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Adaptive foreground focusing for target detection
in UAV aerial images

Xiao Zhenjiu, Wu Zhengwei’, Zhang Jiehao, Qu Haicheng
School of Software, Liaoning University of Engineering and Technology, Huludao, Liaoning 125105, China

Abstract: To address the issues of missed and false detections caused by significant scale differences of
foreground targets, uneven sample spatial distribution, and high background redundancy in UAV aerial images, an
adaptive foreground-focused UAV aerial image target detection algorithm is proposed. A panoramic feature
refinement classification layer is constructed to enhance the algorithm's focusing capability and improve the
representation quality of foreground sample features through the re-parameterization spatial pixel variance method
and shuffling operation. An adaptive dual-dimensional feature sampling unit is designed using a separate-learn-
merge strategy to strengthen the algorithm's ability to extract foreground focus features and retain background
detail information, thereby improving false detection situations and accelerating inference speed. A multi-path
information integration module is constructed by combining a multi-branch structure and a broadcast self-attention
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mechanism to solve the ambiguity mapping problem caused by downsampling, optimize feature interaction and
integration, enhance the algorithm's ability to recognize and locate multi-scale targets, and reduce model
computational load. An adaptive foreground-focused detection head is introduced, which employs a dynamic
focusing mechanism to enhance foreground target detection accuracy and suppress background interference.
Experiments on the public datasets VisDrone2019 and VisDrone2021 show that the proposed method achieves
MAP@0.5 values of 45.1% and 43.1%, respectively, improving by 6.6% and 5.7% compared to the baseline model,
and outperforming other comparison algorithms. These results demonstrate that the proposed algorithm
significantly improves detection accuracy and possesses good generalizability and real-time performance.

Keywords: UAV aerial images; panoramic feature refinement classification; adaptive two-dimensional feature

sampling; multi-path information integration; multi-scale objective; dynamic focusing
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Fig. 5 Broadcast self-attention (BSA) mechanism structure
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R R SCFRAAE 2 ARG I 45 SRAE S DA
TERKIE Bl RIIEAR SO SC ATt fl, 4
SC_FCI (adaptive sparse convolution module for fusing
contextual information) Bk, Z5HUNE 6 frzx; FfF]
FHZRL e — 2D ARG I S, BP A 2 0 5 SR AR A
sk AFF Detect {14 7 /s .

XF T[] ROBE Y AR AE [, A Sl 3 A AM
(adaptive masking) 55 L 58 BRI 5 OCHAFE Y Sh 2
RS REA G, LA RS B2 SR,

HARMT S, AM B A5 285 4 i 3 AR ™ 3 K ]
PAN 2 i tH AR AE BT 75 (1) BB #R 2 ground-truth #4773

0, MRS RES N REIRC e R, Hi e
PR NI 2SR BB, 2 Al 23 0 s R

R e HE T8 B o PR 0 S 4 RTAN R i A A
FEEP: o
_ Pos(C) .
Pi—m,l—l,2,3, (14)

K. Pos(CHFRBIFGR T, Numel(C)FRITAH
1RRBCR . PR AR S PR iR G MR H, B S
A PRI A RS e . e

Pos(H,) )
Law = LZ(Numel(H) Py (15

—EEP-L%?PANIEI}E’@ H'E{OlBXlXHXWE'EE
Gumbel-Softmax"™" Xf B FFAE S, € R*V 13 1 {1
ERDRE R

H - { o(S;+g —g)>0.5, For training

For inference (16)

S; >0,

A o ()R sigmoid PREL, S, HIHERT N 2% Wi €

REx1x3x3 Xj— Q/\ PAN % i ):' ﬁE M%Ed‘ X,- c RBxCxHXW%

FRPTRIIBECRAE, g« g NBENL gumbel M7
RN S B R SUE R, RUE T

Adaptive sparse convolution module for fusing contextual information (SC_FCI)

Global mapping information

— PWC ——

GI

Adaptive mask

Adaptive
masking

) :
Sparse i
H, + convolution Yis
4, 3x3

\

B 6 SC_FCl#%#
Fig. 6 SC_FCI structure

Adaptive foreground focus detection head (AFF_Detect)

SC_FClI —— » Sparse Conv ————»

SC_FCl ——  Sparse Conv ————»

Bbox Loss
ST > (Clou+DFL)

Cls Loss
Conv2d ——» (BCE)

