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• Multi-object tracking (MOT) aims to detect and estimate the spatial-temporal trajectories 
of multiple objects in a video stream.

• Currently, tracking-by-detection has become the most effective paradigm for the MOT 
task.

– Tracking-by-detection contains an object detection step, followed by a tracking step. 
The tracking step is usually built from two main parts: 

i. Motion model and state estimation for predicting the bounding boxes of the 
tracklets in the following frames. A Kalman filter (KF) is the popular choice for 
this task. 

ii. Associating the new frame detections with the current set of tracks. Two leading 
approaches are used for tackling the association task: 

1. Localization of the object, mainly intersection-over-union (IoU) between 
the predicted tracklet bounding box and the detection bounding box. 

2. Appearance model of the object and solving a re-identification (Re-ID) task. 

Both approaches are quantified into distances.



Multi-Object Tracking: Tracks
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• Let us consider a bounding box under tracking as being described by 7 quantities:

[x,y,s,r,x’,y’,s’]

where s is the area of the bounding box, (x,y) its center, r is its aspect ratio. 

• We assume the aspect ratio of an object does not change linearly during its observation in a 
video, but the other quantities possibly do.

• The Kalman filter infers our first order values (x’,y’,s’). We make two assumptions:

– Our sensors are noisy and their output and noise can be modeled by Gaussians.

– Our initial prior on the state is also a Gaussian.

• Given the Kalman filter “update”, in the next step, we can “predict” x <= x + x’ and so on 
(dt=1).

• However, our new measurements will necessitate updates of our estimates of x’, y’ and s’.
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SORT presents a simple approach to tracking that’s 
straightforward to implement:
1. For each detected object, we create a Kalman filter-based 

tracker. We use this tracker to predict where the object will 
be in the next frame.

2. We run our object detection algorithm on the new frame.
3. We use the Hungarian algorithm to match objects to 

trackers, and update trackers with that information.
4. We create new trackers for new objects.
5. We destroy trackers whose objects haven’t been seen 

recently (“stale”).
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number of misses 
(unmatched objects)

number of false positives 
(unmatched detections)

number of 
mismatches 
(contradictory 
match with 
respect to 
previous frame)

number of ground 
truth object 
present
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position error for 
a matched 
object-hypothesis 
pair (usually, IoU)

number of 
matches made
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IDF1 calculates a bijective (one-to-one) mapping between the sets of gtTrajs and 
prTrajs.

Its definition requires some new terms:
● IDTPs (identity true positives) are matches on the overlapping part (with valid 

detection thresholds) of trajectories that are matched together. 
● IDFNs (identity false negatives) and IDFPs (identity false positives) are the 

remaining gtDets and prDets respectively, from both non-overlapping sections of 
matched trajectories, and from the remaining trajectories that are not matched.

The matching is performed such that IDF1 is optimised. This is performed by 
enumerating the number of IDFPs and FDFNs that would result from each match 
(non-overlapping sections), and from nonmatched trajectories (number of prDet and 
gtDet in these trajectories, respectively). The Hungarian algorithm is used to select 
which trajectories to match so that the sum of the number of IDFPs and IDFNs is 
minimised.
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HOTA calculates a bijective (one-to-one) mapping between the sets of gtDets and prDets per frame. 
Given the matching, for each matched pair corresponding to a TP with a given IoU threshold, we 
calculate the following quantities:

https://arxiv.org/abs/2009.07736 

https://arxiv.org/abs/2009.07736
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