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ABSTRACT

This paper presents a real-time long-term target tracking algorithm optimized for ARM
embedded platforms with integrated NPU acceleration. The system combines a pruned and
quantized YOLOv10s detector with a NEON-optimized fDSST tracker. The two blocks are linked
via an adaptive confidence index based on multi-feature fusion and a hysteresis mechanism to
activate the detector only when necessary. Theoretical analysis demonstrates the boundedness of
the correlation filter, the stability of the adaptive weight update process, and the exponential
bounding of the probability of false state transitions. Experimental results on the Orange Pi 5 Max
platform show that the system achieves an average speed of 19 FPS for detection and over 100
FPS for tracking, while maintaining stability in the presence of delay, noise, and transient
occlusion. Monte-Carlo simulations and line-of-sight (LOS) stabilization simulations on a UAV
rotating platform confirm a mean maximum angular error of approximately 0.006 rad and the
ability to quickly re-track after target loss. The algorithm has potential applications in real-time
optical surveillance, reconnaissance, and LOS stabilization systems.

Keywords: Long-term target tracking; YOLOv10s; fDSST; NPU; ARM; UAV LOS stabilization.
1. INTRODUCTION

Real-time target tracking is a key function in reconnaissance, surveillance, and LOS
stabilization systems of unmanned aerial vehicles (UAVs). This task requires the gimbal-mounted
electro-optical sensor system to maintain the ability to track the target under conditions of great
changes in light, rapid motion, noise, and computational limitations. Classical correlation filter
algorithms such as MOSSE [1], KCF [2], DSST [3] are high-speed but degrade sharply when the
target is obscured for a long time. Deep learning-based trackers such as SiamFC [4], SiamRPN++
[5], and TransT [6] provide higher accuracy but require powerful GPUs, making it difficult to
deploy on ARM processors. Long-term tracking methods that combine detection and tracking,
such as TLD [7], LCT [8], DaSiamLT [9], are more stable but consume energy and lack an adaptive
reliability assessment mechanism. Meanwhile, compact detectors such as YOLOv5-Nano,
YOLOV7-Tiny, and YOLOv10s [12] open up a feasible direction for embedded devices with
NPUs, but integrating them with fDSST correlation trackers to achieve a balance between
accuracy, speed, and stability is still a research gap. To overcome the above limitations, this paper
proposes a long-term tracking algorithm framework combining detection and tracking, optimized
for ARM architectures with NPUs. The YOLOv10s detector is pruned, quantized, and
implemented on RKNN, while the fDSST tracker is accelerated by NEON instructions. The multi-
cue fusion mechanism and hysteresis threshold logic ensure that the system only triggers re-
detection when really necessary, minimizing model bias and computational load. Theoretical
analysis proves the blocking property of the DCF filter, the stability of the weight update process,
and the bounded probability of state transition errors. Experiments and simulations on the ARM
platform confirm the LOS stability of the system under delay and noise conditions. Monte-carlo
simulation is performed to evaluate the probability of wrong state transition. The results of the
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image tracking algorithm are fed into the LOS stabilization control system based on the PD
controller to visually evaluate the LOS stabilization error.

2. PROPOSED ALGORITHM

2.1. Structure of the algorithm

The proposed system consists of three main blocks: i) YOLOv10s_opt detector: Pruned model,
quantized INT8, implemented on NPU using RKNN; ii) fDSST opt tracker: Frequency domain
correlation filter learning feature, accelerated by NEON; iii) Confidence assessment block: Fusing
four features to create a composite confidence or multi-feature confidence C; (fused from PSR -
Peak-to-Sidelobe Ratio, peak sharpness, amplitude, and multi-peak penalty features) using
exponential moving average (EWMA) and adaptive weight update.

