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Fusion gradient improved YOLO and KCF models for UAV target
recognition and tracking algorithm

Wang Wensheng'” ,He Junyao',Huang Min"*, Wu Guoxin®

(1. College of Mechanical and Electrical Engineering, Beijing Information Science and Technology University
Beijing 100192, China; 2. Key Laboratory of Modern Measurement and Control Technology, Ministry of
Education, Beijing Information Science and Technology University, Beijing 100192, China)

Abstract : In view of the small and unobvious target of the UAV and the re-tracking problem after the target is occluded, an anti-UAV
recognition and tracking algorithm, YOLO-G-KCF, which integrates improved YOLO and improved KCF models, is proposed. This
algorithm introduces multi-channel gradient features and original image features into the YOLOv10 algorithm by means of feature
concatenation in feature processing. Therefore, the improved algorithm has a better detection effect on targets under strong light,
shadow, and other complex lighting conditions. Meanwhile, the multi-channel gradient features are introduced into the KCF target
tracking algorithm, and a multi-scale detection is designed to make the KCF algorithm have good scale adaptability. The KCF tracking
results are introduced after the Head, and the new loss function Inner-loU is calculated to more accurately identify the tracking target.
The experimental results show that the YOLO-G-KCF algorithm achieves a 95. 3% accuracy rate when tested on the dataset comprising
multiple open-source UAV video target tracking. This is in comparison with the original model of YOLOv10, wherein the improved
model’s mAP@ 0. 5 has an increase of 1.37% , and the average precision mAP@ 0. 5 reaches 94.28% and the recognition speed reaches
112 FPS, which can operate at more than 100 FPS to satisfy the real-time requirements of UAV target recognition and tracking.

Compared with other algorithms without sacrificing speed, introducing recognition mechanisms for tracking and improving them has better
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recognition and tracking effects. YOLO-G-KCF algorithm realizes the recognition and tracking of low-speed, small-sized, and

low-altitude unmanned aerial vehicles in situations where the target is small, not prominent, and occluded. It has high recognition

accuracy, strong anti-interference ability, good real —time hardware development, and certain theoretical research and engineering

application value.
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Fig.2  Flowchart of gradient feature extraction
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Fig.3 Multi-feature extraction and feature concatenation
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o, OldSpeed F11 NewSpeed 43 B3 BT 8] 1)
EURH S, Speed threshold A3 FE B, W& S8
Confidence {RRAVGR AT {FE

T e R 22 5% 8 S IH— A6 AE Dive, 38 2 1HRIH —
TEEE flag FIT I UIUXT HE T — U3 45 SRR 15 22 5]
R EAFF /N, Y flag BUERIPEh IEH I, W JCH
PEATERER FARAY AL IE 5 S EUE B S — e Y el D=
JETE R B A B A T, A flag RO Rk Y
YOLOvIO 81k 45 2 B 5 & conf, LLILIT 15 3] S 5
Confidence ,ffiJHZ 4L Confidence FIWTFE PN ZE R 2 E
HERR , AR IR R 5 R LR 5 I W R 5 JOT 1% s BT i B H
bRAE bR 2 KCF 50k AT ol . 72K T2 HiR
REN, Dive M flag 1F R 554 T HERFIBE S iz, 5
NS Confidence NI BN Dive Fl flag #EATHIWT, 4752
A 1FE KCF PR 4550 K YOLOVIO 78 3 53136 43 15 3130
WA RAL N KCF Bk, Y FR AP BRSE MU | I T
YOLOv10 #) 2 #F B 35 YOLO-G-KCF 3] 58 A, 2K Lt
YOLOv10 Bk A7 [ml e 45 B3R5I i ] | B AR il
AEBR CEARBE conf | IoU HR/NESH, BEISHURH
T BRSRT 1A 28 Ji S I 1 B B 5 i [l 05 R )
PERRFEAT T — WS

