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Conditional Generative Denoiser for Nighttime UAV Tracking
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Abstract— State-of-the-art (SOTA) visual object tracking
methods have significantly enhanced the autonomy of un-
manned aerial vehicles (UAVs). However, in low-light conditions,
the presence of irregular real noise from the environments
severely degrades the performance of these SOTA methods.
Moreover, existing SOTA denoising techniques often fail to meet
the real-time processing requirements when deployed as plug-
and-play denoisers for UAV tracking. To address this challenge,
this work proposes a novel conditional generative denoiser (CG-
Denoiser), which breaks free from the limitations of traditional
deterministic paradigms and generates the noise conditioning
on the input, subsequently removing it. To better align the
input dimensions and accelerate inference, a novel nested resid-
ual Transformer conditionalizer is developed. Furthermore,
an innovative multi-kernel conditional refiner is designed to
pertinently refine the denoised output. Extensive experiments
show that CGDenoiser promotes the tracking precision of the
SOTA tracker by 18.18% on DarkTrack2021 whereas working
5.8 times faster than the second well-performed denoiser. Real-
world tests with complex challenges also prove the effective-
ness and practicality of CGDenoiser. Code, video demo and
supplementary proof for CGDenoier are now available at:
https://github.com/vision4robotics/CGDenoiser.

I. INTRODUCTION

Vision-based unmanned aerial vehicle (UAV) tracking has
become a popular topic owing to its widespread adoptions in
robotics intelligence such as vision-based unmanned aerial
manipulator approaching [I], intelligent offshore moor-
ing [2], aerial fueling [3], and so forth. However, problems
arise in low-light scenes where intricate noise leads to poor
tracking performance, especially aggravated after low-light
enhancement [4], [5]. The increasing applications of vision-
based UAVs demand trackers equipped with effective and
practical real-noise denoisers.

To continuously access the location of an object, the
state-of-the-art (SOTA) trackers are given their initial state
as a reference and repeatedly estimate its location in the
following frames by feature extraction and comparison [0],
[7]. Recent years have witnessed a dramatic increase in the
success rate as well as precision of tracking performance
crediting persistent explorations in tracking methods. Most
early works [8]-[10] concentrate on improving tracking per-
formance under well-illuminated circumstances. However,
images captured under low-light circumstances suffer from
intricate real noise and consequent information loss, which
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Fig. 1. Tracking performance comparison in a typical dark scene with the

proposed CGDenoiser utilized (in red) or not (in blue). The center location
error (CLE) curves between predicted locations and ground truth bounding
boxes are also exhibited. CGDenoiser raises tracking robustness in low-light
conditions remarkably.

leads to poor generalization and severe performance decline
of these SOTA trackers. Several plug-and-play low-light en-
hancers [4], [5] have been proposed and assist in brightening
up the nighttime vision in UAV tracking. Although SOTA
trackers on UAVs equipped with low-light enhancers yield
better performance on nighttime tracking, the noise is
still intensified by enhancers and thus limits the tracking
performance promotion. As such, it is essential to apply
nighttime denoising techniques.

Nighttime denoising requires the model to process noisy
frames captured under low-light circumstances and output
clean images. Traditional denoising methods concentrate
on Gaussian denoising [I1]-[13], training models to map
images with Gaussian noise to corresponding noise-free
images. Nevertheless, the real noise with uncertainty does not
strictly conform to the Gaussian distribution, which makes
traditional denoisers generalize poorly in real-noise scenar-
ios. Afterwards, the emergence of quality datasets [14], [15]
facilitates the development of deep learning-based denoising
methods [16]-[18]. Since the exact distribution of real noise
is unknown, most methods design deep neural networks to
acquire the end-to-end mapping from noisy images directly
to clean images, compelling models to produce constant
content for each specific image input. However, the direct
mapping retains considerably redundant information irrel-
evant to the noise and the heavy network structure slows
down processing speed, leaving trackers impractical in UAV
tracking applications. Despite achieving higher scores on cor-
responding benchmarks, the practicality is limited in actual
UAV tracking applications. Therefore, there’s a pressing
need to design a high-performance and more practical
denoiser for nighttime UAV tracking.

