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UAY object tracking based on template feature buffer and adaptive attention

CHEN Long', DING Meng'?, SHI Lei’, LI Zhihui*, XU Xiaoyu’, PAN Yilun'
(1. College of Investigation, People’s Public Security University of China, Beijing 100038, China; 2. Public Security Behavioral Sci-
ence Lab, People’s Public Security University of China, Beijing 100038, China; 3. State Key Laboratory of Media Convergence and
Communication, Communication University of China, Beijing 100024, China; 4. Institute of Forensic Science of China, Beijing
100038, China; 5. Guangdong Provincial Forensic Science of Evidence Materials Engineering Technology Research Center, Shen-
zhen 518033, China)

Abstract: Existing UAV object tracking methods typically retain only the template information from recent frames,
leading to the loss of critical historical appearance information. To address the challenges of information loss and effect-
ive utilization of historical data in UAV tracking, this paper proposes a novel tracking method based on template feature
buffer and adaptive attention mechanisms. 1)we design a template feature buffer module that maintains a comprehens-
ive repository of historical target appearances through a sliding window mechanism, effectively addressing the informa-
tion loss problem inherent in traditional methods. 2) we introduce an adaptive attention mechanism that employs chan-
nel-level attention to dynamically evaluate the relevance of stored features, enabling intelligent weighting of historical
template information. 3) we adopt a plug-and-play architecture that integrates seamlessly with existing mainstream
trackers, enhancing the algorithm's practicality and versatility, and design a symmetric sequence evaluation method to
validate the effective retention and utilization of historical target information. Experimental results demonstrate signific-
ant performance improvements across five mainstream tracking algorithms, with average AUC improvements of 2.34
percentage points on the UAV123 dataset, 7.24 percentage points on the UAV20L dataset, 4.11 percentage points on
UAV123-L, and 9.14 percentage points on UAV20L-L, validating the effectiveness and broad applicability of our method.

Keywords: object tracking; UAV; template feature buffer; adaptive attention; plug-and-play; historical information;
computer vision; deep learning
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Table 1 Statistics of standard and extended UAV tracking

datasets
\ W Z/ NN &/ NI O
Btk FIIEK WO W e Y UiE
UAV123 123 109 3085 915 112578
UAV20L 20 1717 5527 2934 58 670
UAV123-L 123 217 6169 1829 225033
UAV20L-L 20 3433 11053 5867 117320

T AT PR AL R ER R M RE, AR T
H b BR ER S 12 A8 AR HETE AN 8 4222
F5 Hh £ T 1f FR (area under curve, AUC) ., H i ¥
(Precision). 50% 5 & K & (overlap precision at
50%, OP50) F1 75% 5 Z 4% & (overlap precision at
75%, OP75), Mo, AUC i Il i i o) R i 42
) TE RR P AV A BRI M B8 5 RS B2 8 A H TP Al oh
U 5 A VETR I 3 OPSO T OP75 43 31 I+ i 3l
W1 FAE 5 S FE S L 50% 1 75%
MBI R o X BEF A DA (] £ B2 4 o BRI 4 1) 5
57 K B F R Dy 6, 8% 75 W sz e B 95 A 4% P R
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GPU ) TAE s, B iF A7 Br4 i A A R 1k 22 77
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TERAF X K/ N 20, F 38 N 7 T 1) i GE
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SRy S I i B 5 vk A TP, AR SR AR e AR
2 5 MR R IR EE A . ATOM(accurate
tracking by overlap maximization)', DiMP(discrim-
inative model prediction)¥,| PrDiMP(probabilistic

discriminative model prediction)>!, ToMP(trans-

former-based model prediction)® FI STARK(spatio-
temporal advanced werk for tracking)®”, X 86 i
AR [l B R ER A A & 1, b 4 PR A
Pt T R SR

R T X A3 B Ty 1 U SO R T
OHE IR A, 76 5 2L S g 25 R rh, 4R AT AR R AE
GEAEBL IR A A T IR R AR S — ARl
“-BA”MIE . BN, ATOM-BA FR8E M T4
T $¢ 75 12: ) ATOM BRER %%, DIMP50-BA R7R H2 il
T AR T 89 DIMP50 BRE: 4%, LLIL 2R HE
P2 MBI R, BT AR R IR 22 A7 AR B
HA T T R AT (-BA) TEAS [R] JE 4G 1 B B
ar DY REHT R KRS RE AR T, (H AR AR E A AE B
TR X2 FEI T A5 IR AR TR iy
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Table2 Comparison of tracking performance on standard datasets and extended datasets %
. UAV123 UAV20L UAVI123-L UAV20L-L

