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Abstract. Using unmanned aerial vehicles (UAV) for large-scale scene
sampling is a prevalent application in UAV vision. However, there are
certain factors that can influence the quality of UAV sampling, such
as the lack of texture details and drastic changes in scene geometry.
One common factor is occlusion, which is a surface feature in 3D scenes
that results in significant discontinuity on the scene surface, leading to
transient noise and loss of local information. This can cause degrada-
tion in the performance of computer vision algorithms. To address these
challenges, this paper proposes a UAV sampling method that takes into
account occlusion. The method is based on the principle of quantizing
occlusion information and improves the aerial light field (ALF) tech-
nology. It establishes a UAV ALF sampling model that considers scene
occlusion information and calculates the minimum sampling rate of UAV
sampling by deriving the exact expression of the spectrum. The pro-
posed model is used to sample and reconstruct large-scale scenes in dif-
ferent occlusion environments. Experimental results demonstrate that
the model effectively improves the reconstruction quality of large-scale
scenes in occluded environments.

Keywords: Unmanned aerial vehicle - Occlusion scene - Aerial light
field - Spectrum analysis

1 Introduction

Using Unmanned Aerial Vehicles (UAV) for image sampling and scene recon-
struction is a prevalent application in computer vision [1-5]. UAV sampling
offers greater flexibility and a wider sampling range compared to traditional
camera sampling in large-scale scenes. However, it also faces some challenges,
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such as a lack of texture detail, drastic surface changes in the scene, and so on.
One particular issue is occlusion - a feature in 3D scenes that causes significant
discontinuities on object surfaces, resulting in transient noise and loss of local
information. The absence of these crucial details can lead to a degradation in
the performance of computer vision algorithms.

To address these challenges and enhance the quality of novel view recon-
struction in large-scale scenes, we propose a method based on the quantification
of occlusion information. Meanwhile, our proposed method improves the aerial
light field (ALF) technique and obtains an ALF sampling model for UAV. This
model can reduce the impact of occlusion on large-scale scene reconstruction.
The procedures are as follows: First, we conduct an in-depth analysis of the
UAV sampling characteristics, based on which we establish the occlusion signal
model of the ALF. According to the model, the occlusion degree in the scene is
quantified. Then we derive the precise expression of the ALF based on the estab-
lished sampling model, enabling us to obtain the necessary spectral support for
ALF. Additionally, we analyze the signal bandwidth according to spectral sup-
port to determine the minimum sampling rate for UAV sampling. Finally, we
solve the sampling problem of the real obscured scenes to prove the practicality
of the model.

2 Related Work

2.1 UAV Sampling and Rendering

In recent years, there has been a great deal of research about techniques for sam-
pling and reconstructing large-scale scenes from UAV, and these techniques are
also widely used in a variety of fields. Schedl et al. [6] utilized airborne optical
sectioning (AOS) image integration technology to locate missing or injured indi-
viduals within dense forests, thereby paving the way for future advancements in
search and rescue techniques. Khaloo et al. [7] employed UAV-captured images
along with SFM algorithms to create three-dimensional (3D) models of bridges
for unmanned aerial vehicle inspections. This approach facilitates the evaluation
of bridge structural integrity and ensures the safety of transportation infrastruc-
ture. Liu et al. [8] proposed an image-based crack assessment method for bridge
piers using unmanned aerial vehicles and 3D scene reconstruction algorithms.
Through this approach, UAV technology is utilized to evaluate and maintain
the safety of bridge piers by detecting and analyzing cracks. Prosekov et al.
[9]developed techniques and software for 3D thermal imaging and mapping of
coal warehouses and coal mining facilities. This advancement aims to swiftly
identify potential fire ignition points, thus enabling prompt fire prevention mea-
sures and minimizing extinguishing time. Fernando et al. [10] implemented a
UAV photogrammetry scheme based on Structure from Motion (SfM) and Mul-
tiple View Stereo (MVS) algorithms. By utilizing this method, they successfully
modeled the topography of surfaces, established structural foundations, and con-
necting channels. The resulting data aided in reconstructing and understanding
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intricate archaeological sites, ultimately contributing to their restoration and
preservation.