The correlation filter is trained according to (1) [1, 3]:

d d
min Y[l + by = glI2 +2) Iuf? M
I=1 =1
With closed solution (2) in the Fourier domain [1, 3]:
- gy
hy (2)

YRR+ A
Online update by moving average rule (3) [1, 3, 10]:
Hepr = (L= mH; +nh, 3)

The hysteresis threshold mechanism uses two values Tjoy < Thign and two frame
quantification parameters m,r to avoid state oscillation. When C; < T},,, for m consecutive
frames — switch to detection; conversely, when C; > Ty;q4p, for r frames — return to tracking. The

algorithm is briefly described as follows. The block diagram of the algorithm is visually
represented in figure 1.

Image tracking algorithm
1. Initialize the detector D and tracker T
2. For each frame I;:
a. If in tracking mode:
- Predict the new position using T
- Calculate the confidence C;
- If C; < Typy, in m frames — switch to detection
b. If in detection mode:
- Activate D to find the target again
- If C¢ > Thigp in r frames — return to tracking

The image tracking algorithm operates on a closed-loop mechanism between “Detection -
Tracking - Re-detection”. Figure 1 shows the three main processing blocks (YOLOv10s_opt
detector, fDSST opt tracker, and the multi-feature confidence fusion with hysteresis logic) and
the data flow between them.

The 4-step cycle ensures that the algorithm maintains stable tracking and self-adapts to real-
world conditions. Specifically:

- Initial detection step (Detection): YOLOv10s_opt detects the location and type of the target.

- Tracking step (Tracking): fDSST opt tracks the target in consecutive frames using the NEON
optimal correlation filter.

- Confidence Evaluation step (Confidence Evaluation): If the multi-feature confidence score
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falls below the threshold, the system determines

that tracking is lost.
- Re-detection step (Re-detection):

YOLOvVI10s_opt is reactivated to re-locate the -
- : Confidence
target. [ Tracking ]'_’ Evaluation ]
2.2. Recommended composite reliability
Unlike previous studies that only used individual o
features, we merged four normalized features to

create a composite confidence C; [17], which serves
as a basis for assessing the confidence in the adaptive
structure when deciding when to choose a detection
model or return to tracking:

Figure 1. System block diagram of the
proposed long-term tracking framework.

€= ) Wiz @
Here C; is merged from four normalized features z;(t) (i = 1..4), including: PSR, sharpness
index, peak amplitude, and multi-peak penalty.
The weights of the features are updated according to the adaptive rule (5) [15, 17]:
zi(t)
2izi(t)
3. ALGORITHM STABILITY ANALYSIS

wit+1D)=0-a)w;(t) +«a %)

The proposed target tracking algorithm is formed from three main components: the correlation
filter (DCF) in fDSST, the adaptive reliability fusion block, and the state transition mechanism
according to the delay threshold. These three components form a nonlinear discrete system with a
feedback structure, which is affected by measurement noise and processing delay. The stability of
the algorithm is proven through the following three contents: The internal signal of the system is
always bounded; the adaptive update process converges; and the probability of a wrong state
transition is very small and is limited by an exponential form.

The mathematical results below use the Banach contraction mapping theorem [13], the DCF
adaptive filter convergence analysis method [14, 17], the Robbins-Monro theory [15], the
Hoeffding inequality [15], and the ISS stability criterion [16, 17].

3.1. On the blocking nature of the DCF filter
In the Fourier domain, the fDSST filter has output H; [1, 3, 11] updated according to (6), (7):
Hepp = (1~ U)_ﬁt +1h, (6)
_ g%
B ~ (k)2 Q)
2 l® 712+ A
with 0 <7 < 1,1 > 0, and X; is the Fourier spectrum of the image feature.
Lemma 1 (Boundedness of DCF filter). If there exists a finite constant M, > 0 such that
|J?t(k)| < M,, Vt, k, then there exists a constant M;, > 0 such that |ﬁt| < My, Vt.

hy

Proof:

From the update formula (7), we have:

|gIM,
A

|Et| S :Mh (8)

