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Abstract. Accurate perception of the local environment
is essential for autonomous navigation, and depth
information is crucial for path correction. Such information
can be obtained using various sensing devices, like
Ligth Detection and Ranging (LiDAR) sensors or, as
in this work, stereo cameras. However, raw sensor
measurements are often subject to error, which can
lead to incorrect decision-making. To address this, it
is necessary to develop error characterization techniques
and correction algorithms that enhance the reliability
of autonomous navigation systems. Building upon a
previous implementation of an exponential decay method
on a Jetson Nano, this paper presents an experimental
comparison of multiple correction approaches based on
polynomial regression (PR) and artificial neural network
(ANN) models. A PR model utilizing QR decomposition
and data analysis achieved the highest RMS error
reduction at a 5-meter range, by 5.37%. A PR model
based on Singular Value Decomposition (SVD) using
Scikit-learn demonstrated improvements of 0.9% and
6.99% at the 3- and 7-meter ranges, respectively. All
four evaluated models demonstrated real-time processing
capability. Notably, the ANN model achieved the fastest
performance, reaching 28.05 FPS, compared to 27.28
FPS obtained by the slower scikit-learn SVD model.
The results of this study demonstrate that the proposed
methods improve measurement accuracy within the 3- to
7-meter range while maintaining high-speed processing
performance, contributing to enhanced data reliability for
Unmanned Aerial Vehicles (UAV) applications.

Keywords. UAV, depth image, image correction,
machine learning.

1 Introduction

Accurate environment perception is a cornerstone
of autonomous navigation. Vehicles that operate
without human intervention must be able to estimate
distances, detect obstacles, and plan safe paths
in real time. A wide variety of sensors can
provide spatial information, including LiDAR, stereo
vision, and time-of-flight devices. Among them,
depth stereo cameras stand out for offering
three-dimensional data at relatively low cost, which
has led to their adoption in diverse fields such as
geographic mapping [10], robotic welding systems
[8], and anthropometric studies [7].

Despite their advantages, depth cameras often
produce systematic errors that affect measurement
accuracy. Unlike metrological instruments designed
as standards, these sensors may report values
that deviate from ground truth, which becomes
problematic when high-level precision is required.
In some cases, replacing the hardware is not
always feasible, making it necessary to explore
mathematical models that can compensate for
these inaccuracies.

These limitations become particularly critical in
the context of UAVs, where navigation depends on
fast and reliable distance estimation. UAVs have
gained importance in diverse applications, from
commercial delivery [5] to defense operations [13],
mainly due to their versatility and mobility.

Research on implementing depth sensing on
UAVs is also being conducted, as various works
[3, 6, 12] also utilize depth images as the basis for
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obstacle avoidance problems; however, the success
of these implementations strongly relies on accurate
calibration and effective correction techniques to
compensate for sensor inaccuracies.

In the previous work [1], we proposed an
exponential decay-based correction algorithm and
validated its use in real-time depth image analysis
for UAV navigation. While this method proved
effective, it raised the need to investigate alternative
approaches that could yield higher accuracy
or robustness.

The present study addresses this gap by
evaluating various correction methods, including the
already mentioned exponential decay correction,
predictive models, and machine learning tech-
niques. Furthermore, we explore their feasibility
for embedded implementation, aiming again at
real-time image processing and path correction in
UAV systems.

2 Related Work

Depth image correction has been addressed using
several strategies aimed at mitigating sensor
limitations. Vasudevan et al. [17] and Park et al.
[11], for example, propose techniques to minimize
the presence of flying pixels and erroneous readings
by leveraging RGB data and spatial relationships
between neighboring pixels. Xin et al. [14] also
implement pixel-level operations to suppress these
artifacts, leading to improvements in segmentation
quality and overall image consistency.

These studies highlight the potential of pixel
refinement to produce cleaner depth maps with
sharper object boundaries. Nonetheless, a
standard limitation is that they primarily focus on
reducing noise and invalid pixels, while offering little
analysis regarding the accuracy of the measured
distances when compared to ground truth values.

Research has also investigated the use of
multi-sensor configurations, where stereo or
multiple depth cameras are fused to obtain more
reliable measurements. Zhang et al. [20]
demonstrated how combining depth data from
multiple devices and deep learning inference can
improve 3D reconstruction of architectural models.

