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A B S T R A C T

Applications like traffic safety analysis require highly accurate trajectory data in world coordinates of traffic
participants. While systems like LiDAR or stereo cameras can provide such data, they are costly, sensitive to
weather and lighting conditions, and may raise privacy concerns. Thermal roadside cameras offer a robust,
privacy-compliant alternative. However, monocular thermal cameras face challenges due to the ambiguous
relationship between pixel coordinates and world coordinates. Existing methods for monocular 3D detection
from RGB roadside cameras often rely on simplifications or the complex task of depth estimation, which limits
their effectiveness. Additionally, no dataset currently exists for monocular 3D detection using thermal roadside
imagery. This work introduces a dataset of 9,591 thermal images annotated in 3D world coordinates, including
detailed camera calibration and surface models. It proposes a lightweight neural network architecture leveraging
a projection-based method to incorporate road surface information. By detecting bottom-center contact points in
image space and projecting them into 3D, the presented framework efficiently estimates object’s position, di-
mensions, and orientations in 3D. The presented approach outperforms homography-based methods by 25
percentage points in mean average precision (mAP). It achieves real-time performance with 54 FPS on a GPU
server and 17 FPS on an NVIDIA Jetson Xavier NX, making it suitable for edge deployment. Unlike RGB-based
systems, our method ensures data privacy and remains effective in diverse weather and lighting conditions,
enabling reliable trajectory analysis and near-miss detection for traffic safety applications. Readers can find the
dataset here: https://doi.org/10.17632/tw6ghtv624.1. The code used in this work is available here: https://gith
ub.com/4rnd25/new_generation_thermal_traffic_sensor.

1. Introduction

Advances in modern object detection algorithms and hardware
development have enabled access to larger volumes of traffic data and
the use of live data for traffic management applications, forecasting, and
maintenance models [1]. This traffic data is often limited to information
on the presence of objects, counting data, or 2D trajectories in pixel
coordinates. Some applications require more accurate trajectory data,
for example, traffic safety analysis with Surrogate SafetyMeasures [2] or
systems that estimate the pavement loads [3]. This requires 3D detec-
tion, which involves determining an object’s dimensions, position, and
orientation in three-dimensional space [4].

Some sensors, such as LiDARs or stereo cameras, are able to detect
this kind of data in the full detection range [5]. Nevertheless, those kinds
of sensors are costly and sensitive to weather conditions (rain, fog,
snow) or, in the case of stereo cameras, to lighting conditions. For some

types of studies, situations with poor lighting may be particularly
interesting. For example, in safety analysis, it is known that situations
with poor lighting are crucial for pedestrian safety [6]. Thermal imagery
overcomes those disadvantages since it is more robust against different
weather conditions and does not need external lighting [7]. Moreover, it
does not collect personal data and fulfills all privacy data protection
rules common in many countries. This paper describes a method to
extract highly accurate 3D data from monocular thermal cameras
mounted in the traffic infrastructure.

Monocular 3D detection includes two tasks. On the one hand, the
detection of objects in the image plane and, on the other hand, the
transfer of those detections to the real object’s position, dimension, and
orientation in a global coordinate system such as UTM [8]. This requires
a camera calibration, which can be obtained using various methods (e.
g., target-based techniques employing calibration boards, targetless
approaches leveraging natural scene features, or online methods that
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adapt in real-time) [9]. Those are not considered in detail in this work.
The connection between the 2D image and the 3D scene is generally
ambiguous [10]. This makes the monocular 3D object detection task
challenging. However, somemethods based onmachine learning exist to
solve this task. All those methods highly rely on the amount of training
data [11]. If we evaluate the publicly available datasets for monocular
object detection in the application of traffic detection from roadside
cameras, one can find some datasets like the Rope3D dataset [12], the
DAIR-V2X [13], and the A9 Intersection Dataset [14] available online.
However, those existing datasets lack detailed elevation information of
the road surface and the surrounding environment and are limited to the
field of RGB images. To the best of our knowledge, no dataset exists for
monocular 3D object detection in traffic scenes using thermal imaging.

While the importance of high-quality data cannot be overstated,
developing robust algorithms for 3D object detection is also critical. In
the area of detection with roadside cameras, as well as in other areas,
such as autonomous driving, researchers have proposed methods based
on sensor fusion [15], viewpoint fusion of stereo [16] or even multiple
cameras [17]. In the field of monocular 3D detection, methods include
pseudo-LiDAR point clouds [17] or predefined vehicle models [18],
which require extra training data or are limited to the amount of
available templates. Roadside camera research follows two main paths.

One type of algorithm, such as [19], is based on depth estimation and
is similar to those for applications such as autonomous driving. Yang et
al [20], for example, evaluated their work on the roadside datasets
DAIR-V2X [13] and Rope3D [12], as well as the NuScenes datasets [21]
for autonomous driving. These algorithms leverage knowledge transfer
from different domains but overlook a key characteristic of roadside
cameras: their fixed positions, which allow them to effectively utilize
ground surface information. This leads to the second type of algorithm,
those that transfer the detection from the image plane to the world co-
ordinate system using known infrastructure and perspective trans-
formation. However, currently, to the best of our knowledge, all of them
rely on a broad variety of assumptions and simplifications. Rezaei et al
[22], for example, built their system up on 2D detection with geometric
constraints based on fixed dimensions and simplified bottom point
estimation. Nevertheless, their homography-based transfer of image
coordinates to world space demonstrated low center position errors
[22]. Similar homography-based approaches were used e.g., in [23],
while their work lacks a dimension and orientation estimation and
projects non-bottom cuboid centers to the bottom plane, leading to
non-valid projections. Clausse et al [24] further used optimization be-
tween masked objects and back projection to obtain refined positions
and orientations but also rely on predefined object dimensions. A more
flexible model that also estimates the box dimensions is CenterLoc3d
[25]. However, their projection simplifies the surrounding environment
to a flat earth with third dimension equal to 0 for every bottom data
point, which limits its accuracy on uneven roads [25]. Furthermore, the

methods described above were not developed for edge devices, making
them difficult to use in mobile traffic sensors.

This work addresses two key challenges in monocular 3D detection
for thermal roadside cameras: the absence of algorithms for monocular
3D detection tailored to thermal roadside cameras and the lack of real-
time, lightweight models for accurately estimating 3D object positions,
dimensions, and orientations. To bridge these gaps, we introduce the
first thermal 3D traffic dataset with 9,591 annotated images, including
3D world coordinates, camera calibration data, and surface models. We
propose a projection-based detection method that directly maps object
bottom centers to world coordinates, eliminating complex depth esti-
mation and improving accuracy. Our YOLOv7-based framework enables
real-time monocular 3D detection making it suitable for edge deploy-
ment. Unlike RGB-based models, our approach remains privacy-
compliant and robust under varying lighting and weather conditions.
The framework is particularly valuable for traffic monitoring, enabling
accurate trajectory analysis, speed estimation, and near-miss detection.

