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Optimized YOLOvV11 for blurry surveillance anomaly detection

Liu Yulei Chu Lili Li Bo

(School of Electronic and Information Engineering, Liaoning University of Technology.Jinzhou 121000, China)

Abstract: To address the low accuracy in anomaly behavior detection caused by blurry surveillance and complex road
conditions. this paper proposes an optimized YOLOv11l model with multi-module collaboration. First. Dynamic
Sample replaces traditional upsampling in the neck network to enhance target localization and recognition precision.
Second, a redesigned Multi-Window Attention module is integrated into the final layer of the backbone network,

the
lightweight ShuffleNetV2 is adopted as the backbone, significantly reducing model parameters while preserving feature

improving the capture of anomaly features in blurry videos while suppressing noise interference. Finally,
representation capability. Through the introduction of Dynamic Sample module and Multi-Window Attention module.
experimental results on the UCF101 and UCF Crime datasets demonstrate that our model improves mAP50 and
mAP50-95 by 8.5% and 13.1% ., respectively, compared to the original YOLOv11, effectively mitigating false
negatives and false positives. By combining ShuffleNetV2, the model’s parameter count is reduced from 2.58 M to
0.82 M. Overall, the optimized YOLOvI1 model better meets the demands of real-time scenarios such as traffic
surveillance, balancing detection efficiency and accuracy with broad application potential.
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BT AR T 23 . CNN 3@ 3 1 2 18 SRR 4 4 10
AE 7 35 T IF R BE F  52 2% ik ] 3 R CLndl il 2 By ) o {3
O AR AE B0 WL 45 3 5 P A a2 BT RRAE R 5 N
. HIEFE AT, Transformer 2R SEAE [ 12 S HLHIAE A
SR T A BRSBTS ML U
Vision Transformer ¥ {5 43 %] Jy He 7 51, 3 i 5 4 T 38
A R A )R ST, T A A 2 g B A AR A
M {5 B I 25 Transformer [A] B &b 3 25 8] 4§ 32 A1 ) (5]
e B, U kB R OF bR R A & Swin
Transformer" 3 53 % 1 5 1 WL A5 2030 328 B Al 5
23 [H)RFAIE S R S A 4 2L R 22 By W 4 1 0K B IR T R
RUE AT B BRI S0k X 5 5 AT A T A K T R
0B 3 10 B 2 W AT 55475 T G R B G« G — W s 0 i v
SEAT R B N GEE /N FEEE AR 5% D, &
Ze 5t CINASE B 11, Tl O AR R R B L R 3L
WA E A 10% LA 5, YOLOv11 £ Darknet-19 ‘T
PR 4% BEath b5 I AR BE 1T 43 88 45 B, 78 O e 52 B 1 1Y (] e
COCO 4 L mAP B #F 4T+, YOLOvI i i3 sk
1 22 RUBE FEAE il A 5 1 380 58 6 B /N S 8 A7 R 19 SR S B 7
PRI B RS G TR A Wi

25 BLARSCEL YOLOVIT 4R A, 31 1 3 Tt ol o 0R
W& :1)5] A Swin Transformer PN & £ % H = E JIHLH,
T LA SR ASTR LA DG AR AT Ry RRAE 14 B IBCRE 7 5 Ul 2 g
MEXFBEMN T, 2 LUSHE L RFEL (dynamic sample,
DySample) HACIE 58 1 R FE)Z  DySample 3 i 5 5 R FE )
J5 1 3R 4 RE I 4 B 7S 2 AR BAN B T M 4% AR R s S Y
B W EE B RORE R SN, 3) SR R i R 4%
ShuffleNet V2 {E BT 3=, 75 fREFRAE 3R 35 BE 7 (9 [F] A
BRSSP K. ShuffleNetV2 1y 3 B
SRR AR S SRR AR E RS R T
FI B4 THERAE $2 BORS B, 3 — 25 B s B R 3E 1y M, BB 4%
M2 BH L 1 A Bl 3 5k 22 452 5 B ) 00 Ak CRRAIE 8 B -1 R -
FF W45 AT A ROF K RS B 5T SR