ik AUC Precision AUC Precision AUC Precision AUC Precision
ATOM 64.23 80.59 53.43 69.55 58.68 76.12 45.17 59.70
ATOM-BA(A 35 1%) 66.71 83.59 62.51 80.15 62.87 80.48 56.68 74.40
DiMP50 65.32 84.42 59.83 78.28 60.38 78.60 51.63 70.26
DiMP50-BA (AL i) 67.13 88.24 65.01 84.42 64.43 81.54 60.63 78.97
PrDiMP50 68.01 85.45 61.29 79.78 62.94 79.96 53.24 70.83
PrDIMPS0-BA(ZASCT)  70.09 89.03 67.60 85.66 67.64 83.82 61.53 79.22
ToMP 69.02 85.85 61.53 80.04 64.25 81.12 54.22 70.74
ToMP-BA(A 35 %) 71.86 87.99 68.89 85.17 67.93 85.40 61.99 79.92
STARK 71.53 85.84 62.24 80.85 67.92 82.38 56.63 72.85
STARK-BA(4 3 J5 %) 74.03 89.65 70.53 86.98 71.83 85.65 65.76 81.00
SRR +2.34 +3.27 +7.24 +6.78 +4.11 +3.74 +9.14 +9.83
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FR R, PRI E I T,
242 #EREHEHEEA

7 37 NVIDIA GeForce RTX 4090 GPU il
T AT R M B . R A STARK 1R by 3
LB, AR o BEAE 128x128, R X
256%256, & STARK [ 4 B 8 & oA 39.2 Mi/s,
MGEAE IR 20 B, L B R 34.9 Wi/s, T
R 29 11.0%, (AR FESCRTPE . GPU 47 4 3
N2 15%, 1EFAL GPU B BAE A = T $57 ,

X A L 4R IR R A%, 2 WA SO VR S R

J& R B0 /N T STARK, T B I 2 298 7%~9%,
XS K4 Transformer 22 4% B+ 50 52 4 B 4 v,
I ABSMELHG AT R R B TR, S B 2
W 2% (convolutional neural network, CNN) 22 4 () &
LT AR BN, PPt i &S IF 8 LA 8
. SRR, Pt Jr vk B9 i IF 55 A6 AN [ 22 4
AR, R T R A
243 HAXFEHERIE

R 55 E T T VA R IR AZ FRAE & B St H
P, A SCHE R A i A G EOF £ Jetson Xavier
NX(BC# 8 GB A7) LiffAT THEE I, Lk
FH STARK-BA fEmARFEAMESZER, i AR S 5k
S 5 — B (R 128%128, R X I 256%256).,

3 i, RE AT & iR
BT 5 A BT R, BT R Oy 9k AR IR AZ BRER
B RE T AT Z M PERE . UEZAE X KN A
10 B, SRR BE K 12.5 Wi/s; MO A7 X K/ 2
20 B, MUREFE 2 10.3 Wit/s, hRE PR R LA M

x3 FERARTA Jetson Xavier NX ERIHEES HiR & A
Table 3 Performance and resource usage on the Jetson
Xavier NX embedded platform

[+ PR /(W) A7 5 HI/MB
Baseline 14.2 1236
GEAFIX KN 12.5 1342
A7 IXR/N20 10.3 1415

2.5 HBLSCIR

Shy 4 T VPAG T £ 7 0k v 45 AL PR R STk, AR SC
AT T IHRLSE S, 2R G0 AT AR R G2 47 X K /N
P52 e A B A R 2 A B T R [ 3 1 3 3 0 7
AN [ R 25 R 4 L A Ak
2.5.1 B4R K DFra ot

GEAFIX K/ O 5 B 5T R RCR I &
HSE N E RIRE A IX KN, ASCHE UAV20L
B4 L STARK BREE#R AT T AR B A7 X
KNHIRE FE 250, SL g0 45 AN K 4 iR o

R4 ERBLEEFRNGEREREERMITELERORM

Table 4 Effect of template feature buffer size on tracking performance

GEAEIX RN AUC/% OP50/% OP75/% Precision/% B /(i)
Baseline 62.24 71.72 57.23 80.85 39.2
5 65.78 79.64 61.05 83.27 38.0
10 67.45 80.52 62.47 84.36 36.5
20 68.56 81.31 63.23 85.01 34.9
30 68.94 81.58 63.51 85.33 33.7
40 69.12 81.72 63.68 85.47 32.6
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W Xt 4 A HT T LUE Y BEIMRAE X R
/NRE A RE SR T IR R i, (HAE A X /N i
20 JE s ol . MIRERTERER B, MNILL (L%
17 IX) B A7 X K/ 20 B PEAE 42 7 & i 3,
AUC 7+ 6.32 H 5 15 (M 62.24% % 68.56%).
— B WEIN AT X K/ e R PRl 25, (A 42T
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392 Wi/so MGEAFIX KN S I, I B N
38.0 Mi/s, #H ELEEZE T FE 2 3.1%; BAFE X K/ A
20 M, HEFEE EE N 34.9 Wi/s, ML IEL R 2
11.0%, (AR PRSI IRERRE 1 . HE— 3 KB A7
[X 22 30 1 40 B, B 20 ) B 22 33.7 Mt/s A
32.6 Mi/s, T FEMEFE K 14.0% F1 16.8%, 5 T4
eI