To improve the quality of UAV image reconstruction, various methods have
been proposed to make an improvement, especially for the prevalent occlusion
problem in large-scale scenes, Guan et al. [11] introduced a UAV-YOLO vehi-
cle detector that utilizes depth-separable convolution and resolution adjustment
techniques. They also proposed a multi-view occlusion optimization algorithm
to enhance the quality and speed of reconstruction by determining the opti-
mal spatial distribution of image sequences. Schneider et al. [12] developed a
TLS-based 3D structure measurement method specifically designed for dense
tropical and temperate forests. This approach effectively quantifies the 3D struc-
ture and occlusion within the forests, resulting in improved quality for 3D mea-
surement and reconstruction of forest environments. Zhao et al. [13] put forth
an improved YOLOV5 method for accurate detection of wheat spikes in UAV
images. This method addresses the issue of occlusion-induced spike detection
errors and missed detections, leading to more reliable and precise results.

These works have made significant contributions to the research on sampling
and reconstruction of UAVs for large scenes. However, it is worth noting that
there has been limited focus on specific factors that are prevalent in large-scale
scenes, such as occlusion and shadows. These factors play a crucial role in the
overall quality of sampling and reconstruction in large-scale scenes. Furthermore,
some reconstruction methods that overlook the sampling rate while prioritizing
the enhancement of reconstruction quality. This oversight often results in data
redundancy and consumes excessive memory during the reconstruction process.

2.2 Light Field Sampling and Reconstruction

With the increasing application of 3D reconstruction and other technologies,
many related methods have been proposed to reduce the sampling rate of light
field and improve the rendering quality of view. To reduce the redundancy of
light field sampling and improve the reconstruction efficiency, Qi et al. [14] pro-
posed the feature ray under-sampling (FRUS) method, and studied the influ-
ence of the under-sampling methods, flame dividing voxels, noise levels and light
field camera parameters. Gilliam et al. [15] employed a set of inclined planes
to approximate the scene’s geometry and derived a precise closed expression for
the complete optical spectrum of a finite width inclined plane. Additionally, they
developed a novel reconstruction filter to enhance the reconstruction process. Wu
et al. [16] conducted a study and discovered that the fundamental issue behind
the challenges of large disparities and non-Lambertian surfaces is the problem of
aliasing. They introduced an alternative framework for performing anti-aliasing
reconstruction in the image domain, which demonstrated excellent results.

Although there have been many researches related to light field sampling
and reconstruction, the techniques related to light field reconstruction are still
limited to small scenes.
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3 A Framework for Occlusion Signal Based on UAV
Sampling

3.1 Aerial Light Field Parameterization

For light rays, a 7-dimensional function(POF) & (z,y, 2,0, ¢, A\, 7) [17] is usually
used to parameterize it (Fig. 1), where(x, y, z) is the position of the UAV, (6, ¢)
is the direction of light transmission, A\ is the wavelength of the rays and 7 is
the time.

Light ray

X

A

Fig.1. 7-dimensional plenoptic function. A light in space is described with seven
parameters centered on the human eye.

The 7D functions are complex when it comes to mathematical calculations
and Fourier transforms. Therefore, it can be simplified to 5D in the process of
describing the actual 3D scene, as F'(z,y, 2,0, ®).

3.2 Aerial Light Field Occlusion Signal Model

In this paper, we analyse the scene information captured by the UAV to quan-
tify the degree of occlusion in the scene. The field of view (FOV) of the UAV cam-
era represents the range of scene information that can be captured, as shown in
Fig. 2. The FOV can be represented by cone U—ABCD, U (x,y, z,0, ¢)represents
the information captured by the camera, and the occlusion field is represented
by cone U — A’ B’C’D’. Obviously the occlusion field is also a part of the FOV.

