground-truth comparison,
the behaviour of the model under real imaging conditions re-
mains to be investigated. Factors such as sensor noise, illu-
mination variations, and optical imperfections may introduce
additional complexity that affects parameter estimation.

Overall, the findings indicate that single-image distortion re-
gression can produce geometrically meaningful predictions, but
the ambiguity of the inverse mapping limits the recovery of ex-
act parameter values. This highlights the importance of con-
sidering geometric consistency, rather than parameter accuracy
alone, when evaluating such approaches.

6. Conclusion

This work investigated the estimation of Brown-Conrady dis-
tortion coefficients from a single distorted checkerboard image
using a deep learning approach. The problem was formulated
as a regression task, where a convolutional neural network pre-
dicts physically interpretable distortion parameters that can be
directly integrated into standard undistortion pipelines.

The results demonstrate that the model is able to extract
distortion-related information from image geometry and pro-
duce physically plausible parameter estimates. Although the
numerical accuracy of the predicted coefficients remains lim-
ited, the resulting geometric transformations are consistent and
preserve the global distortion structure, with only minor local
deviations.

The findings highlight an inherent ambiguity in the estimation
problem, where multiple parameter combinations can produce
similar image deformations. Consequently, recovering a unique
set of distortion coefficients from a single image is fundament-
ally challenging. This limitation reflects the under-constrained
nature of the problem rather than shortcomings in model capa-
city or optimisation.

Overall, the proposed framework demonstrates that single-
image distortion estimation can yield geometrically meaning-
ful predictions within a standard calibration context. Future
work will focus on incorporating additional constraints, such
as multi-view information or alternative parameter representa-
tions, as well as validating the approach on real-world data to
assess its applicability in practical metrology systems, includ-
ing Fringe Projection Profilometry.
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