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Abstract

UAV target detection is faced with the problems of small and dense small targets, large changes in
perspective, diverse target poses, and feature degradation caused by complex illumination environ-
ments such as dark nights and strong light. At the same time, it is limited by platform computing
resources, making it difficult to balance detection accuracy, robustness and real-time performance.
In order to solve the above problems, this paper proposes an improved detection model ATS-YOLO
based on YOLO11. Firstly, the C2f-CA module is introduced into the backbone network to enhance
the feature expression ability, the TADDH structure is introduced into the detection head to im-
prove the multi-scale feature fusion effect, and the bounding box regression loss is improved in the
training stage to strengthen the focus on small targets. Through the above design, collaborative op-
timization is realized from three aspects: feature extraction, feature fusion and loss constraint. The
experimental results show that the proposed combined ATS-YOLO has achieved a significant im-
provement in small target detection performance compared with the baseline YOLO11 model on
the VisDrone2019 dataset. Compared with YOLO11n, ATS-YOLO has achieved 0.025 and 0.018 im-
provements on mAP@0.5 and mAP@0.5:0.95, respectively, and reduced 0.292 M and 0.61 MB on
Params and Model size, respectively. In addition, in the comparative experiment, the index of the
improved module is also significantly better than other algorithms. The experimental results show
that ATS-YOLO achieves better detection results while maintaining the lightweight of the model,
which verifies the effectiveness of the combined strategy and provides an effective solution for effi-
cient and robust target detection in UAV scenarios.

Keywords

UAV Target Detection, Small Target, Multi-Scale Feature, Lightweight

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

B To ANHUEE A (R PRI A J DA AR B S B R ettt , B ANUEES T A [ 1] RAED 0 #r[2]. HUs
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AR, &6 R, SR EAIEET YOLO RANEESRWE T 2Mou 77 5. X [7)5 52 H ol
YOLOvSs J7i%, it EAHHE. 5]\ SEC2f 3 & /i K ARFEAT I Sk, $2F+/N B Anta iR B, (HX) 5 2%
I A TR T2 0] . 22 B 5E[8] 5558 H it YOLOVS J7i, @it SCAM JE i Jikkibh & SC-AFF
FRIERL G 451, FF5IN Transformer, 2% 8/ B IIRGE, (AR 20 R38N . SRR 915 92 tH MFF-
YOLOvV7 J7i%, @i 2 REERHMER G VER NI SR i Sk 52 /N B s DURS F2 57 g D s, (R4
MG E R, THEFER R 5KEHR[10]124H B 23t YOLOv7-tiny /7%, J@id 5] A\ ConvMixer. /N H bx
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LI 2 R A Sk, ST H e AW B bkl PR e, (BRSSO A FITsin . BRig 75 (115542 H 5ot
YOLOv10n J7i%, @i 5l N C2f-MC B /N HFRRAAER R a5 4, SR B B AT /N B bRi DR B2, {H 3
B E G, NN ERIEDE YA R . mILE[12]5 42 H REIW-YOLOv10n 5032, it
WAE T 2% RHERLE UK BB, A RBERTHIE T 222/ BV RGBT € 55, 2
A VAL IFEEE HE /)

BEA TN S5 IR BE 2 ) HOR PRI e, /N H BRI IZ AT BB S e, IR ILH V2 B9 2
B EHERT, PRSI ES YOLO11 S&5e#ER MR eIt 1 R ERT 7T 5 st TAE. 234
[13]%42¢H ADE-YOLO 7732, iR EMEEMITE. BRI fl G kil Sk f GO R g, $EmiB ik
INEL RN HARRIS B Bt (BAE 2 sz ARe i 0T A AE — € PR . SRESE[14]5542 HH ACFI-
YOLOI11 J5i, s ZH 028 AR, Tiny Head & SPD FFHIMGH/N HARFFIER L, LEFL TR MRS &
(IR SRR AL, (R RS MRS . BER[15]44 tH LED-YOLOV10 J5¥%, iid 5] A MCIR. C2f-
CM J% Focal-EloU #ik %, SEILZ REAFENT o SEA B, fER 0T R B RIHIRE, H
SRR, HERRRCRATIAA AL ]