H/7 BiEETFELALN L (AFF_Detect) 24
Fig. 7 Adaptive foreground focus detect head (AFF_Detect) structure
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SRy, ARSCGHERE PWC X ARHIE X 17 UG G
F) 6k B 4 Jsy e B {5 Gy, I & CIGN (context
information group normalization) 5 — LA B F 42 )
FEG 5 RRHE U, ik — D B SR R R Y R I8 BE
2 CIGN H458 5 FRIEE, ;AT
U;,j—mean[G;]
std[G;]
S U, AR X SC FF%, mean[1375
Y, std [ 1RRPRIEZ, ol b T2 B8
SC_FCTifid 5l A4 Jmy b F 30tk 5 Al b HE
o, WS TS AR RERE S, FRAR TR
PRSI SRR, (2 ROBE R A H RIS |
DA O TG

3 SEWARSH

3.1 BIEERKWING

A 3% VisDrone2019% /A JF 4 4 48 i 17 52 56
Bk, AR A E PR AP Sz,
KHR¥ AISKYEYE FIBASCEE A . i 8i s 1eh
E AR S AN AE. 25, £
HRMEE, WEAR T mNg R, BUREAS
10209 FKEFAS R R, Hr 6471 sk F TR, 548
sEAHTEE, 3190 3 H Tk, w10 #2350
17 N (pedestrian) . A (people) . H717 % (bicycle). 7%
% (car), L% (van), K% (truck). =% (tricycle).
MEFHZ- =427 (awning-tricycle), A4 (bus) FEEFL
% (motor) . VisDrone2021"" % #i 48 4k /K I 9 @ T
VisDrone2019 AUEHR AT S, FELRSKIE A B4t 7
Z s BARIAR RS 40bR i o

SZ B 3R 554 Ubuntu 18.04 #:/E & 48, CPU Ky
Intel Xeon Platinum 8255C, it #E 4% % & 2.50 GHz,
GPU 4 NVIDIA GeForce RTX 3090 64 GB, 4if&ifi s
A Python 3.8, TRJE % >JHEHL K pytorch 1.8.1+CUDA
111 A TAEXT Ak agEae, Fr A 7R AR
I G g i 1| N7 N 20 1| O || A/ N4
(batch_size) &M 16, #IhH2=>1 %K 0.01, YIZRFEL
(epochs) >4 200,

E., = wx +bj=1,23, (17)

3.2 {EfriEER

RS K A SR Precision. {3 013 Recall . %
ORI WIAE FPS, VYA BESA(E AP AT 2K FE
¥IH mAP@0.5 (IoU [ 1B HL 0.5 B} ) mAP ~F-341H).

mAP@0.5 : 0.95 (IoU |5 {H 43 % Bt 0.5. 0.55. 0.6,
0.65. 0.7. 0.75. 0.8, 0.85. 0.9. 0.95 A} f{) mAP F
PIE) . BRI R GFLOPs R & 425 5 H bk itk
TP 52507, X (18)~2 (22) i, TP MIE
Wkl HbrZH , FP hists HArdkH , FN Mt H
FRECH o XRHRARH

TP

Precision = ———— , (18)
TP+FP
TP
Recall = ———— 1
N TPYFN (19
1
AP = L Precision(Recall)d(Recall) , (20)

1 ! -
mAP = - ;fo Precision(Recall)d(Recall) , 21)

Framenum

FPS (22)

~ ElapsedTime
3.3 HELXIE

F W IE AT YOLOVSSs (19451 Mtk 55 g 1)
HRePE, i VisDrone2019 B4 L YOLOVSs Jy kit
AT RS, SEI0 A B SRR PR B e A
—H SRR | P, Hdh N FoR %
HEREHE X7 FoRAM

71 EIASREW], 5] A PFRC 2 5tRHES>
KIZeA B ITTRE R, S ERR A,
Precision #£ 1 3%, Recall 25 T 4.2%, mAP@0.5
T 2.4%. ¥ ATFS RU4E4S A R AR He s i bn i
BAUR, Precision #2781 3.7%, Recall #2571 5.3%,
mAP@0.5 427 T 3.3%, GFLOPs (&K T 1.7%, &
Il ATFS BE % 3% o R AE $2 HURE 7, PR TR A 2% .
MPFT Z 22 3 B ARHUEN T A LT UEE,
5 BAASRY O R b s (S AR E AR AR, bRt B g
¥, mAP@O.5 4% T 4.2%, GFLOPs [£1% 7T 3.3%.
AFFDH [ 18 [ Fif 5% 2 A A 3k 20 45 36 5 8 2R
WD EME R, mAP@O.5 #1751 1.3%, GFLOPs [%
KT 2.0%.