Similarly, Xie et al. [19] developed a three-camera
fusion method that reduced the overall Root Mean

Square (RMS) error of depth measurements. He
et al. [4], in turn, proposed a weighted fusion
strategy that increased accuracy on both flat
and curved surfaces at a fixed distance of 1.5
meters. In general, these works emphasize
the reconstruction quality and numerical precision
achieved by integrating multiple depth sources.

In contrast to these state-of-the-art techniques,
our previous work explored a per-pixel correction
function based on an exponential decay factor. This
approach was designed to counteract the increasing
error trend observed at longer ranges with the Intel
RealSense D455 depth camera, resulting in more
reliable distance estimates and improved real-time
obstacle avoidance.

Other studies have investigated interpolation and
regression methods for depth correction in specific
domains. For example, Li et al. [9] evaluated
several models for underwater mapping, combining
classical interpolation techniques with machine
learning to fill unmapped regions. Similarly, Alam
et al. [2] applied multiple interpolation methods
to maritime depth data, producing more detailed
ocean maps. These works highlight the potential
of model-based approaches to enhance depth
information in scenarios where gaps or missing data
are frequent.

3 Depth Image Sensing and Correction

To start, the Intel RealSense D455 depth camera
was selected due to its balance between cost,
range, and data reliability, making it suitable for
UAV applications in outdoor environments. Stereo
vision technology, employed in this model, offers a
robust solution for dynamic scenarios, eliminating
the need for active emitters and ensuring consistent
operation under varying conditions.

The D455 offers a working range of 0.5 to 6
meters, with an absolute error of approximately 2%
under 4 meters and 4% at greater distances, which
is adequate for obstacle avoidance tasks. Its field
of view of 87° × 58° provides wide coverage, while
the minimum detectable distance of 320 mm allows
close-range sensing.

Another critical factor is the flexibility in frame rate
and resolution. A resolution of 640 × 480 pixels was
chosen, as it provides over 300,000 depth points
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(a)

(b)

Fig. 1. Jet-scaled depth images showed yielding different
proportions of valid pixels. Color scale in meters, with
black points representing invalid information. (a) No filter
- 96.7%, (b) Hole filling filter - 100%. Source: Own work.

per frame while maintaining a stable frame rate of
30 fps.

Overall, the Intel RealSense D455 provides a reli-
able depth perception capability with configurable
parameters that strike a balance between accuracy,
coverage, and computational efficiency, making it a
suitable choice for the intended UAV system.

Additionally, the environment used for the
experiments is a controlled indoor laboratory with
an average value of 451 lux.

3.1 Image Acquisition and Filtering

Depth data from the Intel RealSense D455 was
obtained through the Python SDK, which also
provides several post-processing filters to improve
image usability.

A recurring issue in stereo vision systems is
image disparity error calculation, leading to invalid
pixels or “shadows” near object edges or along
image borders. These artifacts reduce the amount
of usable information for obstacle detection, which

(a)

(b)

Fig. 2. Camera setup: (a) support with embedded
device and camera, (b) RGB image captured. Source:
Own work.

is critical in UAV navigation. Due to the cameras’
relative positioning, disparity errors near the image
borders are disregarded in pixel validity calculations,
as they are inherent to the stereo configuration.

To address this, different filtering techniques were
tested to maximize the number of valid pixels while
maintaining real-time processing. Four filters from
the SDK [15] were considered: Decimation, Spatial
Edge-Preserving, Temporal, and Hole Filling. Each
introduces specific trade-offs between accuracy,
smoothness, and noise.

In this work, the priority is to ensure obstacle
continuity in the image rather than absolute
depth precision, since missing data points can
compromise avoidance performance.

Having this in considerations, the experimental
results showed that the hole-filling filter provided
the most reliable output, effectively reducing
disparity artifacts and achieving complete pixel
coverage (Fig. 1). Although this method increases
measurement noise by approximately 3%, it was
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Table 1. Comparison of RMS errors between the
ground truth, regression model, mean measurement, and
subpixel estimation

G.T
(mm)

RMS
GT (mm)

RMS
QR (mm)

Mean
(mm)

Sub
pixel

1000 2.91
(0.29%)

1.11
(0.11%) 997.00 0.09

3000 45.56
(1.52%)

16.76
(0.56%) 3042.00 0.16

5000 321.85
(6.44%)

64.71
(1.29%) 5315.00 0.41

7000 589.01
(8.41%)

58.46
(0.84%) 7585.00 0.38

selected as the most suitable option for the obstacle
avoidance algorithm.