gi b, B TR B SO R IR I . 2 RERE G HLH] S A Ik ¥tk $e THIe AN/ B Ak
WPERE, (EANAAAER G5 S 2% THELTT 3G LA S AE iR i B 28 7 5t T B i It AN R 45 ) . T Bk gy
Hr, ASCAE YOLO1 In BEAY R HESR LR B4Rt —Fh G 0 8 AN B AR I B RN A ST . |, R
k4> 5] X TADDH (Task-Adaptive Dynamic Detection Head)45#4), 8IS AT 55 H & M AR AE T B P L il 184
SR RPERAERIERE 1, Rk il St %37 5 H A RE 1. FLR, FEMZE 2+ SR e Rl & B Bl
A C2f-CA (C2f with Coordinate Attention) [ 161453, F| F AR AR B JIHLIAE DR 40 52 5 4 45 1) 1) () N i A 2
() A7 AR BB, AT F2TH 2855 /N RUBE B AR FHAIRL B 2548 B RFAE R IR BE 0. b4k, itk — 9w/ A
Pkl ERE, ASSCIY) SADR-Loss fEJRA ToU R4 i EAl F, I AREEAHSCHIRLE R, X/ BRI 7
S AL, K H ol BRI, AT S B AN [R)RUBE H AR B ) A4

W R, BT R I T IEE AR R A R AR SR PR R, SRR TR /N B AR pAS
AEST. SLIREE REW, £ VisDrone2019 L AN HRE B4R b, SO AEAT IIHS [2 S5 R IERIL e )
J7HHAS 7RI, SRR T TR TR AR .

2. YOLO11 &8

YOLO11[17]/ YOLO &AL M EHRA L —, FEM LM FrIERIE RE 77 DL TR R T T
BEAT T RE— 2D, AT ARG B 5 B ek P 2 [ A B P~ 48

YOLO11 #5538 5 42 {1k 2 P A [F] KAL) 9 48 hik 4, f.4% YOLOlln. YOLOlls. YOLOIlm.
YOLOL111 #1 YOLO11x ¥, YOLO11 RIS HaE . ttFEWME 1 fros. Hd, YOLOL1n fRAS /2 i
BEARER, R AT, BEE T (Backbone). i fAiSiH(Neck) TCAM ARG I sk (Head) VU #4573
AL A, HOBARZERI NP 1 Fin. YOLO! In (S AT S AR /N, RESETE LRAE— s ARG FE 1)
7 ) 42 3 PGB R A R B, DR b B i FH - 9060 52 PR AL % DA B SEE IR A4 45

i YOLO11n #A I ERIN AR )N 640 x 640, SR1, EX ANUIAS S, BGH K E B R
~HRNH A A% 4L . VisDrone2019 HE 4 H K& HARTE M BUE P S IR R, RN HEE
B, /D EARTERHEEI R S8 T RFEEISS, AT maks il R . Rk,  ASCLE S8 ok i N BUE R
WHE N 960 x 960, LAOREAE ZEBANTTEE, AN HFRRFERIERE 1. T YOLO RAI#EA
KA GG, eiEiENA R RS N EUE,  PRICTEAS S5O X 24 46 4 (10185 O BRI {6 P B s 0
BTN R 54 .
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Table 1. Parameter count and computational cost of the YOLO11 series models
F# 1. YOLOIl RIRENESHESIHEE

Model Input size/pixels Params/M FLOPs/B
YOLOIl1n 640 2.6 6.5
YOLOLl1s 640 9.4 21.5
YOLOIlIm 640 20.1 68.0
YOLOL111 640 253 86.9
YOLOI11x 640 56.9 194.9
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Figure 1. YOLO11 network structure
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3. ATS-YOLO &8
3.1. ATS-YOLO By 2 iE44#

