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ABSTRACT
Vehicle tracking and speed estimation are essential in many in-
telligent traffic management systems. In this paper, we propose
a new real-time architecture for estimating the speed of the vehi-
cles from monocular video streams. While following traditional
steps, including vehicle detection, its tracking, and mapping of co-
ordinates from pixel to real-world space, notable progress beyond
state-of-the-art is achieved by introducing a new filtering schema
with a camera calibration that allows for speed estimations from
arbitrary viewing angles. This enables monitoring to be performed
from moving platforms, such as Unmanned Aerial Vehicle (UAV),
while also observing multiple vehicles at once. As confirmed by
the results, even in these circumstances, the proposed approach
achieves comparable results to state-of-the-art techniques applied
on stationary video streams.
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1 INTRODUCTION
With the increase in traffic density, real-time vehicle speed estima-
tion is actively used in traffic-aware route planning and forecasting
[11], speed limit enforcement [13] and other intelligent traffic man-
agement systems’ services. Traditionally, methods used for vehicle
speed estimation from video streams, adopt a so-called tracking-by-
detection framework [20], that consists of vehicle detection, vehicle
tracking and speed estimation steps [14, 15, 19, 25, 26].

In general, vehicles are detected and annotated with bound-
ing boxes on a frame-by-frame basis. In pipelines of older work
[8, 27, 29] this was achieved using histograms, thresholds, and
other means of separating moving objects from static backgrounds.
Accordingly, these methods are susceptible to noise and need ex-
tensive manual calibrations for specific environments and setups.
Nevertheless, deep learning approaches proved to be efficient in
dealing with these issues, and state-of-the-art today rely almost ex-
clusively on variations of Convolutional Neural Networks (CNNs)
such as YOLO1 [23], Faster-RCNN2 [7] and Mask-RCNN2 [10] for
detection as well as classification of vehicles [9, 15, 18, 25, 26, 30].

Speed estimation, however, requires vehicle tracking over a set
of successive frames even in those cases when occlusions occur.
Predicting their movements is, therefore, inevitably required for
successfully associating their detected positions. The Simple Online

1YOLO: You Only Look Once
2RCNN: Region-based Convolutional Neural Network

Realtime Tracking (SORT) algorithm [2] and different variations
of the Kalman filter are commonly used for this purpose [20]. In
order to enhance vehicle matching robustness across frames, the
recently introduced DeepSORT further extends the SORT algorithm
by extracting vehicle features using a pre-trained CNN [18, 28],
while increased accuracy of vehicle tracking and the extraction
of movement parameters using optical flow was also examined
[4, 14, 19, 22]. In all of these cases, however, movement vectors are
estimated in pixel-space. Their mapping into real-world coordinates
is, therefore, addressed next.

Mapping of movement vectors inevitably requires camera cal-
ibration that establishes a correlation between the pixel and the
real-world displacement of the vehicle. In most cases, calibration
approaches are based either on manually defined coefficients [14,
19, 22, 24, 27, 29] and intrusion lines [16] or linear image trans-
formations [15, 18]. However, these approaches require extensive
environment-specific parameter calibrations and measurements,
due to factors such as lighting conditions, camera angles, occlusions
or car-specific parameters [19, 29]. Therefore, they often remain
limited to the video-streams from stationary cameras. On the other
hand, some recently introduced approaches address these issues
by using CNNs and optical flow to estimate the average speed of
traffic rather than individual vehicles. [5, 31]

Figure 1: High-level architecture of the proposed vehicle
speed estimation method.

Accordingly, while vehicle detection, tracking and even average
speed estimation of traffic are already well-researched, estimating
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speed of individual vehicles poses a greater challenge. The non-
linear effects stemming from the perspective projection of real-
world objects onto the 2D image space, coupled with the intricate
terrain configurations, further aggravates the problem, preventing
applications of the discussed methods for processing video-streams
from moving platforms, such as Unmanned Aerial Vehicle (UAV).

In order to address these issues, we propose a new camera
calibration technique that is based on an iterative solver for the
Perspective-n-Point (PnP) problem [6], together with several im-
provements made upon the known movement vector estimation
with ray tracing and Kalman filtering [17]. Details on the proposed
method are explained in the next section. Section 3 provides the
achieved results, while conclusions are presented in section 4.

2 METHOD
Following the pattern of tracking-by-detection frameworks, the
processing pipeline of the proposed method consists of detection,
tracking and space transformation steps, as shown in Figure 1.