ZEA P R IR MR BE S T B AUCR IS, A SC
VERE 20 VENBAF X R/ FELELE T, BRERSR1E
P 5 I BE R B (34.9 MT/s, 5 AR ST PR EOR)
AR B, BRAS T 2 A P REHR T (AUC 71 6.32

B4y ), ST B RS B ST ORI
-

FE SE R R A, B R AE 28 A7 B He () K
i AR HAR G S ORI TR AL . TR R
FoOE 3, Tk R ORI A K E (A
20~30) LAPR B B8 22 Iy S0 AR B 0T BEUR A2 FR (19 4k
AT, TS BB/ EAEKIE (A0 5~10) LI
Mk RERROR o BLAh, Bhrdg st i 22 Bt 2 &
B R 2 7E B bR A B Y ol PR A T 45 A
Yo, BRI E A KA B T O IR i R e
P T AE B AR N WA X RS E B T g b, Bl
HIZAF K BRI 77 R .
252 MMAFIEZ G L IEZE HHAH 2K

IE

R T AR SC T O ik b A AL R R TERK, AR
SCEREE T 3 FRHCE - 1) WA SRS IE A7 R B Y
FLZRPRER A 2) FLA BORRAE S8 A7 A5 B (R 4 N
T AR ACE A IR B2 48 (G2 A-B); 3) IR A B AT AR
FRAF AN [ 36 N 1 2 I M SE ok el
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Table 5 Ablation study results (AUC and Precision)

%

. UAV123 UAV20L UAV123-L UAV20L-L
i AUC Precision AUC Precision AUC Precision AUC Precision
ATOM 64.23 80.59 53.43 69.55 58.68 76.12 45.17 59.70
ATOM-B 65.56 82.65 60.73 78.63 61.41 79.32 55.43 72.67
ATOM-BA 66.71 83.59 62.51 80.15 62.87 80.48 56.68 74.4
DiMP50 65.32 84.42 59.83 78.28 60.38 78.60 51.63 70.26
DiMP50-B 66.67 86.89 64.35 82.28 62.91 80.55 59.77 76.97
DiMP50-BA 67.13 88.24 65.01 84.42 64.43 81.54 60.63 78.97
PrDiMP50 68.01 85.45 61.29 79.78 62.94 79.96 53.24 70.83
PrDiMP50-B 70.07 88.24 66.27 83.83 66.18 82.73 60.15 77.45
PrDiMP50-BA 70.09 89.03 67.60 85.66 67.64 83.82 61.53 79.22
ToMP 69.02 85.85 61.53 80.04 64.25 81.12 54.22 70.74
ToMP-B 70.71 87.48 66.95 84.04 67.85 83.01 60.28 78.21
ToMP-BA 71.86 87.99 68.89 85.17 67.93 85.40 61.99 79.92
STARK 71.53 85.84 62.24 80.85 67.92 82.38 56.63 72.85
STARK-B 73.72 88.79 68.56 85.01 69.45 84.32 63.55 79.77
STARK-BA 74.03 89.65 70.53 86.98 71.83 85.65 65.76 81.00

TE: IR BRI
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Table 6 Ablation study results (OP50 and OP75) %
. UAVI123 UAV20L UAV123-L UAV20L-L

ik OP50 OP75 OP50 OP75 OP50 OP75 OP50 OP75
ATOM 78.45 61.51 65.41 51.91 73.13 55.88 56.08 43.49
ATOM-B 79.48 64.14 75.01 58.31 77.58 59.59 69.83 53.18
ATOM-BA 79.70 64.11 76.74 59.67 78.93 60.58 71.02 54.26
DiMP50 80.3 63.03 73.15 56.54 75.42 58.73 63.24 46.74
DiMP50-B 83.26 65.06 78.25 61.20 77.97 61.36 72.70 56.84
DiMP50-BA 84.39 65.50 80.10 63.32 80.35 62.25 75.97 57.25
PrDiMP50 81.2 64.34 76.10 56.08 76.60 59.33 67.77 47.83
PrDiMP50-B 83.51 65.71 79.67 62.42 79.71 63.49 73.29 57.76
PrDiMP50-BA 84.82 66.18 80.27 64.03 82.03 65.26 76.60 58.01
ToMP 81.65 66.01 77.02 56.03 76.06 60.34 68.43 47.11
ToMP-B 84.00 68.04 79.34 63.42 80.14 63.36 74.04 57.50
ToMP-BA 84.36 69.47 81.05 64.41 81.19 64.58 76.73 58.98
STARK 83.24 65.25 77.72 57.23 80.71 62.48 71.39 51.43
STARK-B 85.42 66.88 81.31 63.23 82.52 65.16 77.49 59.92
STARK-BA 85.58 67.83 82.28 65.22 83.80 65.57 79.99 62.91

