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Abstract

RGB-thermal (RGB-T) tracking using unmanned aerial vehicles (UAVs) involves challenges with regards to
the similarity of objects, occlusion, fast motion, and motion blur, among other issues. In this study, we propose
dynamic tracking aggregation (DTA) as a unified framework to perform object detection and data association.
The proposed approach obtains fused features based a transformer model and an L.1-norm strategy. To link the
current frame with recent information, a dynamically updated embedding called dynamic tracking identification
(DTID) is used to model the iterative tracking process. For object association, we designed a long short-term
tracking aggregation module for dynamic feature propagation to match spatial and temporal embeddings. DTA
achieved a highly competitive performance in an experimental evaluation on public benchmark datasets.
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1. Introduction

Recently, multi-object tracking via unmanned aerial vehicles (UAVs) [1,2] has emerged as a topic of
active research owing to the widespread popularity of UAVs [3]. Although multi-object tracking methods
have been considerably improved, many challenges remain in regards to their application onboard UAVs.
Meanwhile, with the popularization of sensors systems with different modalities, applications of visible-
thermal (RGB-T) imaging have attracted attentions owing to the advantages of complementary infor-
mation [4,5]. By combining these complementary features, RGB-T tracking can improve UAV tracking
performance. Various algorithms have been developed, for example, Li et al. [6] considered the shared-
modality and modality-specific representations and proposed a multi-adaptor learning network. Zhang et
al. [7] utilized valid attribute information and proposed an RGB-T tracker to meet the requirement of
real-time operation.

However, their method was trained on small-scale datasets such as RGBT210, RGBT234, or synthetic
data generated from visible imaging [5,8]; however, its generalization ability was limited and the training
process was limited by the available data such that processing similar objects, occlusion, fast motion, and
motion blur situations is typically difficult. In this study, we propose an approach called dynamic tracking

aggregation with transformers (DTA) that unifies multi-object detection and instance association. Firstly,
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a Swin transformer [9] based encoder is used to obtain feature representation from two different modalities.

A log-spaced contiguous position bias is used for position embedding to deal with variations in
resolution. Secondly, L1-norm based fusion is applied to model the interaction and dependency between
the two modalities. Moreover, we also propose a long short-term tracking aggregation (LSTA) block for
dynamic feature propagation, which consists of long- and short-term attention to match spatial and
temporal embeddings. We also provide the results of experiments conducted to validate the efficacy of
the proposed DAT method.

2. Related Work

2.1 RGB-T Tracking

The correspondence and discriminability of multi-modal information [10] can be exploited by RGB-T
tracking. Methods to fuse the features of the two modalities can broadly be divided into three levels,
including pixel-, feature-, and decision-level fusion. For pixel-level fusion, multiple layers with shared
weights are applied to obtain the heterogeneously complementary information. For example, the method
considered by Peng et al. [11] is highly dependent on image alignment. In contrast, feature-level fusion
uses the features from different modalities as input. Fusion feature methods can be trained using
concatenation strategies or attention techniques, and can be optimized with massive unaligned data to
achieve significant improvements in performance. Each information modality is independently modeled
by decision fusion, and the final candidate is obtained by score fusion. IMMAC [12] utilized a multi-
modal network to fuse the modality-level and pixel-level representations.

2.2 MOT with Transformers

Transformers models have shown great advantages in classification, detection, and tracking. Track-
Former [13] takes object and autoregressive track queries as inputs to the decoder of the transformer
block to simultaneously detect objects and associate instances of different frames. TransTrack [14]
obtained an aggregation embedding of each object by recurrently passing track features extracted from a
transformed encoder. TransMOT [15] used convolutional neural networks (CNNs) to extract features,
and an affinity matrix was trained using transformers. Nevertheless, these methods still involve some
challenges for use onboard UAVs, such as issues with similar objects, occlusion, fast motion, and motion

blur, especially in long-term tracking.

