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Abstract— Correlation filter (CF)-based approaches have
gained widespread attention in the field of unmanned aerial ve-
hicle (UAV) visual tracking due to their light-weight characteris-
tics. However, CFs are prone to generating low-quality response
in challenging UAV scenarios, e.g., fast motion and background
clutter. In this paper, in order to model the tracker more
robustly, we first conduct an effective regularization analysis
from the perspectives of response- and background-learning.
Specifically, to address response degradation, we propose a
module for learning temporal consistency and reversibility of
response, supplemented by a novel background-aware module
to enhance the ability to learn from negative samples. In
addition, we propose a fast coarse-to-fine scale search strategy,
which alleviates the challenges in estimating bounding boxes
under non-uniform aspect ratios. We have developed two
tracker versions, namely RBLT and DeepRBLT, based on the
depth of the features. Comprehensive experiments on four UAV
benchmarks and one generic benchmark have indicated the
superiority of our trackers compared to other state-of-the-art
trackers, with enough speed for real-time applications.

I. INTRODUCTION

Thanks to the maneuverability and autonomy of unmanned
aerial vehicles (UAVs), visual object tracking (VOT) has
found widespread practical application in the field of UAVs,
e.g., path planning [1], [2], autonomous landing [3], [4],
pose estimation [5] and flying vehicle tracking [6]. However,
UAV visual tracking remains a challenging task due to the
complex aerial scenarios, including background clutter, fast
motion and object deformation. Besides, the intrinsic defects
of UAVs such as the limitation of computing resource and
battery life also impede the development of UAV tracking.

Recently, to solve the above problems, correlation filter
(CF)-based methods [7], [8] have been introduced due to
its balance between accuracy and computational efficiency.
These methods learn a filter by using ridge regression to
minimize the square error between expected and actual corre-
lation response maps. And the learned filters can separate the
specified target from the background in new frames. The high
computational efficiency in CFs originates from transform-
ing spatial domain correlation operations into element-wise
multiplication operations in the frequency domain through
discrete Fourier transform (DFT).

Although existing CFs have gained excellent performance,
there are still some problems. Firstly, the discriminative
ability of the CFs is entirely dependent on the quality
of the response. However, due to the inherent scarcity of
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Fig. 1. Comparison between our DeepRBLT and the advanced ECO tracker.
DeepRBLT successfully tracks all three challenging sequences and produces
higher-quality responses compared to ECO.

training samples in CFs, the learned filters often generate
low-quality response when facing complex scenes, resulting
in tracking drift or even failure. Secondly, the periodic
assumption of the DFT leads to the problem of spectral
leakage, commonly known as the boundary effect in track-
ing research. By expanding the search area, the boundary
effects can be alleviated, but at the cost of introducing
significant background noise. Most trackers address this issue
by introducing spatial regularization [9] or performing filter
pruning [10], but in complex aerial scenes, they can not
learn from negative samples sufficiently. Thirdly, existing
scale estimation methods [11]–[13] typically assume that the
aspect ratio of the target bounding box remains unaltered.
However, these methods encounter challenges in accurately
estimating the bounding box when there are changes in the
perspective of the UAV.

In this work, starting from generating high-quality re-
sponse, we propose the joint response and background
learning tracker, i.e., RBLT. And the main contributions of
our work can be summarized as follows:

• We propose a comprehensive response learning module,
which enables the filter to learn the temporal consis-
tency and reversibility of the response, supplemented
by a novel background-aware module to enhance the
ability to learn from negative samples. In addition, we
incorporate historical and current information into our
modeling process to avoid over-fitting the filter.

• We implement a real-time CPU-based tracker (RBLT)
and a high-performance GPU-based tracker (Deep-
RBLT). And we propose a coarse-to-fine scale search
strategy, which alleviates the challenges in estimating
bounding boxes under non-uniform aspect ratios.
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• Comprehensive experiments on four UAV benchmarks
(DTB70 [14], UAV123@10fps [15], VisDrone2019 [16]
and UAVDT [17]) and one generic benchmark
(GOT10K [18]) have indicated the superiority of our
trackers compared to other state-of-the-art CPU- and
GPU-based trackers.