ATS-YOLO =Z7E YOLO11n HEAYIERAH b4t 1) —Fh et B Ante il 2, L REAR S M 4T Hh 32T 4%
(Backbone). FFAFfRA P 45 (Neck) FAa il Sk (Head) =30 43 2 il o 7B LR R S5 N 28 B AARAE ZE AN AR (A RTFE T
AR SCERRE /N B AR IAT % % YOLO1 In (I SSEBEABEGIEAT 1B i B A1 A A Ak

BRI S, ASAEEFME 5] C2f-CA B, #f# T Coordinate Attention ALK C2f £ £
BJEA ) C3k2 Bibk, LAMESE W2 06t 28 A4 BLAS S IR RE Sy, MTTEETH N AR IR IER IR RE Sy . TEAG
Mk#4y, 51\ TADDH (Task-Adaptive Dynamic Detection Head) [18]45#), 5522 K AL 1) 5h 245 dE A
RES1, $RTHERITER J-3 5 PRSI ERE . BEAh, 7RI SRIY BT 12 FEAE B 453 2% R B2 AT A0AL,  TEARHE
ToU R I BERT b, 51N RBEREUMABLE], E1x /N B AR 7 58 m (45 AL, AT S B/ B AR

TEAR IR, ARSI O RLE FEATE T3 AT H I B R, 12 7E XX £ O Sl A HdE AT
ARMAHE SIER . @K C2f-CA. TADDH LA R K MBS A HLAL S F]) YOLOLIn FEZEH, g T —
AN A FLAT X /IS B RS IUAT 55 A0 A FRUAS I 0 265 o St &8 SRR B, %20 & SRS A AR EF IR R B AL I [RTI
BESETE T /N H AR BRSSO S B YOLO1 T A BN AR S5 M 5] 2 B
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Figure 2. ATS-YOLO network structure
[ 2. ATS-YOLO M4& 4544
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3.2. C2f-CA 13

1 H bRkl iR 28 o, =5 0 2 32 247 5 AN BUR TR AR B JZ IRRHE « KT, fE R AN IR s,
HT BRSNS SR, RS E R ERA RIS AR R 28 ) 2 e i X sk i = e A 2, M
T2 /N H bR PRFERILRE J7. s M 2856 25 (8145 B BN BE /7, ASCAE YOLOLIn EFMEH 5] A
C2f-CA fiitl, HA5H9M0E 3 fizm. Coordinate Attention (CA)REHR & — Rz B IER N, S5kt 4
Fiizn, i oy BIE KA BT M gEAT A Rt il A BAE B RN BTE R ), AN 7E 3 SRR R A
M E AR B R EAE S . HES M. TN, AR A BERFHEIRYLE /N H bR AR 237 50 T RHE
TR BE

C2f-CA FiHZAE C2f 45K 3ERl 5] N\ Coordinate Attention (CA)HLHITE AR AE B s AR e . %%, &
BINFHEE] X e R, Foh B RoRHR N, CFRORIBIEE, H A W 53 3R 7R AE B e 5 R0 58 %
N T AR S A IR RIA R, WA 1 x 1 BRI A ()X N R T I8 18 R 4
For x NE4E 5 PR IER R .

