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Abstract

Retrieving information from point clouds for analysis and visualization has gained ever-increasing interest. A growing niche in this
regard is ray queries, commonly used for image synthesis. Ray tracing is widely used in computer graphics, with a multitude of
solutions based on bounding volume hierarchies. However, these solutions are rarely straightforward to integrate with raw point
cloud data and geospatial analytical workflows. To overcome this, we present a novel approach to ray tracing in raw point clouds
that builds upon and extends existing geospatial indices. The solution is exemplified by a fast octree implementation that supports
versatile query semantics, such as neighborhood queries with constraints on k and radius for both points and rays, while offering
configurable data organization schemes, including layered, fixed, and adaptive depth. The evaluation demonstrates satisfactory
speed and capabilities for many scientific use cases, while simultaneously exhibiting low implementation costs, high flexibility, and
simplicity in integrating ray tracing into analytical point cloud workflows.

1. Introduction

Ray tracing and ray marching approaches have a long history
in computer graphics for image synthesis (Glassner, 1989). Re-
cently, such traditional visualization methods have gained re-
newed interest by combining and integrating them with neural
approaches (Mildenhall et al., 2022, Kerbl et al., 2023, Chang
et al., 2023). Apart from image synthesis, numerous analytical
approaches from photogrammetry, remote sensing, and adja-
cent fields rely on ray queries. For example, generating vis-
ibility maps (Cho and Forsyth, 1999), evaluating spatial radio
signal coverage (Vitucci et al., 2015), detecting changes in spa-
tiotemporal surveying (Anders et al., 2020), skyline extraction
(Stojanovic and Stojanovic, 2014), modeling solar energy for
urban planning (Kosmopoulos et al., 2024), or geometric point
in polygon tests (Laass, 2021) among others.

While a multitude of established ray tracing solutions exist in
the field of computer graphics, such as Embree (Wald et al.,
2014), transferring these solutions to the geospatial context is
challenging. Issues arise from subpar scalability to larger geo-
graphic contexts, interoperability with geospatial tooling, and
their focus on triangles and meshes, thereby neglecting raw
point clouds. On the other hand, tooling from the geospatial do-
main often has limited support for ray tracing. For example, the
Point Cloud Library (PCL) only supports querying the nearest
voxel hit by a ray (Rusu and Cousins, 2011), whereas the
Open3D library only supports ray casting on meshes that can
be loaded into memory (Zhou et al., 2018). However, convert-
ing raw point clouds to meshes is not always desirable or even
possible.

Raytracing can be accelerated with hierarchical indexing struc-
tures, such as the Bounding Volume Hierarchy (BVH) (Meister
et al., 2021). Unfortunately, implementations from the field
of computer graphics often fail to efficiently handle raw point
clouds and lack support for neighbourhood queries. Another
widely used index structure for analyzing and visualizing point
clouds is the Octree (Meagher, 1982, Gobbetti and Marton,
2004). While they provide range and neighborhood query func-

Figure 1. Ray tracing illustration with a pinhole camera (left),
the image plane (green), and a ray (blue) starting from the

pinhole, reflected on the object (candle) towards a light source
(sun).

tionality, they often lack supporting ray queries. A more spe-
cialized indexing solution, specifically designed for ray tracing
raw point clouds, is HashPoint, which hashes the points to
pixels in the image plane of a given camera position (Ma et
al., 2024). However, this requires transforming the entire data-
set into the camera coordinate system. Similarly, the approach
from PointerSect employs a brute-force method using a grid
index and custom CUDA kernels (Chang et al., 2023). Unfor-
tunately, these approaches do not scale well to larger datasets,
multiple views, and more generic ray queries.

Our main contribution is a generic approach that extends com-
mon spatial indexing structures to support ray queries on raw
point clouds. This is exemplified by a concrete implementa-
tion based on an Octree, evaluated on real-world photogram-
metric point cloud data. Furthermore, we present an approach
for extending a database system with user-defined functions to
support out-of-core ray queries on large geospatial point cloud
datasets.

2. Ray Tracing

Ray tracing is an image synthesis method that models the light,
respectively, rays captured by a camera (Figure 1). Since it is
based on the real-world physical process of image generation, it



is predestined for high-quality, realistic rendering, including the
accurate representation of lighting, shadows, lenses, and mater-
ial properties. This section provides a brief introduction to the
core concepts of camera, ray, and hit, highlighting key aspects
relevant to the remainder of this work.