¥ PFRC 1 ATFS 458 He [a] i 5] A 48 A5 A,
mAP@O.5 #2155 T 4.7%, X uiH] ATFS BBHE 4 1 = 4L
M oRAE PFRC v ) G 88 1 5t RRAE (% B o ¥ PFRC.
ATFS 1 MPFT £ 8 s Jin B BL L6 A J5 . mAP@O.5
A HC AL 7RI PFRC A1 ATFS B B 42 55 T 1.1%,
GFLOPs [£{X T 2.8%, iXZH] MPFT X} & R B 7 e
N TRREER, e TR . % PFRC. ATFS,
MPFT F1 AFFDH [F] B &8 in 8 e i i vpr - BIAS SC Y
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TR RN, AH EE R Precision $2 /5 T 8.4%),
Recall 325 T 7.1%, mAP@0.5 255 T 6.6%. 4RI
ASCEGEE R RT A, SRR BEAS P T A 22 RUE H AR
KoNERRRE RS B, oot R B R /b R SC
FE B IR AR S ), WERH T AR A
B,

b E— 5 55 E o HE B AR (Y 1k BE L AR SOTE
VisDrone2019 Kudia4E b X} Lb 1 @il S8 10 45 28 5 -2k
HERE mAP@O.5, Z5RUNE 2 FiR, £ 2 iR, %%
SR RS BE 24 T4 T, DA Gy I L
/NERRRRIIECR W2, AT TR MR

3.4 FFtkikme

AR SCH R 5 R N 0 858 2 R R AR
WATHEAE VisDrone2019 ¥R 4 FHEATXT e, ALFE
RetinaNet™ . YOLOv5s, TPH-YOLOv5"™ . YOLOv7-
tiny'” YOLOvVSs Deformmable-DETR" YOLOv10s"* |
Improved YOLOv5"™" | Faster-RCNN, % bt 528645
= 3 frn.

XTHEE R R, SO AIAH L YOLOVSs, i
3 (Precision) 7 1 9.4%, [ (Recall) i H 9.0%),
mAP@0.5 % 1 10.7%, mAP@O0.5 : 0.95 & i 9.8%.
5 TPH-YOLOVS #H Lt , 2ACatk A5 B 7F A o % |-

&1 PRk 4 VisDrone2019 k¥ 4 49 ¥ 6k 52 3
Table 1 Ablation experiments of the proposed algorithm in the VisDrone2019 dataset
Number YOLOVS8s PFRC ATFS MPFT AFFDH Precision/% Recall/% mAP@0.5/% GFLOPs
1 J x x x x 49.7 375 38.5 28.8
2 J J x x x 52.7 a1.7 40.9 34.3
3 V x N x x 53.4 4238 41.8 27.1
4 N x x R x 54.5 415 427 25.5
5 J x x x V 52.4 41.4 39.8 26.8
6 J J J x 54.0 43.4 43.2 32.0
7 J J 3 J x 55.8 44.2 44.3 29.2
8 J J \ V V 58.1 44.6 45.1 28.9
2 HEERELAEA L RI%
Table 2 Comparison results of the accuracy of ablation experiments by category/%

Number Pedestrian People Bicycle Car Van Truck Tricycle Awning-tricycle Bus Motor mAP@0.5
1 37.2 27.6 14.7 77.4 42.9 39.0 23.8 215 56.1 394 38.5
2 38.2 223 18.9 81.0 441 41.2 18.7 255 58.1 35.6 40.9
3 39.0 31.0 18.4 80.9 449 42.9 24.6 19.9 60.3 39.7 41.8
4 41.8 33.2 17.6 83.8 454 40.6 25.8 26.1 61.5 456 42.7
5 33.3 221 16.3 734 394 41.0 211 229 57.4 40.9 39.8
6 44.8 34.7 18.9 84.7 46.6 50.7 26.8 254 58.3 49.1 43.2
7 52.8 42.0 20.1 83.3 46.7 43.8 28.0 26.7 60.8 52.7 44.3
8 53.9 41.3 241 87.8 50.5 45.3 31.6 28.9 62.6 55.2 45.1