1 YOLOvll MR HidiEa

YOLOv11 & & # — 8 B b5 & W & ¥, & & &2
Backbone-Neck-Head = Bt X4 # , R I C3k2 3l 45 45 FU
R C2PSA T 5% 1 fill A B B, 065 T R AF B2 BCARE 1.
C3k2 BEH S RE 17 % BB T R 5 2 500 & L C2PSA #
Bl ik 2 3k W B ML B T AR AR B s SR S,
YOLOvIT #ERG Ik 343 51 A B BE T 43 85 46 1, ik 2 5 8
AR SR T

B W 22 By 1 S BR T SR, AR SCHR S — B S T et
YOLOv1L iy #0450 5 % 47 A 4 i BT A, & 78 & T M %
(backbone) M (neck) J5 M 47T T b 2 My e ik, B 5E.
% F DySample B 25038 B 45 09 1% 50 bR KE, 4 &
YOLOv11 28 B Ar A 0 AT 55 04 1 AE L 58 RS 1 B e £ Al

PUN B AR K ; ok, % Swin Transformer #7819 £ % 1
TE R 7 B BT 15 I A B AR SO T 4 1 K 2
P A B AR AR Y W A B M A b R 4R AR AT SR
SRHRRRAE I/ M FE RN TC M5 B T B e R R
W2 ShuffleNet V2 /LR 32, 78 AR F5 45 AF 235 g 1 19
I B A TR 2 5 R B B B R IR, EL R I 45 45 A
Bl 1 FR .

2 M3t YOLOv1l MZ& 44

2.1 DySample Zh7Zs ER#E

YOLOv11 AR 458 UpSample bR #7357,
HEEAEFBER GG F G A RS, LHLERERMAT
B RRON B A 2 15 S 3 s v L ME LR B AR AE B 40T S50 UME
B S ECH PRGN AG R S IR R B LT

A RO LR TR, AR S5 —Fi i 5 b H R R B
& ERFEAEY DySample, DySample SR 5 T 5 R HE 19 5K
W TG T AR AN S B SRR AR A L g SR A Ak
A B ST 43 AT W AR SR A, IF 45 6 8 St AL 3l A R A
SRBENT B, P BRI ORBET T ER B R A 2
fr7s

HE—1 C X HXW IR X fl—1 2¢g X sH X
sW B ERAESE S, Hih 2g Tonx Fly 28 F5, grid_sam ple
PRI R AEAE S TP B X X TR AR AR BRI/
C X sH X sW BIFHIEE X7, X — 1 RAR B =l (D iR .

X' = grid_sample (X,S) @)
KX R AREE, X LoRBERRE .S SRR,

SKAE S LA A R AR S T A E BRI T
s AR KN R C X H X W BHAE B X, (6 FH 5 A i
HEE SN C 1 2gs” RMEERA KN ND 2gs° X H X
W iR O, R 5B i G R EHE I EM Ny 2¢ X sH X
sW,

REEEE S BLR M R O SIREMAEREEG Z M, i85
B2 R,

S=G+O0 (2)

DySample 24 b RFERBIYLM A SR FELE S CNE 3
R R RS A S AL A ST T RS o A
AR HD U S A W A AR LT SR A% A A U
1£55 .
2.2 ZEOFENNE MWA

Z % 02 1 HL#E (multi-window attention, MWA) i
o R A3 R BRI R L BRI R R A
R T RIEIR A Swin Transformer BEAL, iZ AR R
MATHENZLHEE N (W-MSA) MBALE DLk HEE
J1(SW-MSA) SLHLURH 5 &/ RE 5, 2% HEED)
BLHI RO A TR g5y B AL AR AE B R &R . o R 284
AL B AL - W-MSA Il SW-MSA, — 4 Py [a] S L5
WRER G 52 RmE LA .
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Fig. 1 Improvement of YOLOv1I network structure
w SR BRI R, 0, i R
SRR R S R . "o e 2
s TR 2 B N2 R I O(N®) % O(N X M*)
5
(M R AR, @KV 48 348 % & i) (Query) . #
- (Key) JH (Value) 1],
d ) RERE T x SW-MSA LM i 31 A BT 105 $ 1 52 BLES 57 1145
(N H BT SR Y R . LIRS B B kT