FES: Detect #5431 UM S5 3 0 & LR
YOLOv10 55 3 o A9 N 35 22 3+ kb (inner intersection over
union, Inner-loU) Fl_I R 28 235345 25 1 LU {E 15
Wiz, AR loU SIS0 : GloU . DIoU Fl CloU
& RN B AR R S S TG ERER 45 AL B | Sy
TR A T o 4 8 B T BOR IE B ToU 17 At i
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YOLOv10 557 MR 5 4o 2 vp 1 A2 A6 L B br T35k
Z HARFUNES 2% 225 5, 25 245 SR 4l Ak AR
TR FNAR bR EL B s 22 i B IR BR B , TEIRFR a2 s e —H
bR, YOLOV10 Bk 583 5 KCF B3k a] DUSRo#b 1t Bk 53
KCF R 5335 1 0 32 SR B S I 25 SR ek, I 5 s AN
BTN K HARRE AR SEAT YIS, AT B TE) 15 ot rp A
TE R 1 b, 7 BRGS0 Ao A v AN B 3k A U U
i A R Z B 20 T — i) A B R AT SR B
Tz R R T 2 R0 HARK I, 76— FE B b v
IR ARSI e R v E bR RUBE AR Ak T B R Y R Y R
TE H BRI i R v B ARG A v A e v, i S
Jri& , YOLO-G-KCF 8355 b YOLOv10 35 F1 KCF 8.3k
AP IR R R A AR

2 SCIGTENIE

2.1 SRIINEMSH

fdi F YOLOv10m A58 %05 5 475 5 2E A7 )1 25, Y i feld
F 47 FL Ay 2 ( command-line interface , CLL) #£47 )l
i, AT LI Y A FREE BN, REHE N
Ubuntu 18. 04 R4, Ab#i#F A AMD R7-5800X@ 3. 8 GHz,
48 GiB 1171, GPU {# | NVIDIA GeForce RTX3060Ti
8 GB WA, f#i [ Visual Studio Code 452/, Qt Creator
w5t 0 S, 18 YOLOv10 ., OpenCV-Python | Torch |
NumPy PySerial , Uservo S =TI, Ho Keftracker 22
T FFRACHS A T4, T AE Python3 BABE T K A B2 REAE
2 KCF Bk b S R B 80 4 i A 2t 11 g 245 455 A4
FETALER 22 2 FR BE 2 ) B F IR R FE 2 2 HESE PyTorch,
F & ¥ 5% A PyTorch 1.12.1, CUDAI11.3, OpenCV
4.3.0.36,Python3. 8,
2.2 BIREMINGER

NARAE UAV 7223 SR PRI A5 T LA R BRI A L
EAB DL ARIH AT DA BT AR I8RO 2R
[F RS A TC AHLER i Je A BLABEEE 2 A A i H A5 5 7 5t
OB (R AR A B35 fY IR X 22 8y 41
JRABIESE BT 19 TE AHLEHE 2, T YOLO-G-KCF 1%
BN 25 5T, SO ) YOLOVIOm A6

AHFFEHRERIE T GitHub 1 i FF IR EHE 45 DUT-
Anti-UAV (A Deep Learning Approach to Drone Monitoring
Anti-UAV F1H AT IE 0 48 TP AF & R I 43 TR R
AT 5B R AL % AN TR AR BE RO TC AL B 5T S
HTEABLE T FI/N BER T APLE 331 21 027 5K, 4%
PR AR A Labelimg HEATARTE T ZH ROEHE 5 . BOd
B4l 722 - 1R LU BRI 53 I GR AR KR FIge uE 4R Hrh