2. Methodology

2.1. Problem description

Traffic objects can be approximated by cuboids that tightly enclose
them, defined by their dimensions, rotation, and translation. For road-
side cameras, objects are assumed to rest on a locally flat ground plane,
simplifying rotation to the yaw angle. This paper addresses the simul-
taneous detection of a cuboid’s coordinates (xcenter, ycenter, zcenter), the
dimensions (w, h, l) and the yaw angle (θ) using images from a
monocular roadside thermal camera with known ground surface
geometry.

2.2. Coordinate transformation

This work aims to map objects from the image coordinate system to a
global world coordinate system, yielding two representations: their
actual position on the road surface, in the following description,
simplified as a single plane πWorld, and their top-down projection onto
the ground plane the birds-eye-view (BEV) denoted as πBEV .

Three coordinate systems are involved (see Fig. 1). The image co-
ordinate system originates at the top-left corner, with axes u (horizontal)
and v (vertical). The camera coordinate system, centered at the camera
lens, uses axes x (right), y (down), and z (forward along the optical axis).
For geospatial localization, the Universal Transverse Mercator (UTM)
system divides the Earth into 60 longitudinal zones, each using a car-
tesian coordinate system with easting (E), northing (N), and elevation
(Z) measured from a central meridian specific to each zone [8].

Fig. 1. Description of the various coordinate systems used (pixel coordinates, camera coordinates, world coordinates), the planes (image plane, world plane and BEV
plane) and the transformation methods. (Figure based on [26]).
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2.2.1. Correcting image distortion
All transformations use undistorted pixel coordinates. Image distor-

tion has two primary sources: radial and tangential distortion. Radial
distortion bends straight lines due to lens shape and varying light
refraction in the lens center and lens edges. Radial distortion is modeled
by (1) using distortion coefficients k1, k2 and k3 with x and y being
undistorted coordinates and r2 = x2 + y2 [27]
(
xdistorted
ydistorted

)

=

(
x
(
1+ k1r2 + k2r4 + k3r6

y
(
1+ k1r2 + k2r4 + k3r6

)

(1)

Tangential distortion occurs from lens misalignment, tilting the
image plane. It is modeled by parameters p1 and p2 as described in (2)
[27]
(
xdistorted
ydistorted

)

=

(
x+

[
2p1xy+ p2

(
r2 + 2x2

)]

y+
[
p1
(
r2 + 2y2

)
+ 2p2xy

]

)

(2)

The five distortion coefficients are determined during the calibration
process as described in section 2.2.5.

2.2.2. Ray plane projection
As shown in Fig. 1, given a known plane in the real world, pixel

coordinates displaying an object touching the ground plane can be
projected into 3D space using the plane equation and the ray equation,
which describes the ray passing through the camera center and the
image point. Based on the work of Hartley and Zisserman in [26], each
image point corresponds to a ray of potential matching points in space.
For finite cameras, this ray can be described as (3). This requires the
projection matrix (P = (M|p4)), which contains camera parameters and
is determined during calibration (see section 2.2.5) [26]

X(μ) =
(
M− 1(μx − p4)

1

)

(3)

x = (u, v, 1) describes the pixel point in homogeneous coordinates and
X(μ) = (x(μ), y(μ), z(μ), 1) represent normalized world coordinates.
The last row simplifies to 1 = 1 which allows calculations in Euclidean
coordinates. Combining this with the general plane equation in point-
normal form (4), where P0 is a point on the plane and n is the plane’s
normal vector, yield (5). This relationship provides the scaling factor
(μ), combined with (6), where C is the camera center, allowing the
projection point Xprojected computation (7) [26]

(x − P0)⋅n = 0 (4)

(
M− 1(μx − p4) − P0

)
⋅n = 0 (5)

− M− 1p4 = C (6)

Xprojected = M− 1
(
(P0 − C)⋅n
M− 1x⋅n

x − p4
)

(7)

2.2.3. Planar homography
Planar homography offers an alternative method for projecting pixel

coordinates onto a real-world plane. This work applies it to project
points onto the plane z = 0 and normal vector (0, 0,1) representing the
BEV. For points lying on the same plane in world space, the relationship
(8) becomes valid, where x and y are world coordinates in the BEV, u and
v are their corresponding pixel coordinates and H is the homography
matrix. Given at least four coplanar points in the real world and their
corresponding pixel coordinates, the homography matrix can be
computed automatically based on a RANSAC optimization as described
in [26].

s

⎛

⎝
x
y
1

⎞

⎠ = H

⎛

⎝
u
v
1

⎞

⎠ (8)

2.2.4. Back projection
A 3D world point in homogeneous coordinates (x = (x, y, z, 1)) is

transformed to the camera coordinate system using rotation (R) and
translation (t). The camera calibration matrix (K) projects it onto the
image plane. Combining intrinsic (K) and extrinsic (R, t) parameters
into a single projection matrix (P) enables direct projection of x to its
image point (xʹ = (u,v,1)) up to a scaling factor (λ), as shown in (9) [26]

λ

⎛

⎝
u
v
1

⎞

⎠ = Px = K[R|t]x (9)

2.2.5. Camera Calibration
P described in (9) has 12 parameters which leads excluding scaling to

11 degrees of freedom. In combination with the five distortion co-
efficients (see 2.2.1) 16 parameters must be determined to calibrate the
camera system and enable all mentioned transformations. This requires
at least 8 pixel points (each having two coordinates) to be matched to
corresponding world coordinates. This work usedmanual matching with
georeferenced Airborne Laser Scanning (ALS) images from [28] by
marking key points like street markings, lamps, etc. in both images. As
many points as possible have been used. Nonlinear optimization refined
all parameters by minimizing the reprojection error using equation (9),
as further described in [26,29].

Fig. 2. The neural network architecture processes images sequentially from left to right, starting with the Yolov7-tiny backbone and neck. Heads for classification,
2D bounding box regression, bottom-center keypoint detection, and dimension and orientation regression, follow this. The projection module maps image keypoints
to world space, enabling the calculation of 3D boxes using the dimensions and orientations.
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2.3. 3D-Detection Framework

As shown in Fig. 2, the proposed method comprises four main
components: the backbone network (blue-gray and yellow), the detec-
tion heads (including the classification branch, 2D bounding box
branch, keypoint branch, and dimension and orientation regression
branch), the projection module (green), and the box calculation module
(blue).