& 2 DySample 254

Fig. 2 DySample structure
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MWA B SR 4 Urs, iz e 7 2 2K
HAL(MLP) \JH— 1k )2 (Norm) | £k 14 13 2 S WL ( Linear
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Fig. 3 Calculation of the point sampling set of the DySample module
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Fig.4 Multi-window attention structure

MW A B 18] 53 5 i 2 3k 1 J5 3 1k Se 98 1R 12
S AT R AE R AL AT G 2 A () g, Gl IR
AR (W-MSA) 501 1 (SW-MSA) (38 B HE &, 52
AT 2, )2 7T B L B SR R R S
Ytk BERHAE . Eat M/2 R R M=7 B 314835,
Ay 2 o SRR XK i e R R T 1 A I S R B )
RS RA 7X 7l 2 B RIAE OUIND, W EFMR T4
JATER TN HFREEMR R HO . 78 UCF101 $¥E 42 19 18 it
SEUS IS UE T O R 25 1 mAP50-95 Fl GFLOPs:5 X5
% OB mAP50-95 {84 61, GFLOPs 24 4.7;7 X 7 % A
mAP50-95 {54 65. 1,GFLOPs 4 6. 2;9X9 % M i mAP50-
95 {H°M 63. 3,GFLOPs 4 7.7, 24 ~FM 5X5 T4 5] 7X7
IF L 4 0 3R A5 fE K 4 25 (mAP50-95 4 4. 1), 1125 2 5 m
31 9% s — 254 K3 9 X9 B I S BOR B TR 1.8, 1H &
TN 24. 2% BT LL 7 X7 AR SCRY B4l - o5
2.3 BREE ML ShuffleNetV2

ShuffleNet B 4% 0o BIHT 75 T o B 45 FR R0 38 18 VR Wk « fff
FH T B B AE AR % X (GConv) I 1 38 IR ¥t (Channel

Shuffle) A HRFEIEE I, 8 aof B AR T3 &2 2% % 5 1 Ak R AiE
LH LB R AL SR, ShuffleNet 8 1 H 20 %
TR R =503 M ffi ] Channel Shuffle 52 3 A [7) 20 22 [a] )
15 B » 308 1 ) 5% 22 ) 45 45 44 (ResNet) R A7 2 it
ShuffleNetV2 ] 4 it — 25t {25 14, 51 A 38 & 4
(Channel Split)#4E , IR 43240 4 8, MM e /IME MAC(FF
AL 25 [ LI AE AL B R A% O BT, A 5
N B S BAR T — AR RS T, (8 7B AT 4y
B LR (DWConv) Kl & HEE . ZEILIERE L. 5] A T GConv
A1 Channel Shuffle #2415 , LI 58 R 19 Rk A8 J1 . & 5(b)
JBIR T 3E F T 2318 F R AE MY ShuffleNet 20, f# I A K H 2
13- 2934k (AVG Pool) .\ DWConv il GConv 5 1 8 /b # 14
THE B N 4 = A (30, 34 2 8V (Concat) SR &
IR, i J5 i 3 Channel Shuffle 1 38 558 457 1F () 2 4
PE A B TR T AL A PERE . X — I 2 A R A 1B 1Y 23 )
TN B TE RS BRI T R E R E S SHE.
( ) ) ﬁ )
)

Channel Split

3x3 DWConv
stride=2

11 Conv

BN ReLU
3x3 DWConv

BN
1x1 GConv
BN ReLU
Concat Concat
Channel Shuffle Channel Shuffle
¢ \,‘) D
(a) MBHTT (b) ShuffleNet#. 75
(a) Bottleneck unit (b) ShuffleNet unit

Kl 5 ShuffleNetV2 2% 254y
Fig.5 ShuffleNetV2 network architecture
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3.1 ELIHIEE