Zhu et al. in the literature [18], define a novel view of the rendering of the
captured scene information based on the camera to improve the rendering quality
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Fig. 2. 3D Aerial light field occlusion signal model. The red box area indicates the
occlusion coverage range in the scene. (Color figure online)

by compensating for the OCD function [19]. The expressions are as follows,

P($7y72797¢) = (1)
fQ(C ($7y7z797¢)a0 ($797Za9a¢)) B (xay7z797¢) dxdydzd@d(b

where P (z,y,2,0,¢) represents the new view after rendering, C (z,vy, 2,0, ¢)is
the scene information captured by the UAV, @ (:) is a compensation function
implemented in a certain relationship, and B (-) is the rendering kernel func-
tion. The function O (z,y, z, 0, ¢) represents the degree of occlusion in the scene
captured by the UAV. The expression for O (z,y, 2,0, ¢) is as follows,

Ve 0
Ol ) g g

where [ is determined by the FOV Vg (z,y,2,6,¢) of the UAV.
Vr (2,9, 2,0, ¢)and Vo (x,y, 2, 0, ¢)are the volumes of cone U — ABC'D and cone
U— A'B'C’'D’. Based on this theory, we develop an ALF occlusion signal model.
In order to improve the computational efficiency and reduce the complexity of
the quantitative expression of occlusion, we further simplify the 5D light field
according to the principle of unstructured light fields [20]. By choosing a position
parameter (z, z)and a direction parameter 6, the 5D function is then reduced to
a 3D function. The expression (1) is simplified as follows,

P(x,z,0)= /45 (C(x,2,0),0 (x,2,0)) - B(x,z0)drdzdf (3)

Thus, the model in Fig. 2 can be simplified to Fig. 3, where the degree of occlusion
can be expressed as the ratio of the area of the occlusion field to the area of the
FOV, and their area can be quantified in terms of the number of rays.
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U,(0,0)

Fig. 3. 2D Aerial light field occlusion signal model. The red box region represents the
set of rays of the occluded range. (Color figure online)

The light rays can be defined by their intersection with the camera plane at
position z and imaging planes corresponding to pixel position v [15]. Thus there
is,

_cosy (wg — x1) —sing; (21 — 20)

N — tan (90° — 1)) = !

an gy = tan ( (1 +61)) sin ¢y (2o — 1) + cos @1 (21 — 20) W
cos 1 (20 — 1) — sinpy (21 — 20)

v=ftan s f(sin§01 (w0 — x1) + cos gy (21 — 20) v

From this we get an exact expression for the pixel position, which we can then
substitute into a simplified expression for the degree of occlusion. Finally, we get
the expression of scene occlusion degree expressed by UAV position and pitch
angle.

K (z,2,v) _ ﬂ|vi+k — v

O (@2 v) = ﬂN (x,2,v) 20,
feospy (x — ;) + fsing (z — z) (©)
Ié; sin 1 (& — x;) + cos 1 (2; — 2)

C 2ftanfe | feosgr (@ — wiyk) + fsingr (2 — zigk)
sin 1 (x — Ti4k) + cos 1 (Zigk — 2)
where f is the distance between the camera plane and the image plane, as the
focal length. 5 is the pitch angle of the unmanned aerial vehicles. v,, is the
maximum pixels in the image plane.
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3.3 Fourier Transform of the ALF Occlusion Signal Model

A spectral transformation of the sampling model of the occlusion signal allows
the effect of occlusion on the signal to be analyzed, and a Fourier transform of
the occlusion function gives as follows,