3. Dynamic Tracking Aggregation with Transformers

3.1 Overview

Given a video sequence I, = {I°, I%,--+,IT}, where | = ir for infrared images, and | = vis for visible
images, the MOT needs to localize the K objects, and simultaneously maintains the object trajectories
T ={T,, Ty, -, Tx} over different frames. We proposed an end-to-end tracking algorithm called DTA to

unify object detection and association stages. Our tracker is composed of four main components,

J Inf Process Syst, Vol.19, No.1, pp.80~88, February 2023 | 81



Dynamic Tracking Aggregation with Transformers for RGB-T Tracking

including the encoder module to extract features of different modalities, the fusion layer to aggregation
features of different modalities, the LSTA block for dynamic feature matching and propagation, and an
association solver for object association, as shown in Fig. 1.
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DTID | Dynamic Trcking ID LSTA Long-Short Tracking Aggragation

Fig. 1. Overview of the proposed dynamic tracking aggregation.

3.2 Transformer-based Encoder for Feature Extraction

We adopt a Swin transformer [9] model is as the backbone encoder, in comparison to traditional CNN
models, and a more compact feature representation can be obtained with richer semantic information

which promotes the succeeding networks for localizing the target objects.

We denote the input image as [, € R*"*3and the embedding feature from the input as Z; € R%X%(C,
where s is the stride of the backbone network. Because the VTUAYV dataset has a higher resolution of
1,920%1,080, we use the log-spaced contiguous position bias for position embedding to apply the
transferred model with high performance [16] as given below in Eq. (1).

Ax = sign(x) -log (1 + |Ax|) (1)

where Ax is the log-spaced coordinates of the relative position bias and Ax is the linear-scaled

coordinates of the same. The relative position bias was obtained using a layer MLP with ReLU activation.

3.3 Fusion Layer for Modality-Feature Aggregation

Complementary information is present in RGB-T images; therefore, a robust feature representation can
be obtained by propagating information between the two. To model the interaction and dependency
between the two modalities, we designed the block-based L1 — norm fusion strategy to score the activity

level of the row and column dimensions [17].
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Firstly, the row vector weights were calculated by L1 — norm, and the softmax function is adopted to

obtain the activity level of feature maps, referred to as ¢;°" (i) by Eq. (2).

exp(|1Z,()|) e (=r7) )

O e A0

where r determines the block size. Then, the fused features of the row vector dimension, termed as

®7°% (i, ), are as given below in Eq. (3).
OV )) = ) Zi(0)) X $* () G)
1

Similar to the above operations, the fused features of column vector dimension, termed as ®¢°!(i, j),

are as given below in Eq. (4).
OPULN) = Y 20 X () )
[

Finally, we utilize the element-wise addition to obtain the global fused representation as given Eq. (5).
(i, ) = O]V (0, ) + P{(0, ) (%)

3.4 Long Short-Term Tacking Aggregation for Dynamic Feature Propagation

In contrast to previous methods [9,13], which propagate the object features between adjacent frames,
we developed a LSTA block for dynamic feature propagation, as shown in Fig. 2, which enables

information for linking objects to be efficiently retrieved for a given time span.

e e o] v

Cross-Attn Modules Cross-Attn Modules

fshort flong

Self-Attn Modules

fruse

Fig. 2. Long short-term tracking aggregation comprising different attention modules.
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Previous methods [13,14] have utilize only static attention modules to aggregate single-object
information, but the multi-object association cannot be fully modeled. We constructed an LSTA block
for dynamic feature matching and propagated it with multiple attention layers based on transformer blocks.

Specifically, we encode the past frame features and extract the track embedding with stacked attention
modules. (i) A self-attention module is utilized to associate the object detected in the current frame. (ii)
We apply a short-term block fg,.+ to assemble the embeddings of neighboring frames and simultan-
eously smooth out noise. (iii) We also use a long-term block f;,,,4 to extract relevant features within the
temporal window with parameter §. Finally, (iv) a fusion block ff,. is used to aggregate the features of
short-term and long-term embeddings.

Following [18], better performance can be achieved by updating the queries dynamically using late
features. A dynamically updated embedding, called dynamic tracking identification (DTID), is used to
model the iterative tracking process, where the previous DTID is used to update the current solution
iteratively. The fgp,r¢ takes as previous Ty features as input, while f,,, applies longer historical features
with length T; (T; < T,). Cross-attention modules with multiple heads are used in fg4, and fip 4, Where

the key and value take the past features as inputs.