X, =Conv,, (X) (1)

WS K 46 5 PRI SN B C2f S5 T AT RAIESR I . C2f #Huilid £ 1> Bottleneck 10X RFAiE 1k
TR, IFERHEPHE LI Z 7r SUE B G, Hd R %Ry

FZCOI’lcat(BI(XC)sz(X )7“'3Bn(Xc)) )

c

Hrr g ()RR i 4 Bottleneck H.IT,  Cony () RANFFIEHHE A . T %451 BEGS £ R FFRUR T SR
[F] B 48 55 X 4% O RFIE R TS e
BfiJ5, K r ¥\ Coordinate Attention F5HR, 7% 5 A1 GE FE 7 [A) 43 Al 4T 42 Ry P 24034k -

H

(1) =3 D F (50), 2, (0) = 5 L F () ®
ez, Rz SR o S5 T AR B BE 77 14 ) 2 R AT AR o
T8 A AR AR i A RO BRI R, O RARRHIE AT AN, ERAA SN -
Y=FOoo(4,+A4,) (4)
e 4, 4, 3 R AT AR BRE B, o () BB AL, O RRiB skt .
BT B AR5 R v fEDD C2f-CA BBt o 2GR il & 2 (A ALBR A5 ., 385 145 ik I
XEORHE XS RIKBE ST, TG HARK IS5

—

CA-Bottleneck

CA-Bottleneck

Input‘{ CBS H Split }—' CA-Bottleneck " Concat

Figure 3. C2f-CA module structure
[ 3. C2f-CA 1HIREEH
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Figure 4. CA module structure
4. CA 18IREEH

3.3. TADDH #&3k

TADDH (Task-Adaptive Dynamic Detection Head)s&—F{T55 H & N Akl Sk g4, FAREARAE L i
5 B
Hoe, BORBRHMEE TIEMSEFEPN) R AREEN (7. 5, 5 ) » P Re rE-cmm FoRH 1 2R
fEo BN & ZRHE S AT I E B AR, 193G — 4L AR R OR
F::¢(E)a i:1>”'aL (5)
Hrh g () R EEREERZE, HTRARZ LB 2 [ R ]
BEJ5, W ILEAR R AT S5 B IE N Eh AR . R 3 B AR AL 55 [E] L5 4328 5 3 FAE RS P A

TAES, WERFHERE R T RAFAEZE SR, il Zh B A2 Lo R e AT AR 55 B @ N4 . 3)
S w, WIERE A 8 R A AR

W, = Sofimax (v, (F,)), t€{cls,reg} (6)
55 B 5 R AE R R O -
F,=W,0F, ™
Hh o RRIBICR L.
XF RS, (LSRR AN £, =W, o F » AAHFIN:
Pcls = O-(Convcls (F‘cls )) (8)
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Hrp o—()j‘jﬁ%/ﬁ@ﬁ, Convc,&y‘jé}%%@:l Zo
T LS, (5B RN £ —w_ oF . BIHHIA:

B, =Conv,, (F ) )

reg

R g, NINELFHES L
i R, TADDH B e 4 AR I AN AT AE 55 1 75 SR Eh & B RFERIE , Al 2R AE DR FF L 205

TEAT B [E] B 3 LA [ AT 45 75 3K
A[Conv_RegH Scale ]
Generator
l Mask &Offset
TaskDecom ) (
position J—[DCNNZ ) LConv_Reg]—[ Scale ]
TaskDecom .
£ Conv. GN Conveat e rtion ]—-[Multlply Conv_Cls
3x3 J
Conv
&ReLU&Conv
&Sigmoid —[Conv_Reg]—[ Scale J

]

Figure 5. TADDH module structure
[ 5. TADDH #&3R&E#)

3.4. SADR-Loss

SADR-Loss (Scale-Aware Dynamic Reweighting Loss)#H LbA% 4t ToU #8125, 1%L RSN FE e,
AN I T B 0 ROBE AU SR B T A 5 T B As e Re, B REFrp@H M 52 8.
Hoe, NIRTHEARLN /N EFRIERLRE /T, A SCAEAL Guids FHE [ EH 2R I RR il b, 51 N RO InAL
WL, JF456 0 A N SR (DFL), MW S0k s
L=L,, +L,, (10)

Horr, ToU [R5 5E XN

ol =ﬁi§wi ~si(1—C[oU,.) (11)
XA, crou, FRTNHES IHEZ MM EBE, w ADKEFENE, HTHEARREA N EE,
SRR BRRI ST TT, BIARERER s, HoE SON:

L

s[:{a, A<T (12)
l, A>T
Horit, 4 R AR

4 =(x -x)(37 =) (13)
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T /N HARBUE (B 40x40), o IR (BN 1.5). 24 HARHIAVN T BIE R, R8RSR,
MTTTAE I 53 R Hh R4S 5K AR P2 DR
I, O93RTHA FAE R AR AIEE,  SIAN A UER ik

1
LDFL:WIZWi'DFL(pisti) (14)

BRZAHRIA ToU Wil DFL W3k Ffef, Sext HArhr B 5l S E 2400 .
4. XW5TH
4.1. BUIEE

VisDrone2019-DET 0454 19]HH K HE K% AISKYEYE [FBAE %, J& — AN 70 T AHLAR A 1R IR 2
SR AR R E 14 M. SIS, 10 BEARGT A ABE. AATE. MNREE. S, R

By ZRE WEZRSE AZE BEREULAMBANST R wBIRE B RA RN s E.
TR R R, A I SR I 2 (R BRI RE T 2 RUESh S @ RE 71 LU/ H AR E RS FE SR U 18

LA S ASCTSE C2f-CA R (H 9573 (A 2 & 2 45) . TADDH BERGRTHMESS H &N 2 RERIX)
AR A5 R ANBL SR (AL /N H bR A0 I 2 & 508 77 1 232 . BRIk, VisDrone2019-DET REWS A 2k
A A FREAE TS AN B SRkl A5 55w o) A4 1t R 5 A 28k
4.2. THIEER

AR ICR FH V- 40K B ) {E (mean Average Precision, mAP) ' ] mAP@0.5 1 mAP@0.5:0.95. S &
(Param) FIE K /N (Model-size) E 9 PPl A P BE IR A% o FR A
4.2.1. FIEEINE

V1485 FE 51 {H (mean Average Precision, mAP) A BTG 250 AP (°FIME, A& VAN 2 850K
LAY REAR M R (1Y) L LR b

mAP@0.5 F&/RTE ToU (Intersection over Union) & {E A 0.5 K115 mAP:
mAP@0.5= mAP|bU:O‘5 (15)

mAP@0.5:0.95 FI/RTEZ S ToU BIfH T HI°F3) mAP, BI{EM 0.5 £ 0.95, KN 0.05:

MmAP@0.5:0.95 = > maAP| (16)
1€{0.5,0.55,+-,0.95} a
4.2.2. B¥E(Params)
RS H R R N R T A v RS H a8, RIS R A EARIAGE ). TR ARA:
Params = ZL:Params, 17

Hrr, NS Z%L, Params NE | EHIZEE.
4.2.3. E& K/ (Model Size)

TR RN ARG S 75 MG B 25 (R), 38 LUK T (MBY A IRAL, B M5 A 15 & v] 47
o TFEARN:
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Paramsx b

18
1024> (18)

Model-size (MB) =

Hr:
o Params: B LS &

o b: TANSEALET T BT 178 (bytes per parameter)

e 1024°=1, 048, 576: FIi(Bytes)F i Ik 7F (MB) #5525

4.3. jHRLSCLG

SRIIGAIE A SC T3 AR H A A A AU , AR SCAE VisDrone2019 $a 42 1 8 il s 56 3047 %3 HL 437 o
VH Rl S 6 o ) AR ek, FESEUHEREAY(YOLO1 In) kil BiZb 5] N4 bR, Mg A M E A AR Ak,
T 58 B PPAG R AR DL S A% 2H 5 %o ARG DUDKS BE R DT ik e S50 285 Rk 2 o .

