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Abstract

The urgent need for public safety management is timely and accurate crowd monitoring and early
warning. The use of crowd counting methods based on computer vision is one of the main methods
to meet this need. To tackle the problem that existing counting models do not adequately correlate
people’s foreground features and background features, a dense crowd counting algorithm based
on a dual-branch self-attention mechanism is designed. A dual-branch self-attention module is
used after the visual backbone network to prompt the network to focus on effective person areas
and improve the feature refining capabilities of the backbone network. A large number of experi-
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ments were conducted on Shanghai Tech PART B and UCF-QNRF data sets, and the results of abla-
tion experiments proved that the proposed modules improved the accuracy of crowd counting.
Furthermore, experimental results show that the proposed method obtains better experimental
results than other classical methods.
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NBEHEHE AL e AP R R B, FERIE S R A S M RALIE 30 5 N LM
Yt WAREA USRI, RIS IR 5 KA, G BRI SR R A 1) BT g T
HERRIBEAT N 4% P . b TR AT N A AL, AR HEOR — TR A B TS N T
R VLIR B, AT T AL . e, T CNN I EE S DB AN, AR,
BB RINE F— BB LN RS A IR K2 R, X CNN S BUR BEAARRFAEIE FC T 520
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RRAE. SRS RN M SR [5] [6]10 3 T 5 41 2R A Y ¥t
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2.2. EF CNN B ABH B X

SCRR[ATH R T 55— A2 HE R L4 (MCNN) . MCNN J&—/>=JZ CNN 224, &5 LA A F A2
HF, MCNN A 1R —51 B 2x H 5 B S 2 B IR R A R (0 25 FE I, SR 5K & A 21 R ez ke DU AE ik
AT I o SCHR 208 v 2 A AR IR B A5 R AR A IR AL SRt e N UG b (0 RO AR ) . X Pl
& AT DU R 3R s s SUE BAMRGURRAE,  7ER I AT AR £b A ™ B P I35 55 T HR A 2 W SR
TESCHR[3]H, TEE TR T — Mo B i 85 - AR 2% I 2%, FRONMBLSR & M 4% (SANet) . ‘B2 2.7E Inception
ZERRBEAS b, gmAS AT RO SR SR I 2 REERHE, MRS S il — 2% B AU w7
R, SCHR[AR T —Fh 22 R R0 4 W 4% (Multi-Scale ConvolutionalNeural Network, MSCNN), %
W 2% T 22 ROBEBE RO SE IS RBEAH G IURRAE, 7R B BB T 3RA5 1 S i) v itk e . 72 SCHR[S] . AF
HE RGBT T — N E TR G AT BN 4, SR TR ZMN s
Pk GRS REZE, § T CNN YE NG, Jf H il T AU RS M 5 Tl 4k, STHRRI6]4
T PRSI N R D R 2 R UG OR B AR A il /R, i B T L, FTLAEZNRETE S
G I e 4 Joy R0 30 RS o SCRR[AS]H T — Fofva 113 AR 6 CNIN X 28 S ] 2% > N H 802y S5 AN T
M P2 %R E0RE IR AN B B A T 4, AR N 48 TR 1 J2 R 8 27 20 42 R AR G IR HUINARRAE A R
T 190 8% DL SR AR () 1 005 22 TN o v BE RS A ) 2% FE I o ZESCRR[L6] s FEE SR I G A M 25, AR
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BEE2E, A EE CNN EEESEA AN RN, 52808 W N 5 1) patch f& 45 5 £ CNN [E]
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J& A AEAN RIS 2 (R 3 22 1 4 B AR AR AR A O N BRI S AZ O X 3. 7ESCHR[19]H, fEEHR
T A vty B v N ETHEONE S, RO IR0 2 B A 1 D0 26 o 12 D9 268 ] AR 8 B S B 8 FE A 0, O
MRS EAS R B AT B0 SCHR[20]45 6 22 R A5 R 22 X 245 (A S 2 ) IR0 D00 285 (4 ) 4 ) SR A
R R ), AT AR A O B 2 N SR N R .
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Figure 1. Model structure diagram
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3.1. ETFMEK
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Figure 2. Structure diagram of dual-branch self-attention block
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4. LM BRI
4.1, SEHHGRSE

Shanghai Tech Part B [1]%4E4E i1 716 7k B 45 (400 5K & A Tk, 316 sk EEH Flik), e
RS NSO EEBAANE, RAE Bl XS mdiE Bansan.