Camera. The pinhole camera is a very basic concept of how
a camera works, where the pinhole is the focal point through
which the rays are captured on the image plane. It is often
formalized through an extrinsic and intrinsic matrix. The ex-
trinsic matrix defines the camera’s position and orientation in
the real world, whereas the intrinsic matrix defines its internal
properties, such as focal length, which determine how objects
are projected onto the image plane. This information is used to
generate the rays to trace.

Ray. The concept of a ray models the path of light in a scene
that gets captured by a camera. For image synthesis with ray
tracing, the path of light is reversed, traveling from the camera
towards the scene to be captured. In its basic form, the rays fea-
ture an origin o represented as a point in space and a direction
represented by a (unit) vector d̂ in space (Figure 2). The time
t in the context of a ray measures the distance of a point on the
ray to o. Consequently, a segment s of the ray can be specified
by using a time interval s = [tmin, tmax]. This allows us to
translate the ray segment into a line Ls = (p1,p2) by calculat-
ing the start and end point as (o + tmind̂,o + tmaxd̂). Given
that the direction is normalized to the unit length, for example,
in the Euclidean space, the time values conveniently correspond
to the distance along the ray.
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Figure 2. Conceptualization of a ray, its origin o, direction d̂,
expression of points along the ray with time t, and segments

with a time interval [tmin, tmax].

Hit. When tracing a ray for image synthesis, the main point
of interest is where the ray hits, respectively, interacts with an
object. The goal here is to retrieve an intersection point and
normal, along with other features such as material properties,
including color. This is used to derive the outward direction
of the ray based on reflection or refraction of the material and
normal, and to aggregate color, light, and shadow information.
While extracting an intersection point from objects represented
as meshes with surfaces is theoretically well-defined, numer-
ical issues can arise. On the other hand, extracting a surface
and an intersection point from a set of raw points is not well-
defined, though it is more robust (Adamson and Alexa, 2003).
Moreover, it has been demonstrated that neural approaches can
infer it from raw points; however, they still rely on meshes for
training (Chang et al., 2023).

3. Ray Queries

Retrieving points from raw point clouds presents certain chal-
lenges. The most obvious is that points have zero volume, and
thus the probability of a random ray actually hitting a point
is close to zero. Hence, the points often represent a tiny, but
non-empty volume of homogeneous material, often a sphere,
cube, or splat. However, this poses a scalability problem as

Algorithm 1 Nearest Neighbor Ray Query.

procedure RAYQUERY(R, tmin, tmax, k, r)
k ← inf ▷ Number of nearest neighbors if not set
r ← inf ▷ Serach radius if not set
tmin ← − inf ▷ Start of time interval if not set
tmax ← inf ▷ End of time interval if not set

N ← [] ▷ Neighboring points (ordered)
C ← [root] ▷ Candidate index nodes

while C is not empty do ▷ Process candidates
node← pop first element of C
dnode ← node min distance to ray (orthogonal) R
[tnear, tfar]← time interval of projected bounds

if dnode > r ∨ tnear > tmax ∨ tfar < tmin then
continue

end if

for all p ∈ node do ▷ Evaluate node points
dpoint ← point min distance to ray (orthogonal) R
tp ← time from origin to projected point
if dpoint > r ∨ tp < tmin ∨ tp > tmax then

continue
end if
insert p into N ▷ Ordered by distance or time 1⃝
if Length(N) > k then

remove last element of N
update r or tmax ▷ From max in N 2⃝

end if
end for

for all child ∈ node do ▷ Descend to child nodes
add child to C

end for
end while
return N

end procedure

the volumes are fixed, and adapting it requires a complete re-
construction of the indexing structure from scratch. Alternat-
ive approaches include buffering the ray predicate or using a
nearest-neighbor search. In this work, we build on the latter by
relying on distance metrics and half-planes to assign volumes
to queries.

In the Algorithm 1, we present an approach for ray queries on
raw point clouds. It works on top of any bounding volume in-
dexing structure, such as R-Tree, Kd-tree, or Octree, that allows
traversing from the root node to the leaves. As input, a ray is re-
quired, and optionally, it can be further parameterized with the
number of neighbors k to find, a search radius r, and a time in-
terval [tmin, tmax] for the ray. When traversing the nodes, each
node is first checked to see whether it can be pruned using its
bounds. Then, the node’s points are evaluated to determine if
they can become neighboring points before its child nodes are
included as candidates for further traversal.