2.1 Vehicle Detection
In the detection step, the stream data is first decoded, resized and
preprocessed before being fed into the CNN for object detection.
Processing the image in the CNN is the most computationally inten-
sive task of the proposed pipeline. For the real-time object detection,
we obtained a YOLOv4 model [3], pretrained on the ImageNet and
MS COCO datasets. Since the mentioned datasets contain mostly
images of different objects from the ground level, the pretrained
model performed badly in our high elevation and high meter-to-
pixel domain, where objects are captured from above and appear
relatively small. Therefore, we improved the model via transfer
learning using custom created dataset. The training dataset con-
sists of approximately 61500 images and 550000 annotated vehicles.
Vehicle annotation was performed manually over 6 month period
and aided by general object tracking [1, 12, 21] in order to ob-
tain multiple samples of vehicles from different angles. The model
reached convergence after being trained on 35000 batches of 64
images in order to fine tune its weights and, thus, transfer the
knowledge to the required domain.

Further improvements on object detection are achieved by apply-
ing several filters for removal of duplicate objects and objects that
are irrelevant for speed estimation because of their class or size. Still,
this does not solve the commonly present shift of bounding-boxes
over consecutive frames, as indicated by Hua et al. [14]. Neverthe-
less, the integration of the Kalman filter substantially mitigates this
error during vehicle tracking, as discussed.

2.2 Vehicle Tracking
The proposed implementation of tracking is based on the SORT
algorithm [2] for Multi-Object Tracking (MOT). Given the informa-
tion about prior movement of objects [ ¤𝑥, ¤𝑦]𝑇 , the SORT algorithm
uses a Kalman filter with the following state vector:

x = [𝑥,𝑦, 𝑠, 𝑟, ¤𝑥, ¤𝑦, ¤𝑠]𝑇 , (1)
where the point (𝑥,𝑦) is the center of the bounding box, 𝑠 is the

area and 𝑟 - the aspect ratio of the bounding box. Moreover, the
displacement vector [ ¤𝑥, ¤𝑦]𝑇 in 2D space can be directly extracted

from the state. However, the perspective projection of the 3D world
makes the problem of object tracking in the 2D image space non-
linear. Therefore, with the use of the mapping function 𝑅 that
projects image coordinates onto a real-world plane, formally defined
in section 2.3, we are able to model the problem directly in 3D space
with the following Kalman filter state:

xours =
[
𝑅0 (𝑐)𝑥 , 𝑅0 (𝑐)𝑦, 𝑠, 𝑟 , ¤𝑅0 (𝑐)𝑥 , ¤𝑅0 (𝑐)𝑦, ¤𝑠

]𝑇
, (2)

where 𝑐 is a corner of the bounding box whose projection on the
ground plane is the closest to the camera. The vehicle velocity is
directly described by the vector 𝑣 =

[ ¤𝑅0 (𝑐)𝑥 , ¤𝑅0 (𝑐)𝑦 ]𝑇 . Moreover,
the inclusion of the 𝑧 coordinate from the 3D domain in the Kalman
filter state is unnecessary and will always be 0 (ground plane).

Following the prediction of the Kalman filter and re-projection
of the object’s position in the current frame, we proceed to match
the predicted bounding box with a bounding box obtained by object
detection, prioritizing the highest Intersection over Union (IOU)
metric. We also impose a 𝐼𝑂𝑈𝑚𝑖𝑛 threshold that restricts the match-
ing algorithm from linking bounding boxes that have a really low
IOU correspondence. Furthermore, we implement an object age
heuristic, which assigns priority to older objects in cases where a
single bounding box exhibits similar Intersection over Union (IOU)
correspondence with two or more tracked objects.

2.3 Space Transformations
As already mentioned in the previous section, space transformation
from the 2D image space to the 3D world captured by the camera,
is necessary for tracking as well as the actual vehicle speed estima-
tion. Additionally, to project the ground plane and bounding box
predictions from 3D to 2D space, a reverse transformation is also
required.

We propose an effective methodology that requires only 6 pairs
of image-to-world correlation coordinates. With the use of PnP
iterative solver, we manually provide 4 image-to-world correlation
coordinate pairs on the ground plane (𝑧 = 0) and 2more on the 𝑧 = 1
plane. This results in translation and rotation vectors describing
the relative 3D space. We use landmarks with approximately equal
length, width and height to ensure uniformity across all units in
the 3D space (𝑥 , 𝑦 and 𝑧). Although subpixel precision is required
for extremely precise calibration, we found the Kalman filter to
be sufficiently flexible, delivering comparable results even in its
absence.

Using the camera matrix, translation and rotation vectors pro-
vided by our camera calibration, it is possible to define a function
𝑅𝑧 : R2 → R2 that maps the 2D image space to some predefined
𝑧 plane in the 3D space. It is implemented using a ray-plane inter-
section. By defining the 𝑅 function in regards to a fixed 𝑧 plane,
we can show that 𝑅𝑧 is a bijectional mapping from the 2D image
space to the predefined plane in the 3D world. Let us assume that
all vehicles are driving on the ground plane where 𝑧 = 0 and thus
only be interested in 𝑅0.