Supervised training is utilized in the conditional generative
model (CGM) to form structured outputs [19]. Unlike non-
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generative methods, constraints from supervised training loss
are loosened due to sample randomness, guiding CGM to
apprehend the distribution of outputs from a macro perspec-
tive. Inspired by this, CGM is introduced in the proposed
conditional generative denoiser (CGDenoiser) to learn the in-
tractable distribution of real noise, devising a more practical
plug-and-play denoiser for further nighttime UAV tracking.
Guided by supervised training, CGDenoiser is capable of
interpreting and conditionalizing the context of each input
then correspondingly generating its signal-dependent noise to
remove. Generative design alleviates the limitation of pixel-
wise loss, which frees CGDenoiser from redundant content
limitation, drawing attention back to the original distribution
of real noise. Further, the residual structure allows CGDe-
noiser to directly inspect the formation of noise instead
of focusing on content details. Additionally, to address the
issue of noise amplification caused by unreasonable post-
processing of practical cameras, a multi-kernel conditional
refiner (MKCR) post-processing method is designed. It
specifically generates post-processing convolutional kernels
for each input image to refine the preliminarily denoised
output from previous steps and obtain the final result. In
addition, a novel nested residual Transformer conditionalizer
(NRTC) is devised to extract conditional representation from
input images as well as to accelerate processing speed by
downsampling. As shown in Fig. 2, CGDenoiser dramati-
cally improves the performance of multiple SOTA trackers
equipped with low-light enhancers.
The contributions of this work lie four-fold:

1) A real-time and real-noise denoiser is proposed by cre-
atively generating the noise from the input, more prac-
tically removing real-noise in nighttime UAV vision
and significantly improve UAV tracking performance.

2) An innovative NRTC is introduced to better align
the dimension of inputs and accelerate inference by
producing more representative condition maps for gen-
eration

3) A novel MKCR is invented to flexibly and adaptively
generate signal-dependent kernels for convolutional
refinement in the post-processing step.

4) Extensive experiments demonstrate that CGDenoiser
can boost nighttime UAV tracking capability by adap-
tively estimating and removing the real noise in the
nighttime vision of UAV trackers with enhancers
whereas keeping high processing speed onboard. Real-
world tests serve to confirm its practicality and efficacy.

II. RELATED WORKS
A. Vision-based UAV Tracking

Most current SOTA methods for object tracking follow
the Siamese paradigm, which can be typically classified into
two categories according to whether they use pre-defined
anchors or not. The former ones [20], [26] utilize region
proposal networks to predict bounding boxes from pre-
defined anchors, whereas the latter ones [21]-[23] devise
anchor-free pipelines to avoid the uncertainties incurred by

Tracking promotion with CGDenoiser on DarkTrack2021
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Fig. 2. Overall performance promotion on the DarkTrack2021 bench-

mark [5] for leading-edge trackers [20]-[24] enhanced by different SOTA
enhancers [5], [25]. Symbols with the dark color represent original en-
hanced trackers, while the light ones represent enhanced trackers with the
denoising support of CGDenoiser, which significantly improves tracking
success rate and precision.

hyperparameters. Further researches aggregate the upsides
of both categories and show high efficiency in UAV tracking
based on more quality and precise anchors. Most of these
methods are designed for well-lit scenes. However, when
generalizing on low-light images, the performance loss is
significant, resulting in a drastic decrease in tracking results.
To address illumination issues, some plug-and-play low-light
enhancers [4], [5] have been proposed and applied. Whereas
the use of enhancers does improve nighttime tracking per-
formance, the noise is also amplified by the enhancer, which
in turn limits the promotion.