Table 2. Ablation experiment results of the proposed algorithm module on the VisDrone2019 validation set

7 2. IREMEEEREE VisDrone2019 IHIEE FAIHRISEINEER

WaRrS C2f-=CA TADDH SADR-Loss mAP@0.5 mAP@0.5:0.95 Params/M  Model size/MB

YOLOl1n 0.438 0.268 2.592 5.25
FEQ) \/ 0.452 0.274 2.742 5.57
Fi%Q2) \ 0.445 0.273 2.207 4.49
FE(3) y 0.441 0.271 2.584 5.25
Jiik(4) \ v 0.444 0.272 2.207 4.49
Jii5(5) S \ 0.442 0.273 2.660 5.40
Jii5(6) \ \ 0.452 0.278 2.304 4.69
J5(7) \ \ v 0.463 0.286 2.300 4.64

SR, ARV FSGESE G YOLO In #E8Y, DL A0S BEER 7R AR RS B 5 15 0 4 4 B 7 THI 1Y)
SERRTTEk. B, PRI G C2f-CA S, mAP@O.5 H1 0.438 &7+ % 0.452, mAP@0.5:0.95 &
FEZ 0.274, B YUR T 5] A7 EAS S I SRLE], ARG TR N H AR AR RFAE RIS BE T,
HSHEMEA M. %, N5\ TADDH (J77% 2)i, mAP@O.5 #T+2 0.445, AN SH & H 2.592 M
22 2207 M, RIFILIESET 2 REERHER A 68 10 F A RURK TS Z . BEJS, 5]\ SADR-Loss
(J73)f5, mAP@O.5 $&F+ % 0.441, Ui BH O30 2% BB RE S AE — B R FE AR A e s 2 .

P, B G SIS R A RIS B B A RGP EVER . 245] X\ TADDH 5 SADR-Loss (77
5 A, ARALRE R — MRt — DR T 454 C2f-CA 5 SADR-Loss (J71£ S, BB 7EARIERS B 42T
PR IR R TR 4, 24 C2f-CA 5 TADDH 3L[FE/EH (5% 6), mAP@O0.5 i 0.452,
mAP@0.5:0.95 #&TH £ 0.278, {EKSE 528 E 2 IS | 8A-F.

B2, MR R A BN TR, B REIA BRI, mAP@O.5 il mAP@0.5:0.95 437
FETHE 0.463 F1 0.286, HEFELL D HIHRTE 2.5%A1 1.8%. AN, HAISHE N 2.300 M, HAUKFN 4.64
MB, IR NI I 56 KE, I i 2 B A A SRS AE R FF AR A2 B AL 1 [E]I, AG 2%
PETF T ARG R, B 1% o R 1A Rt S BAME

EFXt e 2 B misLIf 45 5, TADDH S (775 )R R T35 (mAP@O.5 13Tt 0.007), J&
D] A ) 25 BN 1) 5 22 1 R B P 2 (AR AR D AR, T 28 = T I ik = AU S e ), 33
NEFRALEAE BB, BB LR B RAUCR AR E . HUA 2 C2-CA J64T 5 N I 9 A i f=
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TADDH 193 71413 R (77 7% 7 $27F 0.025).
4.4. XFECSCEG

HEIE: ATS-YOLO HUELE FILREVERE, K 5 NIRRT H e R B 5P ERe R3S, ¥
MR A 5 YOLOvVSs. YOLOv8n. YOLOvIOn A1 YOLOvI In 25 T Ak H bRas IR A 53047 1 0o Hh s
5o 5HAMBIAR, SuiTE mAP@0.5 IAF] 0.463, mAP@0.5:0.95 9 0.286, 1T Al xf LL ki A
[, SN 2.3, BERA/NN 4.64, 16 NIRRT b 2055 17T 4, 5 YOLOvSs #
tt, mAP@O.5 $#27F 8.6 N E 43 s, SHEIEIN T 0.523; 5 YOLOvSn #HLt, mAP@0.5 27+ 3.3 AN 4
s, ZEERAT 0.713. 5 YOLOvIOn #Ht, mAP@O0.5 $#2FF 2.9 NE 0, SEEWAD T 0411, 5E
RBIAHLE , e B AE A m] 2 BA 2 B 5 T, RS FE AR T YOLO L 1n, [R] N BEAY K /MY T YOLOVSs.
AR SO RYAE CRFFEL R WIS BE R [RIINF, R 3F T RARI S BB AR /N, R AR A2 A 5 SE A
Mge sy, &R/ EARRIR R 3 5. 458 3 .