II. RELATED WORKS

A. CF for UAV Visual Tracking

D. Bolme et al. [7] were the first to introduce CF into
visual tracking, and subsequently, Henriques et al. [8] con-
tributed a fundamental framework for CF-based tracking
methods. Recently, the performance of CF-based methods is
further enhanced by kernel trick [19], scale estimation [11]–
[13], multi-channel features [20], [21], boundary effects
suppression [9], [10], [22], integration strategy [24], [25], and
deep features from convolutional neural networks [26]–[29].
Nevertheless, standard CFs typically overlook interventions
on the response. Additionally, they solely depend on spatial
regularization to learn about the background. Therefore,
these trackers are still weak to handle challenging scenarios,
e.g., fast motion, viewpoint changes, and background clutter.

B. Response Learning Methods for CF

Huang et al. [30] proposed to repress the response aber-
rance by constraining the response variation in two adjacent
frames. Ye et al. [31] further smoothed the variations of
the response by regularizing the second-order difference.
Li et al. [32] proposed the RISTrack, which aimed to
keep the target area response consistent in adjacent frames.
However, the methods mentioned above share three common
weaknesses: (1) They only utilize non-real response from
the detection phase to train the filters and required some
complex shifting operations. (2) Excessive suppression of the
response can lead to the inability of the filter to adapt to the
current environment. (3) These methods fail to accommodate
features with multiple resolutions.

C. Background Learning Methods for CF

M. Danelljan et al. [9] proposed to expand the search
area for alleviating boundary effects and introduced spatial
regularization to suppress background noise. BACF [10]
achieved the same objective by pruning the target region
of the filter. Furthermore, some methods [22], [23] aimed
to learn background information more accurately by sparse
spatial masks. However, these methods only focus on the
background information contained in the filter, neglecting
further learning of the current background features. In ad-
dition, some studies [33], [34] proposed to learn the back-
ground by repressing the response of context patches, but
extracting features from surrounding context is extremely
time-consuming.

To address these issues, we propose a joint response and
background learning framework. And we incorporate histor-
ical and current information into the CF learning process.
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Fig. 2. A flowchart of the proposed RBLT.

III. CF-BASED TRACKING PARADIGM

The objective function of standard CFs is as follows:

E(f) =
D∑
d

∥y − fd ⋆ md∥22 + λ

D∑
d

∥fd∥22 , (1)

where md ∈ RT and fd ∈ RT refer to the d-th channel
of the appearance model and filter respectively, and D is
the number of feature channels. y ∈ RT is the desired
correlation response, λ is a regularization parameter, and
⋆ is the spatial correlation operator. Filters and appearance
models across all channels are concatenated and grouped as
f = [f1, f2, ..., fD] and m = [m1,m2, ...,md] for clarity.

The correlation operation can be simplified by trans-
forming Eq. (1) from the spatial domain into the Fourier
domain. During the detection phase, we perform correlation
operations between the learned filters f and the feature maps
zt+1 ∈ RT×D of the new (i.e. (t+1)-th) frame’s search area.
This process generates a response map R:

R = R
(
f ⋆ zt+1

)
=

D∑
d

fd ⋆ z
t+1
d . (2)

By searching for the peak of R, the predicted location of
the target can be obtained. Moreover, the appearance model
can be adaptively updated at each frame:

mt+1 = (1− η)mt + ηxt+1, (3)
where η denotes the learning rate and x ∈ RT×D denotes
the feature maps of the template area.