TE: IR AR R

T X 5 R 6 Bg R AR, PN
AT P e WCHE AR T TR . BOAR R AE 22 A7
IX (-B) 7E A B it T ORIERS 25, 75 UAVI23
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LU Bph il P 22 AF B, 25 PEIN HR AR 4 3RAR T A Ah
2T, 78 UAVI23 |, AUC %425 0.31~1.15 1
43 5 Precision &AM 25 0.70~1.35 H /0 & 7E
UAV20L I, AUC i JM ¥ 55 0.66~1.97 A 43 &1,
OP50 % AP 25 1.73~1.85 43 5.0

TEY BRI, Frde ik K B IR R g )
A 55 1) PR A5 OISR TE Ol 1 32 . ATOM-BA A
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Mo B XS O Rl B[R] S AR . ) /) STARK, A5
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3.91 A 41 s F1 9.13 'H 43 i) AUC #2714

Kl 4 HWER T 3 87 ETE 4 B4 B
V) AUC HEREARfL . INAZAFEI (-B) J5, PERE

TE T A BOE 4 B B PR A, JU A UAV20L-
L EM 52.2% $2TF 2 59.8%; #F— L fl A [ 38 W 1
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) o 66.9 0669 SEHITE (BA)
< 65167
S
2 60}
551
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Fig. 4 Average AUC performance comparison of different
methods

B R RE A TE B GE T B, AR SO L 2R
IriESHENR T EARFEZ A S Bl FEE T (-BA)
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(p<0.001), AUC, Precision, OP50 Fl OP75 8 %543
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Table 7 t-test analysis results

PHRRE PRI A i1 pla
AUC 5.71 —8.82 <0.001

Precision 5.90 —8.31 <0.001
OP50 6.14 —7.57 <0.001
OP75 6.40 —8.46 <0.001

5 45 T R A] BRER 3 5 T 3l 1 G [ 35 N
BN BBCE oA AT B B S 3R R RR AR G A
(C1~C20, MMIRJZ BN = R RRAE), PRI 3% ZL ]
o, B TR R R ACE KN, o] DUWERF]: IE

PRER G 50 ACE S 7 K2 FHIEE 1E (C7~C11),
PRI AT R AR AR 0 O S it 5 SR 3% 5 N AL
FHEIE (C13~C17) ¥6 %%, ULIH R 40

TGS =

Sl 3 5 1 SCGCREAE %) 5 DR XTI Y 5 AU
AR A e AT S A B SR 5], 20 38 I R B
i, R RFREB LR G A H 2 2R AR IEE B B A5
HMIARA, o 3 ol 2 785 38 3 A FE 3 B R ) A B %
Al 5 BB 18 5 dc R OC 1 Dy sl R AIE, A U T T 7
8RBT T IR IR e

BE AR, A SCRF LR PR 2 37 5 iF — 20 WAL g3
Mro Bl 64T 3 48i% STARK, STARK-B Al
STARK-BA 7£ UAV123 ¥ 4 car-1 ¥ 51 b 19 IR
EEPERE, ATALAL R R T AR SCY Tk G e B B ] g
R EREEE . BEE BRERMIEAT, FE4 STARK £
TR R ER AR, BT MR B 1 7R A R )
PR BRI 4P RS . STARK-B #5 ol sk S50 1A —
Sk, B R R R AT EME., MLz
T, STARK-BA il 33 X JJ5 50 A AR RR AR FE AT 38 B
FUHE A BE, 72347 5 R 3 X IE B H AR i — 2K
PREE

1- 1- 11 0.08

2- 0.10 2- 0.10 24

N 3] N 0.07

4 0.08 4 0.08 4 0.06
R 5- R 5- R 54 =
% 6 006@ % 6] 006@ % 6] 0051@

71 -0.04 7 -0.04 [ -0.04

8- 8- 8 -

9 - .0.02 9- .0.02 9 -0.03

10- 10- 10 -

Cl C5 C9 Cl3 Cl7
R IE

(a) IEH IRER 55

Cl C5 C9 Cl13 C17
EE T

(b) BT
Bs5 HENBEISANESH

Fig. 5 Distribution of adaptive channel attention weights
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