UCF-QNRF [23]## 42 0. 7 1535 5K B A bl i EHE (1201 5k BUE A T 1125, 334 sk G A T- M) ,
L 1,251,642 NERE, A& H AT EE A2 A R A A T B AR o R ROt B BN R R K B 4 il
49 112,865, XA KMGEHAE LM T AFE A E . WA FBCERA— K B A R A

4.2. VL3RR
AL P 28008 1222 (MAB) RIS U AR 2 (RMSE)E A Al THEO R [ i e, Hoe S h

1M
MAE:VZJNi -N,| @
1M ot 2
RMSE:\/VE(Ni -N;) )

Horh MOZFEA UG MACE . NP RIN 23502 5 1 BRI L SAE ARG TS MAE 58 2 i iy 507 VA v
P, RMSE B 2 i AR rE . W R QR L ALY

4.3 KWKE

ALY 2R3 )y Ubuntul8.04, fii ] Pytorch F1 C*HEZR[24] [2514F AR ST R R REZR iy
K H ImageNet TiJIIZ:11) VGG16 7T 10 JZ BRI EEE AT T, FNEGIIG RN 224 x 224, %
IR AR ZEIRA 1 x 107 1) Adam 04k 35 RARALBE LS4, WIURESI R AN 1% 107°, SR MEREAN
0.995,

4.4. SR EHECE

SEG T G T A SO R oA B BOR T P BE, A4 45 MCNN [1]. CMTL [15]. Switch-CNN [16]+
TransCrowd [17]. SCAR [18]. DecideNet [19]. MS-GAN [20]. 3£ 1 1% 2 JBR T &SI N EdR 46
RsEIREE R, R 1. % 2 RRTRLEH, RN 3 E R IR AN B 4R LIS TR R
e

Table 1. Comparison with other methods on the Shanghai Tech PART B dataset
3 1. 7£ Shanghai Tech PART B i#E& L S H fth 75 5ARIXLL

Methods MAE RMSE
CMTL [15] 20.0 31.1
Switch-CNN [16] 21.6 33.4
TransCrowd [17] 9.3 16.1
SCAR [18] 9.5 15.2
DecideNet [19] 21.5 31.9
MS-GAN [20] 18.7 305
Ours 8.98 14.47
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Table 2. Comparison with other methods on the UCF-QNRF dataset
F 2. 7£ UCF-QNRF ##EE E 5 H M A ARXTEE

Methods MAE RMSE
MCNN [1] 277.0 426.0
CMTL [15] 252.0 514.0

Switch-CNN [16] 228.0 445.0

Oours 144.41 250.55

Wik 3 NASCEIRR AT AL TR, ok B Aot 4R BRI . AT T 0, X8 AE Y
AN ElE SR EAERSCIL TR TN L, LN A R P S B A AR TR R

Figure 3. Partial images and density maps of the test set of the two datasets
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Table 3. Ablation experimental results of dual-branch self-attention module on UCF-QNRF dataset

F* 3. WA X BFEIRIRIE UCF-QNRF #iE5E FAVERL SIS R

Methods MAE RMSE
Baseline 178.96 303.81
Ours 144.41 250.55

Table 4. Ablation experimental results of dual-branch self-attention module on Shanghai Tech PART B dataset
= 4. WS X BEEESHERTE Shanghai Tech PART B #iB4 By &R SCIf 45 R

Methods MAE RMSE
Baseline 10.7 16.5
Ours 8.98 14.47
5. Z5RIE
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RS E RN SRR T S AR IR, (R 2% T A RN 7 X3, 4
THT M RFEAS HRAE 7, 98 7RIS . AEPTADS AT RS LT 7RSS, TSI R 45
FAEHI T B EETE T N HER PR . tRAh, SR AS SRR W BT th U7 iR A5 L ot 2 g VA TR
U HISER A5 R
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