B. Image Denoising

The development of supervised image denoising method is
greatly influenced by the proposal of new datasets [14], [15].
Traditional image denoising methods are mostly based on the
assumption of Gaussian distribution of image noise. Methods
like BM3D [11] and WNNM [12] stand out in non-learning-
based algorithms. With the development of deep learning,
more researchers were engaged in devising models using
convolutional neural networks (CNN) for denoising [13],
which proved to be more effective than most non-learning-
based methods. Despite gaining more precise predictions on
the patches of different noise level, such methods still cope
with Gaussian noise due to the shortage of high-quality real
denoising datasets. Since new real-noise training datasets
were published [14], [15], focus has been transferred to
the real-denoising task. Deep learning-based models, e.g.,

12971



’ Multi-kernel conditional

—1| Posterior ||

\I
@ Element-wise addition : LoSSkrl >
.leed-kemel convolution E o N

refiner

|

csHmator eElement—wise subtractioni P iorkernel i Tracki It
e Post . 1 Posteriorkernel Prior kernel distribution 1 Jracking results
Clean image qgp, (zx|c,() osterior noise Concatenation + distribution H Po, (zy) '
map distribution | T . ‘ ' i
‘I¢k(zk|cx) ' Train i Inference !
y Trein : Sample & split !
LosSmkz Residual E '
lnference decoder ' Zk ' UAV
1 " i track
UAV Prior noise map Sample : If" onditional kernel learner ! acker

____________________ ??sz’f)____él_szr_l@et_l?zl____________________Zf_________ A R R e M

( — E ky ¥ ke L Lossm:[
| l E l id4d l | _ |
' = = | '
e : e : |
i _)® § @ _')® z ' E
i g g ' :
i = Conditional ; :
' x pixel-shuffle 4x pixel-shuffle Transformer; generated : :
; block \ ;

1 .
/ real-noise map x

........................ -" Denoised image

Fig. 3. The pipeline of the proposed conditional real-noise generative denoiser. Given a low-light noisy image patch, CGDenoiser dedicates to conditionally
generate its noise map then remove it, resulting in dramatic improvement of UAV trackers performance.

Restormer [18], MPRNet [16], and Uformer [17], deepening
and widening the networks do reach considerably high
metrics scores on corresponding benchmarks. Compared to
traditional Gaussian denoising, real-world denoising meth-
ods generalize much better in practical application, simply
because the distribution of noise in the real world differs
significantly from the Gaussian distribution. However, high
score does not mean better application in the real world.
Problems like unsatisfying tracking precision and slow pro-
cessing speed narrow the application. To better integrate low-
light enhancers, trackers, and denoisers into nighttime UAV
operations, it is necessary to design a more deployable and
practical plug-and-play denoiser.

III. METHODOLOGY

The pipeline of the proposed method is demonstrated in
Fig. 3. Noisy frames are compressed into condition maps
through NRTC. In the training stage, clean images serve
for the estimation of posterior distribution of noise map and
kernels. The posterior sample noise are concatenated with the
condition map from NRTC and decoded into real-noise maps.
The sample kernels, together with the condition map are fed
into conditional kernel learner to produce conditional kernels
for further refinement. The posterior and prior distributions
are drawn closed during training. After noise removal, the
preliminarily denoised patches are refined by conditional
generated kernels in MKCR. In the inference stage, both
posterior distributions are replaced by the prior ones, and
others remain the same. The refined frames are finally sent
for enhancement and tracking. Supplementary proof of the
proposed method is now available at : https://github.
com/visiondrobotics/CGDenoiser.

A. Conditional Dual Branch Generator

Denote the distribution of real noise as g(x). Given noisy
input n, as conditional prompt, the goal is to maximize the
likelihood of conditional distribution pg(x|n,). K. Sohn et

al. [19] have demonstrated the variational lower bound of
the log-likelihood as:

log po(z|ns) > By, (2in, ,2)[l0g po (|1, 2)]
— KL[gy(2|nz, z)|po(2[na)]

where n, and z denote the noisy input and the corresponding
latent variable respectively.

The pipeline in CGDenoiser is required to generate two
components conditioned on each input frame: (i) signal-
dependent real noise map, (ii) kernels for conditional refine-
ment. The estimation of kernels & for conditional refinement
is similar to real-noise map x, whose reconstruction expec-
tation can be written as:

(D

Egy, (1n. k) [l0g po (k[na, 2)]

Given real-noise map x and conditional kernels k, the
restored image D, is defined as:

D, =R(ny —z, k) (2)

where R denotes the fixed-kernel convolutional operation
and integration in MKCR.