UCF101 i ¥ £ 52 3 V5 15 51 450 48k A 5 o5 66 vf, f 75
13 320 4000 A BE, 0 55 101 R AN ZRG 38, HAEJSE ML
BRI It BAT I B AR b S Y S R L 3 H T PR AG
BORIAE S 2 5% F RZ L fiE J1. UCF Crime 804 46 & 1
T W T A0 R B SR AT AR L B AR 1 900 A
AT R B, 0 35 13 285 H S (e 3 57 55 IUBRR B
B W g 5 AR AE B A4 R B RO R A A AR A Bk
P A VT Al A R A AR TR e M 0 e i 1 R
HE,

HX AR FEEL AEXLT 7 RANLRHE
AR OB AT B Gl S BT R ) B SR M 4 . %2
WO KO . B Xanylabeling B shir i T B 37974
BREE G R HEAT N T % 9 18 TE bR 1 45 5% . AT o £ 2R 0
FRVERIWER M . 7 UCF101 %04 42 1 UCF Crime (35 42
LRI EE A 11 712 56, RS n gk 1 iR, A0
T S 50 AN X L S B8 38 3 TR N 3 5 R W AT O RO 4R
HEAT S B B E .

x1 PBBSEHNRETARES
Table 1 A dataset of all anomalous behaviors for a
highway scene
JE AR % b Xof o 45
Explosion TR 1131
Abuse+ Assault+ Fighting FT2R 3] B 1793
Arrest e 848
Burglary+ Robbery Ao K] 1495
Vandalism WO W R A 1402
RoadAccidents A 38 F ik 4130
Arson g\ ok 913
Ao — 11712

3.2 EWMEMSEH

ARFFE L YOLOvLL AE 25 %2 5 i A5 70, 52 56 36 5% i
BWER 2 PR, WHEMBXE T SGD 5 Adam 1645, B
WESHER EHE AR F R 0.01, BRI K 0. 937, 4L
HE R EH 0. 000 5, LK /) (batch size) & Hy 8, If:
&84T 100 4~ epochs. i AFEMR 3 HE R 5 —F 640 X640, %
P 30 B R R B B . A B AR SE IR A — Bk T A T
Tl ST 5 %) e ST e O T bR R R I AL
&, S5k 2 .
3.3 iEMiER

AR SCR 6 A4 BE 25 A DRSS A 1 46 00 1 AR R B 3R
(precision,P) .3 [F 3 (recall, R) \F1 438 (F1) | 3 # K 1
KM (mAP) A K 2 8 & (Params) . I% &5 §is B &
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Table 2 Experimental hardware environment

28 K

CPU AMD Radeon(TM) Graphics

GPU NVIDIA GeForce RTX4060 Laptop GPU
CUDA 11.8
Python 3.9.19
PyTorch 2.0.0+cull8

(FLOPs) Lk B 45K (time) . BARARIITF .
P

P=i1p—¥p 0
TP _

R=1pTFN Sl

2.P+R

F1= P+R ©
1

AP :JP(r)dr 7
-

mAP = — > AP, (8
n

A THF REERFEETES,P AN R
T R IEREAR B A REA . n ACR HARZENEL, P () FoR
HF P MR KR,
3.4 HRRZIE

AT B TR SO B R R L SR UCF101 £ 4 A
UCF Crime $H 82 % 56 2o A A8 A7)0 25 F i ad B el
M s R AL SE G . SRS AR 3 A 4 s,