3.1 Query Modalities

The presented nearest neighbor ray query algorithm supports
several query modalities that can be induced by specifying the
parameters k, its distance measure (distance to ray vs. distance
to origin), radius r, time interval [tmin, tmax], and combina-
tions thereof, forming a logical conjunction.

k Nearest Neighbors (kNN). Queries solely parameterized
by k are expected to return at most k nearest points with respect
to the chosen distance measure. The distance of a point to the
ray can be measured as the distance of the point to its orthogonal
projection on the ray, or the distance of the projection to the ray
origin, respectively, its time value tp. The latter is especially
interesting when the goal of retrieving points is to extract the
primary point surface. The kNN query is visualized in Figure 3
(left).



𝑘 = 4

Figure 3. Illustration of various ray query modalities with selected points highlighted in green: k Nearest Neighbors query for k = 4
(left), radius query with radius r (middle), and time range query between tmin and tmax (right).

Radius Queries. Queries solely parameterized by the radius
return all points intersecting the infinite cylinder with the ray as
its centerline. As such, it is equal to buffering the ray and test-
ing for intersection. Considering multiple connected ray seg-
ments, for example, following the ray along several reflections
and refractions, it becomes clear that this resembles profiling
a trajectory with a given buffer. This approach is commonly
used in change-detection and analysis workflows for 4D spati-
otemporal lidar data (Anders et al., 2020). The radius query is
visualized in Figure 3 (middle).

Time Range. Querying with a time interval restricts the
search space to the points between the two half planes going
through the points on the ray at tmin and/or tmax with the ray
direction being its normal. This allows slicing the point cloud
with arbitrary parallel planes. Furthermore, the capability to ex-
press planes and the signed distance of points to them also un-
locks the expression of view-frustum queries. The time range
query is visualized in Figure 3 (right).

Ray Marching. In ray marching, one tries to find the closest
point to the origin within a given distance to the ray iteratively
by advancing the center along the query ray by the distance to
the closest point. While this is not directly supported by the
proposed ray query algorithm, it can be emulated with kNN
queries, where k = 1, and the distance of the closest point to
the ray origin serves as the distance measure. However, it is
more efficient to constrain the query with a radius to directly
find the closest point.

3.2 Distance Predicates

To evaluate whether a point belongs to the ray query result
set basically involves testing two distance predicates, namely,
whether the distance to the line is within the given radius r, and
whether the time interval [tmin, tmax] contains the time value
of its projection on the ray tp. An alternative approach to calcu-
lating tp is to use the distance to the plane defined by the ray’s
origin and direction.

Point to Line. Given two points on the ray, the distance dl of
a point orthogonal to the ray can be calculated with

dl =
∥(p− a)× (p− b)∥

∥b− a∥ (1)

where p is the point. For a, we can use the ray origin, and
for b, the ray origin plus a factor times the ray direction (e.g.,
b = o+ 100.0d).

Point to Plane. Given a plane defined by a point on the plane
and a normal vector, the signed distance of a point p to the plane
can be calculated by

dp = n̂ · (p− po) (2)

where po is a point on the plane and n̂ the normalized plane
normal. When substituting the ray origin o for po and the ray
direction d̂ for n̂, the resulting distance is equivalent to the time
value tp of the point’s projection on the ray.

3.3 Pruning Mechanisms

Several interconnected variables that parameterize ray queries
are suitable for pruning nodes and, by extension, subgraphs of
the tree. These are the number of nearest neighbors k, the time
interval of the ray [tmin, tmax], and the radius r, in case they are
specified. The radius is most comprehensible and is calculated
as the minimum distance between the node bounds and the ray.
The approaches are visualized in Figure 4.
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Figure 4. Node bounds pruning mechanisms: projected time
interval (left) and ray minimum distance (right).

Ray Minimum Distance. For the node bounds, an upper
limit of the shortest distance to the ray can be calculated by
subtracting half the length of the diagonal from the length of
the distance of the center c to its projection on the ray c′ with

dnode = ∥(c′ − c)∥ − 1

2
· ∥u− l∥ (3)

where u are the upper and l the lower bounds of the node.
An accurate measure of the shortest distance between an axis-



aligned cube and a ray is the smallest path between the nearest
edge and the ray, which is more involved.