During the training stage, the clean image is considered
to contain sufficient prior knowledge for the posterior latent
distribution g4. To compress abundant prior as well as sim-
plify the training pipeline, the posterior distribution of latent
variable gy, (25|n,, x) and g4, (2K [Ny, k) is implemented as
¢s(z|cy). Therefore the reconstruction terms are rewritten
below:

Eqdm(za:l‘%)[logpe(x‘na:)Z:v)] B
EQqhk(Zklcm) [IOgPG(kmm Zk)]

Taking the proposed conditionalizer into account, the final
optimization objective is represented as follows:

E(d)”ca ¢k7 0) =
— KL[gy,,4, (22, zk|cz)|[Po (22, 2 NRTC(ny))] 3)
+E (20,20 ]en) 108 Do (D INRTC(ny), 22, 21,)]

bz, by
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The first term in Eq. (3) functions as narrowing
the KL-divergence between the prior latent distribution
po(2z, 2zk]NRTC(n,)) and the posterior latent distribution
Q6 .0r (225 2k |Ce), corresponding to Lossp and Lossgy in
Fig. 3. Assuming z, and zj follow independent multivariate
Gaussian distribution, the KL-divergence could be explicitly
expressed and narrowed as in classical variational autoen-
coder (VAE) [27]. The latter term, associated with Lo0SS,q.
in Fig. 3, is interpreted as reconstruction loss, which can
be quantified and optimized by Monte Carlo simulation [19]
and pixel-wise loss.

Based on the above deduction, a dual-branch posterior
estimator (DPE) is designed to assist model training. As
shown in Fig. 4, the DPE encoder decomposes the esti-
mation of posterior latent distribution into two branches,
each of which is further split in two, mapping the mean
and variance of Gaussian distribution respectively through
feature extraction and dimension alignment. Kernels for post-
processing refinement lay emphasis on the global image
attributes whereas the preliminarily generated noise map
attaches more importance to signal details. Therefore, the
segmentation of posterior estimation enables CGDenoiser to
more attentively extract features from different perspectives.
To make the network differentiable, reparameterization is
used in the sample stage as illustrated on the right of Fig. 4.
Remark 1: Due to the randomness in the sampling process
of CGDenoiser, constraints from supervised training are
conspicuously loosened. The network is instead guided to
explore further insight into the real noise distribution from a
more macro perspective, which effectively reduces model’s
dependence on the training dataset and frees the network
from overfitting.

B. Multi-kernel Conditional Refiner

To further improve the quality of the preliminarily de-
noised results from residual subtraction, an MKCR is
designed for post-processing. As shown on the right of
Fig. 3, the conditional kernel learner adaptively produces
kernel stack k € RBxnumr)xsizerxsizer conditioned on
the processed noisy input NRTC(n,), which then serve
as kernels for fixed-kernel convolution on the former de-
noised results. Given preliminarily denoised image d, =
ng —x, d, € R¥>T>W and conditional generated kernels
k; € R3xsizerxsizer gplit from k and denoting fixed-kernel
convolution operation as * , MKCR can be formulated as:

D, = R(dy, k)

4
=T(dy * k1,dy * ko, ... @

) d£ * knumk) )

where 7 represents the integration of convolution maps.
numy and sizey are respectively the number and the size of
kernels.

Remark 2: Equipped with MKCR for post-processing, CG-
Denoiser manages to refine denoised outputs more flexibly
and adaptively way conditioned on input signals, conquering
volatile problems like overexposure, and color distortion due
to inappropriate general post-processing in cameras.
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Fig. 4. Tllustration of the dual-branch posterior estimator (DPE) in the

training stage. The input c; denotes the clean image and the output zy
and z; represent posterior latent variables for kernels k and real-noise map
x respectively. DPE consists of two posterior estimation branches, each of
which encodes a clean image into the latent distribution of either kernels
or noise map by feature extraction and alignment.