Wk & 3 A LE W 1) KK 3 A CARAFE A
DySample B it R, mAP50 A1 He 5 28 15 7Y 4y 51 32
BT 1.1%.1.4% , mAP50-95 4> BIEEE T 0.2%.2.1%.,
DySample A5 H7E K50 ¥ e f I 2R kEmT L RIT L. 2) %
Swintransformer #%  ShuffleNet V2 5 He 25 3 2 4R (1)
T M4, mAP50 4358 T 5. 4% .1. 1% »mAP50-95 4
SHRET 7.4% . —1.5% . A] WL ShuffleNetV2 £ i} 2 [
S BB (BHFMN 2.58 M FEAKF 0.93 M), {H
ShuffleNet V2 B H i) 38 18 43 HI F MAC F/Muik it 3
mAP50-95 TP 1.5%, DIEE TR KZEMA MWA £
B 5, mAP50 Al mAP50-95 MR E T 3.8% . WiE T &
JI AL R R W OKE B ORY B2 E /R H. 4> T RF 51 A
ShuffleNetV2 Ffl MWA #3 )5, mAP50 2% T 1.4%,
mAP50-95 $ & T 2%, S8 M 2. 58 M FEAKF] 0. 81 M,
TR EASEEH RS LA RIFFHREE. 55 A
ShuffleNetV2 . MWA & DySample e (Bl A SCBE ) )5,
mAP50 #7% T 8.5%.mAP50-95 $2%& T 13. 1%, B 5 &
M 2.58 M AR E] 0. 82 M, LI H W, AR SCR LR R Z
e EE S B RUR RS BE A TR A, B0 IE T AR A
% 5 5w AT R A s
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R3 HBXE (LI A SGD,lZ 100 epoch)
Table 3 Ablation experiment (optimizer is SGD, train 100 epochs)

S P/Y% R/Y% FL/Y% mAP50/ mAP Parameters/ GFL()Psf UI‘I E2aing

% 50-95)/% M FLOPs/G  [H]/h

yolovll 86.2 80.6 83.3 88.3 61.3 2.583 517 6.3 4.103
yolovll+CARAFE 87.4 81.6 84.4 89. 4 61.5 2.723 621 6.6 6. 111
yolovll+DySample 89.0 82.1 85.4 89.7 63. 4 2.595 869 6.3 4.187
yolovl1l+ Swintransformer 92.9 86.5 89.6 93.7 68.7 2.506 018 6.0 5.472
yolovl1l+Swintransformer+ DySample 94.2  91.3  92.7 96. 1 71.3 2.518 370 6.0 5.798
yolovl1-+ ShuffleNetV2 85.2 82.3 83.7 89. 4 59. 8 0.926 229 3.0 5.019
yolovll+ MWA 87.9 86.1 87.0 92.1 65. 1 2.469 341 6.2 8.513
yolovl1l+ShuffleNetV2+MWA 89.0 82.2 85.5 89.7 63.3 0.812 053 2.9 4. 847
A 94.1 93.1 93.6  96.8 74. 4 0.816 213 2.9 5. 265

Fx4 HRZW (LA Adam, il Z 100 epoch)
Table 4 Ablation experiment (optimizer is Adam, train 100 epochs)

S P/Y% RIY F1/Y mAP50/ mAP Parameters/ GFL()Ps:‘ UI‘I 2Ning

% 50-95)/ % M FLOPs/G  [i]/h

yolovll 84.6 79.4 81.9 87. 4 59.3 2.583 517 6.3 5.439
yolovll+CARAFE 86.0 77.7 81.6 87.2 58.7 2.723 621 6.6 5.395
yolovl1+ DySample 88.8 82.0 85.3  91.4 63. 1 2.595 869 6.3 4.219
yolovl1l+ Swintransformer 91.7 83.7 87.5 91.7 64. 6 2.506 018 6.0 7.227
yolovl1l—+Swintransformer+DySample 91.5 87.7  89.6 94. 2 68. 2 2.518 370 6.0 7.713
yolovl1l+ ShuffleNetV2 87. 4 74.4 80. 4 84.8 55.8 0.926 229 3.0 5.122
yolovll+ MWA 89.2 82.6 85.8 90. 1 64. 2 2.469 341 6.2 5.958
yolovl1l+ShuffleNetV2+MWA 89.4 82.5 85.8 90.0 64.0 0.812 053 2.9 5.188
AR 94.1  91.3  92.7  96.1 70. 6 0.816 213 2.9 4.315

A% 30Ok 4y 2 AR B ORE Rk RO A R Mg
ShuffleNet V2 1F 8 T W 2% 7K $H 32 22 1 0 R R A0 AT 55, Bg
BERAUE R S BRI 2 . AR %
BRI 238 BE ) BRI, R SCBI A MWA B3R, 3 0 & 3 5
42/ B AE B A 1R T mAP50-95 3k 2%, A A K Ab
ShuffleNetV2 WG EE#I . [FIHT, DySample B8tk — 254
PRRFE B ARG BE . AR SCAY 2 A0 Ak 1A B R s ik 6 B — A B
R E A, AL SER N 2.58 MBER 0.82 M Y
R, mAP50-95 BRI T; 13.1%.