IV. PROPOSED METHODS

A. Response-Consistent Module

The tracked target often encounters various challenging
scenarios in UAV tracking. As shown in Fig. 1, the response,
which is generated by the filter in the detection stage, usually
contains multiple peaks that represent the possibility of
becoming a target in the corresponding position. When the
interfering peak is higher than the target peak, the target will
fail to be located. To efficiently address the low-quality re-
sponse, the response-consistent module is introduced, which
aims to constrain the response variations to prevent the
occurrence of distractor peaks. The formulation is as follows:

E1 = γ1

D∑
d=1

∥∥fd ⋆ md − f t−1
d ⋆ mt−1

d

∥∥2
2
, (4)
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where γ1 is a regularization parameter. f t−1
d and mt−1

d

represent the filter and appearance model of the previous
frame, respectively. In this way, the filter f can inherit the
discriminative ability of the f t−1.

B. Response-Reversible Module

The consistency regularization imposes a unidirectional
strong constraint on the filter and overly focuses on historical
information. When the viewpoint of the UAV changes or the
target deforms, filters often fail to make timely adjustments,
making it difficult for them to adapt to long-term tracking
tasks. Therefore, we introduce a relaxed reversibility regular-
ization term to dynamically adjust the filters by minimizing
the response error between forward tracking and backward
relocation. Unlike BiCF [35], we incorporate the current
information into the modeling process. This change alleviates
over-fitting of the filter and is suitable for long-term tracking.
The formulation is as follows:

E2 = γ2

D∑
d=1

∥∆FRd −∆BRd∥22 , (5)

where γ2 denotes the regularization parameter. ∆FR and
∆BR denote the forward tracking error and historical back-
ward relocation error, respectively. And ∆FRd and ∆BRd

can be computed by: ∆FRd = xd ⋆ fd − xd ⋆ f
t−1
d

∆BRd = xt−1
d ⋆ f t−1

d − xt−1
d ⋆ fd,

(6)

where xd denotes the d-th channel of the current feature
maps rather than the appearance model. We further substitute
Eq. (6) into Eq. (5) to simplify the regularization term:

E2 = γ2

D∑
d=1

∥∥(xd + xt−1
d ) ⋆ (fd − f t−1

d )
∥∥2
2
. (7)

C. Background-Aware Module

To address the boundary effect, we extend the search
area, similar to existing methods, but this also introduced
significant background noise. Therefore, we introduce two
similar attention mask matrices to enhance the filter’s learn-
ing ability for the background, i.e., the negative samples. The
formulation for the background-aware module is as follows:

E3 = γ3

D∑
d=1

∥s⊙ fd∥22 + γ4

D∑
d=1

∥fd ⋆ (w ⊙ xd)∥22 , (8)

where ⊙ denotes the Hadamard product. s ∈ RT is borrowed
from SRDCF [9], and w ∈ RT shares the same outline as
s. In s and w, the values belonging to the target region are
significantly lower than the background region. Note that s
and w remain constant during the tracking process.

D. Modeling and Optimization of the RBLT

As shown in Fig. 2, the overall optimization problem of
our RBLT is to minimize the training error E :

E =

D∑
d=1

∥y − fd ⋆ md∥22 + E1 + E2 + E3. (9)

Note that E can be decomposed into D error terms
Ed(d = 1, 2, ..., D) for optimization, since the filter is trained
independently on each channel. For simplified presentation,
the subscript ()d is omitted in the following derivation. The
d-th sub-problem is expressed as follows:

Ed (f) = ∥y − f ⋆ m∥22 + γ1
∥∥f ⋆ m− f t−1 ⋆ mt−1

∥∥2
2

+ γ2
∥∥(x+ xt−1

)
⋆
(
f − f t−1

)∥∥2
2

+ γ3 ∥s⊙ f∥+ γ4 ∥f ⋆ xw∥ ,
(10)

where xw is a simplified representation of w ⊙ x.
For optimization, we introduce an auxiliary variable g

in order to keep the forth term in the spatial domain by
ordering ĝ =

√
TFf where F ∈ CT×T denotes the

orthonormal matrix. Then Eq. (10) is converted into the
frequency domainm (Note that ft−1 = f t−1.) :