Nevertheless, establishing a correlation between the 2D and 3D
space remains incomplete until the equivalence of one unit in our
3D space to a specific distance in meters is determined. Using our
forementioned functions, we can introduce a routine to calibrate
the "world units coefficient" as follows: pick two points 𝑝1 and 𝑝2
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in the 2D image space for which, you know the real-world distance
between their projections in the 𝑧 = 0 plane. The 3D world unit
coefficient is the ratio of the known distance between the two points
in the real world and the Euclidean distance of the projected points
𝑅0 (𝑝1) and 𝑅0 (𝑝2).

At last, using time data and the world unit coefficient, we can
convert the mentioned velocity vector 𝑣 =

[ ¤𝑅0 (𝑐)𝑥 , ¤𝑅0 (𝑐)𝑦 ]𝑇 to a
speed measurement.

3 RESULTS
This research is a part of the development of the GeMMa Fusion
Machine Learning (GFML) application written in C++, where all of
our tests were also conducted. For the given results, we evaluated
the pipeline on Intel Core i7-9700K @ 3.6GHz with 32GB RAM and
NVIDIA GeForce RTX2070 SUPER GPU.

3.1 Test Data

(a) (b) (c)

Figure 3: Test (a) Stream 1, (b) Stream 2, and (c) Stream 3 with
estimated vehicle speed.

ADJIMini 3 Pro and aDJI Phantom 4Advanced droneswere used
to recordmost of our test footage. The footagewas initially recorded
in 4K resolution, with 25 frames per second (FPS) D-Cinelike 8-bit
color profile, then resized for comparison to 1920 × 1080 px and
720×576 px resolution without applying a color lookup table (LUT).
The ground truth data is calculated using a Global Positioning
System (GPS) measurement device with 30 connected GPS satellites
and synced to the footage using time codes.

Amongst these, three different scenes were selected for testing.
Stream 1 (shown in Fig. 3a) monitors vehicle during acceleration,

Stream 2 (shown in Fig. 3b) monitors vehicle during driving with
constant speed, while Stream 3 (shown in Fig. 3c) monitors individ-
ual vehicle in heavy traffic.

3.2 Time complexity
With our custom dataset, a pipeline integrating the YOLOv4 model,
as well as its reduced version YOLOv4-tiny, was examined. As
presented in Table 1, we achieved speed estimation of 11-18 frames
per second (FPS). Most of the computing time is spent in the YOLO
CNN, requiring 20-50 milliseconds, as seen in the OD column in
Table 1, depending on the model and the input image size. There
were no significant time differences with and without the use of
our modified Kalman state.

Table 1: FPS rates and object detection times (OD) achieved
on tested video streams with 1920 × 1080 px and 720 × 576 px
resolutions and two different CNNs, namelly YOLOv4 and
YOLOv4-tiny.

Stream
size
[px]

CNN
Stream 1 Stream 2 Stream 3

FPS OD
[ms] FPS OD

[ms] FPS OD
[ms]

1920×
1080

YOLO
v4 9 28 9 29 9 33

YOLO
v4-tiny 11 26 11 26 10.5 27

720×
576

YOLO
v4 11 22 11 22 14 47

YOLO
v4-tiny 18 36 17 33 17 33

3.3 Accuracy
In Figure 2a, we can observe a sample measurement of a vehicle
acceleration from aerial footage in Stream 1, in order to compare
the initial SORT state [2] of the Kalman filter with our modified
3D-based state. The accuracy of the ground truth and measurement
data, is further corroborated by the fact that one can notice the
two initial gear shifts. A second sample of measurement of a very

(a) (b) (c)

Figure 2: Comparison of the results achieved using SORT and the proposed method with ground truth data on (a) Stream 1, (b)
Stream 2, and (c) Stream 3.
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small speed variation across a 10 second period can be seen on
Figure 2b.When the SORT’s 2D-based Kalman state is used, because
of its linear nature, we found that it will quite often overshoot,
especially when the camera’s elevation angle is relatively small.
Nevertheless, we can see that even with imprecise camera and
world unit calibration, one can achieve comparable results to the
ground truth. Furthermore, as shown by Fig. 2c, comparable results
are achieved also when observing an individual vehicle within a
heavy traffic. It should, however, be noted that inaccuracies in the
GPS and time data, camera and world unit calibration and bounding
box detections are unavoidable.

4 CONCLUSION
In this paper, we presented our pipeline for vision-based vehicle
speed estimation with many improvements of the algorithms used,
both in object tracking and space transformations. We can conclude
that camera andworld unit calibration combinedwithmodifications
of the Kalman state, can yield results comparable to state-of-the-art
custom space transformation methodologies. We note however, that
due to the specificity of the problem, the lack of proper datasets
and the amount of external factors involved, fully testing and com-
paring our method to closed-source state-of-the-art is practically
impossible.

In the future, we also plan to work on adaptive camera calibration
for airborne vehicles with KLV gyroscopic sensor streams and
fully automatic intrinsic and extrinsic parameter camera calibration
using convolutional neural networks.
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