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Abstract: The performance of the crowd counting methods is degraded due to the commonly used Euclidean
loss ignoring the local correlation of images and the limited ability of the model to cope with multi-scale
information. A crowd counting method based on Multi-Scale Enhanced Network(MSEN) is proposed to address
the above problems. Firstly, an embedded GAN module with a multi-branch generator and a regional
discriminator is designed to initially generate crowd density maps and optimize their local correlation. Then, a
well-designed scale enhancement module is connected after the embedded GAN module to extract further local
features of different scales from different regions, which will strengthen the generalization ability of the model.
Extensive experimental results on three challenging public datasets demonstrate that the performance of the

proposed method can effectively improve the accuracy and robustness of the prediction.
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AR, BEEREEIRRIE, ETHERME
W 4% (Convolutional Neural Network, CNN) /5%
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PR, 0o R BT B 2 8 R AT R4 i ]
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THIE R B EG,  PRAE SE bR gy 5 al TR A
He NTRZ RENS, Zhang® N £ 4
LAFHZE N 4% (Multi-column Convolutional Neural
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A5G BAR R T RO S, DR 1 25 RURE 0
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BURSETHBERPERE . Liss MU 3553 5k
%% (Congested Scene Recognition Network, CSR-
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Cao% N2HE H R FE R A M 4% (Scale Aggregation
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(1) B A g N T8 RO 52 0 H DXk A AL A 2R
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BEXFCA B, ARSCER AR T 2 RO o
M 25 11 N BT R A (Multi-Scale Enhanced
Network, MSEN). &%, 5T 4 55 do i 4%
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XTHUAE BN 26 (Patch-Generative Adversarial
Networks, PatchGAN)MIE A I 25, FIFH X
RN 5] A R4, BRI AR R
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DX 33 20 1) D) 4% e 7 2 FH T BB AT 55, 32
HEk, AXKRMAPatchGANIR K ik A 2
GANE A ) 5 W 2%, H ARG R R T:
C(4, 64, 2)-C(4, 128, 2)-C(4, 256, 2)-C(4, 512, 1)-
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Li= 23016 @) = will (1

b, nNNGFEARNEE, o NmANEIE, gyl
XTRLIbR S R, GNAERINES, G (x;) NN
25 AR S N R 7 AR PR R TN 45 5 . xS B
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mén max Ly (G,D) = By Py [lg D (y)]

+ Eon P 18 (1 = D (G (2)))]
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Hr, o NEANER, y AR NIRRT, GRE
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SR
Tk 4 BFERN()SRQ) MR, LUE
A 25 S 3
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7% 5 RO R 240
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3.1 LIBIRE

T S AE AR R A A, ARSCR BT
HOE TR F 03NS AR AT SES, 43 Shang-
haiTech®, UCF_CC_50!'), UCF-QNRF!'",
ShanghaiTech#(#s 56 511985k N EIME, Hrh
JLFRIE 1733016540 BARAT N o 1ZEHREE 7 HPart A
MPart BB, Part  AFBor LA 54825k 44
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TRRERUD,  FRIUCASGEAE SRR [15] BT H 53T
A8 XK AIE 5 1R R HEAT 525 . UCF-QNRF 345 42 3%
515355k ARFEIE, HrdbhsiE 171.25x 101 H
FRAT N o 0 52 Bk 53 81201 5K Il 2 B AZ A1
3345k M MR, Bl PEUR A N 49 ~128654
%, IR EHREMEARG EWERIIR.