2.3.1. Backbone
The proposed methods crucially builds on image keypoint detection.

Therefore, based on the success of [30], an anchor-based backbone for
keypoint detection YOLOv7-tiny [31] was chosen. The family of YOLO
(name after You only look once) is a single stage object detection ar-
chitecture firstly published by Redmon et al [32]. Recent versions have
proven to outperform comparable architectures like SSDLite [33] or
EfficientDet [34] in the tradeoff between speed and accuracy [35,36]. In
particular, YOLOv7-tiny has proven fast inference on edge devices [35]
meeting the practical demands of traffic analysis - such as real-time
traffic management requiring fast edge-device evaluation or remote
studies relying on battery-powered devices. More recent versions of the
YOLO family like YOLOv8 [37] are anchor-free and therefore not
feasible for the proposed keypoint detection method.

The proposed method uses Yolov7-tiny’s backbone and neck
network. The backbone shown in grey in Fig. 2 receives an 640 × 640
image as input and uses convolutional layers, max-pooling and ELAN
(Efficient Layer Aggregation Network) to produce three primary feature
maps of shapes 80 × 80 × 64, 40 × 40 × 128 and 20 × 20 × 256. The
neck further enhances the feature maps using Spatial Pyramid Pooling
(SPP) and feature fusion via upsampling and concatenation, improving
multi-scale feature aggregation. The refined output consists of three
feature maps (80 × 80 × 64), (40 × 40 × 128) and (20 × 20 × 256).
Similar to the original Yolov7 implementation the head is processed on
the feature maps using a 1 × 1 convolutional [37]

2.3.2. Objectness and Class branch
Similar to the original YOLOv7 implementation, each anchor pre-

dicts both classification scores
(
pclsx

)
and an objectness score

(
pobj

)
,

with the final detection confidence obtained by multiplying these values
(12). The raw objectness output (oobj) and class logits (ocls x) are passed
through a sigmoid activation function (σ) (10) and (11), ensuring the
confidence remains within the range of 0 to 1 while allowing the
assignment of multiple classes to a single object [31]

pobj = σ
(
oobj

)
(10)

pcls x = σ(ocls x) (11)

p = pobj⋅pcls (12)

2.3.3. 2D-Bounding Box Branch
The integration of 2D bounding box regression enables the use of

existing fast non-maximum suppression (NMS) algorithms. This not only
facilitates real-time performance but also improves detection in cases of
occluded objects. Furthermore, the system’s practical utility is enhanced
by providing 2D detection as a fallback option when camera calibration
is unavailable. Following the YOLOv7 approach, the box center (x,y) is
predicted as an offset from the grid center (Gx, Gy), with a sigmoid
activation ensuring it remains within the grid (13), (14). ox, oy are the
network outputs and s the stride. The box dimensions (w, h) are scaled
relative to anchor boxes, which sizes Aw and Ah are optimized at the start
of training based on the YOLOv7 implementation (15), (16). ow, oh are
the raw network outputs [31]

x = (2⋅(σ(ox) − 0.5)+Gx)⋅s (13)

y =
(
2⋅
(
σ
(
oy
)
− 0.5

)
+Gy

)
⋅s (14)

w = (2⋅σ(ow))2⋅Aw (15)

h = (2⋅σ(oh))2⋅Ah (16)

2.3.4. Keypoint Branch
Following [30], for each anchor box a specific keypoint in pixel co-

ordinates is predicted, defined as the 3D center of the object’s bottom
plane projected into the image. Similar to the 2D bounding box center,
the keypoints

(
xkpt , ykpt

)
are detected as offset from the grid center

(17), (18). Since this bottom center point can differ strongly from the

anchor center, no sigmoid is applied to the network output
(
oxkpt , oykpt

)

allowing the offset to become bigger than 1 and smaller than 0. Since the
keypoint is not calculated based on its closet anchor but based on the
anchor belonging to the center of the same object.

xkpt =
(
oxkpt +Gx

)
⋅s (17)

ykpt =
(
oykpt +Gy

)
⋅s (18)

2.3.5. Bottom Map & Projection Module
Using the methods from Section 2.2, a bottom map (B(u, v)) is

generated in advance, linking each pixel (u, v) to its world coordinates (x,
y,zBottom). Combining this map with the estimated image keypoint allows

Fig. 3. Definition of the observation angle alpha based on [38] in camera coordinate system (a) and in the global coordinate system (b).
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calculation of world coordinates using equation (19).

B(u, v) = (x, y, zBottom) (19)

2.3.6. Dimension branch
Similar to other monocular 3D detection frameworks like [38] box

dimensions and orientations are encoded using a tuple of three param-
eters (δl,δw,δh). These parameters are converted into cuboid dimensions,
based on (20), using the class-wise mean dimensions (l,w, h) previously
computed from the training set, and the natural exponential function (e)
[38]
⎛

⎝
l
w
h

⎞

⎠ =

⎛

⎝
l⋅eδl

w⋅eδw

h⋅eδh

⎞

⎠ (20)

The three parameters (δl, δw, δh), slightly differing from [38], are
calculated as shown in (21) based on the network’s specific outputs (ol,
ow, oh) and the sigmoid activation. This ensures the parameters are
centered at 0 and constrained within the range of -1 to 1.
⎛

⎝
δl
δw
δh

⎞

⎠ = 2 ⋅ σ

⎛

⎝
ol
ow
oh

⎞

⎠ − 1 (21)

2.3.7. Orientation Regression Branch
Building on the work by [38], the observation angle, rather than the

yaw angle (φ), is estimated. Based on reference [38] the observation
angle represents the angle between the object’s axis (orthogonal to the
direction of travel) and the ray from the camera to the object, projected
onto the ground plane, as illustrated in Fig. 3 on the left side. To avoid
the transfer to camera coordinate system, in this work the observation
angle is defined based on the global coordinate system as described in
(23) and Fig. 3 on the right side. Due to the periodic nature of orienta-
tion, the estimated observation angle

(
αy
)

is encoded as
(
sin

(
αy
)
,

cos
(
αy
))

using (22) based on the network outputs osin and ocos. The yaw
angle is then derived using (23) based on the x- and y-coordinates in
global world coordinate system.

(
sin

(
αy
)

cos
(
αy
)

)

=

( osin
/ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

osin2 + ocos2
√

ocos
/ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

osin2 + ocos2
√

)

(22)

φ = αy + arctan
(
x
y

)

(23)

2.3.8. Box Calculation Module
Using the height (h), length (l), and width (w) estimated by the

neural network, the eight corners
(
CornersObj

)
of the cuboid could be

determined in a coordinate system centered at the cuboid’s bottom
center, as defined by (24).

CornersObj =

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

1/2

1/2

− 1/2

− 1/2

1/2

1/2

− 1/2

− 1/2

− 1/2

1/2

1/2

− 1/2

− 1/2

1/2

1/2

− 1/2

0

0
0
0

1/2

1/2

1/2

1/2

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

∗ ( l w h ) (24)

These corners
(
CornersObj

)
are transformed into the global coordi-

nate (CornersUTM ) system using the Rotation (R) based on the estimated
yaw angle (φ) and the bottom center coordinates (XBottom Center) provided
by the projection module (25).

