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Multi-object tracking using adaptive-IoU loss and hierarchical association

Guo Wen, Liu Qigui, Ding Xinmiao™
School of Information and Electronic Engineering ,Shandong Technology and Business University , Yantai 264005 , China

Abstract: Objective Multiple object tracking (MOT) is a mainstream task in computer vision, which aims mainly to esti-
mate the tracklets of multiple objects in videos and has important applications in the fields of autonomous driving, human-
computer interaction, and human activity recognition. A large number of methods focus on improving the tracking perfor-
mance based on the given detection results. Re-ID based trackers can be divided into two categories: separate detection
and embedding (SDE) tracking models and joint detection and embedding (JDE) tracking models. The SDE tracking
model tunes the detection model and the Re-ID model separately to optimize the model, but this leads to the disadvantage
of the SDE tracking model being unable to perform real-time detection. The JDE tracking model performs object detection
while outputting the object location and appearance embedding information for the next step of object association, thus
improving the algorithm’ s operational speed. However, the JDE tracking method suffers from the problem of identity
switching due to ambiguous pedestrian features and the degradation of tracking accuracy due to occlusion between objects

in complex scenes. An adaptive intersection-over-union (AloU) -tracker multi-object tracking algorithm is proposed to
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address these issues. Method First, we utilize the backbone network detection head to design a special AloU regression
loss function that measures the overlap area, center point distance, and aspect ratio. This approach helps alleviate the
problem caused by identity switching due to ambiguous pedestrian features. Second, we propose a simple and effective hier-
archical association method to leverage the embedding information around association failure detection frames for Re-1D.
The high-score detection frames and low-score detection frames are associated separately, improving the association accu-
racy of multi-object tracking under occlusion conditions. We utilize a variant of the DLA-34 network architecture as the
backbone network. The model parameters are trained on the common objects in context (COCO) dataset and used to initial-
ize the model. The experiments are conducted on a system running Ubuntu 16. 04 with 64 GB of memory and a GTX2080Ti
GPU. The software configuration includes CUDA 10. 2. We train the model using the Adam optimizer for 30 epochs, with
an initial learning rate of 10, The learning rate is decayed to 107 after 20 epochs, and the batch size is set to 16. We
apply standard data augmentation techniques, including rotation, scaling, and color jittering. The input image size is
adjusted to 1 088 x 608 pixels, and the feature map resolution is set to 272 X 152 pixels. We evaluate our approach on the
MOT Challenge benchmark, specifically the MOT16 and the MOT17 datasets. The experiments utilize various datasets,
including CrowdHuman, MIX dataset (ETH, CityPerson, CUHKSYSU, Caltech, and PRW). The ETH and CityPerson
datasets only provide bounding box annotations, so we only train the detection branch on these datasets. The Caltech,
MOT17, CUHKSYSU, and PRW datasets provide both bounding box positions and 1D annotations, allowing for training of
both branches. To ensure a fair comparison, we remove the overlapping videos between the ETH dataset and the MOT17
test dataset. The CrowdHuman dataset only contains bounding box annotations, so we perform self-supervised training on
it. To evaluate the tracking performance, we use several well-defined metrics, including higher-order tracking accuracy
(HOTA) , multi-object tracking accuracy (MOTA), ID F1 score (IDF1), false positive, false negative, and number of
identity switches (IDs). MOTA primarily assesses the performance of the detection branch, IDF1 evaluates identity preser-
vation, focusing on the association performance, and HOTA provides a comprehensive evaluation of both the detection
branch and the data association performance. Result The performance of our method is compared with that of existing meth-
ods on two datasets. The comparison results are as follows: 1) our HOTA value is 59. 8% on the MOT16 dataset, which is
increased by 1. 5% compared with the FairMOT. Our MOTA value is 74. 4% on the MOT16 dataset, which is increased by
5. 1% compared with the FairMOT. Our IDF1 value is 73. 1% on the MOT16 dataset, which is increased by 0. 5% com-
pared with the FairMOT. 2) The HOTA value is 59. 9% on the MOT17 dataset, which is increased by 0. 6% compared with
the FairMOT. The IDF1 value is 72. 9% on the MOT17 dataset, which is increased by 1. 6% compared with the FairMOT.
In addition, we conduct ablation studies on the MOT17 dataset to verify the effectiveness of different components in our
method, which demonstrates that the proposed method significantly outperforms the competition in multiple object track-
ing. In the ablation studies, we observe a decrease in the number of identity switches through the added AloU regression
loss function. We also visualize the predicted Re-ID feature extraction positions, bounding box size feature, heat map fea-
ture, and center point offset feature. The visualization results show that our method is more robust than FairMOT. More-
over, our hierarchical association method makes the association more robust. For example, even after two frames,
obscured IDs can still be associated. Conclusion The proposed feature balancing tracking method achieves better balance
among the bounding box size feature, heat map feature, and center point offset feature during training and testing, resulting
in more accurate multi-object tracking results. In this study, we propose two improvement measures for the FairMOT frame-
work. First, we design an AloU regression loss module to optimize the detection branch, enabling it to optimize targets
based on the current optimal distance and extract more accurate appearance features. Second, we optimize the Re-ID
branch through a hierarchical association strategy module, utilizing three-level matching to enhance the tracking system’s
association performance. Experimental results demonstrate significant improvements on the MOT17 dataset, with HOTA
increasing to 59. 9%, IDF1 increasing to 72. 9%, and MOTA increasing to 70. 8%. However, a competition issue exists
between the detection and Re-ID branches in the JDE tracking model, which can lead to a decrease in MOTA. Future
research will focus on investigating this competition in the JDE tracking model.

