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TCAT: A Temporal Consistency-based Adaptive Object
Tracking Method for Human-Robot Collaboration in
Manufacturing Environments
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Abstract: This paper proposes an enhanced tracking method for stable object recognition in Human-
Robot Collaboration (HRC) manufacturing environments. Existing methods often struggle with
occlusions by workers’ hands, robotic interference, and dynamic pose variations. To address these
challenges, we introduce Temporal Consistency-based Adaptive Tracking (TCAT), which leverages
temporal consistency analysis and adaptive weighting strategies. TCAT quantifies temporal
consistency by analyzing detection confidence scores across three consecutive frames and employs
sigmoid-based adaptive weighting to balance spatial IoU and appearance feature similarities
effectively. We validate TCAT on a custom dataset comprising 100,000 images of five vacuum
cleaner components, integrating it with state-of-the-art object detectors such as YOLOv10-12 and
RT-DETR. Experimental results demonstrate that TCAT significantly outperforms baseline methods,
achieving a mAP@0.5 of 85.7% with YOLOv12—a 3.4 percentage-point improvement over
ByteTrack—while maintaining a real-time processing speed of 15 FPS on an NVIDIA Jetson Orin
Nano. The proposed method shows robust tracking performance and computational efficiency, which

is suitable for practical HRC applications.
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[Table 1] Five target objects for recognition

Cover dust Body brush Connector brush

Cover brush Filter body

Intel RealSe

—

[Fig. 1] Experimental workcell configuration for object
recognition: Intel RealSense D435i camera installation with
workspace coverage optimization
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[Table 2] Data augmentation techniques applied for custom
dataset enhancement

Color Jitter

02+07 07+10

Categories Methods Purpose and effect
Color Jitter Enhancement of model
Color Jitter |  (Hue, saturation, robustness against lighting
brightness adjustment) and color variations
Gaussian noise Enhancement of durability
Noise against image quality changes
Random blur due to sensor noise
Horizontal Enhancement of robustness
Flip . against pose changes and
Vertical spatial orientation variations
Random Scale Enhancement of scale
Image Scale - L .
. Image Resize invariance and multi-scale
Conversion datation bili
Crop adaptation capability
Cuou | O Gt ot macking
(Partial masking) P ) 8
scenarios
Horizontal (£10°) | Enhancement of robustness
Shear . against various viewpoint
Vertical (£10°) changes
Enhancement of robustness
Rotation Between + 15% against various viewpoint
changes
Enhancement of robustness
Brightness Between + 25% against various illumination
changes

ERIL 5USHET AN S5E Y AP AR H B
92 YOLOvI0-12, RT-DETR % 4%o0]H, 7} w2 ApAst

Image Scale Horizontal

Conversion

Image Noise

Horizontal 01+03 03+06
shear

01+06+10+11

04+05+09+11
[Fig. 2] Data augmentation examples applied to the custom manufacturing dataset: Images 00-11 show single augmentation techniques,
and images 12-20 show combinations of multiple methods, as defined in Table 2
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4. TCAT: A Temporal Consistency—based
Adaptive Object Tracking Method

4.1 TCAT 718

E Ao A= Az g o] BRSSOl A Qg Q1 A
ZZo] 7153 A1 7HA G4 71HE A3 2 A WH(TCAT)S
A5, A|Qbe HhHL oldw] I QoA Q] Z4A| 914] A}
el g Bajsto] 7 A 9] A7 APAE AL, 0] F

Ttog A&} 34 A9 7lEAE FHo8 YT

)

l

[Table 31 A|2HEl TCATO} 23] 72 58 HolZr}. 7]
A27)25E AL Ak A QP BAH BES B A

elsie, A Y WS 7N R 289 715 A7 2
0. o) 43¢ ol welat v H A3t HYL AH A5
2 ARSI TR S

42 A|7HA LA 7 Al B
A Q14 Ao A7HA LS F=2tsl| flal, AsE

I FofA Q] A== e el S ZANT 71E S S
o] & T Y AF & Aerte A A 22, TCAT



400 =353 =57 F207 A3 (2025. 9)

[Table 3] Pseudocode for Temporal Consistency-based Adaptive
Tracking (TCAT)

Algorithm 1. Steps for temporal consistency-based tracking

Input: Frame sequence at time ¢
Input: Object detection results Dy(?)
Output: Tracked object states O

Initialize: Temporal weights #=0.5, £#=0.3, =0.2
Initialize: Circular buffer B of size 3

1: for time ¢ do

2:  Update temporal buffer B with D(#)

3: fori=1,..,Ndo

4 Compute TC(i,t) = +C(i,t) + £C(i,t-1) + -C(i,t-2)
5 Compute w(i,t) = o(1.5-TC(i,t))

6: Update S(i,t) = w(i,t)-D(i,t) + (I-w(i,t)) T(i,t)

7:  end for

8. fori=1,..,Ndo

9: Compute /TC(i,¢) = |TC(i,¢) - TC(it-1)|

10:  Update P(i,t) = exp(-0.8- JTC(i,t))

11: end for

12: for each pair (i,j) do

13:  Set w=0.7min(TC(i,t), TC(j,t-1))

14:  Update M(ij) = wloU(ij) + (I-@)-cos(f(i), f(j)
15: end for

16: Apply Hungarian matching to optimize associations
17: Update tracking states using optimized matches

18:  Apply TensorRT optimization for real-time processing
19: Update final object trajectories O

