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RESEARCH ON CROWD COUNTING FOR CONGESTED
SCENES BASED ON DEEP LEARNING

ABSTRACT

In modern society, crowded scenes are widely found in various
places, such as stations, shopping malls, stadiums, etc. So it is of great
significance to accurately and efficiently count people. Studying crowd
counting methods in dense scenarios can help to better understand and
manage crowd flow, and improve the safety and management efficiency
of venues. Due to its powerful feature extraction and representation
capabilities, deep learning can be applied to the accurate estimation of the
spatial distribution of populations, and has gradually become a
mainstream research method in the field of crowd counting. The
conventional crowd counting model is composed of a density feature
extraction module and a counting module, but the current density feature
extraction method usually has a large number of parameters or
computational costs; On the other hand, the framework of the current
crowd counting module is relatively simple, which is usually built based
on Convolutional Neural Networks (CNN) or Transformer models, which
does not couple the advantages of the two models, and it is difficult to
achieve accurate counting of people in complex scenarios such as scene
transformation and uneven population distribution. In order to solve the
above problems, this paper proposes a compression method for the crowd
counting model by studying the lightweight algorithm of the density
feature extraction network, with the optimization goal of reducing the

amount of computation and parameters, and studies the fusion algorithm
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of CNN and Transformer model to construct a multi-task parallel crowd
counting model, which realizes the effective balance between real-time
counting and accuracy. The main research contents and conclusions of
this paper are as follows:

(1) A lightweight density feature extraction network for crowd
counting has been constructed. A lightweight density feature extraction
method is proposed to address the issues of high computational and
parameter complexity in the current crowd counting model density
feature extraction module. Simplify the nonlinear activation in
convolutional layers into linear mappings, reducing the computational
complexity in sample feature extraction. In order to avoid feature loss
caused by this, shallow and deep feature maps are fused to enhance the
model's representation ability, and finally, a regression prediction density
map is used to achieve crowd counting. The experimental results show
that the parameter size of the proposed counting model is 0.11M, and the
computational complexity is 7.41GFLOPS, which is lower compared to
other crowd counting models. Compared with the lightweight crowd
counting model, the real-time and accuracy of the model are better than
the lightweight crowd counting model proposed by the predecessors.
However, compared with conventional crowd counting models, the
lightweight crowd counting model proposed in this paper needs further
improvement in crowd counting accuracy in complex scenarios.

(2) A multi-task parallel crowd counting network for crowd
counting in dense scenes was constructed. In response to the impact of
complex backgrounds on the accuracy of crowd counting models, a
parallel method of CNN and Transformer for multi-task crowd counting
was constructed by combining the advantages of local feature extraction

of CNN and the ability of Transformer to capture global features. In the

v
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density map prediction network branch, an dilated convolutional network
Is used to establish a mapping from the true density map of a single image
to the predicted density map; In the direct counting network branch,
Vision Transformer (ViT) is used to establish a mapping from a single
image to the number of people; Using global average pooling to
dynamically generate weight factors, fusing density maps to predict the
number of network branches and directly counting network branches, to
obtain the final predicted number of people. The experimental results
show that the multi-task model proposed in this paper significantly
Improves counting accuracy without significantly increasing the number
of parameters and computation. Compared with conventional crowd
counting models, this model achieves lower number of parameters and
computation while achieving better counting accuracy. Compared with
lightweight crowd counting models, although it does not achieve the
lowest computation, its counting accuracy is significantly higher than that
of the compared lightweight crowd counting models, proving the
superiority of the proposed model in counting accuracy.

In summary, this paper reduces the computational cost of the model
by constructing a lightweight density feature extraction network, and
further optimizes the crowd counting module of the model. A parallel
CNN and Transformer network is proposed to improve the counting
accuracy of the model, providing technical support for fast crowd

monitoring and effective security warning in dense scenes.