3.2 THNEHR

AR NHETHEOT 5 8 3k A58 i P AN TR 4R
PRV R e, 20 Tl R P 4 R % (Mean
Absolute Error, MAE)f134 77 1% % (Mean Square
Error, MSE). MAE BRI TR, MSER
ORI IO B M 1, R HUERAG, REIBIAIMERE
AT o
3.3 LIwE

AR K KL Intel Xeon(R)
Sliver 4110 2.10 GHz CPU, Quadro P5000
GP(16GRAF). A #HAE RS AN Ubuntu 16.04,
K H IR E 27 STHESE N PytorchHESE . A SR AL
ImageNet B 5 4E L TIZR VG G-168 B S H0k 4]
TR A R 2 B T, AR %% 28 I S 508 A
N0, FRAEZENO0.010 & AT AL AR A . A
EIE AdamBFEFATA, 5% 2] Z[EH 7 250.0000001,
SIEARIRECN300007K -

%t F-ShanghaiTech Part A, UCF_CC_ 50l
UCF-QNRF#HEEE, AR U H 3 R Wi
RFHAMEARZE % BB X T ShanghaiTech
Part B, HHEGHABFENMEG, &
SCRH ] 58 i Wiz o = E AR 2 % FE AR . kAL,
XfFShanghaiTech 5UCF _CC_50%#a4E, AL
PLE U B R SE AT I 2, B RLALEL RN T,
I3 i B ATL KPR AT B 3G 9 . (i T UCE-
QNRF #4048 v 2 Jy v 43 #% 22 B (151 4019000 x
6000), A SCIEAESCHR[18])$E H IR TriE, ¥ E s
EUEH BT A 165K AN E 2 (1) H R~ 224 x 22411+ K]
%, FFEE LB RN 161471 %5

®1 BEEAREENLL
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ShanghaiTech %4 4 (1) S 56 45 R Wk 2w,
AW PR B 5 TR AR N BT BT I R
BT T E . X T Part A#ESY, TR RERZRS
THRAKFIMAEE, # L 7ETEDnetBFIK 71.1%,
PR A5 8  MS AR 0 3823 T 1% 6 A R I B 47 10 7
1EACSCP. StFPart B4y, FrdER 5 53k
THREFMAEE 5MSEE, HHMAEfERSHE
TEDnetf°F, MSE#&#5MH Lt TEDnet FFAK 1
3.9%. fEShanghaiTechZ#4E AN 5 1 5206 45
RRE], Frid AR B AR B N S 3]
I B TERe

UCF _CC_50% 4 S 1 s2 36 45 R R 3w,
A R BE R B i A AR 5 7R A SR BT O T 1
ERMG AT T . TRERAEMAE RS
MSE+& 5 L3R 7 R ARME, HPMAEFRARAH L
J7ETEDnet &% 179.1%, MSEFRFRIEML T12.4%.
ZHIRE T REASERN, SO0k EIE . SEIR
SERRH, PR TN ARSI B AT R R
UF (1038 B

UCF-QNRF $4f 4 & 201 84F 2~ i i f i s
82—, Hur R ZEE S AT VA (10 7 AR
A, ARSI R R R 5 AR R T AT T R,
SERUFRAFTR . RS T HA S SIMMAE

%% 2 ShanghaiTech#{IEESLIGLER

Hadk  BBEE SR RS RN wEKT

ShanghaiTech . .
Part A 482 AN 33 3139 =
ShanghaiTech 768x102 .
Part B 716 4 9 578 i
UCF_CC_50 50 & 94 4543 e
UCF-QNRF 1535 N 49 12865 W

L Part A Part B
Tk MAE MSE MAE MSE
MCNNB 110.2 173.2 26.4 41.3
Switch-CNNP! 90.4 135.0 21.6 33.4
ACSCPpi 75.7 102.7 17.2 27.4
CSRNet!! 68.2 115.0 10.6 16.0
SANet!" 67.0 104.5 8.4 13.6
PACNN 66.3 106.4 8.9 13.5
TEDnet?" 64.2 109.1 8.2 12.8
MSEN (A£&3) 63.5 106.2 8.2 12.3
% 3 UCF_CC_ 508 R
Ty MAE MSE
MCNN® 377.6 509.1
Switch-CNNV! 318.1 439.2
ACSCPM 291.0 404.6
CSRNet!! 266.1 397.5
PACNNI! 267.9 357.8
SANet! 258.4 334.9
TEDnet> 249.4 354.5