Substituting (8) into (6), we have:
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|Hesa| < (0 =) |He| + My, 9)
By the contraction theorem (Banach) [13], this sequence converges and is bounded by Mj,:
lim sup|ﬁt| <M, (10)

Hence, the DCF filter does not diverge, and the output signal is finitely bounded.
The lemma has been proved. @]
3.2. Stability of adaptive reliability fusion block

Proposition 1 (Convergence of adaptive weights). If z;(t) is a bounded and stationary signal,
with expectation Z; > 0, then the sequence {w;(t)} converges to a steady value:
Zi

Wi =S E® (4

Proof:
Rewrite the weight update process in terms of the error w;(t) as follows:
wi(t) = w;(t) —w; (12)
with €;(t) being the small disturbance due to the oscillation of z; (t).
Combining (12) with (5), we have [14, 15]:
wi(t+1) =1 — )W (t) + aeg;(t) (13)
Since |1 — a| < 1, the system (13) is exponentially stable, so W;(t) = 0 or w;(t) = w;".
The proposition has been proved. a
Remark 1: A consequence of Proposition 1 is that the aggregate reliability C; = >.; w;(t)z; (t)
is also bounded and has a small expected error, ensuring smoothness for the state transition.
3.3. Limiting the probability of incorrect state transitions
The hysteresis threshold mechanism uses two thresholds Ty, and Th;gp, With Tjy, < Thign, to
avoid oscillation between the two modes “Tracking” and “Re-detection”. When C; < Tj,,, for m
consecutive frames, the system switches to detection; when Cy > T4y, for r consecutive frames,
the system switches back to tracking.
Without loss of generality, suppose C; is subjected to sub-Gaussian noise with variance o-2. Then,
the false-switch probability Prqge in window m is bounded by the Hoeffding inequality [15, 18]:

_ mé?
P(|Cy, — ] > &) < 2exp <— ) (14)

207
Wlth 5 = (Thigh - Tlow)/Z.
Theorem 1 (Bounding the probability of error). Assume that the confidence samples C; in

each window of length m are independent sub-Gaussian random variables with parameter a2 (two-
sided). Let 6 = (Thign — Tiow)/2. With L independent windows, the total probability of error

Prqise 18 bounded by:

m(Tm‘gh - Tzow)z) (15)

P, <2L-exp|—
false p < 8g2
Proof:
Because each C; is sub-Gaussian with parameter o2 (two-sided), the window average C,y, is
sub-Gaussian with parameter g2 /m. Therefore,

_ _ mé?
P(|C,, —E[C, ]| > &) < 2exp e
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Substituting § = (Thigh — Tiow)/2 yields:

m(Thigh - Tlow)2>

PSZexp(— 802
o

Applying the union bound for L independent windows gives:
Praise < 2L - P

The theory has been proved. a

For example, with m = 3, Tp,;gp — Tiow = 0.6,0 = 0.05,L =300 - Prqpqp < 2.2 X 10721

This is consistent with the Monte-Carlo statistics (in the simulation in section 5), which shows
that the system has almost no false state oscillations.
3.4. Global input-output stability

Consider the general system (16) [13, 16]:

Xev1 = f(Xe, H, W) (16)

where H, is the output of the fDSST tracker and W; is the image noise. Suppose f(-) satisfies the
Lipschitz condition:

If (X1) = FXII < Lell Xy — Xo |, 0<Lf<1 (17)
By the discrete Lyapunov theorem, there exists a function V(X) = || X||? such that:
Vier = Ve < —(1 = LH)IIXN? + klIWe ]I (18)

When the disturbance W; is bounded, the system is input-output stable (ISS). Thus, the target
tracking process has a finite error, and the system converges to a small neighborhood around the
desired trajectory. The above analysis shows that the components of the algorithm are all bounded
and convergent, ensuring the mathematical soundness of the algorithm.