3.2 Characterization and Correction

The accuracy of depth measurements can
be improved using correction models. For
this, the manufacturer provides an RMS error
estimation (Eq. 1), which shows a quadratic growth
with distance:

DeepthRMS = 2×tan(
HFOV

2
)× D2 × Subpixel

ResX ×Baseline
.

(1)

Experimental measurements (Fig. 2) at 1, 3, 5,
and 7 meters confirmed this trend (Fig. 3 and Fig. 4),
with RMS increasing significantly even more than
the expected values at longer distances (Table 1).

A quadratic regression model was fitted, showing
closer alignment with mean values but still leaving
an offset at large distances.

To address this, we proposed an empirical
approach, using an exponential decay correction
(Eq. 2), which progressively reduces measured
depth values, improving accuracy across the 3–7
m range:

Dm(d) = d× e−d×k. (2)

(a)

(b)

Fig. 3. Camera measurement results at varying distances,
compared with ground truth and quadratic regression. (a)
5 meters and (b) 7 meters. Source: Own work

4 Predictive Modeling Approaches

However, the proposed correction strategy mainly
relies on prior knowledge and empirical obser-
vations of the curve behavior. An alternative
perspecttive is to leverage predictive models, which
aim to estimate measurement errors based on
data-driven approaches. These models can be
constructed using well-established mathematical
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Table 2. RMS values for the theoretical best performers
values of k, and the real RMS of measurements with
the pixel operation applied, where k1 = 5 × 10−6 and
k2 = 1× 10−5

Ground
Truth (mm) k1 (mm) k2 (mm) Operational

RMS (mm)

1000 7.72
(0.77%)

13.60
(1.36%)

11.65
(1.16%).

3000 16.98
(0.57%)

60.05
(2%)

26.79
(0.89%)

5000 186.28
(3.73%)

59.18
(1.18%)

100.77
(2.02%)

7000 308.66
(4.41%)

55.33
(0.79%)

131.56
(1.88%)

Fig. 4. Comparison of expected RMS error, ground-truth
RMS error per measurement point, and quadratic
regression RMS error (Quadratic Mean). The regression
from the last two data sets illustrates the RMS error trend.
Source: Own work

formulations or, more recently, with the aid of
artificial intelligence techniques.

Given that computational resources are limited
in embedded platforms, it is essential to prioritize
simpler and lightweight models as an initial
evaluation strategy. Accordingly, this section aims
to examine several predictive approaches and
assess their performance in comparison with the
baseline method.

4.1 Polynomial Regression Models

Regression models are widely used to infer
relationships between input and output variables

through mathematical formulations. One of the most
common methods is polynomial regression, which
allows fitting nonlinear f(x) = y relationships using
a linear statistical framework. This is accomplished
by expanding the input variables, enabling the
identification of a function that approximates
the outputs.

Polynomial regression has been extensively used,
as it provides an interpretable representation of
data behavior when only one dependent variable
is considered [21]. Its main limitation, however, is
reduced accuracy when extrapolating beyond the
minimum and maximum ranges of the training data.

In this work, polynomial expansion is achieved
through the construction of a Vandermonde matrix.
Two decomposition methods are compared: the
classical QR decomposition and SVD (referred to
as QR-based and Scikit-learn, respectively, later
in the text). The latter is particularly appealing
due to its straightforward integration into practical
deployments using built-in functions from the
Scikit-learn library.

For each decomposition method, we evaluated
polynomial models of degrees 1, 2, 3, and 4,
resulting in a total of eight models. These degrees
were selected because they offer a favorable
balance between computational efficiency and
approximation accuracy

For all polynomial regression experiments, we
include a bias term to allow the model to capture
constant effects that are independent of the
input values.