Ed (ĝ, f) = ∥ŷ − ĝ∗ ⊙ m̂∥22 + γ1
∥∥ĝ∗ ⊙ m̂− ĝ∗t−1 ⊙ m̂t−1

∥∥2
2

+ γ2
∥∥(x̂+ x̂t−1)⊙

(
ĝ∗ − ĝ∗t−1

)∥∥2
2

+ γ3 ∥s⊙ f∥22 + γ4 ∥ĝ∗ ⊙ x̂w∥ ,
(11)

where the superscript ˆ and ∗ are the DFT of a signal
and the conjugate of a complex vector, respectively. Due
to the convexity of the proposed formulation, we apply the
augmented Lagrange method to optimize Eq. (11):

Ld (ĝ, f, v̂) = Ed (ĝ, f) + θ

∥∥∥∥ĝ −√
TFf +

1

θ
v̂

∥∥∥∥2
2

, (12)

where v̂ ∈ CT denotes the Fourier transform of the Lagrange
multiplier and θ denotes the step size regularization param-
eter. Then the Alternating Direction Method of Multipliers
(ADMM) [36] is employed to perform iterative optimization
with guaranteed convergence [37] as follows:

ĝ(i+1) =

m̂⊙ ŷ∗ +
(
γ1Ŝm + γ2Ŝx

)
⊙ ĝt−1 + θ(i)f̂ (i) − v̂(i)

(1 + γ1) m̂⊙ m̂∗ + γ2Ŝx + γ4 (x̂w ⊙ x̂∗
w) + θ(i)

,

(13a)

f (i+1) =
F−1

(
θ(i)ĝ(i+1) + v̂(i)

)
γ3

T (s⊙ s∗) + θ(i)
, (13b)

v̂(i+1) = v̂(i) + θ(i)
(
ĝ(i+1) − f̂ (i+1)

)
, (13c)

where Ŝm = m̂⊙ m̂∗
t−1 and Ŝx = (x̂+ x̂t−1)⊙ (x̂∗+ x̂∗

t−1).
The superscripts (i) indicates the i-th iteration. Moreover, the
complexity of RBLT is bounded by O(NADMMDT log T ),
where NADMM denotes the number of ADMM iterations.

E. Object Localization and Scale Estimation

By searching the maximum value in the response cal-
culated by Eq. (14), the tracker can estimate the optimal
location of the target.

Rt+1 = F−1
(
ẑt+1 ⊙ ĝ∗

)
. (14)

For scale estimation, some CFs [11] apply the learned filter
on multiple resolutions of the searching area to estimate scale
changes, and then select the optimal scale with the maximum
response, while others employ an additional discriminative
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Fig. 3. Visualization of the coarse-to-fine scale search strategy.

scale filter [12] to estimate scale changes for faster speed.
However, both of these methods assume that the aspect ratio
of the target is constant. When the aspect ratio changes, they
may mistakenly identify part of the background as the target.

In this work, we propose a fast coarse-to-fine scale search
strategy. As shown in Fig. 3, in the first stage, a multi-
resolution coarse scale search is conducted while assuming a
constant aspect ratio. In the second stage, a fine search with
varying aspect ratios is carried out near the optimal scale
obtained from the coarse search.

F. Design of the DeepRBLT

The fundamental difference between RBLT and Deep-
RBLT lies in the different features used for object repre-
sentation. The RBLT uses a combination of histogram of
oriented gradients (HOG) [38] and color names (CN) [21]
features. And the DeepRBLT’s feature representation is a
combination of the first, second and last convolutional layer
in the VGG-m [39] network, along with HOG features. On
this basis, we make the following adjustments:

Firstly, we initialize a projection matrix P ∈ RD×C by
principal component analysis (PCA) to perform dimension-
ality reduction on the features. The new features xp ∈ RT×C

can be computed by xp = xP .
Secondly, we assign values to each parameter based on

the depth distinction of features. Generally, features with
deeper layers have stronger invariance. Therefore, in order
to enhance the robustness, the learning rate η for deeper
features should be smaller, along with smaller values for each
regularization parameter.