Key words: multi-object tracking (MOT) ; data association; regression loss; feature balance; hierarchical association
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Table 1 The effect of different regression loss functions on
tracking results on MOT17 dataset

HOTA MOTA IDF1

BE et et et
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Table 2 The effect of different components on tracking
results on MOT17 dataset

HOTA MOTA IDF1

i FP FN 1D

R B /% 1 /% 1 %1 ! } s
Baseline 57.5 71.3 70.1 23376 136098 2349
AloU 59.0 72,6 71.4 31233 121338 1983

Hierarchical 57.8 72.0 719 26235 127416 2037
AloU+

Hierarchical
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Table 3 The ablation effect of different geometric

attribute losses in the AE matrix module
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N N e X 81.6 824 376
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Table 4 The tracking performance comparison between our method and other methods on MOT16 dataset

Wik HOTA/% 1  IDF1/%1 MOTA/% T  1IDs! FP | FN | Wi % (/) T
FairMOT(Zhang %:,2021) 58.3 72.6 69.3 815 13 501 41 653 25.9
JDE(Wang 4 ,2020) - 55.8 64.4 1544 - - 222
CTracker(Peng %5 ,2020) 48.8 57.2 67.6 1897 8934 48350 6.8
MeMOT(Cai %%,2022) 57.4 69.7 726 845 14 595 34 595 -

ES'S 59.8 73.1 74.4 638 12 561 33 468 26.4
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Table 5 The tracking performance comparison between our method and other methods on MOT17 dataset

ViR HOTA/% T IDF1/% T MOTA/% T  IDsl FP | FN | MTEE A (/s ) 1

CenterTrack (Zhou %5 ,2020) 48.2 59.6 61.5 2583 14076 200 672 17.0
TransCenter(Xu % ,2023) 54.5 62.2 732 4614 23112 123738 1.0
SOTMOT(Zheng %5 ,2021) - 71.9 71.0 5184 39537 118983 16.0
TransTrack (Sun%,2021a) 54.1 63.5 75.2 3603 50157 86442 10.0
MOTR(Zeng %,2022) 57.8 68.6 73.4 2439 20268 133440 45
MAT(Han %5 ,2022) 56.0 69.2 67.1 1279 22756 161547 115
GSDT(Wang%%,2021) 55.5 68.7 66.2 3318 43368 144261 49
TPAGT(Shan %,2020) 57.9 68.0 76.2 3237 32796 98475 6.8
PermaTrack (Tokmakov %5 ,2021) 55.5 68.9 73.8 3699 28998 115104 11.9
MeMOT(Cai %,2022) 56.9 69.0 72.5 2724 37221 115248 -

YOLOTracker(Chan % ,2022) 53.5 65.1 67.1 4983 37701 142914 24.9
FairMOT(Zhang % ,2021) 59.3 723 73.7 3303 27507 117477 18.9
CSTrack (Liang %5 ,2022) 59.3 72.6 74.9 3567 23847 114303 15.8
CTracker(Peng % ,2020) 49.0 61.2 66.6 5529 22284 160491 34.4
ReMOT(Yang %:,2021) 59.7 72.0 77.0 2853 33204 93612 1.8
AL 59.9 72.9 70.8 2694 57480 104805 20.3
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Fig. 5 Visualization comparison results of AloU-Tracker and FairMOT on MOT17 dataset
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Fig. 6 Instance tracking trajectory results of AloU-Tracker on the MOT17 test set
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Fig. 8 Visualization of comparative results of Re-ID feature discriminability between AloU-Tracker and FairMOT on MOT17 dataset
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