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A B S T R A C T

Visual object tracking methods depend upon deep networks that can hardly meet real-time processing
requirements on mobile platforms with limited computing resources. In this work, we propose a real-time
object tracking framework by enhancing a lightweight feature pyramid network with Transformer architecture
to construct a robust target-specific appearance model efficiently. We further introduce the pooling attention
module to avoid the computation and memory intensity while fusing pyramid features with the Transformer.
The optimized tracker operates over 45 Hz on a single CPU, allowing researchers to deploy it on any mobile
device with limited power resources.
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1. Introduction

Visual Object Tracking (VOT) has attracted increasing attention in
recent years, given its applications in several fields, including path
planning [1], visual surveillance [2] and border security [3]. While
extensive achievements have been made towards powerful object track-
ing methods, most of those trackers employ deep networks, complex
structures, or online update mechanisms and require GPU accelera-
tion to achieve real-time processing. Designing an efficient tracker for
mobile devices with lower number crunching capabilities and limited
computing resources remains a challenging topic.

In this work, we propose a novel object tracker optimized for mobile
devices, which achieves high-performance and real-time speed using

The code (and data) in this article has been certified as Reproducible by Code Ocean: (https://codeocean.com/). More information on the Reproducibility
adge Initiative is available at https://www.elsevier.com/physical-sciences-and-engineering/computer-science/journals.
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nthony.tzes@nyu.edu (A. Tzes).

only a CPU-component. Firstly, we consider a lightweight backbone,
i.e., ShuffleNetV2 [4], for efficient feature extraction. Multi-scale fea-
tures from Feature Pyramid Network (FPN) [5] enhance the model
representative ability by exploiting low/high-level semantics contexts.
Inspired by the recent development of Transformer [6], we integrate
the self-attention mechanism into a pyramid network to model global
dependencies, which is vital for tracking performance, in complicated
real-world scenarios. Furthermore, a pooling attention layer is de-
signed to control the model complexity, yielding robust target-specific
appearance representation efficiently.

We implement the tracking framework, Siamese Transformer Pyra-
mid Network (SiamTPN) [7] in Pytorch. To demonstrate the effec-
tiveness of SiamTPN, we conduct comprehensive experiments on both
https://doi.org/10.1016/j.simpa.2022.100266
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Table 1
Comparison between Siamese based trackers. All speed tested on GPU. The backbones contain AlexNet [12], Resnet-50 (R50) [16] and ShuffleNet (Shuffle) [4].

BackBone AlexNet AlexNet R50 R50 R50 AlexNet Shuffle

#Params (M) 3.1 3.1 25.5 25.5 25.5 3.1 0.8
GFLOPS 4.33 4.33 4.12 4.12 4.12 4.33 0.16

Siam Siam Siam Siam Siam SiamTPN SiamTPN
FC [10] RPN [11] RPN++ [13] CAR [14] Attn [15]

#Params (M) 3.1 22.63 53.95 51.38 140.24 6.47 4.24
GFLOPS 5.05 9.23 59.56 59.31 59.93 6.06 1.31

FPS (GPU) 27 160 35 52 45 105 85
FPS (CPU) 6 10 3 6 4 14 32

prevalent tracking benchmarks and real-world field tests. Our tracker
operates at over 30 FPS on an i7-CPU Intel NUC. We also utilize
ONNX [8] and OpenVINO [9] to boost the inference speed further,
The optimized version runs at over 45 FPS on a single CPU with
state-of-the-art performance.

2. Framework complexity analysis

We employ the pretrained lightweight network ShuffleNetV2 [4] as
the backbone for feature extraction. Given the input images, we extract
the feature maps of spatial ratio equal to 1

8 ,
1
16 ,

1
32 respectively. Due to

he generalization ability of the proposed tracker, the model can be
sed to track generic objects without further training or modification.