4. INTEGRATED UAV MOTION-BASED LOS STABILITY

4.1. Kinematic model and relationship to LOS

Consider a quadrotor UAV with attitude vectors 7 = [¢p, 8, ¥]” representing the roll, pitch,
and yaw angles, respectively. The viewing angle of the camera mounted on the UAV body is
determined in the same body reference frame, so the LOS to the target on the ground depends
directly on n. With the target having a relative position p; = [x;, y;, 2¢] in the UAV coordinate
system [13], the normalized LOS vector is:

Pt

L= 19
A 1

When the UAV changes attitude, we have the kinematic relationship:
L = —[w]L (20)

where [w] is the skew-symmetric matrix of angular velocity w = [p, q,7]7. This means that LOS
stabilization is equivalent to controlling the UAV’s angular velocity such that L — 0.
4.2. LOS control law

In this study, we do not focus too much on synthesizing the control quality improvement
algorithm, but only use the PD controller as a basis for evaluating the quality of the image tracking
algorithm. Suppose L is the desired LOS vector (from the image tracking algorithm), and L is the
real value. The error is defined according to (21)

e, =L—1L, (21
This error has a direction orthogonal to the plane containing the two vectors, representing the
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direction and magnitude of the angular error. The derivative of the error is given by (22):
e, = —[wlyL (22)
Using the small-angle approximation, the stability target can be achieved by choosing the
control angular velocity (23):
W iyl = erL + KdéL; Kp, Kd >0 (23)
With J being the inertia matrix of the UAV, the controller (23) is realized by the torque T of the
quadrotor motors.
T=Jw+wX(Jw)=-K,e, —K;é, (24)
The control laws (23), (24) ensure that the LOS vector is stabilized in the desired direction,
while reducing the angular error between the camera axis and the target.
Consider the Lyapunov function (22):

1 1
1% =§efeL +§wT]w (25)
Take the derivative with respect to time and substitute the control law (24) into:
V=elée,+w (Jw)=—Kylle > <0 (26)

Therefore, the system is globally asymptotically stable according to Lyapunov theory. The LOS
angular error converges to zero as t — oo, ensuring that the camera maintains the correct
orientation towards the target.

4.3. Relationship between the LOS controller and image tracking algorithm

The image tracking algorithm (YOLOv10s_opt + fDSST opt) continuously provides the target
position (x¢,y;) in the image plane. From this image offset, we convert to the desired viewing
angle according to (27).

Aeref = —c)/f; A(nbref = — Cy)/f (27)
The angles (40,5, Adyq5) are converted to changes in the LOS vector L. The LOS controller

then adjusts the angular velocity w to decrease e;, which means the UAYV tilts and rotates slightly to
bring the camera axis back towards the target. Thus, the “LOS compensation” process does not
require a gimbal, but is performed entirely by the UAV attitude control.

5. SIMULATION AND EXPERIMENTATION

5.1. Experimental image tracking algorithm

Figure 2. Implementation of the system on the Orange Pi 5 Max platform.

To verify the theoretical claims, we map the assumptions used in the analysis to concrete
simulation parameters. For example: (i) the sub-Gaussian noise assumption used in section 3.3 is
instantiated as additive Gaussian pixel noise with 0y, (see table 3); (ii) the contraction constant
used in Lemma 1 underlies the choice of the moving average update rate (1) in the implementation;
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(iii) hysteresis thresholds (Tiow, Thign) and window length m were selected to ensure the
exponential bound in Theorem 1 yields a false-switch probability below 0.1% under nominal noise
(as confirmed by Monte-Carlo). The Monte-Carlo and LOS stabilization simulations therefore
serve to numerically validate the analytic bounds - specifically, the observed false transition rate,
worst-case LOS error, and re-tracking latency are consistent with the theoretical predictions within
the expected probabilistic margins.