CornersUTM = CornersObj ∗ R(φ) + XBottom Center (25)

2.3.9. Loss function
The total loss L consists of five components, three of which -

objectness, classification, and 2D bounding box regression - are identical
to the original YOLOv7-tiny implementation [31]. These losses are
calculated as described in (26), (27) and (28). In case of the objectness
loss

(
LObj

)
the parameter yi is a binary label indicating whether an ob-

jects belong to this anchor. In case of the class loss ((LCls) yi is either 0 or
1 depending of the objects class. p belongs to the predicted objectness
score or class probability respectively. pBox, tBox belong to the predicted
and target box coordinates.

LObj = − [yi log(p)+ (1 − yi)log(1 − p)] (26)

LCls = −
∑C

i=1
yi log(pi) (27)

Lreg 2D Box =
∑n

i=1
1 − IoU(pBox, tBox) (28)

The total loss combines all five terms, weighted by factors α, β, γ, δ
and ε:

L = αLobj + βLcls + γLreg 2D Box + δLkpt + εLCorner (29)

Due to the projection module, there is no learned relationship be-
tween the keypoint and the object’s position in world coordinates.
Separate losses are used for these tasks. Inspired by [30], the Object
Keypoint Similarity (OKS) term was applied for keypoint loss. OKS
normalizes the accuracy by a scaling factor (s), based on the size of the

Fig. 4. Photo of one of the thermal images cameras used in this study mounted
at a rural road
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2D bounding box. Using the distance (d) between the true and predicted
keypoint the loss is:

Lkpt = 1 − OKS = 1 − e

(
d
2s2

)

(30)

The cuboid corners are for the loss calculated in local coordinates
centered at the ground contact point (24), without adding XBottom Center

for each object. Following [38], the mean Euclidean distance between
the ground truth and predicted corners serves as the loss (31). This loss
depends only on the yaw angle and object dimensions. The yaw angle is
calculated using the ground truth ground position and the estimated
observation angle

(
αy
)
, to maintain separation between 3D regression

and keypoint estimation. The corner loss, based on each ground-truth
(
xGT , yGT , zGT

)
and predicted corner points (xpred, ypred, zpred) is:

Lcorn =
1
8

∑8

1

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
xGT − xpred

)2
+
(
yGT − ypred

)2
+
(
zGT − zpred

)2
√

(31)

2.4. Experimental Design and Data collection

2.4.1. Data collection
Two types of Axis thermal imaging cameras, AXIS Q1952-E 10 mm

[39] and AXIS Q1942-E 10 mm [40], were installed at four locations to
collect data. Both cameras have a resolution of 640 × 480 pixels and
record at 30 frames per second. Images were decoded in 8-bit format,
with pixel values ranging from 0 (coldest) to 255 (hottest). Cameras
were mounted on street lamps or masts, 5-8 meters above the ground
and positioned a few meters from the road, as shown in Fig. 4. Three
cameras were placed in inner-city locations, and one on a rural road.
Recordings were conducted under varying times and weather condi-
tions, creating a heterogeneous dataset. Fig. 5 provides example images
from each location. Approximately 60% of the images from each camera
were used for training, 20% for validation, and 20% for testing. A more
in detailed dataset contribution is provided in. Table 1.

2.4.2. Data annotation
Annotation was performed manually using a self-developed tool (see

Fig. 6), which processes video frames at adjustable frequency and en-
ables users to place 3D boxes in the images. An initial box with initial
dimensions and yaw angle is placed on the known road surface. This
box, defined in global coordinates, is projected onto the image plane
using camera calibration (see section 2.2). When the user adjusts the box
position in the pixel plane, the bottom center is mapped to the road
surface (as detailed in section 2.2) and re-projected onto the image
plane. Changes in dimensions or yaw angle are applied in global co-
ordinates, with immediate updates to the image projection. This
approach ensures all object bottom centers align with the ground surface
and resolves ambiguities between pixel and world coordinates. Once the
projection tightly fits the object, the user confirms the box. Each anno-
tated box, paired with a class label (motorcyclist, car, truck, bus,
pedestrian, cyclist, or e-scooter rider), constitutes the ground-truth data.
It is notable that this approach requires that the object’s bottom center is
part of the image. Annotations were made for all objects which bottom

Fig. 5. Different locations used in the dataset with different weather and traffic situations (a) Loc. 1: Dry weather with many pedestrians in inner city (b) Loc. 2: Rain
in inner city (c) Loc. 3: Sun in inner city (d) Loc. 4: Rain / wet surface at rural road

Table 1
Dataset split distribution per Camera location

Location Street
type

#Images
Train

#Images
Val

#Images
Test

#3DBoxes
(total)

Loc. 1 Inner
city

3,072 1,024 1,022 35,744

Loc. 2 Inner
city

1,731 577 576 10,545

Loc. 3 Inner
city

631 210 209 3,475

Loc. 4 Rural
road

330 110 108 679

Total ​ 5,764 1,921 1,906 50,443
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center lies in the image, even if the objects were obscured, but which
nevertheless stood out clearly from the background and were judged by
the user to be clearly meaningful.

2.4.3. Infrastructure data
The surface information in this work is derived from Airborne Laser

Scanning (ALS) data provided by geoportal.nrw [28], a type of data
widely available in many countries [41]. Since not all points in the ALS
data belong to the road surface the data is first manually filtered. Points
beside the road and points above the road caused by trees or other
elevated features were filtered. After filtering, the data is processed
using Delaunay triangulation [42] to create a surface mesh and further
refined using Open3D’s Laplacian smoothing filter [43]. Areas besides
the road were assigned to the closest triangulated plane. While many
advanced filtering algorithms for ALS data have been developed, as for
example [44], exploring these techniques in detail exceeds the scope of
this work. Simplified surface models with significantly reduced data
points were evaluated to assess the robustness of the presented meth-
odology in terms of variations in filtering and point cloud density.

2.4.4. Implementation details
This work builds upon the YOLOv7 implementation by its original

authors [32] and Pytorch3D evaluation implementation [39]. Additional
algorithms, data processing techniques, and evaluation methods were
integrated, significantly modifying the base code. The source code, with
all training, testing evaluation scripts and hyperparameters, as well as
documentation and setup introductions for all experiments are available
at: https://github.com/4rnd25/new_generation_thermal_traffic_sensor.

Training and evaluation used 640 × 640 images, resized using the
methods in [34]. Non-maximum suppression (NMS) was not
class-agnostic and utilized a score threshold of 0.001 and an IoU
threshold of 0.65. Models were trained for 300 epochs, with the best
model selected based on the fitness score from [32], adapted to include
mAP based on 3D-IoU from the validation set.