Projected Time Interval. The time interval of a node is cal-
culated as the projection of its nearest pn and farthest pf

corners in the direction of the ray. These corner points can be
constructed component-wise based on the signum of the direc-
tion components, selecting the lower component when posit-
ive, and the upper component otherwise, for the nearest corner.
Conversely, the farthest corner is selected by the upper compon-
ent when it is positive, and by the lower component otherwise.
The interval is finally calculated with

[tnear, tfar] = [∥p′
n − o∥, ∥p′

f − o∥] (4)

where o is the ray origin and p′
n and p′

f are the projections of
pn and pf on the ray. If the projected interval of a node is
disjoint from the query time interval, the node and all its des-
cendants can be pruned. An alternative approach to calculating
the time intervals is to evaluate the minimum and maximum
distances of the bounds to the plane defined by the ray’s origin
and direction using Equation 2.

Dynamic k Distance Filter. The number of neighbours k de-
termines the upper bounds on the search space from the point
at which the specified number of potential candidates has been
found. Here we assume keeping track of the evaluated candid-
ates by inserting them into an ordered list with a max size of
k (see 1⃝ in Algorithm 1). Then the maximum distance of the
members, equal to the last one, can be used to set or update the
radius or upper time bounds (see 2⃝ in Algorithm 1). Which
value depends on the distance measure used for evaluating the
nearest members, either the distance to the ray or the distance
to the origin. This gives additional flexibility for certain query
modalities.

4. Implementation

This section provides a brief overview of the implementation
used to exemplify the proposed query approach described in
the previous section, as well as the evaluation presented in the
following section.

4.1 Octree

The ray query approach outlined in the previous section has
been implemented on top of a modified octree based on (War-
ren and Salmon, 1993). Customizations made are to use a
lazy-initialized static index map per tree layer for nodes, in-
stead of hashing, and explicitly encoding the node depth in the
ID next to the z-order. Furthermore, various data organization
modes are supported, including storing elements in each node
(layered), with a fixed depth (grid), or with dynamic node split-
ting based on the number of elements (adaptive).

4.2 Database

One possible approach to integrating the queries into a data-
base management system and its query engine is to create scalar
user-defined functions for the point-to-ray and point-to-plane
distances. We exemplified this based on DataFusion, an extens-
ible query engine (Lamb et al., 2024). The user-defined func-
tions were further extended to support evaluating input bounds
against the statistics for pruning chunks.

User Defined Functions. The two scalar distance functions
we implemented are the point to ray distance (Equation 5) and
the signed point to plane distance function (Equation 6). The
scalar ray distance function is defined as

dl = dist ray(ox, oy, oz, dirx, diry, dirz, x, y, z) (5)

where (ox, oy, oz) and (dirx, diry, dirz) are the ray origin and
direction and (x, y, z) the point coordinates. The signed plane
distance function is defined analogously as

dp = dist plane(px, py, pz, nx, ny, nz, x, y, z) (6)

where (px, py, pz) is a point on the plane and (nx, ny, nz) its
normal. These two functions are sufficient to express all the
presented ray query modalities in Section 3.1 and hence, can
accommodate out-of-core ray tracing.

Bounds Evaluation. The user-defined functions can be ex-
tended with a bounds evaluation method. The inputs are the
intervals for each function argument, from which an output in-
terval is calculated. Given that the ray and plane arguments are
expected to be scalars, the upper and lower values of their input
interval are equal. For coordinates, the interval is determined by
an indexing structure such as chunk statistics or node bounds.
The resulting distance interval can therefore be calculated as
described in Section 3.3. The output is finally evaluated against
the comparison predicate for pruning. For example, to query all
points of a ray within the radius r = 1, the corresponding SQL
query is:

SELECT *

FROM points

WHERE dist_ray(...) <= 1

5. Experiments

In this section, we highlight some initial findings regarding the
evaluation of the proposed approach. The following experi-
ments are conducted on a mobile computer with 8 cores (16
threads), 32 GB of main memory, and 1 TB of SSD storage.

