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Abstract: Aiming at the problems of background interference and drastic change of crowd scale in crowd
counting, which leads to poor counting effect, a crowd counting method enhanced by dense connected at-
tention and scale perception recombination was proposed. First, a feature extraction network with dense
connected attention mechanism was designed to enhance the crowd counting features and suppress the
background interference by using the inflated convolutionally improved VGG19 network as the model
coarse feature extraction network and embedding the dense connected dual-channel attention mechanism.
Then, the scale-aware reorganized upsampling and soft mask feature enhancement and delivery structures

were designed to achieve the full utilization of crowd feature information at different scales from shallow to
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deep, and overcome the problem of poor counting performance due to drastic changes in crowd scales.

Secondly, a multi-resolution fusion module was proposed to enhance the interaction between multi-resolu-

tion information, reduce the semantic gap between different resolutions, and improve the accuracy of

crowd counting. Finally,

comparison experiments were conducted on ShanghaiTech, UCF-QNRF,

JHU_CROWD++ + and other crowd counting datasets, and the results show that the proposed method

outperforms the comparison algorithms. For instance, compared with DM-Count crowd counting algo-
rithm, the MAE and MSE error values of proposed method are reduced by 15. 98% and 14.52%, respec-

tively, and the proposed method has higher counting performance in crowd counting.

Key words: crowd counting; dense connected attention; scale perception recombination; multi-scale en-

hancement; multi-resolution fusion
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Fig.1 Overall network architecture diagram
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Fig. 2 Densely connected convolutional attention network
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module
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Fig.5 Scale-aware reorganizing the upsampling architecture
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HEw G, a2 LA W, BT ik
AR HAD L 25 5 T PR RE B 41

ORERUN IR E S N e S L
A J5 ¥ 5 DM-Count, DCANet, FIDTM, MP-
Count fl FEDB #F 47 o] ¥4k [ #, an & 8 fr 7 .
AT LLE AR R E (D 51 Bt EAH E 8(b)
FET , UL AR S5 V5 AR AT R L 5 vk N BT BORS

JE .

i
W Pre:419.6
77 M Pre:98.8

(g) FFDB (h) A7
(h) Ours

Pre:97.2

(f) MP-Count

8 ShanghaiTech # ¥ £ SL 0 45

Fig. 8 Experimental results of ShanghaiTech dataset
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Tab.2 Experimental results of different models on

ShanghaiTech
N SHA SHB
%

MAE MSE MAE  MSE
MCNN' 110.5  173.0  26.8 41.3
CSRNet” 68.5 115.4 10.9 16.2
ACSCP' 75.2 102. 1 17.0 27.1
DM-Count'®’ 58.8 95.4 7.1 11.5
DCANet™ 61.1 108. 2 8.4 15.0
FIDTM™ 57.4 103.9 7.3 12.0
MP-Count'® 57.0 103. 1 7.2 12.4
FFDB'™ 56.6 100. 7 6.8 10.6
AT 55.4 99.6 5.8 9.3

3.4 UCF-QNRF#iE&

UCF-QNRF J& — ™% B Fl 3 5 010 &2 2% 1)
KA BRI , & 15359k B A, & & 5t
Y fEY) E B e, Ot EUE 5
PRI ¥

ZHIRE T KA )15 5 Switch-CNNPT,
TEDNet™ , DUBNet® , DM-Count™
DCANet'® ,FIDTM"™ , MP-Count *' #l FEDB"*"
W2 AR B skt AT 5 . # 3 UCF-QN-
RF 045 48 52 50 00 46 45 %5 L, W] LA Hh Switch-
CNN ) MAE 5 MSE {8 7€ it [ o7 ik b ek, ot
W Ve RE 4 25, i = R R i v R T IR

Pre:353.4

1

(a) Fi A BB

(b) H5ME

(a) Input image  (b) True value

(c) DM-Count  (d) DCANet

Yl R ok E A7 NHE% BE A1, T UCF-QNRF %L
P & EE AW R A5 B, S BRI A &
Gy 48 Rt 5 2 5] LR E A TF SRR i
BT RO 1 B A . 6 3 WP AR SCRT AR O vA A AR
T H A 1Y 15 25 AR, W] 7E UCF-QNRF %X
P T B RE AL

R3 AEHEBAEUCF-QNRFHIEE FSBRER

Tab.3 Experimental results of different models on UCF -

QNRF
- UCF-QNRF
71

MAE MSE
Switch-CNN"" 228.4 426.3
TEDNet*! 112.9 187.7
DUBNet™® 105. 8 180.9
DM-Count'®! 85.2 148.0
DCANet'® 99.0 177.3
FIDTM'* 88.7 153.1
MP-Count®’ 88.5 151. 3
FFDB™ 78.1 148. 6
ARSIk 74.3 143.1