C. Nested Residual Transformer Conditionalizer

Due to the fact that the latent variables z are sampled from
a high-dimensional space whereas the noisy inputs n, stay
low-level, misalignment occurs when combining z and n,
abruptly, leading to poor decoding results. Besides, n, of
original resolution disastrously slows down the processing
speed, leaving denoiser impractical as a UAV plug-and-play
component. To solve both problems, an NRTC is devised to
align latent variable z and condition n, as well as lighten
the whole structure by downsampling operation. As shown
in Fig. 3, NRTC consists of a channel expansion layer, con-
ditional extractors, and downsampling blocks. Given input
tensor n,, the NRTC process is defined as:

C° = Ep(n.) ,

C! = DS(CE(C°) + C°%) + P?*(C?)

C? = DS(CE(CY) + CH) + P**(CY)
NRTC(n,) = C* + P**(C°)

&)

where Ep(-) : R¥>IXW  ROXHXW represents chan-
nel expansion; DS(-) denotes downsampling layer; P> ()
means pixel-unshuffle downsample operation with downscale
factor o; and CE(-) denotes conditional extractor composed
of basic Transformer blocks [18].

Remark 3: The nested design enables NRTC to fuse features
from multiple scales and flexibly handle information of
different frequencies, filtering out redundant contents and
condensing conditional representation, which is conducive to
the combined interpretation of latent variable z and condition
ng, and significantly increases processing speed.

IV. EXPERIMENTS

A. Implementation Details

CGDenoiser is trained with the assistance of DPE as the
blue pipelines shown in Fig. 3. DPE narrows the distance be-
tween the posterior latent distribution pg(z,., 2k [NRTC(n,))
and the prior latent distribution ¢4, ¢, (22,2x) so that the
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different enhancers are evaluated (the first and second column of results are tested with DCE++ [
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LI

]. To further demonstrate the effectiveness of CGDenoiser, trackers with
], while the last column with SCT [5]). Solid and

dashed lines respectively represent the performance with and without CGDenoiser. Results with higher metrics are bolded.

residual decoder can produce reasonable outputs when infer-
encing without DPE. The kernel size and number of MKCR
in CGDenoiser are size, = 3 and numy, = 20 respectively.
The paired clean/noisy images for training are cropped from
the SIDD dataset [14]. A progressive training strategy is
adopted to train CGDenoiser . AdamW optimizer (3, = 0.9,
Ba = 0.999) with weight decay le~* and cosine annealing
learning rate scheduler (from 3e~* to 1e~%) are utilized for
600K iterations training.

Before inferencing in trackers, the inputs, including the
287 x 287 search patch of each frame and the 127 x 127
template of the initial frame, are first enhanced by low-light
enhancer [5], [25] then denoised by CGDenoiser.

Experiments are conducted on a PC with 2 Tesla V100
GPUs and 96 Intel Xeon Platinum 8163 CPUs.

B. Evaluation Metrics

The proposed plug-and-play denoiser serves for nighttime
UAV tracking. To quantify the quality of tracking results,
success rate and precision plots from one-pass evaluation
(OPE) [29] are adopted for tracking performance evaluation.
Specifically, success rate is gauged by the intersection over
union (IoU) between the estimated bounding box and the
ground truth bounding box. The success plot (SP) showcases
the percentage of frames with an IoU exceeding a predefined
maximum threshold. Typically, the area under the curve
(AUC) on the SP is employed to rank tracker success rates.
Precision, on the other hand is quantified by the center loca-
tion error (CLE) between the tracking output and the ground
truth. We present the precision plot (PP) as the percentage

of frames with a CLE below a specified threshold, with
20 pixels commonly used to evaluate tracker performance.
Besides tracking performance, denoising performance and
processing speed are also evaluated. The peak signal-to-noise
ratio (PSNR) of the test data from SIDD are adopted as the
evaluation metric of denoising performance.