V. EXPERIMENTS

A. Experimental Setups

1) Implementation details: The proposed RBLT and
DeepRBLT are implemented in MATLAB R2021a on
a computer with an i5-13600K CPU and an NVIDIA
GeForce RTX 4060 GPU. The specific parameter settings
can be found in our code, which is available here :
https://github.com/Wangbiao2/RBLT-tracker.

2) Evaluation metrics: In our work, two metrics of pre-
cision and success rate (SR) are employed to evaluation all
trackers by the one-pass evaluation [40]. The precision is
used to measure the center location error (CLE) between the
estimated bounding box and the ground-truth (GT) bounding
box. The precision plot represents the curve formed by the
percentage of bounding boxes whose CLE is within a given
threshold. SR is applied to measure the intersection over
union (IoU) of the estimated and the GT bounding boxes.

TABLE I
AVERAGE AUC, DP, AND FPS OF THE TOP-6 CPU-BASED TRACKERS

ARE REPORTED BY AVERAGING THE RESULTS OF THE FOUR UAV
BENCHMARKS. RED, GREEN AND BLUE FONTS INDICATE THE TOP

THREE RESULTS, RESPECTIVELY.

STRCF ECO-HC BiCF ARCF AutoTrack RBLT

Avg. AUC ⇑ 0.468 0.477 0.491 0.497 0.495 0.512

Avg. DP ⇑ 0.671 0.693 0.713 0.719 0.723 0.736

Avg. FPS ⇑ 26 58 45 24 51 40

The success plot is used to visualize the ratio of the number
of frames where the IoU exceeds a given threshold. Accord-
ing to [40], trackers are ranked by the distance precision
(DP) at a CLE threshold of 20 pixels in the precision plot,
and the area under the curve (AUC) is applied to rank the
SR of trackers in the success plot. In addition, frames per
second (FPS) is used to evaluate the tracking speed.

B. Comparison with CPU-based Trackers

The proposed RBLT is evaluated extensively on four
UAV benchmarks with the other 20 CPU-based trackers,
including KCF [8], SAMF [11], DSST [12], fDSST [13],
CN [21], KCC [41], Staple [42], Staple-CA [33], SRDCF
[9], SRDCFdecon [43], BACF [10], MCCT-H [25], MKCFup
[19], ECO-HC [27], ARCF-H, ARCF [30], STRCF [28],
BiCF [35], CSRDCF [44] and AutoTrack [45].

Fig. 4 shows that the proposed RBLT performs signif-
icantly better than other CPU-based trackers on all four
UAV benchmarks. In terms of AUC, RBLT performs the
best among all four benchmarks, surpassing the second-
best tracker by 3.6%, 2.1%, 0.6%, and 1.9%, respectively.
The RBLT achieves the second best DP score on DTB70,
trailing behind AutoTrack by 0.1%. But on UAV123@10fps,
UAVDT and VisDrone2019, RBLT has an advantage of
0.3%, 1.2% and 1% over the second-best trackers in terms
of DP. TABLE I provides the average AUC, DP and speed
of top-6 ranked trackers running on a single CPU over all
four benchmarks. In terms of average AUC and DP, RBLT
outperforms the second-ranked trackers by 3.0% and 1.8%,
respectively. And RBLT has an average tracking speed of 40
FPS, meeting the real-time UAV tracking requirement.