O (wg,wz,wy) = / / / O (x,2,v) x exp (—J (we + w2 + wyv)) dedzdv
T 7

where the E = exp (—j (wz@ + w.2 + wyv)), and in the following we will abbre-
viate O (wg, w;,wy) to O(+). Substituting (6) into (7) and we get,

feospr (@ —xi) + fsingr (2 —2)
sin 1 (x — x;) + cos 1 (z; — 2)
. dzdzdv
2ftan % | feosgr (x — @igy) + [singr (2 — zivk)
sin 1 (& — Ti4k) + cos 1 (Zigr — 2)

///fcos<p1 (x = i) + fsings (2 = -)Eda:dzdv

ﬁ singy (2 — @) + cos 1 (2 — 2)

T 2tan [ e la ) 4 v C i) g,
sin 1 (¢ — Ti4k) + cos 1 (Zigr — 2)

(8)
By analyzing (8) and applying properties of calculus, we decompose it into two
triple integrals. We further proceed to decompose and simplify each triple inte-
gral, taking into account the symmetry of the Fourier transform. Ultimately,
we obtain formula (9), which represents the spectral expression of the occlusion
function.

o exp (jwz (wv — watiyk thHK)) (Tiyx +ditk)
0() = JBm* sgn (wa) ws
f-tanf./2 ~exp (jwz (wvfwzdifwzxi)) (@i + di)
Wy
di6 (wz)sgn (wz) — 76" (w2 ) sgn (wz) n
Wz
d;6 (wg)sgn (wz) — 78" (wz) sgn (w2)
ey 14 76 (wo — 2) Wy
TIN5 (wo +2) i 18 (w2) s (we) — 50" (w2) san (i) (9)
Wy
B di+ k6 (wz)sgn (wz) — 78’ (we) sgn (wz)
Wz

(5 (ws) (t; sgn (wz) — 276 (wz))>
+ (tisgn (wz) — 276 (w2))

i7m2 (8 (wo +2) — & (wy — 2
o ) ) B <6(wz)(ti+ngn(wI)—2ﬂ'5 (wz))>

+ (titx sgn (wz) — 276 (wz))
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3.4 ALF Occlusion Signal Sampling and Reconstruction

The spectrum of the occlusion function from (9) contains w,, w, and w,. Where
w, depends on the depth between the UAV and the subject. We only analyze
the occlusion function through w, and w,. Applying the concept of fundamental
bandwidth, the bandwidths along the w,-axis and the w,-axis of the occlusion
function are derived as follows,

1

B, = qwg : |ws| < 10

{o bl S g ey W

By _ {Wv c |:Qx ‘xz - xiJrkl Zmax’ Qz |£L'1 - xi+k| Zmin:| } (11)

f f
where (2, denotes the maximum value of B, along the w,-axis, as
1
2, (12)

n 2 |1‘z — xi+k| . |d1 — di+k| + sgn (9)

Depending on the bandwidth, an adaptive filter is designed to eliminate the
interference caused by the occlusion signal. Tilting filter is still used in the recon-
struction, with two filter expressions are as follows,

F* ((we +wy)) _; ,
Hopt (wey ) =~ =g ety (13)
FR — |xl - zi-‘rk‘ : |Zmax + Zmin| (14)

27 f

Referring to the occlusion scoring method proposed by Zhu et al. in the literature
[18], the case where occlusion has the least impact on the quality of the scene
reconstruction can be deduced. The expression for the occlusion scoring is as
follows,

A . [Vigr —vi| ) . [Vitr — Vil
Sr = (arf,lzlg) <O (x,z,v)) B (f,lzl,ri) <2f . tan00/2> N m:ggl:eo <2f -tanf./2
(15)

4 Experiment

4.1 Experimental Sampling Methods

The experiment of large-scale aerial shooting scene conducted in this paper is
based on the mathematical theory derivation above. By determining the spec-
tral bandwidth of ALF, the maximum sampling spacing of UAV sampling can
be deduced, that is, the minimum sampling rate can be obtained, and the recon-
struction filter can be obtained at the same time. According to the minimum
sampling rate, the sampling interval can be determined. The inter-frame esti-
mation method in [21] takes frames from the UAV sampling video to obtain the
images required for the experiment, and then renders new views according to
the sampled images.
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Roof Building Tree Edifice