C. Combined Evaluation of CGDenoiser with Trackers and
Low-Light Enhancer

To demonstrate the effectiveness of CGDenoiser, com-
bined tests with multiple SOTA UAV trackers enhanced
by nighttime enhancers are conducted on two authoritative
low-light tracking benchmarks, i.e., UAVDark135 and Dark-
Track2021. As shown in Fig. 5, the tracking precision and
success rate of SOTA trackers both gain dramatic increase.
Conspicuously, with the synergy of CGDenoiser, the tracking
precision and success rate of SiamRPN++ enhanced by
DCE++ on DarkTrack2021 mounts by 18.18% and 18.30%
respectively. A similar remarkable boost happens on the com-
bination of CGDenoiser and SiamMask enhanced by DCE++
on UAVDark135 (11.38% / 11.69%) and SiamRPN++ en-
hanced by SCT on DarkTrack2021 (15.36% / 17.46%).

Figure 6 shows the heatmap of classification confidence
from trackers. The intricate noise seriously distracts the
attention of trackers in patch (a), making trackers highly
sensitive to the temporary occlusion in patch (b) and (c).
With the assistance of CGDenoiser, the classification of the
foreground becomes much more precise and attentive, clearly
recognizing and coordinating the tracking targets.
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Fig. 6. Visualization of the proposal region heatmap from the classification
score of tracker backbone. The utilization of the proposed method effectively
draws trackers’ attention back to targets thus producing more precise
predicting results.
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Fig. 7. Visualization of the denoising effect of CGDenoiser functioning
on enhanced frames. Apparently, images after enhancement are seriously
degraded by intricate real noise. With denoising support from CGDenoiser,
the quality of frames recovers conspicuously.

D. Comprehensive Comparison with SOTA Denoisers

1) Tracking performance: To further demonstrate the
superiority of the proposed method, comprehensive con-
trast experiments with multiple SOTA denoisers regarding
tracking performance, processing speed, and denoising ef-
fect are performed. In the following comparative analysis,
the tracking performance is obtained by SiamRPN++ [20]
on DarkTrack2021 benchmark [5]. Frames are enhanced
by DCE++ [25] and denoised by different denoisers. The
processing speed is tested on 1 NVIDIA RTX3060 GPU and
the PSNR values are evaluated on SIDD testset [14].

2) Denoising performance: The proposed method aims
at better assisting UAV tracking by removing the real noise

Precision plots on DarkTrack2021 Success plots on DarkTrack2021
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Fig. 8.  Tracking evaluation on authoritative nighttime benchmark [5]

of CGDenoiser and multiple leading-edge denoisers [16]-[18], [30]-[33].
CGDenoiser obtains the highest performance on both tracking success rate
and precision.
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Fig. 9. The processing speed and the corresponding tracking and denoising
performance comparison between CGDenoiser and leading-edge denoisers.
Compared to the second well-performed denoiser, CGDenoiser works 5.8 x
faster and supports real-time denoising practice.

in nighttime vision, and it yields superior denoising per-
formance. Figure 7 displays several denoising outcomes
from the tracking pipeline. The internally intrigued noise is
severely amplified by the enhancer and disastrously damages
the original frames, which is harmful to tracking feature ex-
traction. Fortunately, the utilization of the proposed method
ameliorates this problem to a large extent, effectively restor-
ing images from the complicated noise. As shown in Fig. 9,
the PSNR value on SIDD of CGDenoiser is close to leading-
edge denoisers. However, most networks with high denoising
performance are impractical for UAV deployment due to low
processing speed. CGDenoiser gets rid of over-complicated
structures and supports real-time denoising.

The gist of the proposed method lies in promoting night-
time UAV tracking performance. Figure 8 has shown the
tracking success rate and precision of enhanced SiamRPN++
equipped with various SOTA denoisers, where the proposed
CGDenoiser achieves the highest precision gain, demonstrat-
ing the excellent capacity of CGDenoiser to eliminate real
noise and enormously improve tracking performance.

3) Processing speed: Most current learning-based real-
noise denoisers suffer from an enormous amount of param-
eters and heavy structure, resulting in a considerable decline
in processing speed, which makes it impractical to plug
denoisers in UAV trackers. As shown in Fig. 9, CGDenoiser
(30 fps) functions around six times faster than the second
well-performed denoiser (5.2 fps) whereas reaching even
5.32% higher tracking precision, filling the niche for a plug-
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and-play denoiser with real-time processing speed as well as
high tracking performance to deploy in practice.