C. Comparison with GPU-based Trackers

Comprehensive comparison is conducted on DTB70 and
UAV123@10fps benchmarks between the proposed Deep-
RBLT and 16 other deep trackers, which consist of 8 CF-
based trackers using deep features and 8 deep learning (DL)-
based trackers. The CF-based trackers include KAOT [34],
ECO [27], DeepSTRCF [28], CF2 [46], CCOT [26], MCCT
[25], ASRCF [29], and CoKCF [47], while the DL-based
trackers include DSiam [48], Ocean [49], TADT [50],
DaSiamRPN [51], SiamFC [52], UpdateNet [53], UDTplus
[54] and SE-SiamFC [55]. As show in Fig. 5, DeepRBLT
achieved the highest AUC (0.530) and DP (0.790) on DTB70,
surpassing the second-ranked tracker by 2.5% and 2.7%,
respectively. And on UAV123@10fps, DeepRBLT achieves
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Fig. 4. Success and precision plots of RBLT and other 20 CPU-based trackers on the four benchmarks. Note that AUC and DP are given in the legend.

the best DP of 0.742 and the highest AUC score of 0.524. It
is worth noting that DeepRBLT has a tracking speed of ∼10
FPS, which is superior to most deep trackers.

TABLE II reports that RBLT outperforms other 15 state-
of-the-art deep trackers in terms of both AUC and DP on
the UAVDT benchmark. Moreover, as shown in TABLE III,
on the VisDrone2019 benchmark, the CPU-based RBLT
still outperforms most Siamese trackers based on large-scale
offline training. In addition, the computational cost of RBLT
is much lower than those deep trackers, requiring only one
CPU to achieve real-time speed. The above results provide
evidence supporting the effectiveness of the joint response
and background learning approach proposed in this paper.

In order to further validate the generality of our method,
we evaluate DeepRBLT on the well-known GOT10K bench-
mark [18]. Note that AO denotes the average of overlap rates
between tracking results and GTs over all frames. TABLE IV
reports that DeepRBLT demonstrates the best performance
compared to the other four advanced trackers, which verifies
that our method is not only applicable to UAV tracking but
also to general tracking tasks.

D. Attribute-based Evaluation
DTB70 [14], UAV123@10fps [15], VisDrone2019 [16],

and UAVDT [17] are fully annotated by 11, 12, 12, and 9
challenging attributes, respectively. Our trackers demonstrate
the best performance under challenges such as fast motion,
camera motion and background clutter, aligning with the de-
sign intention of our joint response and background learning
method. More specifically, in case of background clutter,
RBLT demonstrates an improvement of performance by
10.7% in UAVDT, and 15.3% in VisDrone2019 against ECO-
HC [27]. The ability to cope with object/UAV motion is also
promoted by 27.4% in DTB70, 18% in UAV123@10fps and
5.9% in UAVDT from the baseline SRDCF [9]. Thanks to
the proposed coarse-to-fine scale search strategy, the ability
of DeepRBLT to handle aspect ratio change even surpasses
many state-of-the-art Siamese trackers.

TABLE II
PERFORMANCE COMPARISON OF RBLT WITH OTHER 15

STATE-OF-THE-ART DEEP TRACKERS ON UAVDT BENCHMARK.
NOTE THAT THE SUPERSCRIPT ∗ DENOTES GPU SPEED.

Trackers AUC DP FPS Trackers AUC DP FPS
CF2 [46] 0.355 0.602 20∗ CCOT [26] 0.406 0.656 1∗

CoKCF [47] 0.319 0.605 21∗ TADT [50] 0.431 0.677 31∗

ECO [27] 0.454 0.700 16∗ DSTRCF [28] 0.437 0.667 5∗

IBCCF [56] 0.389 0.603 3∗ UDTplus [54] 0.416 0.697 57∗

MCPF [57] 0.403 0.660 0.6∗ ASRCF [29] 0.437 0.700 14∗

MCCT [25] 0.437 0.671 8∗ SiamFC [52] 0.465 0.708 18∗

ADNet [58] 0.319 0.605 7∗ CFNet [59] 0.428 0.680 40∗

DSiam [48] 0.457 0.704 16∗ RBLT 0.469 0.741 40

TABLE III
PERFORMANCE COMPARISON OF RBLT WITH OTHER 11

STATE-OF-THE-ART SIAMESE TRACKERS ON VISDRONE2019.