4.2 Artificial Neural Network Model

Neural networks are based on the concept of
interconnected neurons arranged in multiple layers,
enabling the adaptation of input information to
generate predictions. The structure of such
networks can enhance predictive performance,
although they present certain drawbacks, such as
reduced interpretability (and thus potentially less
reliable predictions) and increased inference time.

For basic regression tasks, it is generally
recommended to employ relatively simple network
architectures [16]. In this study, we propose four
single hidden-layer ReLU activation functions based
on architectures with 8, 16, 32, and 64 neurons,
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Fig. 5. RMS error comparison relative to the ground truth
for different k values and the expected behavior. Source:
Own work

Fig. 6. RMS comparison relative to the ground
truth for the original measurements, the processed
measurements, and the expected behavior. Source:
Own work

respectively. All models were trained using the
Adam optimizer, a batch size of 10, and 100
training epochs.

4.3 Data Preparation

For the new experiments, we expanded the dataset
to provide a more comprehensive basis for model
training. Measurements were taken at intervals
of 500 millimeters, ranging from 1000 to 7000
millimeters, resulting in a total of 14 intervals. From

each interval, 50 samples were randomly selected
to construct the training and testing datasets. Thus,
each dataset consisted of 700 points.

The data were then prepared according to the
requirements of each modeling approach.

In polynomial regression, the expansion of
input values can lead to huge numerical values,
potentially causing computational instability or
convergence to local minima [18].

In the other hand, for regression neural networks
the use of ReLU activation function is known
to suffer from issues such as exploding or
vanishing gradients when the data are not properly
conditioned.

To mitigate these problems, a z-score normaliza-
tion was applied to the input data, where the mean
and standard deviation of the dataset were 3872
and 2133, respectively.

To evaluate the implementation of the models on
the measurement process, samples were taken only
at 1000, 3000, 5000, and 7000 millimeters.

5 Computing Device Characteristics

For implementation on a UAV, the onboard computer
must process images efficiently to enable seamless
navigation adjustments. Since the vehicle is
intended to operate autonomously, all sensing
and processing tasks must occur locally, thereby
precluding reliance on external stations.

This requirement makes a lightweight, embedded
computing platform essential.

In this study, an NVIDIA Jetson Nano (utilizing the
4 GB RAM board) was selected due to its compact
size and direct compatibility with the Intel SDK.

This device features an integrated GPU, which is
specifically designed for AI and image processing
tasks, making it ideal for our work. The energy
configuration used is the 5W input.
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Fig. 7. RMS error comparison relative to the ground
truth for different polynomial degrees obtained using QR
decomposition. Source: Own work

6 Results and Discussion

For the evaluation of depth measurement error,
multiple comparisons were conducted between the
proposed empirical method and the predictive mod-
els.

Based on the results obtained with the test data,
one representative model from each approach will
be selected for implementation in the measurement
process and subsequently evaluated against the
theoretical behavior.

6.1 Exponential Decay Method

Testing different k values (Fig. 5), k = 1 × 10−5

minimized RMS at long distances (5 - 7 meters),
while k = 5× 10−6 was better at short range (1 - 3
meters).

The first value was selected for our implemen-
tation, as it reduced long-distance errors more
effectively (Table 2). The implementation of this
correction in Python validated the results, showing
a clear reduction in RMS error compared to the raw
data (Fig. 6).

Table 3. RMS values for the theoretical best-performing
polynomial models and the RMS of real measurements
after applying the pixel operation. P2 denotes the
quadratic model and P3 the cubic model

Ground
Truth (mm) P2 (mm) P3 (mm) Operational

RMS (mm)

1000 2.73
(0.27%)

2.73
(0.27%)

7.26
(0.72%).

3000 19.86
(0.66%)

15.85
(0.52%)

24.27
(0.81%)

5000 52.28
(1.04%)

48.63
(0.97%)

53.92
(1.07%)

7000 82.96
(1.18%)

84.66
(1.21%)

100.99
(1.44%)

6.2 Polynomial Regression models

Using the QR-based methodology, the resulting
polynomials up to degree four are presented in
Eq. 3–6:

2016.03x+ 3750, (3)

−47.59x2 + 2018.62x+ 3797.52, (4)

−4.88x3 − 47.18x2 + 2027.36x+ 3797.38, (5)

9.6x4− 6.05x3− 71.33x2+2028.68x+3804.37. (6)

The evaluation of these polynomials (Fig. 7)
shows that the second- and third-degree models
achieved the lowest error at long distances, with
the quadratic model performing slightly better in the
mid-range (3–5 meters), although somewhat worse
at 7 meters.