14 719 SRAERUIZRAE 4 205 TRAEWEIESE 2 103 TKAE R
M, S L8, 8RR I RS HOCHF8 IR (epochs ) 1%
B R 400 epochs\ﬁﬂ‘l}ﬁ( patience ) % 4 100 B —Uk
AR PR & 4 (bateh) 8 -1 ( A SR i AR
%K/ (imgsz ) ¥ B 640 pixels . B35 N # £k 72 80
(workers ) 5 BN 24 workers, TEZUHEEIIZET, TR E
it CME ( patience) 2 100 %8, >4 100 %6 N Il ZR45 5L AT 3
A BT BRI ISR BRI 2k 327 A H B
WEVIZR, FEINZRad B b, b6 5 Uy 3 ks aff 3 1 ok
JEARR , ARAE B0 R 7E 26 BB iA ) 86. 55% , A FE 4K
BIBE I, R 8 Rk 8 o, mRARREAE 95.3%  fli ]
mAP@ 0. 5 VE MR 2R F K5, YOLO-G-KCF HikHY)
mAP@ 0.5 i %] T 94.28% ., YOLO-G-KCF # 54 X} [t
YOLOv10m #ERIAEIZRAHIR A R B B T, YOLO-G-KCF
FPRIER R ) YOLOVIOm 25 5. 5% , P-4 45 & mAP@0. 5
rrth 1.37% , 7ERCNRE 2 b, YOLO-G-KCF B ik & T
YOLOvIOm, 7E mAP@ 0.5 K5 3R | 73 1] 3 [ 5 2L AR 4
RrIRE BETE & . 236 % L AR 1  AR AR 9 SR %/ B A
PURER OIS B i s

TEWUINE bR 5T 57 D3 BE A o Y R4 D 36 1 1R
F SRS 4 205 K IER, BEALRG B A5 R A& 6 it
7 BRI ZREE RN 7 fs . FERL T i FHE 5t T
#12% (bounding box omission loss, box_om ) 1t FE 4%l 15 I
FAR Y 3 5 HE 1 2 1 B HE 8 & 1 4k ( bounding box
overlap loss , box_oo) & FH T 5 Tl ify A 5 FLSEHE 2
(8] ) B & 1R 22 ;0 2R R 45 2K ( classification omission loss,
cls_om) FETERAY S S I 48 H AR BA BOE#R 432685 732
&K (classification overlap loss , cls_oo) 1%3¢ HFrIEH
B EE RO Ry SLA AR R B E UL . B PR HE AR
(metrics ) JH T4 B A5 AURG AN 73 2 0 255 R I, HAH
R
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Fig. 6 The recognition results of each algorithm
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Fig. 8 Data validation results
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Fig. 9 Validating the results of the dataset
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PRER EAf A m FE TR, BU T RE Ty, AT
TP ARG 22 3 T 20 301« PR DX R 1 285 (fast
region convolutional neural networks, Fast R-CNN) Y3
Z K M 2% ( single shot multi-box detector, SSD) .
YOLOV8 . YOLOv10 FIAHF5E YOLO-G-KCF 3%,
SFHIMR (frames per second , FPS) 2 4% Bk AR
S EE , FPS AR Z & HEJF 4301 0 : Fast R-CNNSSD |
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Table 1 Comparison results of performance of different

detection algorithms

oAl =R7S AP/ % FPS
SSD 79.23 62
Fast R-CNN 74. 64 42
YOLOvS8 89. 85 118
YOLOv10 92.91 131
YOLO-G-KCF 94.28 112

FHEAZE RS, s R ml %0, YOLO-G-KCF £ JC ALK
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Fig. 11 Algorithm detection effect images
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Fig. 12 The result images of tracking after loss
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A 13 HFra] 41, YOLO-G-KCF %k ELAT 5 P i 43 591 5
FEVA MRS T T B0 B AR R 2 BRI AR . X L
JE YOLOV10 5335 , 1l L 2% B AR o R 340k 1 I s 5 3 14
BREEIT , A R ORI T OB (AR IH AT SRR BRI ; FLAS
M EOMUECIR T YOLOVI0 83 (B4R IH B 45 R
S

®2 HREB

Table 2 The results of ablation experiment

Wi Recall mAP@0.5

RS FPS

/% /% /%
YOLOv10 89. 8 88. 1 92.91 131
YOLOvIO(#J%) 90. 7 86.2 90. 47 124
YOLOv10+KCF 92. 4 90. 2 91.85 128
YOLOv10+KCF (Ef ) 95.1 91.7 92. 14 119
YOLOvIO(#6J ) +KCF  93.3 93. 4 92.76 121
YOLO-G-KCF 95.3 95.2 94,28 112
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Fig. 13 Algorithm detection effect image Tracking effect

diagram under occlusion
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