KEY WORDS: crowd counting, congested scenes, deep learning, model

compression, multi-task parallel
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XA SR G 5 REBUEAT B EE, BREE T ST —NMAESY)
b, s=123,..,a, git—4EE/HEH%HHEA:
(2-1)

ds :Zﬂfbs—fﬂ
BBEOLE, BREHIKEF /M THESK

Hh By RABRIEH P BRI,
fEa.
S 4EEUE £ G, ) B RS hk, 1), 4R XA 2-2 fis:
g(i,j)=f®h=;f(i+k,j+l)h(k,l) (2-2)

EGEGR MG 2-1 frn, M FoviEEas, XONER, O N4k,
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X11 | x12 | x13
011 012 F11 F12

= HBH ( )
x21 | x22 | x23
021 022 ' F21 F22

X31 X32 X33

K 2-1 BB ERMRIZH

Fig 2-1 Image convolution correlation operation

Oy; = FiXyy +FiuXpp +FpXor +FpXs (2-3)
0y, = F Xy, +FpXys + FyuXop + Fp X (2-4)
0, = F, Xy, +Fy Xy, + FyXay + Fp X (2-5)
0, = Fy Xy, +Fy X5 + FyyXsp + FpXss (2-6)

MR HoW,C, 38N AT B L KRS |
FHGHON P IEHIRIET 0B IR H o>, SR A 3
2-7, 2-8, 2-9.

_(H,-F+2P)

H (2-7)
P S
W, =w+1 (2-8)
C,=N (2-9)
MK S=1, HEHEAHP= (F-1) /2 B, %R B8 R~ N B R~ —

.
(2) BIERH

FE CNN HEY 2800 5 U S BB B R AR — RO ZR MR AE, SR T 7E SE R I
i, AT — SR At i ), RIS AE SRR S N b — E AR
BORREUZ o IO B BCA 12 AR )R E0E B8 (Sigmoid), B IE DSOS
B % (Hyperbolic Tangent Function, Tanh), & IF £k 8. 70 30% BR $0 (Rectified
Linear Unit, ReLw), K IKIHEAT N4

Sigmoid &R 34y HAEBE PR WIZEX ] €O, 1) P, AT AR FH/E —Le R T
AR R — K55, B 2-2(@) PR, ERARNRE TS, filiy 0; £
ANRKRHITEGR, A 1o B ARNA 2-10 fx. BT A f A E

10
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BORBU N, A2 18, BRIETCIREEILT 0, (IR CNN 424
HmJE, ARG S A OB E S O RIS, LT Sigmoid 5%k
HIZEIX A (0, 1) W, FEUCHIH L R 0, &S8R B00 b BTG 8k -

1
1+e™

Tanh BE¥(%3% T Sigmoid B6HOBEEE T R, Sl X 1A B 7
(-1, 1) 20, MRS T Hi 4 B O (RS, HeE A inA R 2-11 Fir,
B B R 2-200)FT . SCRE G BRI T 72 015 o e S0k
(L 30 bl 1 1 A

f(x) = (2-10)

et —e7*
e +e*
ReLu pREUARYL T FiREIERBIA L, BB, FEARA
A 2-12 Fran, HEANNT 0B, #ioAh 0. BEIAKT 0 B, #i AHAS,

B G E 2-2(0) s .

f(x)= (2-11)

f (x) = max(0, x) = {2 . § g (2-12)

(Ia) <‘b) (©
2-2 Wi R AL
Fig 2-2 Activation function.

(3) HiLE

A ERRREE, R S NAR KR, BE L i R xR
LA SE AT AR MAL R i Rh . oK AT 25ibtt, nlsl 2-3 fros. A
AR RME ] — RS RS 2X2, ROy 1 R & D AERE & g, BOE
B XS B A B T IE v . A3 2-13 NioRibtl, 258 s MFIERIA
BEAT S KA AR, xg NERAE X L, PR TR, NEREXEL, R

11



TR AR A2 18

Kitfetartic A3 2-14 JFaititl, FE5 s ML A EAT TR ERAE, X
MBI L, PR TER, | L, |XEk L, Fous G g, AERAFXER L, 1
Tt A S .

fsab = (ir?)zé{h Xsij (2'13)
1
fsab = Z Xsij ( 2'14 )
| Lab |(i,j)eLab
v 6 8
1 l 2 4 . —/'J/':JL(j‘jl’ i
Ak 28 2511 B Kb AL,
-~ 3 4
5 6 7 8 >
3 12|10 BE AL
AL 2N 2> (1)~ it 4k
1| 2 3| 4 » |3.25|5.25
2 2