4% 3 VisDrone2019 448 £ 2 vk 23045 R

Table 3 Results of comparison experiments on VisDrone2019 dataset
Model Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/% GFLOPs FPS
YOLOv5s 48.7 35.0 344 18.5 15.7 120
RetinaNet 355 21.9 20.3 12.5 92.9 26
TPH-YOLOvV5 494 37.0 36.9 19.1 14.6 125
YOLOv7-tiny 50.1 41.2 37.6 22.6 129 113
Deformmable-DETR 52.4 45.0 44.2 25.7 179.3 69
YOLOv8s 49.7 375 38.5 22.1 28.8 129
YOLOv10s 55.4 40.7 411 23.8 21.6 133
Improved YOLOV5 57.7 43.0 43.9 24.9 343 99
Faster-RCNN 48.0 35.1 35.0 21.8 425 23
Ours 58.1 44.6 45.1 28.3 28.9 145
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8.7%, A K& H 7.6%, mAP@O0.5 & Hi 8.2%,
mAP@0.5 : 0.95 &} 9.2%. 5 % #L55 : RetinaNet
I Faster-RCNN AH L, MO Y AR RGN i 3% (FPS)
PEE T 6 4%, GFLOPs 23 HIFEAR T 65 F1 14.6, HAlh
febrti Ay BERTE. SRR YOLOV7-tiny AL,
A T (G A o B Y 8.0%, A IR Y 3.4%,
mAP@0.5 & 7.0%, mAP@0.5 : 0.95 & I} 5.7%,
FPS i il 32, Ab#EET R, 5 YOLOv1O0s #H I,
AR AR () A v R 2.7%, A3 18R Y 3.9%,
mAP@0.5 55} 4.0%, mAP@0.5 : 0.95 & i 4.5%,
FPS & H 12, 5 Improved YOLOvS #H b, i i
RS 3 [0 3R 1.6%, mAP@O.5 & 1.2 %,
mAP@0.5 : 0.95 & ! 3.4%, GFLOPs [%& £ T 5.4,
FPS & i 46, Deformable-DETR ) 7 [A] 3 B & |
mAP@0.5 5 IR AH AT, (H e B 9 GFLOPs
1~ Deformable-DETR ) 1/6, FPS J& Deformable-
DETR ¥ 2 1.

[ 8 {78 T YOLOVSs 5k 5 ekt A AU TE Il Zrid
PR S PN R bR AL

1Y g% 1, e 3 A BUAY Precision, Recall,
mAP@0.5 Fl mAP@0.5 : 0.95 ZEEM 8 bRt T ek
BB, CYYIABGAT] 120 580, BOEIIFIAILSL, X

0.6
0.5 MWV

—— Ours
YoLov8s

Precision
o o o
N w N

o
o

0 50 100 150 200
Epoch

0.50

045 |

040 |

0.35 |

2 0.30

O .25

< 020
0.15 | —— Qurs
0.10 |

0.05

YoLov8s

0 50 100 150 200
Epoch

2 I Bl RS YA . YOLOVSs H A B i b A6 4 BE
RETEZ NUEE H Al v 2 i i B R e

ZE LTIk, SR AR RR L R S5 Y Bk B
TR AR ARG INORG B2 L PR A R D 3 N e AR P £
AE. TETC AN SR HARKAT 55, S H e
P

AXSCM VisDrone2019 B#f 4 i £ 17 “H bk
P B ET M) M RET SR RERE,
TR RIS R AT T Al Ak, S5 aniEl 9 fr
o MEHTATLIE H, Deformable-DETR I FH H i )i
SRAE SRR BB T BT ALL, B TxE/ N B AR AR e
1, ABTERGIN A R EE BARET, 2555 H BT AG )
5 RetinaNet, YOLOv5s. TPH-YOLOv5, YOLOv7-
tiny. BDH-YOLO. YOLOv8s., YOLOv10s, Improved
YOLOVS, Faster-RCNN FikAH L, ek i Al 7E — 20
S rh R B AL A ARIIPERE . AR ORIEAG UK B2
FIRIES, A R T A R ARG )

Sy itk — 20 B IE SR R 32 AL B D) R S
EEPE, A SCME VisDrone2021 SR b %k 48 5 vkt
PR HSEES . SCERas R 4 Fin . 458K, %
PHRAIYE Precision, Recall, mAP@0.5 1 mAP@0.5 :
0.95 atr EIGOLT HAIA P

045
0.40
0.357,

0.30
®0.25¢)
[6]
020}

015}

0.10 —— Ours

0.05 YoLov8s
0 ,

0 50 100 150 200
Epoch

0.30 [
0.20

0.15

mAP@0.5:0.9.5

0.10 — Ours

YoLov8s
0.05 |

0 50 100 150 200
Epoch

B 8 YOLOvV8s & s #tARA 1748 A7T bk

Fig. 8 Comparison of evaluation indicators between the YOLOv8s and improved mode
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B9 stibXEETML R, (a) RetinaNet; (b) YOLOVS5s; (c) Faster-RCNN; (d) TPH-YOLOVS5; (e) YOLOv7-tiny;
(f) YOLOVS8s; (g) YOLOV10s; (h) Improved YOLOVS; (i) Deformmable-DETR; (j) Ours