MSEN (4&32) 226.7 310.6
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N Tk 5 IR BT IR R R % 45 A8 A R
P, ACHFShanghaiTech Part AEHREWTT T
R SR 0 LSR5, B O A A 45 1 1 3 TR
K RERMHMANRCANSE M R0 TR
A E . TR ABRER R E . T PR
AE BEURIT 4, 0 ROBE 3 9 1 BRI i = PR A
N2, BRI E, ASCETHAAS REME T
LOMAS [F 5 R AR, R 2 BRI BAR R A 5 0
g R R T385, Hod REZH R 7 REGCEE,
BhERERCAE S

(1) B S A%, iEMEG.

(2) FEBLAL (1) FSEml B3G5 2, AR
AT, IL/EGAN,

(3~6) BALLE M AR R AN R GANSE ) (5371
LT (7T~10) R AN RGANSE ), IE/EGAN*,
FEML AR o, R SORE S5 AR R 2 55 ROBE B i
e, KA SRR INE RIS A NS, I
A5 40 500 W) % A B R R ) B 2

# 4 UCF-QNRFHUIEESLREER

(7) IKARNGANGE W, ZJEEEIAN R EH R
TR

(8) FEARAL(7)FyJhth 38 1 BERRERE W E .

(9) MARGANEE K, 2 J5iEE2A RE 5
TR

(10)ZEA AL (9) (LAl 1 T WhRE R X
R AR S i 2 RUBE S 3 N 45 B (MSEN) o

FHES AT, B (2) M REAE TR (1), KB
UK I 1 531 P 28 mT AR A R S 3 A D P 4 7+
BT B hE R I, B (4), (8)ERE 2 B T
B (3), (7), RYEKABRERRER T HEdE N
ANEG RG4S BT XE B BE(9) Mg
RTRAY(T), KRR RN E AR ES
FIT 48 A BUR & X800 2 RO R EREE: fE B A A
FIRC B ATHE N, RN RNGANSG I AL 1)
PEREIIL T XS M FE R N AGANGE /B RY,  H A%
B (5), (6)7EAT AR Ik Re i 22, T R BN 5 AR
S 0 285 55 R 98 5 A R 2 G P ST A R 8% )
SMBONE SR, SHETR, PRI
If X DAY, B AR B T R IR A UG AN Z5 1
A R .

A, N TR IE A IR AN NGANRL R 2
Jo e RO S R B A v, ASCREAL(2)
BEAY (10) T P () 45 SRt L Jg R T4, —F1
SERL 43 00 R G AN 254 5 A SC ik IMSEN &5 14,
X A A B ROBE I st . v LUE Y, H
B (10), RPASSCHTIAMSEN£5 44 T 1 Pl 4% 7T LA

Jrik MAE MSE B A S Bt N AT RO B Rt O, ELAR RS Tt 4
MCNNP(CL) 277.0 426.0 THELH I B hndge i b5 25 R S b & N3
Switch-CNN" (CL) 228.0 445.0 PR ek — AR ] 1 ROBE MG iR B A R
crL 132.0 191.0 3.6 KRN ELFLLE
TEDnet™! 113.0 188.0 T 45 % ok R AN B RO AR A AT BB
MSEN (%) 11 1593 A T A RIS HAE TR . AR A
% 5 TREIZEMMREREX MK R
B35 SERAEIR A JRUBE RS 5 AR Bk MAE
(1) G - - - 67.5
(2) GAN - - - 65.6
(3) GAN*GAN™(Ex1) - 1 - 65.3
(4) GAN*GAN*(Ex1+8) - 1 N 65.2
(5) GAN*GAN™(Ex2) - 2 - 66.5
(6) GAN*GAN*(Ex2+8) - 2 N 66.4
(1) ARGAN+ Ex1 J 1 - 65.0
(8) MANXGAN+ Ex1+8 v 1 v 64.7
(9) AKGAN+ Ex2 J 2 - 64.1
(10) HARGAN+ Ex2+S (MSEN) J 2 v 63.5
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