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Abstract

Despite progress in multi-object tracking (MOT) for perspective cameras, applying
these methods to overhead fisheye cameras remains challenging. We argue that exist-
ing MOT approaches often fail due to two key challenges: the linear motion assumption
of Kalman filters conflicting with fisheye distortions, and highly variable appearances
caused by extremely varying viewpoints and non-uniform geometric distortion. We pro-
pose DAFTrack, a motion-based tracker designed for overhead fisheye cameras, with
three main contributions. First, we track in a distortion-aware space by projecting detec-
tions as torso locations onto a virtual plane. Second, we use the Unscented Kalman Filter
(UKF) for nonlinear updates, enabling accurate state estimation. Third, we leverage the
camera height to enhance distance-based matching, improving robustness across differ-
ent camera setups. Experimental results show that DAFTrack outperforms baselines in
overhead fisheye MOT datasets, achieving a +6.1 HOTA improvement on CEPDOF and
+3.3 HOTA on WEPDTOF.

1 Introduction
Multi-object Tracking (MOT) in overhead fisheye cameras has immense practical value for
a variety of real-world applications, especially in indoor environments. Overhead fisheye
cameras offer an ultra-wide field of view (FOV), making them suitable for monitoring large
spaces with use cases from analyzing pedestrian flow analysis, pedestrian activity monitor-
ing, queue length estimation to hotspot identification.

Despite significant progress in MOT for perspective cameras [1, 2, 3, 6, 20, 22], the
performance in overhead fisheye cameras remains limited. We identify two key challenges
that are unique to fisheye camera systems:

Nonlinear Motion: Due to the distortion created from fisheye lenses, especially in low
mounted cameras, objects near the optical center exhibit high acceleration (see Figure 1).
This violates the constant velocity assumption used in Kalman-based trackers.
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(a) (b)

Figure 1: (a) Illustration of nonlinear motion distortion from fisheye lenses. A person walk-
ing at approximately constant speed appears to have significant accelerated motion near the
optical center (yellow dot). (b) Derivative of the normalized image plane radial distance
rnorm of virtual plane radial distance rvirtual , represented as ( drnorm

drvirtual
) across camera heights

Z, showing stronger apparent acceleration at lower heights near the optical center.

Highly Varying Appearances: Overhead fisheye views introduce extreme viewpoint
variations, with fisheye geometric distortions that affects different viewpoints in non-uniform
ways. This challenges appearance-based re-identification, as most re-identification datasets
(e.g. Market1501 [23], MSMT17 [19]) are captured with lesser varying viewpoints without
fisheye distortions.

Even though motion cues and appearance cues are very fundamentally different, they
both have their own challenges at the optical center. Therefore, combining motion and
appearance-based methods still fails to resolve this shared weakness.

We introduce DAFTrack, a distortion-aware, motion-based multi-object tracker for over-
head fisheye cameras. Our method addresses these fisheye-specific challenges through three
key contributions:

Tracking in a Distortion-Aware Plane: We project detection centroids (approximating
the torso positions) onto a virtual plane, orthogonal to the camera’s optical axis. This enables
tracking objects in a distortion-aware space, mitigating motion acceleration near the optical
center.

Virtual Plane to Image Plane updates using UKF: We leverage the Unscented Kalman
Filter to perform nonlinear updates, allowing true measurements from the image plane to be
accurately used in updating the state.

Camera Height Incorporation: We estimate or leverage known camera height to trans-
form 2D projected distances on the virtual plane into real-world metrics. This allows our
association strategy to remain robust across different camera settings.

Experiments demonstrate that DAFTrack significantly outperforms state-of-the-art ap-
proaches on fisheye MOT datasets, CEPDOF and WEPDTOF, achieving +6.1 HOTA on
CEPDOF and +3.3 HOTA on WEPDTOF. Ablation studies further validate the importance
of each proposed component.

2 Related Works

2.1 Fisheye Camera Models
Fisheye camera models are usually viewed as projecting the 3D points onto a unit sphere [11,
16], then use another transformation function to transform points on the unit sphere to the
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image plane. With different projection models having different assumptions for the transfor-
mation function, the most used projection model is the Equidistant Projection Model [11],
which assumes a linear relationship between the angle from the optical axis and the radial
distance on the image plane. Given a 3D point on the camera reference frame (X ;Y;Z), we
can calculate the unit sphere coordinates (q ;f) with:

(q ;f) =
�

atan2(Y;X); atan2
�p

X2 +Y 2;Z
��

(1)

and the 2D Image plane coordinates (u;v) with:

r = f �f (2)

where r denotes the radial distance on the image plane and f as the fisheye camera’s
focal length.

2.2 Unscented Kalman Filter
Although the Kalman Filter (KF) [10] has proven to be widely useful for many use cases, its
performance is inherently limited to the assumption of linearity, an assumption that does not
hold for many real-world systems. The Unscented Kalman Filter (UKF) [9, 18] addresses
this by using the unscented transform, which deterministically selects 2n + 1 sigma points
to represent the distribution where n denotes the dimensionality of the state vector. These
points are passed through the nonlinear function to accurately estimate the transformed mean
and covariance. The unscented transform is defined as:

Y = f (c)

m =
2n

å
i=0

wm
i Y i; S =

2n

å
i=0

wc
i (Y i�m)(Y i�m)T

(3)

where c are the sigma points, Yi are the transformed sigma points from the nonlinear
function f (c), wm

i and wc
i are weights used to compute the mean and covariance, and m and S

represents the estimated mean and covariance of the transformed distribution. The Unscented
Kalman Filter modifies the standard prediction and update steps by using Equation (3). The
full filtering equations can be found in [18].

2.3 Utilization of Kalman Filter in SORT-based Trackers
The main objective in MOT is to predict and maintain consistent identities from multiple tar-
gets across frames, despite challenges such as occlusions, noisy predictions, false or missed
detections. SORT [2] utilizes Kalman Filter to estimate object positions and velocities by
modeling each tracked object with the state vector

x = [u;v;s;r; u̇; v̇; ṡ]T ; (4)

where u and v are the object’s center coordinates on the image plane, and s and r repre-
sent its scale and aspect ratio. This state representation is commonly used in SORT-based
trackers with little to no modification [1, 2, 3, 6, 20, 22]. When new detections arrive in
the next frame, the Kalman filter predicts each object’s next state. A cost matrix, typically
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