Training and inference times were measured on a server with an
NVIDIA Quadro RTX 5000 GPU and an Intel Xeon E5-2640 v3 CPU (2.60
GHz, 16 cores). Inference time was also tested on an NVIDIA Jetson
Xavier NX Edge GPU in 15W 6-core Power mode with Jetson Clocks
activated.

2.5. Dataprocessing and anlysis

2.5.1. Dataset analysis
The dataset was divided into three distance classes for evaluation.

Following the approach of DAIR-V2X [13] the distance classes used are
0-30m, 30-50m and 50-100m.

2.5.2. Evaluation metrics

2.5.2.1. Overall 3D performance. Many 3D detection tasks utilize
average precision (AP) as an evaluation metric. AP represents the area
under the curve in a Precision-Recall diagram. Precision (P) measures
the ratio of true-positive (TP) detections to all detections, including false
positives (FP), while recall (R) measures the ratio of true positives to all
ground truth objects, including false negatives (FN). These are calcu-
lated, based on reference [45] as:

P =
TP

TP+ FP
(32)

R =
TP

TP+ FN
(33)

The AP is derived by interpolating precision values at specific recall
levels (r) and is calculated based on [45] as:

AP =
1
R

∑

r ∈{0,0.1, …,1}

Pinterp(r) (34)

AP evaluates classification quality but relies on the matching metric
between ground truth (GT) and predicted detections for further infor-
mation. This work uses the 3D-IoU and bird’s eye view (BEV) IoU
metrics. The 3D-IoU is defined in reference [45] as:

IOU3D =
Volume of Intersection
Volume of Union

(35)

The BEV IoU simplifies this by projecting objects to the ground plane
calculating the Areas of Intersection and Union of the object’s ground
planes, calculated based on reference [45]:

IOUBEV =
(Area of Intersection)BEV

(Area of Union)BEV
(36)

The combination of these metrics provides a comprehensive

Fig. 6. Example from the annotation tool during the annotation process. The left side shows the current frame, on the right side there is the past frame as well as all
possible actions for the user.
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evaluation, with 3D-IoU assessing overall algorithm performance and
BEV IoU addressing practical applications like traffic safety, where ob-
ject relationships matter more than height.

2.5.2.2. Detailed evaluation of Box quality. Similar to [22] the quality of
detected boxes is further evaluated using the mean squared error (MSE)
of the 3D bottom center position

(
MSEpos

)
using predicted (XPred) and

ground truth position (XGT) and the heading angle (MSEYaw) using pre-
dicted (φPred) and ground truth yaw angle (φGT). As well as the mean
absolute percentage error (MAPE) of the 3D box sizes (MAPESize) based
on predicted (VPred i) and ground-truth volumes (VGT i). These are
defined as:

MSEpos =
1
n

∑n

1
‖XPred − XGT‖2 (37)

MSEYaw =
1
n

∑n

1
‖φPred − φGT‖2 (38)

MAPESize =
1
n
∑n

1

⃒
⃒
⃒
⃒
VPred i − VGT i

VGT i

⃒
⃒
⃒
⃒⋅100 (39)

3. Results and Discussion

3.1. Dataset analysis

The training, validation, and testing subsets were analyzed for class
distribution and object distance from the camera. The Car class domi-
nates across all subsets, reflecting its prevalence in traffic data. In
contrast, classes like Motorcycle, Truck, Bus, and E-Scooter are rarely

Fig. 7. Distribution of the data set based on the number of 3D boxes with respect to the classes encountered and the difficulty of recognizing the objects.

Table 2
Comparison of the proposed dataset with different roadside datasets from the RGB and thermal field.

Dataset Scene Type Sensors Annotation in
3D

# Annotated
Images

#
Objects

Conditions

DAIR V2X-I [13] Roadside city and highway RGB Camera, Lidar Yes 10k 493k Diverse weather and lighting no further
descried

Rope3D [12] Roadside RGB Camera, Lidar Yes 50k 1.5 M Day / night / dusk; rainy / sunny /
cloudy

A9 Intersection dataset
[14]

Roadside -Urban
intersection

RGB Camera, Lidar Yes 4,8k 57.4k Night, day, heavy rain, sunny, cloudy

AAU RainSnow [46] Roadside – Urban
intersection

RGB and Thermal
camera

Only 2d 2,2k N/A Rain and snow

Balon AT [47] Roadside – Highway Thermal camera Only 2D 8k + 35k + Cloudy only one location and time
Thermal3D (ours) Roadside – Urban and rural

road
Thermal camera Yes 9,6k 50.4k Sunny / rainy / cloudy; different traffic

conditions

A. Pettirsch and A. Garcia-Hernandez Knowledge-Based Systems 315 (2025) 113334 

8 



represented, especially in testing, making performance metrics for these
classes less reliable. Fig. 7 highlights the class distribution and object
distances, showing most objects are within 50 meters of the camera. The
distances are nearly evenly split within this range, with 25,994 boxes
within 30 meters and 19,614 beyond.

3.1.1. Comparison to State-of-the-art datasets
To the best of our knowledge, the Thermal3D dataset is the first

roadside object detection dataset using thermal imagery with 3D an-
notations. Therefore, comparisons to existing datasets can only be made
in terms of size and diversity.

As shown in Table 2, compared to existing roadside 3D object
detection datasets, Thermal3D is similar in size to DAIR V2X-I [13] (9.6k
images vs 10 k images) in terms of the number of images and to A9
Intersection in terms of annotated objects (50.4k to 57.4k). At the same
time, Rope3D is significantly larger (50k images with 1.5 M objects).
Regarding weather diversity, DAIR V2X-I, Rope3D, and A9 Intersection

all include rainy, sunny, and cloudy conditions, though A9 Intersection
uniquely includes heavy rain. While Thermal3D covers sunny, rainy,
and cloudy weather across different traffic conditions, additional
weather conditions such as heavy rain, fog, and snow could further
improve dataset robustness and enhance the evaluation of detection
methods.

In contrast, roadside thermal traffic datasets like AAU RainSnow and
Balon AT are significantly smaller, with only 2.2k and 8k images,
respectively. More importantly, unlike Thermal3D, these datasets pro-
vide only 2D annotations. This limitation extends to larger thermal
datasets from other applications, like e.g., pedestrian detetion, such as
CAMEL [48] and MF3D [49], which, despite their size, remain restricted
to 2D annotations and are therefore not directly comparable to
Thermal3D.

3.1.2. Data quality
In general, our dataset relies on human-made annotations and a

Fig. 8. Comparison of used surfaces information. (a) Whole filtered points cloud Loc 1 (b) Based on 20 points (c) All filtered points in Loc 2 (d) Loc. D with only 12
points used (e) Loc 3 with all filtered points (f) Loc 3 with only 9 Points used (g) Loc. 4 with all points (h) Loc 4 with only 10 points used
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single sensor. Although all annotations are double-checked, some
missed detections may still occur due to human error. However, this
challenge is inherent to any manually annotated dataset.