Fig. 9 Comparison test visualisation results. (a) RetinaNet; (b) YOLOV5s; (c) Faster-RCNN;
(d) TPH-YOLOVS5; (e) YOLOV7-tiny; (f) YOLOVS8s; (g) YOLOV10s;
(h) Improved YOLOVS5; (i) Deformmable-DETR; (j) Ours

% 4 VisDrone2021 #c45 &£t b b st B

Table 4 Results of comparison experiments on VisDrone2021 dataset

Model Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/% GFLOPs FPS
YOLOv5s 46.6 33.1 31.9 16.1 15.7 115
RetinaNet 31.5 18.9 15.3 10.5 92.9 21

TPH-YOLOvV5 454 34.0 33.6 16.3 14.6 119
YOLOV7-tiny 48.8 39.2 34.6 19.9 12.9 105
Deformmable-DETR 51.5 421 42.0 224 179.3 62
YOLOv8s 47.7 375 374 19.8 28.8 120
YOLOv10s 50.7 38.1 40.5 21.2 21.6 127
Improved YOLOv5s 52.2 40.7 421 226 343 88
Faster-RCNN 46.1 33.6 32.3 18.8 425 20
Ours 53.1 42.6 43.1 24.3 28.9 138
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Adaptive foreground focusing for target detection
in UAV aerial images

Xiao Zhenjiu, Wu Zhengwei*, Zhang Jiehao, Qu Haicheng
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Comparison of evaluation indicators between YOLOv8s and improved mode

Overview: To address the issues of missed and false detections due to significant scale variations of foreground targets,
uneven sample distribution, and high background redundancy in UAV aerial images, we propose an adaptive
foreground-focused object detection algorithm based on the YOLOv8s model. This algorithm incorporates several novel
components designed to enhance detection accuracy and efficiency. First, a panoramic feature refinement classification
(PFRC) layer is introduced. This layer enhances the algorithm's focus capability and improves the representation quality
of foreground samples through re-parameterized spatial pixel variance and shuffle operations. The PFRC layer
effectively refines the spatial pixel distribution, highlighting important features while reducing noise. This ensures that
the foreground representation is prominent and clear, thereby improving the algorithm's ability to detect objects
accurately. Second, we incorporate an adaptive two-dimensional feature sampling (ATFS) unit. This unit employs a
separate-learn-merge strategy, which strengthens the extraction of foreground features and retains essential background
details. By dynamically adjusting the sampling grid to various scales and orientations, the ATFS unit enhances fine-
grained detail extraction. This not only reduces false detections but also accelerates inference, making the algorithm
more efficient. Third, a multi-path full-text information integration (MPFT) module is introduced. This module utilizes
a multi-branch structure and a broadcast self-attention (BSA) mechanism to address the ambiguity mapping issues
caused by downsampling. The MPFT module optimizes feature interaction and integration, enhancing the algorithm's
ability to recognize and locate targets accurately. By processing different feature types simultaneously, the multi-branch
structure and BSA mechanism reduce the computational load while maintaining high detection accuracy. Finally, we
propose an adaptive foreground focus detection head (AFF_Detect). This detection head employs a dynamic focusing
mechanism that adjusts based on input characteristics. The AFF_Detect head improves the detection accuracy of
foreground targets and suppresses background interference. This dynamic adjustment ensures that the algorithm
performs well across various scenarios, enhancing its robustness and generalization capabilities. Experimental results on
the VisDrone2019 and VisDrone2021 datasets demonstrate the effectiveness of our proposed algorithm. The mAP@0.5
values achieved are 45.1% and 43.1%, respectively, representing improvements of 6.6% and 5.7% over the baseline
model. These results indicate that our algorithm outperforms other state-of-the-art methods, showcasing significant
enhancements in detection accuracy, robustness, generalization, and real-time performance. In conclusion, our adaptive
foreground-focused object detection algorithm introduces innovative components that address the challenges of UAV
aerial image analysis. The integration of the PFRC layer, ATFS unit, MPFT module, and AFF_Detect head results in a
comprehensive solution that enhances the representation of foreground features, reduces false detections, and optimizes
computational efficiency. These advancements make our algorithm a valuable contribution to UAV-based object
detection, offering a significant improvement in performance and reliability.

Xiao Z J, Wu Z W, Zhang J H, et al. Adaptive foreground focusing for target detection in UAV aerial images[J]. Opto-
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