J R GEAL A E AL AL 2% (SGD 5 Adam) X 45 &1 4 A
B 5% W) o A F 5 43 0 R FH W 2 36 AT 3 il S 56, 25 SR a0 3R 3
(SGD etk ) fdk 4 (Adam b #) iR, T £ 45
P, WA L4598 D AR IRB]I A CARAFE Hil DySample
B ot B SR AE, mAPSO A HL R LB S IR A T —
0.2%.4%, mAP50-95 Zr H £ & T — 0.6%. 3.8%.
DySample #8576 46 I ¥4 G F1 5% R _E 4L T CARAFE #
B, R DySample 5583 ok Ble i R B LR BEL 2) %
Swintransformer # %)  ShuffleNet V2 B v 85 e 1] 451 51

B+ W%, mAPS0 Rl E T 2.7% . — 2.6%.,
mAP50-95 B & T 8.9% . —3.5%, ShuffleNet V2 #5
Yol 280 A 2. 58 M FEARF] 0. 93 M, ShuffleNet V2 #E
B E RIS RO (DR DR BE T % T 456 MWA LR
FHRMORS . S T M KZIMA MWA )5,
mAP50 #2857 2.7% ., mAP50-95 48 & T 4. 9%, K it 1
SGD 5 Adam AL %% T MW A #5k 2 G878 S T8 00KS
B, 4 3] A ShuffleNetV2 Fl MWA # 3 )5, mAP50
RET 2.6%,mAP50-95 8/ T 4. 7%, ZHEM 2.58 M
FEARE] 0. 81 M, IF A A S e AR AR 8] T k. 5
A SCERLE mAP50 AH AR AR TSR = T 8. 706, mAP50-95
RET 11 3% . S8 M 2. 58 M FEAE#E 0. 82 M, A i
WK SGD it & Adam AL, A8 SCR LI e W E RIS
B I 4 T H AR ARG BE
3.5 XfbbikEe

R T B UEA SO RN B R T AT NS B AT
SRR (AT R AR SCRR I 5 I AR B R AT X B S
L, 45 RNk 5.6 s,

e 237 -
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RS XKL (LR A SGD,IZ 100 epoch)
Table 5 Contrast experiment (optimizer is SGD, train 100 epochs)
S P/ R/ Y% Y mAP50/ mFAP Parameters/ GFL()Ps:‘ UI‘I iy
% 50-95)/ % M FLOPs/G 6] /h
CNN 66. 8 91.5 77.2 93.9 82.1 25.56 4.1 0. 620
SSD 76.3 79.8 78.0 85.1 63.9 24.5 87.9 2.720
FasterRCNN 91.7 68.9 78.7 78.6 44. 4 41.5 182.5 5. 280
yolovll 86. 2 80. 6 83.3 88.3 61.3 2. 583 517 6.3 4.103
AL 94. 1 93.1 93.6 96. 8 74.4 0.816 213 2.9 5. 265
Fzo6 IFLLRIE (1L EEH Adam, il 100 epoch)
Table 6 Contrast experiment (optimizer is Adam, train 100 epochs)
L P/Y% R/ Y% Fl/% mAP50/ m—AP Parameters/ GFL()Ps:‘ Ul‘l iy
% 50-95)/ % M FLOPs/G [a]/h
CNN 80. 6 71.2 75.6 78.0 51.6 25.56 4.1 0. 620
SSD 80.7 63.7 71.2 70.9 42. 3 24.5 87.9 3. 050
FasterRCNN 80. 1 75.3 77.6 81.8 56. 8 41.5 182.5 5. 280
yolovl1 84.6 79. 4 81.9 87.4 59.3 2.583 517 6.3 5.439
A SO 94.1 91.3 92.7 96.1 70. 6 0.816 213 2.9 4.315
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