3.2. Bottom Map Creation

3.2.1. Plane –ray-intersection
Two plane-ray intersection methods were compared: Method A used

the ALS point cloud preprocessed based on Section 2.2, and Method B
incorporated road surface knowledge. Triangles were manually defined
based on slope consistency. Each triangle in the triangulation was
designed to terminate either at the roadway’s center or lane boundaries.
This ensured that each direction of travel was treated as a separate
plane. At intersections, the triangles ended at the contact points where
lanes intersected. To achieve this, the corner points of the triangles were
strategically placed along lane edges and centers. The manual definition
of triangles ensured strict adherence to these rules.

Fig. 8 illustrates the manually defined triangles in comparison to the
triangles based on all data points for all locations. This approach re-
quires precise coordinates in this world coordinate system. 20, 12, 9 and
10 points were used for the four locations. This amount is similar to
number of points needed for camera calibration. Those, points can be
derived from various sources (e.g., ALS data, Satellite systems, manually
measured GNSS points) and need, based on (7), not to align with specific
image pixels.

3.2.2. Homography based Methods
Similar to the plane-ray-intersection models, homography was used

as an alternative to ray-plane intersection for projecting pixel co-
ordinates to the world plane. Two approaches were explored: one uti-
lizing all filtered ALS points within 50 meters of the camera (beyond
which pixel-to-meter ratios become less accurate), and another using
sparse triangulations with 20, 12, 9, and 10 points at the four specified
locations.

3.3. General 3D Detection Performance

Table 3 provides some key insights in the general model perfor-
mance. The table shows the AP based on a matching threshold of 0.5 for
the classes with bigger objects (Car, Truck and Bus) and 0.25 for the
smaller classes (Motorcycle, Person, Bicycle and E-Scooter) with
matching feature IOUBEV . Those different thresholds for objects from
different size are commonly used as for example in [20]. The ProjNet
(Ray-plane projection) methods achieves a significant improvement
over homography-based approaches, with a mAP of 35.5 percentage
points outperforming the best homography-based method by more than
24 percentage points (35.5% vs 11.5%). Homography is by definition
only valid for the mapping between two planes [40]. A road is not

naturally flat and has gradients and differences in height due to topog-
raphy and drainage. This simplified assumption of homography is re-
flected in the performance drop. The gap in performance between the
baseline of homography based methods and PRojNet is smaller for
bigger objects like Trucks (28.8% vs 17.1%) and Busses (24.7% vs
26.5%). This can be explained by the fact that the positioning error does
not scale with the size of the objects and thus is relatively less critical.
The slightly better performance (26.5% vs 24.7%) of the homography
methods for the bus class indicates random corrections due to incorrect
projection and is unique to this specific class and this specific bottom
map.

The sparse variant of the ProjNet achieves 34.8 % mAP demon-
strating that a sparse point cloud with manually selected points performs
similarly (35.5% to 34.8%) to that with significantly more points.
(Manual) filtering and the availability of surface information that is as
dense as possible has a minor influence. Generally, the distribution of
the data in the training data set is clearly evident in the significantly best
performance for the car class with a mAP of 55.1 % for RProjNet.

The methods based on ray-plane intersection allow the calculation of
mAP based on IOU3D (with the same thresholds as mentioned above) as
shown in Table 4. The small performance drop (35.5% vs 30.5% and
30.5% vs. 29.2%) could be explained by the faults in the height esti-
mation and seem to appear for classes which have by nature absolute
more difference in their height distribution between objects like
different models of cars (55.1% vs 46.0%), trucks (28.8% vs 20.6%),
busses (24.7% vs 18.7%) in comparison to classes which include humans
like motorcycle (36.8% vs 32.6%), person (30.9% vs 30.0%), Bicycle
(37.6% vs 36.6%) and e-scooter (35.5% vs 30.5%). Fig. 9 shows two
examples of the model based on the ray-plane intersection with the
dense point-cloud from the test set. On the right side, the detection in
UTM coordinates is shown, on the left side the back-projection to image.

3.4. Detailed 3D Detection Performance

The evaluation of MSE for position, heading angle, and MAPE
strongly depends on the matching criteria. In this study, an
IOU3D threshold of 0.5 was applied for all object classes, and addition-
ally an IOUBEV with the same threshold to compare to homography-
based methods. The results, summarized in Table 5, demonstrate that
ProjNet consistently provide more precise localization compared to the
baseline homography-based approaches (0.28m vs 0.41m). This
improvement underscores a significant advancement over state-of-the-
art homography-based methods like [22] and [23] although numerical
comparisons reveal mixed outcomes. Comparing the versions using
sparse and dense point clouds as base for the ray-plane intersection
(0.26m to 0.26m with matching based on IOU3D) and the homography
(0.41m to 0.40m) show similar performances, further underlining that
sparse points clouds are sufficient. Comparing the results of ProjNet

Table 3
Detection results in mAP based on BEV IoU. R stand for Ray-Plane Intersection, H for Homography and S are the corresponding sparser versions.

Model Motorcycle Car Truck Bus Person Bicycle E-Scooter Sum

AP AP AP AP AP AP AP mAP

ProjNet 36.8 55.1 28.8 24.7 30.9 37.6 34.4 35.5
ProjNet -sparse 36.4 53.9 27.4 24.5 32.4 36.8 32.0 34.8
Homography (baseline) 8.4 10.4 17.1 26.5 2.7 6.8 8.3 11.5
Homography sparse 9.5 11.6 17.0 24.5 1.9 7.1 8,3 11.4

Table 4
Detection results in mAP based on 3D IoU.

Model Motorcycle Car Truck Bus Person Bicycle E-Scooter Sum
AP AP AP AP AP AP AP mAP

ProjNet 32.6 46.0 20.6 18.7 30.0 36.6 29.3 30.5
ProjNet -sparse 35.0 43.0 17.7 19.1 31.5 35.0 23.2 29.2
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matched based on IOU3D (0.26m) and IOUBEV (0.28m) on sees small
difference. The harder matching criteria IOU3D lead to less matches but
matches with higher similarity between detection and ground-truth and
thus less distance.

In more detailed analysis, the proposed method outperforms [24]
(0.26m vs 0.61m) but underperforms [22] (0.26m vs 0.13m), with these
differences likely influenced by the matching criteria, which [22] and
[24] do not specify. Furthermore, localization accuracy varies across
object classes, with smaller objects such as Person (0.11m), Bicycle
(0.14m), E-Scooter (0.10m), and Motorcycle (0.15m) achieving better
results than larger objects such as Bus (0.69m) and Truck (0.63m). This
disparity is likely due to the more straightforward localization of the
bottom center point in pixel coordinates for smaller objects.