2-3 O KMALFNST- 3L,
Fig 2-3 Maximum pooling and average pooling
WAL E— BRI EERZ R, BT R R R B 2 R, SR EH
THEMRFE . TEABETFEUT SR, BONTE BT NS T s EL T B
JZJG, F AL RN PRAE AT IR 4R 4E . 7E CNN o, BUES b
W28 FRVR LSBT A2 K, BRI AE DI 25— AN EOR ) CNIN BRI, — 75 2 IR 5% 2% B
ALFRAS AT D, W62 AT DU S BRI 24 7, 3R m I 2RIR T
(4) &EER
ER R M IE M 4 55 LS, AT ARSI 88 00 E 7R H BT
SR AT B A R I AT 0 2. AR NG 58 1 2R T 1) — By
METCEA i +1 2R ot TR, A0t 2-15 Fis.
Y=fW=*x+b) (2-15)
Hrbw RBCERRE, x2%A, bemE, fLBuEmE. MEFEW 22—
HikE, F—HRE L2, §ATRE T - ENMARE, &4
TORARBEANREZ A K R

12
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2.2.2 4281 CNN 58!

HAj CNN C2) 2 N TR &40 . H i VGG16P 1 ResNet!?”!
PRI R FL 5 R 1 7% e ) ARFAE SR LR 7D e AR BF I IE H T 40 AT 5%, il iz
HuE R B T AN BUT 5 B AR IE SR L ES . R THIXT VGG16 A1 ResNet
AT

(1) VGG16

CNN () — SRR PE TS A UL GEAT 55 LA MR AL B ARSI T BRI A,
—uE CNN AR . VGG16 1E NG SR Y —, HAE RS L4
T 2014 FEKAEH . VGG16 AL e Bl 7, FRAESEEEE Ju5m K, B
Iz BN T EUR AL BAT 5501, VGG16 M s 2-4 firor, ZHEMAES
BMEREM 3INEREZ . HEATH, FralEREYERH 3X3 B,
MRKHIARIEIN 1. BEERAEW 2 8 RS 78/, 6 R W 1450 H I
Wz, M 64 52TH3 512, ffa =AM EEREE S AIEE 4096, 4096 F1 1000 A f
26, HTRRHERA GRS R

224x224x64

112x112x64

56x56x256

28%2

8x512
1x1x4006 TxTx512 14x14x512

1x1=1000
By - YV ‘Q -
=
Q@

() EHReL U
. itk

‘ - Ao VAR LU PTG 56 80
Q;sOfmlaxﬂmm %

2-4 VGG16 [l £y
Fig 2-4 Model structure of VGG16
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VGG R DUEIRI M 25 54, BUNERUZ AR, AR AT
HRBRZ ML, VGG16 I BIREHRM 3X3 MEMZ. 24
NERZI R DS B KB RUZ W B2 B o 345 HBE S AE$R15 55 2 MR RRE 1Y 7]
IR S A A, #E Rl 2 MR R G T RS . VGG16 M4 H A
W N T A RAE S T M4, FIRIRBCA R4 SR E -

W e e |

4
BRE (BRI EBHE BRI ERE (P
757, HK2) 1<) 1<

HebrEAL
ReLuii ek %

bk
ReLuiifefi %

BHE (BB
3>8)

Y
HRE BRI
33)

HEFRHES

HAREL
Re Lui#ii bk %

EBWRE CER
3>3)

R Glife
©38, HK2)

HthzHEf HEARHELL

Re LU i ¥ Re LUl ik 41

BHE BRI
1x1)

LR CERW
1x1)

HEFRHELL

Re LUl i £ ReL i i £

BRIEA L

&R Gt
[ ARD)

IERR

K 2-5 ResNet [ 45 1)
Fig 2-5 Model structure of ResNet
(2) ResNet

ResNet HI#2EH & CNN N T EMEAFE F i) — N E ) B, ResNet £
ILSVRC 1 COCO2015 L#BEUIS T Al i . ResNet M#27% | VGG19
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MR L% 454, 78 VGGL9 MR IS5k EHEATIE 0, it 5] ANk 22 B o 0 i % 1
BEHUAR A P 7 I 250 RS A IR B SR AN AR AR I R, A 2-5 Frow
ResNet R0 KOy 2 MBRIREEAT T KAE, B 758 MEK. ResNet ML
BT B AERFE RS I, R E SR 2 B2 BT, XA R DLORIIE§R
HURFER) e BE 2 . AT 2-5 7T LAE 21 ResNet W25 453 5 2 Z RIS I T R AL,
TR T Rz, e R AR R IR I 1 R e AR AR