The system is installed on an Orange Pi 5 Max (8-core ARM Cortex-A76 CPU, 6 TOPS NPU,
8 GB RAM). The YOLOv10s_opt detector achieves 19 fps on the NPU, while fDSST opt runs at
101 fps on the CPU with NEON acceleration.

a) Frame 1191 |bi Frame 1258 |Cl Frame 1205

(d) Frame 1263 (e) Frame 1278 (f) Frame 1314
Figure 3. Sample frames from the person8 sequence in VOT2019-LT.

Table 1. Hardware configuration and latency distribution of blocks in the system.

Components Average latency (ms) CPU/GPU usage (%)
YOLOv10s_opt (NPU) 52 36
fDSST opt (NEON) 9.8 41
Update reliability + logic 23 4
Control interface 1.6 3
Total (closed loop) = 65 ms (=15 Hz)

To strengthen the empirical validation, we provide a direct comparison of the integrated system
with representative published trackers and detectors. We selected the following baselines: (i) the
original fDSST tracker, (ii) DaSiamLT (long-term Siamese tracker), and (iii) a lightweight detector-
based pipeline (YOLOV10s original with CPU inference) as reported in recent literature. Results on
VOT2019-LT: F-score = 0.667 (Precision = 0.671; Recall = 0.664), higher than fDSST (0.598) and
DaSiamLT (0.631). The delay threshold reduces the number of false detection triggers by 80%.

Table 2. Quantitative performance of the main components in the system.

Components FPS (CPU ARM) FPS (NPU/NEON) mAP @ 0.5 (Detector)
YOLOV10s (original) ~1 19.3 53.8%
fDSST (original) 43 101
Integrated system ~24 Hz

5.2. Monte-Carlo simulation
Experimental protocol. The Monte-Carlo simulation was implemented as follows. We ran 500
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independent trials (N = 500). For each trial, a synthetic sequence of target motion and occlusion
events was generated with randomized initial position and velocity within the image field. The image
noise model is additive zero-mean Gaussian noise applied to pixel coordinates with a standard
deviation gy (see figure 4 for values); occlusion durations and start times were sampled uniformly
from predefined ranges. The detector/tracker pipeline was run at the measured frame rate (detector
~19 FPS on NPU; tracker ~101 FPS on CPU) and the hysteresis thresholds in table 3.

LOS error computation. For each frame where the target is declared tracked, we compute the
image-plane pixel offset Ap between the tracked bounding box center and the ground-truth center,
and convert Ap to angular error using the camera intrinsic/ focal length f (angular error per pixel
= a = 0.0716°/px as used in the simulation). The instantaneous LOS angular error is therefore
0 = |4p| X «a (radians). For each trial, we keep the maximum angular error and the mean angular
error over time; statistics reported in table 3 are computed across trials.

Re-detection latency. When an occlusion event causes a lost track, we record the number of
frames until the detector re-localizes the target (re-tracking latency). The distribution of re-
detection times across trials is reported.

The results have been achieved: The average LOS error angle was obtained as 0.0059 rad
(~0.337°); re-tracking time after target loss was < 0.3s; 90% of runs had no false state transitions.

Table 3. Monte-Carlo simulation parameters used in the evaluation.

Parameters Values

Sampling cycle (50 Hz) T, =0.02s
Equivalent focal length (0.0716°/px) f =800 px
PD control parameters K, =8, K; = 0.04
Hysteresis latency threshold Tiow = 0.45, Tpigp = 0.75
Simulated pixel offset Noise ¢ < 5 px
Monte-Carlo Statistics Number of runs = 500
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Figure 4. Monte-Carlo simulation results.
5.3. Integrated simulation of UAV LOS stabilization
Simulations are performed with the LOS stabilization system for UAV with parameters: m =
1.3 kg, J = diag(0.02,0.02,0.04) kg.m* K, = 12.0, K; = 0.01; control cycle: Ty = 0.01 s;
target data coming from the image tracker has an average delay of 40 ms.
The LOS reference angle is determined according to (27). The PD controller with K, = 8, K,
= 0,01 ensures stability. The average LOS deviation: 0.006 rad (~0.337°).
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Figure 5. Integration with LOS stabilization for UAV gimbal.
6. CONCLUSIONS