The Analysis of MSE trends across distance clusters (0 - 60m with
10m clusters size), as illustrated in Fig. 10 underlines the benefit of
ProjNet’s ray-plane intersection over homography based approaches for
all clusters. Further it shows general trends like the increase in error
with distance (e.g., from 0.19 at the second cluster to 0.33m in the last
cluster for ProjNet with IOU3D). The first cluster with objects potentially
not fully visible in the image has no matches for the homography based
methods and only few for ProjNet is excluded this trend. The observed

trend is attributed to decreasing pixel resolution at greater distances, an
effect that is logical and unavoidable.

The Heading-Angle and MAPE do not depend on the projection
method but rather on the observation angle and object dimensions
which means that homography based methods would lead to the same
results. Therefore, only the ProjNet method with dense point cloud was
evaluated. As shown in Table 6, in theMSE for heading angle, among the
object classes, the Person class stands out with significantly poorer
orientation estimation (1.83 in comparison to the second most 0.23),
likely due to the lack of visible facial features in thermal imagery and in
general limited features that indicate orientation of persons. Despite
this, such errors are less impactful in practice as person exhibit minimal
variation in width and depth. An overall heading angle accuracy of 0.1
radians (equivalent to 5.7◦) is generally sufficient for practical appli-
cations. Compared to existing methods, the results are outperforming
[24] (0.1 vs 0.14) but lag behind [22] (0.1 vs 0.015), the latter of which
calculates orientation through tracking rather than direct estimation.
Incorporating temporal context and tracking could improve the pro-
posed method in the future.

For MAPE, shown in Table 7, most object classes achieve results
within approximately 20%, with exceptions observed for E-Scooter

Fig. 9. Example detections from the test set. a) Showing the projections to the image plane b) The digital shadow of the intersection c) Projection of an inner city
scene d) Corresponding digital shadow

Table 5
Comparison of mean squared position error for different classes and projection methods.

Model Match-ing criteria Motor-cycle Car Truck Bus Person Bicycle E-Scooter Sum
MSE MSE MSE MSE MSE MSE MSE MSE-all

3DNet [22] N/A / / / / / / / 0.13
Clausse [24] N/A / / / / / / / 0.61
ProjNet IOU3D 0.15 0.26 0.63 0.69 0.11 0.14 0.10 0.26
ProjNet - sparse IOU3D 0.13 0.27 0.66 0.72 0.11 0.14 0.10 0.26
ProjNet IOUBEV 0.16 0.29 0.74 0.77 0.12 0.14 0.11 0.28
ProjNet - sparse IOUBEV 0.15 0.30 0.75 0.74 0.12 0.14 0.11 0.29
Homo-graphy IOUBEV 0.32 0.39 0.88 0.93 0.12 0.18 0.14 0.41
Homo- graphy sparse IOUBEV 0.32 0.38 0.88 0.84 0.11 0.17 0.12 0.40
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(9.0%) and Motorcycle (32.5%) due to their limited representation in
the test set, warranting cautious interpretation. The Car (18.8%) and Bus
(17.5%) classes benefit from a relatively large number of training sam-
ples and standardized dimensions, facilitating more accurate estima-
tions. In comparison to 3D-Net, the proposed method delivers similar
performance (19.3% mean MAPE vs 10.1-19.7%), although differences
are challenging to analyze due to 3D-Net’s sparse evaluation only for
specific object models and the absence of reported matching criteria
[22].

This comparison underscores that thermal imagery, combined with
sufficient training data, can achieve performance comparable to optical
state-of-the-art methods. Overall, the findings highlight the robustness
of the proposed approach while identifying areas for further enhance-
ment, such as improving performance for larger objects and leveraging
temporal tracking. Such a model based tracking method e.g., based on a
kalman-filter could help to handle missed detections, allow to improve

Fig. 10. Mean Squared Position Error illustrated for different distance clusters.

Table 6
Comparison of mean squared heading angle error for different classes.

Model Motorcycle Car Truck Bus Person Bicycle E-Scooter Sum
MSE MSE MSE MSE MSE MSE MSE MSE-all

3DNet [22] / / / / / / / 0.015
Clausse [24] / / / / / / / 0.14
ProjNet 0.02 0.04 0.13 0.23 1.83 0.15 0.07 0.10

Table 7
Comparison of mean average percentage error of the object sizes for different classes.

Model Motorcycle Car Truck Bus Person Bicycle E-Scooter Sum
MAPE MAPE MAPE MAPE MAPE MAPE MAPE MAPE -all

3DNet [22] / 10.3-19.7 15.0-18.4 10.1-12.3 / / / /
ProjNet 32.5 18.8 20.4 17.5 22.6 23.7 9.0 19.3

Table 8
Comparison of inference times for the different models

Model Server Info Inference time
Edge device

Inference
time Server

3DNET [22] Intel Core i7 12900K with
NVIDIA RTX 5000 GPU

​ 0.0278 (~36
FPS)

CenterLoc [25] Intel Core i7-8700 CPU and
one GTX 1080Ti GPU

/ 0.0243 (~41
FPS)

Mohammed et
al [23]

Intel(R) Xeon(R) CPU E3-
1240 v3 @ 3.40 GHz, 16.0 GB
NVIDIA Quadro K620

/ 0.0333 (~30
FPS)

ProjNet NVIDIA Quadro RTX 5000
GPU and an Intel Xeon E5-
2640 v3 CPU (2.60 GHz, 16
cores)

0.058 (~17
FPS)

0.0185s
(~54 FPS)
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the dimension estimation by calculation of mean values along tracks and
estimating the heading angle based on the objects movement.

3.5. Inference times

A comparison of the inference times with SOTA methods based on
the provided data of those works is difficult. Since [21] and [22] report
only raw detection times without postprocessing, which means the
projection and calculation of the world coordinates. Furthermore, table
7 contains the reported inference times measured on different hardware.

The measured inference times of ProjNet in Table 8 are with a batch
size of 1, evaluated on an NVIDIA Jetson Xavier NX and a GPU server.
For our method the time includes the whole process including the pro-
jection and 3D box calculation. On the server, our model reaches 54
frames per Second (FPS) exceeding the camera’s frame rate (30 FPS) and
therefore processing faster. It outperforms the reported state-of-the-art
frame rates of 30-41 FPS significantly, but as mentioned above
different hardware was used. Especially, [22] reported their results on a
significantly less powerful GPU. Therefore, the exceed of the camera
frame rate should predominate for the evaluation.

A noticeable performance drop is observed on the edge device, with
the model processing 17 FPS. Despite this reduction, the framework
remains capable of evaluating every second frame, which is sufficient for
most applications, particularly in inner-city locations with lower traffic
speeds. This performance highlights the framework’s practicality while
allowing for further optimization, such as faster non-maximum sup-
pression (NMS), TensorRT acceleration, or leveraging newer generations
of NVIDIA Jetson hardware.