2.2.3 Transformer #& 8!

Transformer 7Y & S fE SCER[62] TP et B SBHN A T BARTE 5 b2,
AR — N AR AT S RN 2% B, SE AR TR ILEL, PR E H AR
A J3 Sy G B 2% RN 5 T AN B 43 o 7R X A A L g B 2% I LR SRR N
(XX ) TSN TR BIESL I F (22, )0 KT TFEA 500 2, fRHD 52 20 A R
HIPFNFE G (YooY )o FERF—20, BRHGZBEBIEAR), FFEER TP,
AT —NFSE RN . 2B E dn ] 2-6 iR .
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i
REEETER |
% .
A%
REEEAEA— REEBEAEH |
? i «
— g
HBEP 4% £ BB AL
AR — REER A
i i
I — i
3 1 B M WA FFSULE PR B3 1 B
'y YNGR A
HNH 3 Wtk 51
A R S

2-6 Transformer F% 70 45 44
Fig 2-6 Model structure of Transformer

Kl 2-6 /& Transformer NS5, AT MG 0 NPRANER, 43 AR Zc 303
I YA A R L ER o ARG B . B ROl () 2 S B AL 2 A E
R IIWURIE R, 2 SKERE N e & — MR 2 EEE MR —1L,
WEEFM T EM B, BER— Ml TS BB EET A~ T
T 2H RGBT 20 REAT A4

(1 BERNSH

K 2-7 NBEERE OIS, ELPRRBERAE S, B RN
SR N B T MDA R Y, TR R R A B AR (Q), B
EAERE (KD, fHFERE (V).
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Hifj—>
BORERERT B > WEEE o SofmaxiiE R

HE—
fg BT
HEE I

Kl 2-7 HEFEE 145
Fig 2-7 Self-attention structure diagram

HiER 0 N HAERE X Ko, ] CUE B 28 AR BEAE RE WQ,WK WV it
AR QK VM., HEWE 2-8 Fix.

WQ
wAX Q
) B %
WK
X K
) B I
WV
mAX v
) B %

K 2-8 Q,K,V 572
Fig 2-8 Q,K,V calculation method
BRFERE QK.Y ZEm Uit By 1rimE 17, rE AR 2-16 Fir:

: _ QK"
Attention(Q, K,V )=softmax( V (2-16)

N
St Attention() Y B M, A2 Q K FIEERIFIL, EDFRAEEE. N T
G AT B, AR 216 R Q FRHIE K LT, BAEIRDL d 19T
RABIE UL K. BRI — MR n R T, AT OKT R, &
FREI— AR RN 0 R, SRR AT DL ) T oh S T, B

17
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JEAEH] softmax i pR Bt Ak — L] AN H AR SR E R D R B e R
RV, AT S R R & s, SRl BRI R R Z, sk
HERAHE 2N BEE DHGERE, K 2-9 N2 JGER T,

3 IR
T
Lt
T
e
T
- | y
R AL ;*\
) ) t
- I —
é’%f’% Lt Lt
2 i i

Kl 2-9 £ ki i &l
Fig 2-9 Structure diagram of Multi-Head Attention

M 2-9 WAIZER A EZANEERT, BREmA X 5tk F] h
AR EER ST, WEAAR h MR Z, FENsHzRe—&, REfEA
MR, "R IGER N RL .

(2) BEEENRE—L

M 2-9 7%, Transformer [R5 FLAL & B ZEIE BRI = IH— 4k, B

RN T R 2 RN W 28 ISR IR HE Y o) 2, S8R — &8 T — 2 145 B
TEWAEHRD] T —F, LA BRI YRR . 2RI — R A AT 4 T8
B ZEVEFEAN 2 A — TR A R 2-17 B

Resl() = {LayerNorm(X + MultiHeadAttention (X ))}

LayerNorm(X + Feed Forward(X)) (2-17)