3.5 Association Solver

To obtain the target bounding boxes and object class, an auxiliary linear decoder was utilized, and set
prediction [19] was used in the association solver with an end-to-end optimization objective. In particular,
a bipartite matching mechanism was applied to formulate the loss function. Denote y = {y;}}__, the

ground truth, and 9 = {$;})_; as the predictions (generally M<N), and the total loss can be defined as:

N
L(Yﬂ 9) = Z[Aclsl‘icls + /‘lboxl{y:t(D}Libox + AiouLiiou] (6)
i=1
where L%, is the bounding box regression loss, and L, is the classification loss and bounding box

regression loss.

4. Implementation Details

The proposed algorithm was implemented using PyTorch, and all experiments were performed with
four Tesla A100 GPUs. In the training process, random flip and crop data augmentations were utilized.
We used Swin-B [9] as the encoder with the last stage removed and flattened the features from the encoder
to sequences before the LSTA module; and the dimension of the features was set to 256, and the attention
head was set to 8.

Following [20], the training consisted of two phases, including (i) pre-training the Swin-B [9] encoder
for object detection with multiple image augmentations applied, and (ii) the main training process on the
RGBT-234, RGBT-210, and VTUAV benchmarks [5]. For the subsequent transformer module, we
reduced the number of layers to four. The short-term s was set to 1, and the long-term & was set to 7/16
for training and testing. Following [20,21], the coefficients of Hungarian loss with Ay, Ay¢g, 4i0y, Were

selected as 2, 5 and 2, respectively.
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To stabilize the training, an exponential moving average (EMA) [22] was used. In addition, spatial
attention was applied first, followed by temporal attention to prompt the training process, and the AdamW
[23] optimizer was utilized. In the pre-training stage, the initial learning rate was set to 4 x 107, and in
the main training stage, it was set to 2x10~* with a batch size of 16, at the 100-th epoch, it was decreased
by 10.

5. Experimental Results

We applied the proposed approach to the VTUAV benchmark and compared its performance with that
of five RGB-T trackers—DAFNet [24], ADRNet [5], FSRPN [25], mfDiMP [26], and HMFT [5]. As
shown in Fig. 3. DTA achieved the best performance with 51.2% MSR (maximum success rate) and

61.3% MPR (maximum precision rate) on the long-term test subset.
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Fig. 3. Evaluation results on long-term test subset on VTUAV: (a) MPR and (b) MSR.

o

o

Compared to other CNN-based methods, DTA exhibited much better tracking performance with a
LSTA design with dynamic tracking identification. This is consistent with the results in other tasks [17]
that attention-based features can extract global information compared to convolutions. Traditional CNNs
take each frame independently, and the features of each frame have a limited effect on future tracking.
However, the LSTA module can apply long-term features to compensate for this problem.

Further, from the evaluation on different attributes shown in Fig. 4, it may be observed that DTA is
robust to many challenging situations important for UAV tracking, including camera movement, fast
motion, partial occlusion, and target blur. For partial occlusion and target blur challenges, considering
the temporal variance, we need long-term information to integrate the diverse features, where the context
information plays an important role. For camera movement and fast motion challenges, owing to the high
similarity of the adjacent frames, the latest feature can be used for object association to remove noise;
this renders the short-term features are more important. The proposed method enables a dynamically

trade-off in these two situations to obtain complementary information.
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Fig. 4. Evaluation results on different attributes: (a) camera moving, (b) fast moving, (c) partial occlusion,
and (d) target blur.

6. Conclusion

In this study, we have proposed a novel and efficient approach for RGB-T tracking by dynamic tracking
aggregation, and showed that it achieved competitive performance on benchmarks datasets. The
transformer-based encoder and L1-norm strategy can effectively fuse the features of the two modalities.
In addition, combined with dynamic tracking identification embedding, we have proposed a long short-
term tracking aggregation designed for dynamic feature propagation to match spatial-temporal embed-
dings. With this structure, DAT can track objects without post-processing. Self-supervised learning
methods can also be exploited in future work to construct models of larger scale and improve the

efficiency of the training process.
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