3.6. Conceptual Comparison with State-of-the-Art Methods

To the best of our knowledge, this work is the first to address
monocular 3D detection using thermal imagery from roadside cameras
while also achieving fast performance on edge devices. Due to this
novelty, no direct state-of-the-art comparison is possible.

However, there is existing work on monocular 3D vision from
roadside cameras in RGB images. There are mainly two kinds of algo-
rithms. Depth-estimation-based methods, such as those evaluated on,
monocular 3D detection datasets, such as DAIR-V2X [13] or Rope3D
[12], typically emphasize depth estimation as the most challenging
aspect of monocular 3D detection. These approaches aim to detect ob-
jects in images while simultaneously estimating their depth, which is an
error-prone task for roadside cameras [20].

This differs significantly from projection-based methods which use
methods of perspective transformation to directly calculate the depth.
This removes completely a source of error which makes a comparison to
depth-estimation based methods obsolete. However, it is only feasible
for objects touching the ground in calibrated cameras with known in-
formation on the surrounding world surface. Importantly, no publicly
available datasets for monocular roadside cameras currently provide
detailed road surface information, making this work and the provided
dataset a potential new benchmark for the field.

While a direct numerical comparison to state-of-the-art methods
using perspective projection in overall detection performance is not
feasible, evaluation parameters, such as Mean Squared Error (MSE) for
position and heading angle or Mean Absolute Percentage Error (MAPE)
for size estimation, offer some insights. The presented results fall within
a comparable range to the limited existing works that share similar
constraints. However, these outcomes depend heavily on the matching
criteria and dataset properties which are not reported for the existing
methods. Nevertheless, the other projection based methods are all based
on homography. Therefore, homography based methods were chosen as
the baseline for numerical comparison. The presented experiments were
able to demonstrate that the presented ray-plane intersection approach
is more accurate than homography-based approaches.

3.7. Evaluation in regard to practical application

A key evaluation criterion for monocular 3D traffic sensors is their
practical applicability. In real-world scenarios, such methods are often
relevant when the relative positioning or temporal relationships be-
tween objects are critical—for instance, to measure speed or analyze
interactions between traffic participants. However, the reported accu-
racies allow such analysis and the fast inference time, in particular the
fact that it is the first work to have demonstrated this for edge devices,
underlines this practical usability.

Our dataset does not yet include extreme weather conditions such as
fog and snow. However, as shown in Fig. 2 and Table 1, it covers various
real-world conditions, including sunny, rainy, and wet road surfaces, as
well as urban and rural environments with different traffic densities.
Nevertheless, it is notable that extremeweather is not yet included in the
evaluation. Additionally, a check in additional traffic situations would
underline the robustness of our method. Nevertheless it is notable that
only the object classification, keypoint detection and 2D-bounding box
detection relies on such external factors. In contrast to depth estimation,
the used projection based method ensures an independent robust depth
calculation.

Currently, our method is optimized for a detection range of
approximately 50 meters per camera (as seen in Fig. 10 positioning error
increases afterwards, making it well-suited for analyzing interactions
and traffic behavior at smaller intersections or high-risk locations within
larger intersections. Multi-sensor fusion could enhance the field of view,
enabling broader scene coverage. Additionally, integrating LiDAR or
other complementary sensors could improve detection accuracy and
robustness, making the system more applicable to autonomous driving,
where higher precision and redundancy are essential.

It is also important that detection alone is not sufficient for a
comprehensive analysis, as it only provides individual object instances
without continuity. Matching and tracking are essential to obtain com-
plete trajectories, enabling a more accurate representation of object
movements. By integrating filtering and fitting algorithms, the trajec-
tory quality can be further refined, reducing noise and improving con-
sistency. This combination allows for more reliable interaction analysis,
particularly in dynamic traffic environments.

3.8. Future application

The proposed methodology enhances the capabilities of conven-
tional traffic detectors by providing precise data on object positions,
orientations, and dimensions beyond pixel coordinates. This enables
accurate speed measurement and advanced spatial analysis for example

Fig. 11. Near miss between right turning Car and Bicycle.
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for in-depth evaluations of accidents and near-miss incidents. Such
analysis aims to identify patterns in near-misses to proactively prevent
accidents.

Human-interpretable video snippets are critical for this analysis,
emphasizing the advantages of the proposed method over radar and
LiDAR systems. Detailed information on distances, speeds, and positions
is essential for identifying and understanding near-miss scenarios. For
instance, Fig. 11 illustrates a near miss between a right-turning vehicle
and a cyclist, showing the system’s capability to capture such events.

Fig. 12 highlights the advantages of the proposed approach. Without
distortion from perspective effects, the absolute distance between two
objects (left image) and the entire trajectory, including evasive actions,
can be analyzed (right image). This provides significantly richer insights
compared to traditional pixel-based analysis methods.

4. Conclusion

This work introduces a novel approach to 3D traffic monitoring using
thermal imagery, addressing key challenges in real-time traffic moni-
toring. The key contributions and outcomes of this work are as follows:

• A ray-tracing-based approach to map pixel and world coordinates
increasing the mAP in BEV by 25 percent points compared to
homography-based methods used by prior monocular 3D
frameworks.

• Real-time capable monocular 3D vision on edge devices. The pro-
posed Yolov7-tiny based method achieves 54 FPS on GPU server and
17 FPS on Nvidia Jetson Xavier NX making it significantly more
efficient than existing methods.

• A method for privacy-compliant 3D traffic monitoring that, unlike
RGB-based methods, stays highly effective in diverse weather and
lighting conditions

• A novel thermal 3D roadside dataset providing 9,591 annotated
images including 3D world coordinates, camera calibration data and
surface models filling a critical gap in traffic monitoring research.

• The proposed system provides a basis for accurate trajectory mea-
surement and near-miss detection, making it well-suited for traffic
monitoring to analyze road user behavior and finding patterns in
near-misses for preventive safety research.

Future work will focus on enhancing the generalizability and
robustness of the proposed method. The dataset will be expanded to
include adverse weather conditions such as fog, snow, and heavy rain, as
well as high-density traffic scenarios to better reflect real-world com-
plexities. Additional robustness tests in varied environments will help
validate the model’s performance under challenging conditions.
Improving trajectory accuracy through advanced tracking will further
support applications in traffic flow analysis, accident prevention, and

conflict detection. Integrating multi-sensor fusion with LiDAR, radar, or
RGB cameras could enhance detection accuracy and multi-camera
fusion could enhance the field of view. Automated techniques for
generating surface models and further optimizing detection speed will
be evaluated. These improvements will strengthen the framework’s real-
time, privacy-compliant 3D traffic monitoring role.
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