Hrp ReslORREERMZE A LRl , X Ron2 eI 8 T BUZ K

i\, MultiHeadAttention(X) 7/~ % kit & /1% i, Feed Forward(X) 37K Al 15t
18
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P&t Y, ER T N A 4R SR AR AR, i BART DAELAH N . Feed Forward
e MERERE, £ EHE0ERECY ReLu, 5 FEAEHBOE &K
. X +MultiHeadAttention(X), X +Feed Forward(X) & —Ffh5k 2 &R, @
Tk 2 W2 2RI ), AT PLAE 48 X Sy 2 A 22 5 BB 20

2.3 NEFIT BB EFATTEMN 1R
231 ABHTHBIEE

ARSCAE A4 . Shanghai Tech #(#% 40, UCF-QNRF %5 42099,
NWPU-Crowd $#E 504, XA R EAREAEMBARE, Mkns, AHEE
KN, FEAT L RO R SR BIE S AME - (E R AR 7RG B SR bR
R 2- VA=A B RN L.

® 2-1 AR B SR 1

Table 2-1 Comparison of different population counting datasets

G/ S flER SHIEE S8 o PR N K e /IMA
Shanghai TechPartA 300/182 589 X 868 3139/33
Shanghai TechPartB 400/316 768 <1024 578/9

UCF-QNRF 1201/334 20132902 0/25791
NWPU-Crowd 3109/1500 2311 3383 0/20033

(1) Shanghai Tech $#E4£

Shanghai Tech ##a4E A 1198 5k F, Forxt 330165 A )k dCo it AT
TARER], R —ANEOEEBCR M A B SE. Shanghai Tech 45404 7 AB
Eor. AR (PartA) MELIBK EREHLYINE 1 482 k& fv, 7l &l &l 2-10(a)
Fis, B B (PartB) M bifg KA T ST i driE B 7 716 skEHR, 7wl K]
ik 2-10(b) AR . PEANERAS Z I NERE TS 22 R ARK, A B i SR I N B 2%
R ST B #r. MAh AR RIS ARNER, B # M REONEE. X
73 NBEF SRR 2 TN B A BRI . A S50 B #4384 I 2R A0t s
Sy, b AR 300 Sk AT N4, FIF 182 3K TIIK; B #4> 400 3K JH T4,
316 5K A Tt

(2) UCF-QNRF ¥i#E4
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UCF-QNRF #4550 % 1535 7k &%, w6l 2-10¢)fr, Hiad
1201 7R IZREERT 334 7K EE . UCF-QNRF Hda S 40A mit FON T B G AIbRIE,
AR AR LB 2RI R A S T 1 5 AN [) (0 S R 050 B S 2 AR (¥13
58, S —J51H, UCF-QNRF 4 AR E T B seyseh, Blngii, K
7, RS, WAE AR AN S T hiE AR A B

(3) NWPU-Crowd g4

NWPU-Crowd #5472 H B v 1E NBEHEUT 55 H e e K EdE 4, 7=l
EanE 2-10(d)FTr, iZEURETIA 5109 T AR 2133238 AMRvE ik, HE
LW NI R 3109 K IE A . BEAESE 500 5K AINIRAE 1500 Gk . %8k
PSS — e N E R I, SR FE T DU SRS Y (e . 1 HLiZ gk
BN e B F AR B S AR L R T v 2R A A v R
H T DR

{

(d)

2-10 ANFEREEI K Fr sl

Fig 2-10 Examples of images from different datasets
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2.3.2 ¥ iERR

AL I BEFR AR B TR IS8 E DA S FEEAh, SR B0k BE 1)
VA5 F) T 46 %6 % 2 (Mean Absolute Error , MAE ) 117 i% % ( Mean-
square error , MSE ).

13 (2-18)
MAE :WZ” C.—Cy Il
i1

1Q (2-19)

MSE = \/_Z” Ce _Cg Ig
N =

3 2-18 MK 2-19 v, C AIC, iR i M N BB HIE MBS, NNy
DA Hdfe 5 b ) AR S 2

2.4 B

AREEE SN CNN A SRR AT A, HIRFA T HAZ A CNN
K, SRIGA4E T Transformer 4% . & Ja X AR S M 1 =4 AR B8 42 DA
K AEREVEAN R AR BEAT T A
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35 ABEE TR AR R LS A5