Considering that the second-degree polynomial
requires fewer computations and is less dependent
on the input variable, it was selected as the most
suitable option for deployment. A comparison
between the two best polynomials and the deployed
model is presented in Table 3.

For the Scikit-learn implementation, the results
(Fig. 8) indicate that the fourth-degree model
exhibited a noticeably larger error initially. The
quadratic model provided better accuracy at longer
distances (5–7 meters), while the cubic model was
more accurate at short distances (1–3 meters).

Given that the quadratic model performed better
at long ranges, it was chosen for deployment. A
comparison of the two best-performing models
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Table 4. RMS values for the best-performing polynomial
models implemented with scikit-learn, and the RMS of
real measurements after the pixel operation. D2 denotes
the quadratic model and D3 the cubic model

Ground
Truth (mm) D2 (mm) D3 (mm) Operational

RMS (mm)

1000 2.72
(0.27%)

2.24
(0.22%)

6.18
(0.62%).

3000 17.34
(0.58%)

15.63
(0.52%)

18.62
(0.62%)

5000 46.75
(0.93%)

48.56
(0.97%)

54.75
(1.09%)

7000 84.91
(1.21%)

85.76
(1.22%)

99.70
(1.42%)

1000 2000 3000 4000 5000 6000 7000

Distance (mm)

0

50

100
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200

250
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p
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m

)

RMS D455

Sklearn Deg. = 1

Sklearn Deg. = 2

Sklearn Deg. = 3

Sklearn Deg. = 4

Fig. 8. RMS error comparison relative to the ground truth
for polynomial models of different degrees implemented
in Scikit-learn. Source: Own work

and the deployed configuration is summarized in
Table 4.

6.3 Artificial Neural Network Model

As shown in Fig. 9, all configurations reduced
the RMS error at longer ranges (5–7 meters) but
increased it at shorter ranges (1–3 meters). All the
models exhibit similar trends; however, the network
with eight neurons achieved the lowest error at 1, 3,
and 5 meters, while the 64–neuron model yielded
the lowest error at 7 meters.

Considering both accuracy across most distances
and computational efficiency for deployment on
embedded hardware, the 8-neuron configuration

Table 5. RMS values for the best-performing neural
configurations and the RMS of real measurements with
the pixel operation applied, where N8 denotes 8 neurons
and N64 denotes 64 neurons

Ground
Truth (mm) N8 (mm) N64 (mm) Operational

RMS (mm)

1000 33.24
(3.32%)

34.16
(3.41%)

36.84
(3.68%).

3000 69.45
(2.32%)

71.10
(2.37%)

72.79
(2.43%)

5000 50.49
(1.01%)

51.43
(1.03%)

64.05
(1.28%)

7000 130.67
(1.87%)

128.29
(1.83%)

139.06
(1.99%)

1000 2000 3000 4000 5000 6000 7000

Distance (mm)

0

50

100

150

200

250

D
e

p
th

 R
M

S
 (

m
m

)

RMS D455

8 neurons

16 neurons

32 neurons

64 neurons

Fig. 9. RMS error relative to the ground truth for different
neuron configurations and their expected behavior.
Source: Own work

was selected. A comparison between the two best
configurations and the deployed pixel operation is
reported in Table 5.

6.4 Models Measurement Behavior

Based on the outputs of each deployed model, a
global comparison was carried out with the general
results (Fig. 10), while the corresponding numerical
values are presented in Table 6.

At the 1 m range, all models increase the
measurement error; however, the Sklearn model
achieves the best performance at this distance, with
an improvement of 0.54%.
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Table 6. Comparison of RMS error differences between
ground truth and each evaluated model. The highlighted
values indicate the gain or loss relative to the exponential
decay model

G.T
(mm)

Exp. Dec.
(% mm)

Pol
(% mm)

Sklearn
(% mm)

ANN
(% mm)

1000 -0.87 -0.43
0.44

-0.33
0.54

-3.39
-2.52

3000 0.63 0.71
0.08

0.9
0.27

-0.91
-1.54

5000 4.42 5.37
0.95

5.35
0.93

5.16
0.74

7000 6.53 6.97
0.44

6.99
0.46

6.42
-0.11

This increase in error in all the models may be
attributed to several factors: the scale of the values
used during model construction (given that the
dataset spans a relatively wide range), the limited
complexity of the models, which may be insufficient
to fully characterize the system, or the fact that
the raw measurements at this distance are already
close to the ground truth.