5.1 Index Validation

To validate our Octree implementation, we compare it against
an R*-tree with 105 randomly generated points in the unit cube
(see Table 1). For the construction time, we use bulk loading for
the R*-tree and insertion for the Octree. For the range queries,
we run 103 iterations, each consisting of two randomly gen-
erated points. For the neighborhood queries, we choose 103

points to query with k = 8.

Index Construction Range Queries kNN Query
R*-tree 17.2 ms 1.1 ms 7.1 ms
Octree 7.6 ms 0.9 ms 4.5 ms

Table 1. Mean runtime of tree construction, range, and kNN
queries compared against R*-tree.

The results in Table 1 display competitive characteristics for
loading and querying compared to state-of-the-art bulk loading
R*-trees.



106 107 108

Number of Points

10 2

10 1

100

101

102

103

Q
ue

ry
 re

sp
on

se
 ti

m
e 

[m
s]

kNN (k=10)
kNN (k=100)
kNN (k=1000)
Radius (r=1/100)
Radius (r=1/50)
Radius (r=1/30)
Closest (k=10, r=1/100)
Closest (k=100, r=1/50)
Closest (k=1000, r=1/30)
 
 

Figure 5. Ray query performance of kNN, radius, and closest (kNN with distance to origin within radius) modalities parameterized
with various k, radius, r, and number of points.

5.2 Query Performance

To evaluate the query performance characteristics, we run kNN
queries with different k values, radius queries, and combina-
tions thereof, using distance to the ray origin as a measure on
synthetic data comprising 1, 10, and 100 million points (Fig-
ure 5). The results show that the queries scale relatively well,
especially those constrained by both k and radius. Further-
more, queries can be executed in parallel, with performance
scaling linearly with the number of available cores. In a real-
world scenario, as presented below, this resulted in approxim-
ately 30,000 ray queries per second.

5.3 Image Synthesis

While the presented ray queries do not target image synthesis
per se, and therefore, do not require a ray tracer, they resemble
a predestined example application. To facilitate this, we imple-
mented a simple ray tracer based on Ray Tracing in One Week-
end (Shirley, 2018). The parts directly used from this to query
are the ray data structure and the function that tests whether
a ray hits (intersects) a bounding volume, as well as handling
materials, including reflectance and color. The main adapta-
tions we made are using our octree instead of the BVH approach

described in the original and supporting real-world coordinate
values using double-precision floating-point numbers. In this
experiment, we employ a naive approach to calculate the nor-
mal and hit position, as well as color, based on a sphere with
the closest point as its center and a search radius equal to the
radius, using a Lambertian material. As a real-world dataset,
we use the laser scan of the TUM Campus Ottobrun (Anders
et al., 2024). It consists of about 200 million points from both
terrestrial and UAV sensors, colorized from images.

Figure 6 shows a rendering of the TUM Campus Ottobrunn us-
ing Pointersect (Chang et al., 2023) and our simple ray tracing
method using spheres. Both images have been rendered at 600
by 400 pixels, with 50 sampled rays per pixel. The Pointersect
model was run on an A100 and completed within several hours,
with most of the time spent executing the ray queries. Although
it relies on custom CUDA shaders and a grid index for ray tra-
cing, scalability is subpar for large point clouds. The simple ray
tracing approach, on the other hand, took only several minutes
on the CPU.

(a) Simple ray tracing (b) Pointersect

Figure 6. Visualization of TUM Campus Ottorbrun with (a) simple ray tracing on spheres and (b) Pointersect.



6. Conclusion

In this work, we demonstrated a simple approach to retrieve
points from raw point clouds by means of ray queries that can
be applied to most existing indexing structures used in the geo-
spatial domain, such as R-trees, Octrees, Kd-trees, Grids, and
Space Filling Curves (SFC), alike. Although the performance
is not comparable to optimized ray tracers geared towards real-
time computer graphics, it offers the benefits of scalability and
great flexibility in tackling and prototyping research questions
involving ray queries and geospatial data with low investment
and familiar tooling. While focused on raw point clouds, ex-
tending to generic geometries is straightforward and considered
for future work, including the integration of more elaborate sur-
face intersection methods for increased visual fidelity and cone
queries.

Data and Software Availability

The code used to get the results in Chapter 5 can be made avail-
able upon request. The used data is publicly available (Anders
et al., 2024).
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