The paper presents a real-time long-term target tracking algorithm framework, combining the
optimal YOLOv10s detector and NEON-accelerated fDSST tracking on an ARM platform with
NPU. Theoretical and experimental analysis confirm the stability, accuracy, and high performance
of the system. The system achieves stable tracking, resists temporary tracking loss, and maintains
a small LOS error, meeting the requirements of UAV reconnaissance and optical sensor
stabilization applications. The integration of the image tracking algorithm on the UAV body
camera shows that this method eliminates the mechanical gimbal block, reducing mass and energy
consumption. The stabilization process is based on an intelligent UAV attitude controller, which
can be combined with an IMU and camera observer to increase accuracy. With the full model (6
degrees of freedom), it can be extended to the Preview or Zero-Sum Game controller and ADP to
compensate for delay, wind, and body oscillation. This is a suitable direction for small
reconnaissance UAVs or dual-rotor UAVs where the space for installing a gimbal is limited.

While this work integrates detector optimization, NEON acceleration for fDSST, the adaptive
multi-feature confidence mechanism, and LOS stabilization simulations, we note that some
components (e.g., full 6-DOF flight tests, extended environmental testing) are outside the scope of
the present manuscript due to platform/time constraints. The primary contribution of this paper is
the integrated algorithmic framework and its demonstration on an ARM + NPU embedded
platform. Future work will target extended flight tests, more diverse environmental datasets, and
the incorporation of re-identification modules for improved long-term identity preservation.
Besides, we will also focus on improving the control quality of this system.
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TOM TAT
Thuét toan bam muc tiéu dai han thdi gian thye trén nén ting ARM c6 gia téc NPU
va irng dung trong on dinh dwong ngam UAV

Bai bao nay trinh bay mot thudt toan bam muc tiéu dai han hoat dong thoi gian thuc, dwoc
16i wu cho cdc nén tang nhing ARM c6 tich hop gia toc NPU. Hé thong két hop bg phat hién
YOLOvI0s di dwoc cdt tia va lwong tir héa véi bé bam fDSST dirgc t6i wu héa bang tdp lénh
NEON. Hai khéi nay duwoc lién két thong qua chi sé do tin cdy thich nghi dya trén hop nhat
nhiéu ddc trung va co ché ngudng tré (hysteresis) nham kich hoat bg phdt hién chi khi can
thiét. Phan tich Iy thuyét chimg minh tinh bi chan cua bg loc twong quan, on dinh ciia qud
trinh cap nhdt trong so thich nghi, va gioi han xdac sudt sai chuyen trang thai theo ham mii.
Két qud thiee nghiém trén nén tang Orange Pi 5 Max cho thay, hé thong dat toc do trung binh
19 FPS cho phdt hién va hon 100 FPS cho bam, dong thoi duy tri dé on dinh khi ¢é tré, nhiéu
va che khudt tam thoi. Mé phong Monte-Carlo va mé phéng on dinh duong ngam (LOS) trén
bé quay UAV xdc nhén sai s6 géc cuec dai trung binh khoang 0,006 rad va kha nang tdi bam
nhanh sau khi mat myc tiéu. Thudt todn cé tiém nang img dung trong cdc hé thong on dinh
dwong ngdm, gidm sdt va trinh sat quang hoc thoi gian thue.

Tir kho4: Bam muc tiéu dai han; YOLOv10s; fDSST; NPU; ARM; On dinh duong ngém UAV.

34 L. K. Thanh, V. Q. Huy, L. B. Tuan, “Real-time long-term ... UAV line-of-sight stabilization.”