Trackers AUC DP FPS Trackers AUC DP FPS
DaSiamRPN [51] 0.536 0.763 20∗ LightTrack [60] 0.579 0.754 19∗

Ocean [49] 0.500 0.706 15∗ SE-SiamFC [55] 0.544 0.734 5∗

SiamBAN [61] 0.601 0.806 6∗ SiamCAR [65] 0.630 0.838 6∗

SiamFC++ [62] 0.609 0.788 17∗ SiamGAT [66] 0.606 0.811 17∗

SiamMask [63] 0.588 0.806 13∗ UpdateNet [53] 0.562 0.790 12∗

SiamAPN [64] 0.575 0.802 35∗ RBLT 0.595 0.816 40

TABLE IV
EVALUATION OF 5 ADVANCED TRACKERS ON GOT10K.

ECO CCOT SiamFC CFNet DeepRBLT
AO ⇑ 0.316 0.325 0.348 0.374 0.409
SR0.5 ⇑ 0.309 0.328 0.353 0.404 0.417
SR0.75 ⇑ 0.111 0.107 0.098 0.144 0.137

E. Ablation Study

We evaluate the effect of each innovative modules
in RBLT, including the response-consistent module (RC),
response-reversible module (RR) and background-aware
module (BA). The baseline (BL) is the SRDCF [9], i.e. the
first and forth terms of Eq. (10), which is equipped with the
same features and learning rate as the RBLT.

As shown in TABLE V, the various modules we proposed
have all brought positive improvements to the performance
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Fig. 5. Success and precision plots of DeepRBLT and other 16 GPU-based deep trackers. Note that DL-based trackers are marked with ∗.
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Fig. 6. Attribute-based performance evaluation. Success plots of RBLT, DeepRBLT and other trackers on UAV-specific attributes from four benchmarks.

TABLE V
ABLATION STUDY OF THE PROPOSED RBLT.

DTB70 UAV123@10fps
AUC DP AUC DP

BL 0.468 0.687 0.442 0.631
BL+RC 0.476 0.690 0.459 0.638

BL+RC+RR 0.488 0.696 0.468 0.652
BL+RC+RR+BA 0.495 0.715 0.487 0.673

TABLE VI
ANALYSIS OF THE EFFECTIVENESS OF THE PROPOSED

COARSE-TO-FINE SCALE SEARCH STRATEGY.

DTB70 UAV123@10fps
AUC DP AUC DP

DeepRBLT 0.524 0.790 0.519 0.732
DeepRBLT+CFSE 0.530 0.790 0.524 0.742

ECO 0.502 0.723 0.520 0.711
ECO+CFSE 0.511 0.740 0.528 0.729

of the tracker. To further validate the effectiveness of the
proposed coarse-to-fine scale search strategy (CFSE), we
conduct experiments on two benchmarks by comparing
DeepRBLT, ECO [27] and their improved versions based on
CFSE. TABLE VI reports that the improvement in perfor-
mance due to CFSE is clearly evident.

F. Limitations

• When extracting features from deeper pre-trained net-
works (e.g. ResNet-50 [67]) for object representation,
the speed of the tracker decreases significantly, but the
improvement in performance is not substantial.

• Though DeepRBLT performs favorably in the situations
of fast motion and background clutter, it is still limited
when the object disappear for a long time. Therefore,
it is imperative to equip the tracker with an efficient
re-detection module.

• Compared to the commonly used scale regression meth-
ods of the Siamese trackers, the scale search strategy is
still inefficient. Therefore, in the future, a stronger and
faster tracker can be designed by combining CFs with
scale regression methods.

VI. CONCLUSIONS

For UAV visual tracking, we propose joint response and
background learning correlation filters which can suppress
abnormal response and background noise. Extensive exper-
iments on five authoritative benchmarks have validated our
trackers perform favorably in precision, with enough speed
for real-time applications. Furthermore, the coarse-to-fine
scale searching strategy can be extended to other trackers
to further enhance their performance. Employing the RBLT
for UAV tracking in the real environment is also taken into
consideration to conduct in the future. We believe that our
methods can promote the development of UAV tracking.
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