3158

FESEBRR A, 2 N T 25000 45 1) 2 32 AR AAE B SR Bl 1 #4752 24 1)
WX 28 SR AN R )T SR B, VRS S 1 8, T B A st I AEOE AT IR
B, TR SRS A R A, TR S AT O T LT RS E L
b, WU R N OB R — TR R

AR, HETCONNMABT 2 8 2 %2 00%, HRBTRZEAE
ITHEOE A . DUB-Neto1R i 57 % 5 4t v 1) 48 L 25 B4 22 I 245 ResNet-50027 M Oy
B RAE SR BB ORI BURHE, 2T BRURAE U IR . il id A e M
AR BT f i H AT R RS, s 1 T B, DAL B T AN E
Y NANREIRAE . CSRNetP2LR FH 53 6 (15 I 46 EAT 2 FERFAE 3R X, 7E )5
viig ) FH A AR X 2 A2 R Tl % B2 ] . 2R b, O TH3RECE Z RE, EA— A A
TRENZ RESREREERF RN . BRI IR T A R (KR AE,
{H AN ] 38 B 1) 2 7 A K i ) I 2 SO B R BT B AR A

BN BIR A, A g AN m A R B AT B R O T A
R . HATHEF R, AR T — RAVRE R AT AL . MCNNY
B — 51 #AE D 1) BB AR KNG BUZ 1046 B 700 B %5 5 1 . TDF-
CNNEBHE W7 — A J T[] R 1 S s AR 2 4%, R 9 97 AS [R) 26 AU 11 /b
W HEG A R K. AT, D ERIEEIRZRI AR RS AR, <%
RO BIHER TEA A . 2R B, HATHREEN N T NS £ S E NI
S A TR, SR T 3R1G RIS AT3E A, A R R R4 5 =l
FHS D (R bR 25 B B 2 R AE R Rl A, ERARBR AL ) S R FE BRI, (R T BORE TE
W32 3 AR KHIEEI

N TR e B R, AR BB AR O ) B PR A B R 4 34T
fed, Wil TR T AR R B R PRI N 4 . BT A Y P
Kl 3-1 fim. BB FEEHARERIFI R EEEG POE S AN, BRI
e S HROR P 7 5 (R e P B A D T B A URRAE I, B AR — MR E A I
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SRR S ) AR PR B A 2 A P Bl S R A o PR R AIE B AT AR AIE R 5 2 T
W8 KT RO BE 5 [T T L 00000 5 P2 PR 15 38 e 28 TN N AN 2 e g A A
5H AR BRI LA O/ 7T EBOR I RN S 8T E B Prisb o

i # i %
= 2 2 2
f}i 1t 1k ?E \J
» | 2k y | » %
s #2140 i —’69
fige fit ik i | 40
A 91 i) B 56
KA B E S I B
- v
i
5
B 1
i[j(‘;
* E2
L 3
o
B

Kl 3-1 FRE b s FE R AL SR I R 2 A R

Fig 3-1 Lightweight density feature extraction network model diagram
3.2 RE W EHEEFFERIMNEEZE

R SRR B 35 R AR R A AT, i T — MR LA 4R
LI . REAE LI 2 B 2 R S B AL AR P WS B T A, 8 A
WL e 585 AR P WL B RO AT R [ U 000 5 1
BIRL AT A, FE SR Lo 2 T B ph AR P ST AL
I BT e A B 45 T B A R A O B (A AT I, T
ok — T B £ A BT ORI, S AT M s R
WA 30T £E AT BN RS E R T K> T B0 2 e 5
B, FE TN,

3.2.1 BE W& MRETIRIFE

AR B RFAE PR 28 5 2 1 i AL R VE WU HORFE 1 . B AR e
B 2 Mg B AU BT N, R IR T TR 4
(1) BEHLMEBRN BT

23



2 N N 2T e VAT

REACZ T P 2 DR R VR T IR, BN RE
E ML #oT, SR AN 3-2 R .
AAERFAE

*T/’ﬁi%”

FHAAHFAE
K 3-2 BB A S H TR A &

Fig 3-2 Lightweight linear mapping unit model diagram
il 3-2 fos, WU O30y 3 AMPEE, BRI EERAE B IE
BUD I AMERFAE I, SR 5 A 2V e S A A ADURF AR 1, 5 I e T R Al 1]