Ground truth

This work

EPI

MMDS

EPI

SSPA

Fig. 4. Experiment with novel view reconstruction of complex real scenes. Different
sampling methods have different quality results for four different experimental scenar-
ios. Changes in EPI can reflect the quality of the reconstructed view by the correspond-
ing method. Some Magnified details help us to clearly compare the rendering quality
of different methods.
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4.2 Real Scene Experiment

In this experiment, we selected several different types of occlusion scenes and
successfully reconstructed them. These scenes involved various scenarios, such
as trees obstructing buildings, multiple buildings obstructing each other, and
unique vertical views in aerial scenes. To ensure the credibility of our findings,
we conducted comparative experiments with other relevant methods, including
Maximum and Minimum Depth of the Scene (MMDS) [22] and Single Slanted
Plane Analysis (SSPA) [15]. Additionally, we employed the EPI (Epipolar Plane
Image) [23] to verify the view reconstruction quality of different methods.

As depicted in Fig. 4, we present the reconstructed views and corresponding
EPIs of four scenes for comparison. Notably, these scenes featured large-scale
dimensions and intricate surface textures, representing a key characteristic of
complex aerial photography scenes. The results demonstrate that the proposed
sampling method in this study significantly enhances the quality of reconstructed
views, particularly when considering the occlusion present in real-world scenes.
This indicates the effectiveness of our proposed sampling method for large-scale
complex aerial photography scenes. Moreover, when zooming in on specific scene
details, it becomes evident that our proposed method also outperforms other
approaches in terms of reconstruction accuracy.

Table 1. PSNRs for rendering of four real scenes using three different methods.

Method | Scene

Roof | Building | Tree | Edifice
This work | 30.413 | 27.696 | 28.306 | 27.083
MMDS 29.564 | 26.735 27.415 | 26.374
SSPA 29.22226.466 | 27.105 | 26.095

Table 2. SSIMs for rendering of four real scenes using three different methods.

Method Scene

Roof | Building | Tree | Edifice
This work | 0.889 | 0.914 0.890 | 0.897
MMDS 0.861 | 0.890 0.858 | 0.872
SSPA 0.850 | 0.883 0.847 | 0.867

To intuitively compare the rendering quality of different methods, we com-
pared the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
(SSIM) of four sets of experiments, and the average values of the PSNR and SSIM
are shown in Table 1 and Table 2. By comparing the Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM) obtained from our real scene
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experiments, we observe that the UAV sampling method proposed in this paper
consistently produces superior rendering effects for generating novel viewpoints.
This result further proves the superiority of our sampling method. Overall, the
experimental results affirm the reconstruction capabilities of the UAV sampling
method across a wide range of scene types.

5 Conclusion

Based on the principle of quantizing occlusion information, this paper presents
a novel UAV sampling method that considers occlusion to improve the technol-
ogy of ALF. We establish a UAV ALF sampling model that takes into account
scene occlusion information, enabling us to calculate the minimum sampling
rate required for UAV sampling by deriving the exact expression of the spec-
trum. Additionally, we determine the reconstruction filter suitable for large-scale
aerial photography. The experimental results demonstrate the model’s effective-
ness in mitigating the impact of occlusion on large-scale scene reconstruction,
and shows the superiority of this model in reconstructing large-scale scenes in
occluded environment.

However, it is important to note that our discussion solely focuses on the
UAV sampling method considering occlusion. During the ALF sampling process,
the presence of sunlight can create shadow areas within the scene, while light
reflections may occur on the external walls of certain buildings. These factors
can potentially impact the overall quality of scene reconstruction for large-scale
scenes. In our future research, we will focus on exploring various improvement
methods to further enhance the quality of occlusion scene novel view reconstruc-
tion.
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