The parameter count and MACs of models are important indica-
ors that directly affect inference speed. We compare the FLOPS and
rams with 5 famous trackers, including two trackers (SiamFC [10],
iamRPN [11]) based on AlexNet [12], three trackers (SiamRPN++
13], SiamCAR [14] and SiamAttn [15]) based on Resnet-50 [16].
he comparison is shown in Table 1. AlexNet is very fast on GPU,
onsidering its simple architecture, while Resnet-50 is too heavy for
PU computing. ShuffleNet is very lightweight and friendly for CPU
omputing. All experiments are conducted with a 2060 Nvidia for GPU
est and an Intel I7-9750H for the CPU test.

. Description and usage

We implemented a modular API for the proposed tracker to al-
ow easy usage for testing on benchmark or deployment on mobile
evices. With PyTorch, we implemented wrappers to handle various
ata processing and usage scenarios. An example of using SiamTPN
o track object from video stream is shown in Fig. 1. The model is
nitialized with the first frame from a local video file or camera stream.
he user is required to select a bounding box from the first frame as
bject_state, which includes four numbers (𝑥, 𝑦,𝑤, ℎ) representing the
pper-left corner coordinates, width and height. The selected object is
ropped from the first frame and resized into 80 × 80 to initialize the
racker. The object state is updated after running tracking algorithm
n each frame. The output has the same format with the object_state,
epresenting the bounding box in new frame.

In addition to object tracking from video sources, the PyTorch based
rappers API supports evaluation on multiple benchmarks including
AV123 [17], UAV20L [17], Got10K [18], etc. An example of testing
erformance on UAV123 is shown in Fig. 2. In this example, the tracker
s applied to the whole dataset or partial sequences specified by users.

. Impact overview

Real-time visual object tracking with CPU remains challenging due
o the limited computing resources and scenarios complexity, limiting
ts deployment on mobile devices. SiamTPN is designed to achieve real-
ime visual tracking on CPU and maintain the competitive performance
ompared to the state-of-the-art GPU-based trackers. To verify the reli-
bility of SiamTPN, we evaluate the tracking performance on prevalent

Fig. 1. Example of using SiamTPN to track object from video stream. In this example,
the input source is either a prerecord video file or live camera stream.

Fig. 2. Example of using SiamTPN to evaluate performance on benchmarks.
2
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Table 2
Comparison results on UAV123 dataset [17] in terms of precision (Prec.), success (Succ.) and speed (FPS). HF refers to handcraft features, R50 (18) is Resnet-50 (18) [16], Alex,
Shuffle, VGG represents AlexNet [12], ShuffleNet [4], VGGNet [19] respectively. GPU speeds are mark with ∗, Our SiamTPN based on AlexNet and ShuffleNet exhibit promising
results. The top three trackers are shown in red, green and blue fonts.

Trackers KCF BACF CSRDCF ARCF Auto ECO Siam DaSiam HiFT Siam Siam Siam DiMP ATOM Siam Siam
[20] [21] [22] [23] Track [24] [25] RPN++ [13] [26] [27] BAN [28] CAR [14] Attn [15] [29] [30] TPN TPN

Feat HF HF HF HF HF VGG R50 Alex R50 R50 R50 R50 R50 R18 Alex Shuffle

Prec. 52.3 66.2 67.6 67.1 68.9 75.2 76.9 60.8 78.7 83.3 76 84.5 84.9 83.7 79 85.83
Succ. 33.1 46.1 48.1 46.8 47.2 52.2 57.9 40 58.9 63.1 61.4 65 65.4 65 59.3 66.04
FPS 95 14.4 58 15.3 65.4 45 35∗ 134∗ 130∗ 40∗ 52∗ 45∗ 45∗ 46∗ 105∗ 32.1

Fig. 3. Visualization results on UAV123 benchmark.

Fig. 4. Visualization results on fieldtest.

tracking benchmarks as well as real-world field tests. Figs. 3 and 4
shows the tracking results on UAV123 [17] benchmark and field tests
respectively. Table 2 compares the tracking performance with State-Of-
The-Art (SOTA) methods on UAV123. We include both Discriminative
Correlation Filter (DCF) based trackers and Deep Siamese Network
based trackers for a thorough comparison. Our tracker achieves SOTA
results and maintains real-time processing speed on CPU. The exper-
iments demonstrate both robustness and effectiveness of SiamTPN,
which is useful for engineers to integrate the tracker into real-world
applications.
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