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[Abstract]

In this paper, we present a guideline for multi-object tracking in aerial battle scenarios, where
tracking is required from low-resolution infrared imagery and low-quality detection results. Albeit many
MOT algorithms are compared on high-performance resource (e.g., high-performed devices,
high-resolution inputs and powerful detectors), the analysis on the resource-constrained scenario is
limited. To resolve this gap, we analyze how such resource-constrained conditions affect tracking
performance and computational cost. We demonstrate that powerful detections leads to improved
Average IoU and reduced false positives (FP) in the tracker. We also compare recent
tracking-by-detection under both high and low resolution conditions. Based on these results, we provide
tracking algorithm that clarify whether to reduce false positives (FP) or false negatives (FN). As a
result, we provide the guideline in aerial battle scenarios, demonstrating that tracking accuracy depends

on detection confidence and that the association algorithms focus on regulating both FP and FN.
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Table 1. Detection Performance each detector and

datasets.
YOLOX-X
MOT17 val. DanceTrack val.
mAP 61.1% 79.5%
AP, 19.9% -
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AP, 72.2% 80.1%
YOLOX-Tiny
Aerial Battle Scenario Sets

mAP 35.5%

AP, 35.7%
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Table 2. Comparison between MOT17/DanceTrack
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Table 3. Comparison the confidence threshold for detailed analysis on aerial battle scenario datasets.

Model Average IoU FP FN Initialization Association Track Management
6> 0.1 71.53% 121,145 1,057 [;52?;‘)5 (14503?6[;5) (2587;}5)
6> 0.2 71.80% 97,567 3,120 0(628”;‘)5 (143?0% (14?2;,5)
6>0.3 72.09% 73,602 6,289 0(61;7)5 (15271"}5) (1313;}5)
6> 0.4 72.53% 50,016 9,715 O(éjzf;‘)s (15-3.28% ?3'2_58%
6> 0.5 73.14% 33,778 12,951 0(71:7)5 (15521"}5) ?221;}5)
6> 0.6 74.00% 17,701 16,843 0(7157)5 (05395@5) ?2-;1{7%
6> 0.7 75.04% 10,918 20,058 0(9117)5 (%-gfg;s) ?239575)
6> 0.8 76.04% 4,708 24,581 0(8127)5 (0539;}5) (0120;}5)
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Table 4. Detailed comparison with various association algorithm on aerial battle scenario datasets.

On-Server On-Device

Model Average IoU FP Asso. Speed Asso. Speed
ByteTrack 71.07% 122,538 0.632ms 4.5ms
Aerial OC-SORT 74.00% 14,965 15,858 0.718ms 2.2ms
Battle 0C-SORT+Byte 72.00% 42,243 7,674 0.809ms 2.7ms

Scenario

Sets Hybrid-SORT 73.68% 14,653 16,120 1.025ms 3.4ms
Hybrid-SORT+Byte 72.40% 41,555 7,855 1.179ms 4.1ms

Table 5. Detailed comparison with various association algorithm on MOT17 and DanceTrack validation sets

Model MOTA IDs MT IDF1 FP FN Asso. Speed
ByteTrack 765 71 198 | 790 | 3373 9.119 4.50ms
0C-SORT 74.0 213 163 | 774 | 1587 | 12,194 7.58ms
V:'I?Tszs OC-SORT+Byte 732 257 196 | 764 | 5487 8,716 8.62ms
Hybrid-SORT 80.1 110 160 | 833 | 994 7,634 12.92ms
Hybrid-SORT+Byte 819 121 177 | 836 | 2085 5,756 13.44ms
ByteTrack 883 | 1864 | 247 | 541 | 8959 | 15582 376ms
0C-SORT 872 | 1898 | 205 | 517 | 2205 | 24625 4.37ms
Df‘/’;felgfsc" 0C-SORT+Byte 886 | 2256 | 240 | 520 | 7683 | 15618 4.40ms
Hybrid-SORT 878 | 1469 | 205 | 567 | 2206 | 23752 5.96ms
Hybrid-SORT+Byte 895 | 1720 | 237 | 607 | 6044 | 15821 6.32ms
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4. Comparison tracking-by-detection on aerial
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5. Comparison between tracking-by-detection
between high and low resolution inputs.
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6. Complexity analysis between on-server and
-device.

Table 6. Comparison the speed for detailed analysis
on aerial battle scenario datasets.
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V. Conclusions
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