Table 3. Comparison of common model experiments

3. BRARBSLIRILE

WaRrS P R mAP@0.5 mAP@0.5:0.95 Params/M Model size/MB
YOLOVSs 0.467 0.372 0.377 0.215 1.777 3.81
YOLOvSn 0.530 0.416 0.430 0.262 3.013 5.97
YOLOv10n 0.545 0.412 0.434 0.267 2711 5.51
YOLOlIn 0.553 0.412 0.438 0.268 2.592 5.25

ATS-YOLO 0.548 0.444 0.463 0.286 2.300 4.64

4.5. SIS RATMILIIEE
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Figure 6. Confusion Matrix (a) YOLO11n Confusion Matrix; (b) ATS-YOLO Confusion Matrix
6. JRBEEE(a) YOLOLIn BiEFEFE; (b) ATS-YOLO RIEFERE
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i & (a)rl ., Baseline 7E/N HARZET RABISE DN AFAE — B IRIE, RIS SRS AWHE . Mk
T, BE(b)H SO R 5 2l B 38 0, AR A X I EH B 5T, U A R R B R RIS RN ER F.

A, BN BARSEH] BRI R B E D, FRARIZERIR RTRE S B, RSEH S
BRI TR G 8 58
4.6. MR

NHE— P MR T R AE oy E X, SR Grad-CAM XS 45 kAT el #idk, wlE 7 . HAdig
X IAR A ) O X o ESCBEAR Y B A i B SE I FR T AR A H bR XA, SO X 38R v i HL i

Bz, o DI R N B R RS o [N, AR ER RS KN R F bR b, SRR TR ATY BE R AR A O T N B T
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Figure 7. Heatmap visualization comparison
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Figure 8. Missed detections of small targets in dim scenes
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Figure 9. Missed detections of dense small targets
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Figure 10. Missed detections in strong light conditions
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5. &t

TN EAE ) B AR B bR RN 8 S AR, A/ HAr 5 B AR 77
TG KB . x40 YOLOLL /NHFREGIRE 1A R 5 2 REEFRHER A NER R, ARSCHET
YOLO11n #&H 7 —FEe &4k /N HFs il R ATS-YOLO, B4 C2f-CA AAhRVER: /7. TADDH 45
G I Sk AR AR, BT 453 5% 52 OB A et . SRER 2 SRR B, 546 YOLO11n 1) mAP@O0.5 4 0.438 #HLL, X
BEJE ) ATS-YOLO 7£ mAP@O0.5. 4. H RGOS L3l 3] 0.463. 2.3M Hi1 0.444, ALK
LN 4.64MB, 7ESH0E SHIAYHAG 217G ZEE IR ATHE N el 7R R 5T, M T REgEEl
R 2 B LR A PR T — R . Tl BB . /N B AR S e S R AT L e DL
H, ATS-YOLO A& 58 fEfff i e A7 1000 H AR A, 752 P 2006 5 %48 H AR 56 A T R ILH B 1 &
B ARZAR BT AEAE — 28 =) PR, 7638 7 A o ARG R B S B Az W /s B b 2644 R T E /D =S, B TADDH
BLLRRAC GE R UM A R 78 0 RAE TR . SR S, A SCIR A ATS-YOLO £ & T+ B brks il A
FERIRIN ORAF T W 2% e A Ret, WA ANAEE R 5 T R Bl 2%, N AN AR
BER 2y RS B S AR At R T SRR S, B R TREN N ESHE AT 5.
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