(e) FIDTM

16 I B A 4R 1 fl A SCJ7 3 5 DM-Count,
DCANet, FIDTM, MP-Count il FEDB #£47 1] %
R a9 i . AT LAE H A SO e R
G2 NN o B 7 1 TV N 7 o A G T
B

Pre:355.0

Pre:442.1

Pre:481.6

() MP-Count  (g) FFDB

(h) A307%:
(h) Ours

K9  UCF-QNRF i 4 52 50 25
Fig.9 Experimental results of UCF-QNRF dataset
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TS )

N

(a) NREEE

(a) Crowd image

(b) JEFH R E A E

occluded area

(b) Enlarged image of partially (c) Thermal map of occlusion in local

B 10Ce) , AT A H 6 JR e £ 00 AR
DA REA RO o FEIE 10(d) A S5 125 B Ay A
T FE R R rp T LU 7R T 10(d) Z0AE X s
BT AR TS UE 1 BT 5 5 R R T R 3 5
NRETT B A 25, FEEUIR DA A SOR R 412 B
PG ARY R T RHIE A B, BEAS By 1k 40 5
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23 [ RIE SUAE B RE 7 , 35 1T ATHERRIE A9 52
B BaRT7 ¥k nT DI 20 /0 34 Ky ST A
REVH R T, 320 7 ARET T ERE

Pre:56.0

(o) B RERASTTERN (d) AT T A R
(d) Ours

areas using the proposed method

10 3 P A #5256 45 SR

Fig. 10 Occlusion processing experiment results

3.5 JHU__ CROWD++##E&

JHU-CROWD+ + %t 4fs 42 3t 4 372 5k B 4%,
XA BEF R 1 430910, FE3F 151 5 A 1 R
5 IA 0B SR A L B U T AR TR
SOOI SE T B S R AR TR R B AR I o
H REE AR VT s TR W 45 3 5

B AR 3 %5 MCNN™ | CRSNet'”
CAN"" , DM-Count™', DCANet* , FIDTM"™* ,
MP-Count™ fl FFDB ™ #F 17 FL 4 . % 4 24 JHU
__ CROWD -+ + 4 £ 92 55 P 45 A 4F 1L, 7T LA
F b T B AL TR ] T2T-VIT (token -to-
token Vision Transformer) 45 #J i) FFDB & #Y
MAE Fl MSE £/, [H i FFDB #5808 4 A & %
S g Ry bl e 9 3 R B R AL R A RN B R
fiE AE X R A BHE 5 JTHU-CROWD + +
HF Transformer 454 i) FFDB A 32 £ & 5
BLHI A2 e Ve 52 e, 2338 e A 05 6, S 3504k

BORAE . F 4 ARSI TR MAE Al MSE 3
MR/, DL HO T EGR 2 5/

F4 AEBEFEJHU_CROWD++HIEE FHTIWER
Tab.4 Experimental results of different models on JHU

_CROWD++
- JHU__CROWD+ +

MAE MSE
MCNN™ 188.2 482.7
CRSNet™ 86.1 309.5
CAN 99. 4 313.2
DM-Count'* 68. 2 287.0
DCANet'® 71.1 177. 4
FIDTM™ 65.8 253. 1
MP-Count 70.9 260. 7
FFDB™! 59.2 255.0
NSRS 57.3 245.3




55 22 1] %3

A, AR R S R R A B0 A AR 3405

7 I BCHE 4R 18 r 4 B 5 DM-Count,
DCANet, FIDTM , MP-Count fl FEDB # 47 7]
WAL HA, an & 11 PR o AT LLE H fE JHU
CROWD++ %45 45 T Jr £ B 1Y 151 I A B %

GT:1:069.0 %2

Pre:1:063.0 .5

Pré:1.057.9 =

GT:181.0 Pre:177.6 Pre:175.0

GT:392.0 Pre83s7.9 Pre:379.0

(a) Fi A BB (b) H5ME

(a) Input image  (b) True value

(c) DM-Count

Pre:1 065.6

Pre:382.4

() DCANet () FIDTM

MM T HAMITESHIERET /D, X
Je PR R S0 22 RO IR 4 3 O R B B A AL
mmED R T AMRNED MR I
PERE

Pre:182.9

Pre:382.0 Pre:393.0

Pre:388.3

(h) A3057%:
(h) Ours

() MP-Count  (g) FFDB

F11  JHU_CROWD-+ -+ #4852 56 4
Fig. 11 Experimental results of JHU__ CROWD+ + dataset

3.6 ERBEEHSWH

Shy A5 e AR ST AR AE TR 5 4k AR AR )
B AR B R B L 7F THU __CROWD + + %48 4
AT 280 (Param) 5% S03H 5 (GFLOPs)
) A 6 B SC B0 56 9E . Horp, Param A9 50 N
J1 (M), GFLOPs Wy B4 T-JE(G) . Param
IINASERRY AT 2 B LG, 7E YI 25 R0 A B AR b T
THE G A B (] 1 52K o FLOPs{E R/, A5 R 7E
B[R] 9 AT I T R D R R R ACR
Ty, LIRSS R MR 5 PR

