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Real-Time Correction Based on wheel Odometry to
Improve Pedestrian Tracking Performance in Small
Mobile Robot
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Abstract: With growth in intelligence of mobile robots, interaction with humans is emerging as a very
important issue for mobile robots and the pedestrian tracking technique following the designated person
is adopted in many cases in a way that interacts with humans. Among the existing multi-object tracking
techniques for pedestrian tracking, Simple Online and Realtime Tracking (SORT) is suitable for small
mobile robots that require real-time processing while having limited computational performance.
However, SORT fails to reflect changes in object detection values caused by the movement of the
mobile robot, resulting in poor tracking performance. In order to solve this performance degradation,
this paper proposes a more stable pedestrian tracking algorithm by correcting object tracking errors
caused by robot movement in real time using wheel odometry information of a mobile robot and
dynamically managing the survival period of the tracker that tracks the object. In addition, the
experimental results show that the proposed methodology using data collected from actual mobile robots
maintains real-time and has improved tracking accuracy with resistance to the movement of the mobile

robot.
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[Fig. 1] Example of object tracking failure due to rotation of
mobile robot: when there are two objects that remain stationary,
the objects tracked in T-1 (a) are assigned ids 1 and 2. The robot
rotates between T-1 and T (b), and the object assigned 1 fails to
track in T, and object 2 is incorrectly tracked as object 1in T
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[Fig. 2] EDIE hardware CAD model and physical hardware
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[Fig. 3] Flowchart of person tracking algorithm including
real-time rotation correction
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[Table 1] Overview of the PxRx sequences

Sequence | FPS | Resolution Length | Boxes | th,,,
PmRr 15 640x480 | 266 (00:18) | 899 |3.076°
PsRm 15 640x480 | 366 (00:24) | 1169 | 2.42°

PmRml 15 640x480 | 460 (00:30) | 1442 |2.369°

PmRm?2 20 640x480 | 449 (00:22) | 1461 |2.091°
PoRt1 20 640x480 | 739 (00:37) | 2698 | 0.858°
PoRt2 20 640x480 | 563 (00:28) | 1712 | 1.034°
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- MOTA( 1) : Multi-Object Tracking Accuracy.”

- MOTP( 1) : Summary of overall tracking precision.”

“IDFy(1) : Theratio of correctly identified detections over
the average number of ground-truth and computed
detections.

-IDP(1) : Identification precision.”

“IDR(T) : Identification recall.*®

“FP(l) : number of false detections.?”

“FN( 1) : number of missed detections.

“IDsw(l) : Number of times the reported identity of a
ground-truth track changes.”

“Hz( 1) . Processing speed (in frames per second excluding

the detector)
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[Table 2] Performance evaluation table according to the survival
period setting of the object tracker

Method Ty MOTA? FN| IDSW|
SORT 1(Default) 50.77 4332 274
SORT 2 49.63 4446 266
SORT 3 49.63 4447 265
SORT 4 49.83 4437 258
SORT Dynamic 51.93 4226 268
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[Table 3] Tracking performance test results on MOT17

Method | 7,,., |MOTAY|MOTPY | FN| | IDSW|
SORT 1 49.01 85.83 51343 1043
SORT | Dynamic | 49.97 85.65 49997 1051
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[Table 4] Tracking performance test results on PxRx sequences

Method MOTAY |MOTPY FP| | FN| | Hz?

SORT 49.44 | 81.50 13 4453 | 446.3

SORT+Dynamic| 51.93 81.34 15 4226 | 429.6

SORT+Odom | 53.42 | 82.23 11 4179 | 440.6

Proposed 57.58 81.90 14 3813 | 420.7

Method IDF,t | IDP} | IDRY |IDsw|| Hz?

SORT 29.86 | 4327 | 22.79 277 446.3

SORT+Dynamic| 37.62 5294 | 29.18 268 429.6

SORT+Odom | 39.19 54.86 | 30.49 180 440.6

Proposed 46.02 61.68 | 36.70 152 420.7
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