20: end for
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[Fig. 3] System monitoring results: on NVIDIA Jetson Orin Nano show GPU (19.5%), CPU (0.3%), and memory consumption (1.4 GB)
usage while maintaining 15 FPS for real-time tracking
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[Table 4] Performance comparison of different proposed tracking methods with and without TCAT. Check marks (v") indicate TCAT

application

TCAT FPS
Case Methods (Proposed) mAP@0:5 mAP@[0.5:0.95] (on Jetson Orin nano Dev. Kit)
. YOLOV10 + Bytetrack - 80.1 75.3 11.8
YOLOV10 + Bytetrack v 83.4 (+3.3) 77.8 (+2.5) 11.2 (-0.6)
5 YOLOvI11 + Bytetrack - 81.5 76.2 9.8
YOLOV11 + Bytetrack v 84.2 (+2.7) 78.5 (+2.3) 9.3 (-0.5)
YOLOVI12 + Bytetrack - 82.3 77.1 8.7
3 YOLOvVI12 + Bytetrack v 85.7 (+3.4) 79.8 (+2.7) 8.3 (-0.4)
4 YOLOV10 + Botsort tracker - 79.8 74.9 11.5
YOLOV10 + Botsort tracker v 83.1 (+3.3) 77.4 (+2.5) 11.0 (-0.5)
YOLOv11 + Botsort tracker - 81.2 75.8 9.5
: YOLOv11 + Botsort tracker v 83.9 (+2.7) 78.1 (+2.3) 9.1 (-0.4)
YOLOVI12 + Botsort tracker - 82.0 76.8 8.5
6 YOLOV12 + Botsort tracker 4 85.2 (+3.2) 79.4 (+2.6) 8.1(-0.4)
RT-DETR - 81.5 76.8 4.8
7 RT-DETR v 84.2 (+2.7) 78.9 (+2.1) 4.2 (-0.6)
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[Table 5] Ablation study results for TCAT components

Components | TC | AW | MS | mAP@ 0.5(x) | FPS(z)
Baseline(v12+
ByteTrack) - - - 82.3 8.7
+Temporal
4 - - 84.4 (+2.1 8.5(-0.2
Consistency 2.1 -02)
+Adaptive
L v v - 85.2 (+2.9 8.4(-0.3
Weighting (+29) (-03)
+ Matching
Strategy V| v | v | 857(+3.4) | 83(-04)
(Full TCAT)

7 Q72 S $IFE AR ATk 719 A8 AR 24 7 403

[Table 6] Effect of temporal window size (based on Full TCAT)

W(‘;f;‘?;:ze mAP@0.5) | FPS@) E
1 82.3 8.7 0.0
2 84.5(+2.2) 8.5(-0.2) 2.0
3 85.7(+3.4) 8.3(-0.4) 3.0
4 85.8(+3.5) 7.7(-1.0) 2.5
5 86.2(+3.9) 7.1¢-1.6) 23

[Table 7] Analysis of temporal weight parameters (based on
Full TCAT)

o) | B-1) | yt-2)| mAP@ 0.5(x) Characteristics
0.7 0.2 0.1 82.3 Current frame focused
0.5 0.3 0.2 85.7(+3.4) Balanced weighting
0.3 04 | 03 84.8(+2.5) Past frame focused
0.33 | 033 | 033 84.2(+1.9) Uniform weighting

522 A7t 59 37) e BA

TCAT 46 84 ¥ A5 7|0 gRlo o]o], AIZH4 At
3 741*}011 AR EE 2 Q) 75l PlAlE G B4t
0™, [Table 6] 7L Z¥HE LYERHTE. [Table 6] 22 Cgér

Il‘

;q Aoz A AL 3H91517] 98], mAP tiH] FPS A
4] (73} 0] Apkstel 5842 Belaieirt. ATolA 371
1L ATl AR WL u, 7 EA AT H 1 G Kol
53} 4wo] 24 39S A on SISttt

[¢)

ox |l=l ﬂl

E(Efficiency)=AImAP@0.5+ JFPS @)

5.2.3 744 8.4 7|ojx B4

th2o g Al (1)9] A|7F71EA] #(Current frame, t), At-1),
(t-2)2] Z3}o] F5of X PIFS [Table 7]3 Zo] EA5}
At 24 A, @A =Y FER 202t 1A naﬂqj JE
A At-1).y-2)5 1:1 23 FBJe): 4t-1) p(1-2): =
0.3:02 7} A 45-S Bk
5.3 844 4587t

5.3.1 H] 2 Aol A4 2] 3] A5 gl

A|RFE TCATE] A4 452 ERIst7] flsf, A4 vl

oA 71 <=5t 52 X2l YOLOv12+ByteTrack 23 7]
FO2 TCAT 4 9, o] 0h2 24 2318 vwsisick.

91 A 23 B 1), B B ), A

2 BE T4 4T 2 AR 914 3 2 5 [Fig. 4
S} 20| TS TCATS) 714 2 542 ARV A4S



404 =355 =54 4209 A3 E (2025.9)

Without TCAT F%4 &

Cover
dust  Gih TCAT
Without TCAT (-2
Body >
brush oo Teat
Without TCAT 1 %
Connector \‘

Cover
brush

Filter
body

(a) Robot grasp

(c) Collaborative grasp

(b) Human grasp

[Fig. 4] Comparison of object tracking results with and without TCAT in various task scenarios: (a) Robot grasp, (b) Human grasp, and
(c) Collaborative grasp. TCAT maintains stable tracking performance even under occlusions by worker’s hands and pose changes
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[Fig. 5] Combined disturbance evaluation (brightness +25%, color £20%, noise ¢=15, rotation £15°, shear +5~10%) across three
scenarios: (a) Robot grasp, (b) Human grasp, (c) Collaborative grasp. A comparison between systems without TCAT and those with
TCAT demonstrates that TCAT achieves superior robustness in recognition and tracking under severe disturbance conditions
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