E. Ablation Study

In this section, experiments are extended to prove the ef-
fectiveness of different proposed designs. The ablation result
can be accessed from TABLE I. The Baseline represents the
original tracker SiamRPN++ enhanced by DCE++.

MKCR: Unlike traditional changeless post-processing
methods, MKCR generates convolutional kernels conditioned
on each input, designing signal-based processing strategies
for different degradations of different extents. Results in
TABLE I show that the utilization of MKCR accounts for
5.21% and 14.69% promotion on tracking precision and
success rate respectively, which demonstrates the efficacy of
the cooperation with MKCR. Additionally, the time cost and
model expansion by MKCR are considerably tiny.

NRTC: To better encode the inputs into high dimensional
representation as well as promote the processing speed by
downsampling initial frames, NRTC is invented to condi-
tionalize the noisy images. As shown in TABLE I, NRTC
results in a 4.50% rise in tracking precision and 14.43%
in success rate. The conjunctive gain from the combined
implementation of MKCR and NRTC further demonstrates
the effectiveness and compatibility of the structure design.

FE. Real-World Tests

Real-world tests with a variety of challenges are conducted
to prove the practicability of the proposed denoiser. As
shown in Fig. 10, the Parrot UAV' is used to acquire
sequences in complex nighttime scenes. Frames are trans-
mitted to and processed by a ground control station (GCS)
equipped with an NVIDIA RTX3060 GPU in real time,
whose processing results in turn assist the pose adjustment of
the UAV through WiFi communication. To demonstrate the
effectiveness of the proposed method, tracking evaluations
of sequences with several knotty challenges including target
retrieving from long-time full occlusion, illumination varia-
tion, fast camera motion, and similar object are exhibited
in Fig. 11. The CLE curves in blue represent the error
between estimated bounding boxes and the ground truth,
whose threshold (dotted line in ) is generally adopted
as 20 pixels.

V. CONCLUSIONS

In this work, a practical plug-and-play denoiser is pro-
posed for better assisting nighttime UAV tracking perfor-
mance by conditionally generating and removing the real
noise in the input frames. Innovatively, the conditional gen-
erative method is introduced to alleviate the limitation of su-
pervised training, guiding models to learn the complex distri-
bution of real noise globally. Additionally, MKCR and NRTC
are proposed to improve the generation from pre-processing
stage and post-processing stage respectively. Comprehensive

ISee https://www.parrot.com/
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Fig. 10.  Real-world workflow of nighttime UAV tracking with the aid

of CGDenoiser. The ground control station (GCS) receives and processes
images from the onboard camera in real time, where the noisy frames
are first enhanced and then denoised by the proposed CGDenoiser for the
tracker. The tracking results in turn instruct the control of Parrot UAV.
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Fig. 11. Real-world tracking test of challenging sequences. All results
are regarded as successful with CLE below the common threshold (dotted
line in ), validating the outstanding practicality and competence of the
proposed method in nighttime UAV tracking.

TABLE I
TRACKING PERFORMANCE OF CGDENOISER WITH DIFFERENT
DESIGNED MODULES ON DARKTRACK2021 [5].

Baseline | | | CGDenoiser
MKCR - v - v
NRTC - - v v
Prec. 0.422 0.444 | 0.441 0.459
Ap (%) - 5.21 4.50 8.77
Succ. 0.388 0.445 | 0.444 0.455
Ag (%) - 14.69 | 14.43 17.27

Note: Prec. and Succ. are respectively the abbreviation of OPE precision
(CLE = 20) and success rate, and A, and A denotes the promotion
compared to the Baseline. Data in bold represents results with the best
performance.
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experiments have demonstrated the high practicality of CG-
Denoiser, boasting superior tracking performance and fast
processing speed. Real-world tests prove the feasibility of
actual nighttime UAV tracking deployment. To conclude, we
strongly believe the practicality of CGDenoiser as a plug-
and-play accessory for trackers will conduce to the utilization
of vision information in UAV-related intelligent operating
systems.
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