XF 5 b Bl HE AT 40 B & B, CSRNet #52 A1

®5 HEESLIERNLL

Tab.5 Model quantitative index comparison

KM Z R KERAZ T HE S, T BB S50
K, FEHE BT 23 FE 28 R B %R, GFLOPs {H 5 ik
857. 84 G, AFI T A7 R HE N FFRAE . A SCAH L
F Al RS I AT R e R LA
REALG L 00 B A SC 7 72 i 3 0
3.7 #EEZAENSWN

h T B UEAS ST B AT 1z AL e T, AR SCHE
JHU_CROWD-+ + %48 £ I X B AU 3 47 91 2k
JERE I 25 5 Y AL S5 S 3 ) A HE 4R SHA

Fo MRELZLMXTEL

Tab.6 Comparison of model generalization

LR 5 7k MAE  MSE

. JHU_CROWD++
Tk

Param/M GFLOPs/G

MCNN'™ 0.13 56.21

CRSNet"” 16. 26 857. 84
CAN'™ 18.1 93.58
DM-Count'®' 21.5 60. 8
DCANet'®! 35.2 117.6
FIDTM'*! 56.7 70. 34
MP-Count'*’ 51.4 78.2
FFDB™ 47.1 79.8
ASCTT I 23.3 42.49

FIDTM™  88.6  150.0

JHU__ CROWD++ MP-Count® 86.9  145.5
#| SHA FFDB'™ 84.2  142.8
NSRS 66.1  127.4

FIDTM™  97.2  195.5

JHU_CROWD+-+ MP-Count®™  96.4  192.0
#| SHB FFDB™ 95.9  188.1

AR SCTT 84.7  155.2

FIDTM™  106.2  296.4

JHU__ CROWD++ MP-Count™ 94.7  294.8
#| UCF—QNRF FFDB™ 89.4  291.0
ENS @RS 55.1  223.8
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SHB 5 UCF-QNRF ##z % I 5 FIDTM .MP-
Count M1 FFDB B Y ) L 3 45 J 4n 3k 6 Prw .

P 6 I B s b & B, i FE JTHU
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25 5B R M et B $E AL ) MAE 5
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e ti.
3.8 HBLLE

Ry B R T £ 5 VA A A BL U A At 7E THU
_ CROWD-+ + %5 45 I E 47 I8 @l 52 56, LURRTE
W 2% Backbone Jy FE Al 347 256, 3 51 T 0 AR SC B
FREABE R () 4 45 1 422 0L O v B R RO
A F R AR RO IR AR Y R AR R R AR A%
180 A5 HR 22 3 BT 2R G B R AT T S 5, 43 )
HIB,.B,.B, . B,M B3R/~ . SEEASRUNEK 7R

T TR LU R A AR SORLEE B0 45 7] D)
e —E R PR T IHEOR PR R L 16 B % 45 K B R
TR RIS ICRE ) o B A AR SO AR O A
AR SR LW T R R CGEE R
B, 0 &2 2% 5 S 0 T4, 98 I N BERRAE 32
BRI T ERE 1 o ARG A RE IR T4 R
REASE L A AU 348 580 A5E R R R A £ 38 A5 B
SRR ZE BB R (1 22 RUBE RRAE 3l 4 1%
HEHL ) MAE F1 MSE #8 U iE — 25 i 4k, 953
S FEAR M 61. 2 F1 225. 4. T J5 46N A £ 5y HE R
A A E A AR T AR B R 22 3L
MAE #1 MSE ¥ 45 — & & B2 By o /b . Bl 5 B B
PR 20 25 S T, ASE TR 1 2 50t R B B —
25 A0 38 0, B v T RN A T ERORE o T
525 38 43 E B TAR SO TR ek I 4% 1) e ik
YEHTS

RT HMKIEIERTLE

Tab.7 Comparison of ablation experimental indicators

Backbone Pk MAE MSE Param GFLOs
N 86.6 314.1 8.9 22. 87
NG NG 82.3 301. 2 10.2 25.42
N N NG 79.1 298. 3 11.6 29.7
NG NG NG N 68. 4 277.5 15.8 33.1
NG NG NG NG NG 61.2 255. 4 18.3 39.5
NG NG N N NG NG 57.3 245.3 23.3 42.49

4 £ % Rem A, fe)E , FIH 2 0 Jr el & el 2 ROE (R

AR T — AR TR TS R
AR L 0 ) R RO Y i S A A AR
PR R HLEI M & A #5 T . IFld 2 R
JEE R L L SR B R R AR A R T R
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