At the 3 m range, the neural network
underperforms, a behavior also noted in Section 6.3.
The Sklearn model provides the best outcome
at this distance, improving the measurement
by 0.27%.

At a range of 5 m, all models achieve
improvements, with the QR-based regression
delivering the highest gain of 0.95%.

Finally, at the 7 m range, the neural network
again shows lower performance, while the Sklearn
model exhibits the best result, with an improvement
of 0.44%.

Overall, when compared directly with the
exponential decay model, the Sklearn regression
achieved improvements of 0.54% at 1 m, 0.27%
at 3 m, and 0.44% at 7 m, while the QR-based
regression reached the highest improvement of
0.95% at 5 m. The neural network, in contrast,
presented lower performance at 3 m and 7 m
relative to this reference.

Fig. 10. RMS comparison relative to the ground truth
for the original measurements, the corrected data using
the top-performing model from each section, and the
expected trend. Source: Own work

6.5 Embedded Device Time Analysis

For a time analysis, the models were deployed on a
Jetson Nano computer, where the image acquisition
and processing algorithms were executed 30 times
to compare them with the 30 FPS configured initially.
Table 7 summarizes the obtained results.

Overall, the execution times do not differ
significantly across the models. The neural
network achieved the fastest fitting performance,
whereas the Sklearn model required more time
to process a complete image. Considering the
results mentioned in Section 6.4, these models
are capable of correcting depth information without
fully exhausting the computational resources of
devices with characteristics similar to those used
in this work, while still maintaining the frame rate
configured in the SDK initially.

Compared to the exponential decay approach,
the proposed predictive methods offer greater
flexibility and adaptability for deployment on
embedded platforms. However, all of these
proposed methods require careful data preparation,
which may lead to potential issues (such a
overflows caused by the restricted numerical
ranges of embedded hardware) if the underlying
assumptions are not well understood. Additionally,
the implementation of artificial neural networks
demands more specialized knowledge, and
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Table 7. Comparison of the time performance of each
model on the Jetson Nano, based on the elapsed time for
each measurement

Frame Exp. Dec.
FPS

Pol
FPS

Sklearn
FPS

ANN
FPS

1 25.15 26.03 19.98 28.49
5 27.30 29.80 29.32 28.28
10 25.37 26.42 25.85 25.55
15 27.44 29.62 29.23 27.46
20 27.99 26.30 25.94 26.82
25 30.26 29.76 29.15 30.01
30 28.02 26.45 26.04 29.85

Mean 27.48 27.92 27.28 28.05

their training process can significantly increase
development time.

Although the exponential decay provides a
straightforward (and simpler implementation) solu-
tion, the implementation of predictive models offers
greater potential for integration into more complex
systems, as they allow for tailored preprocessing
and data adaptation strategies.

7 Conclusion and Future Work

Image processing and correction are key elements
for achieving fully autonomous navigation, as
these techniques enhance the mapping of diverse
environments. Such approaches are particularly
valuable in systems where replacing a defective
sensor is not feasible, such as in space missions
or IoT implementations, thereby extending the
lifecycle of these projects. Evaluating different
correction methods also provided insights into
their relative performance, revealing that the main
distinction among simple correction techniques
lies in their implementation. All of them are
capable of improving the accuracy of the information
at different levels without demanding significant
computational resources.

Future research may focus on optimizing each
model, for instance, by reducing the polynomial
degree through an evaluation of confidence levels
for each order, or by refining the architecture of the
artificial neural network.

Additionally, future work will include the analysis
of images captured during real flight tests, which

is expected to provide deeper insight into the
errors introduced by outdoor conditions and
platform instabilities, such as vibrations, variable
lighting, and continuous obstacle perception in
volatile environments.
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