TP N TR AR A A BONTARBMRS 1L P ) A gt AT 4
APERFAE B AR B FE TR I 25 2 X 248 A s A i B 20 2 B 48 A AL R A A AR
URFE . T WA AR R AR/, A 75 2 D EAR e AR A BAR LR AL B
Ao BRI S BIRFE RSSO P A, WAEARMERFIE N A4S (A <P). X T
e A EE L R Chyw,e 735 v N BRI 58 A SGBIERD, AW
TEARMERFIER Q € R4 2 Jlik — UKhriE A AL UM AR AE ], X 3-1 B

7RNo
Q=1I=xf (3-1
f e R™COIGMEHIRIE B As,  kxk NUEBAZ RN, #AUREP, AEE B .
VR AR A B 0 TARMRHAE T &, A 2 B4 R E I THRRIZA
e X ERARKQ, ST HE—BAF R ER P ANRFEB, X Q A A
MEAFAEEAT — ROV AERAE L K Z DAV AE -
z;=k,(@), Vi=l..,9,j=1..z (3-2)
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Horps 3-2 190, 9 Q hEE | AN TEARTERFIERL S, | > i sk 8o A
SR VRFEBS IS IREMERRAE, 20 BN 58 1| A WA AERAE IR A2 )
55 T UCARAURRAE . 3R 0 o5 T DL — A B AN BURRAE -

3¢ TR A X0 A v o AR AR S P AR AR AR A AR 2 A B S PRI A ABA AR AR 3R AT P A
RARR AR R BB R 2 T R B R Ve HOoR B ) . R EA
NI 2N R B A2 R PR TR ), R TR AT

(2) BENEIEBG R

BEALNVE I P 3 E A B IR R B At W BT R, ] 3-3
PR —MNrEA LS ool T RE, T REEREE, B REN
2 1 i S B T R/ T T ) R ARG D ZR UL G B8 A2 .t U3 — 4k (Batch
Normalization, BN)SUFI ReLU =JE 2k 1 o £ 7E 42 B A 28 1 it i s 2 s O,

)EH o
_ R —1k,
" a0 (g ReluBREREC L
WA ——— e ) — > wgpee ) —— "
Kl 3-3 b Lt B R A
Fig 3-3 Lightweight linear mapping block model diagram
3.22 BEEERK

HATAE N B, 25 CNNE TR RUAE [ KB B, — A
T8 B AL T AN PR A9 N EO (] U 2 B2 1 SR AN 3 N BOX P M. B
AORUL, SRR, Al R AL R N, RS
HERRAF R NE . fEAT A, 5 AR AT, EF5 —MInA, X
IEF TP RN

B, MEARA R R NSO B, AR R P 2 OR B B 2 B
R BN, LR E T DLEDW R BN BRI N A I L. X
IR AT G DAL SE b s A BB T S TR Bt B R P oL B /N X
SR ) N o P A e T A DI, AT R WX s R A T NS 2 B O
HK, AEAEFICNNZE ST I B RE R, 256 B 4 0 A [F) R/ NSk i) 3dE
Rt UL, 5B R B RCRAABORR, 1 R] PAORAIE T A A HE R 1
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B BT N BRSSO mbniE,  BIER MR ERREAT T mARiE (R Skl
A RD, AR T M ASSKER IR BT LR IR A R

P(x):i‘p(x—xi) (3-3)

X e NBEFUG R B R A bR, % F00 X P MRS A AR, & Je phig R
5.

NT R 3-3 B e B, T DA R S R % G, T
HEAT B, BN ) =PX)*G, () . ST, fEESEI = 4elmstp, Xtk
(R NSRS AR, TERI R R, — /K R0 4T A A 7R
SHFREA k. IFH B FBIRL, 1EEA R AR & X B4k — e, amhb A
ST RIS 2N, A P A G, SR IR P I, i RO R
Sk, BRI AR 2 b PR LT Ak P R

W F 4 5 EAR R RS2 % K 5 C AN 0 A Sk 10 BE B8 2R
D0 ), SPIBRE ATtk 34 R, BRBES X, BRI SR N T LK
S P PR 1B AL T BB

1&,
==>I; (3-4)
cS

N TAGTEARIE X TR, 2 P(X) 507208 o M m iz kA7 & 1
#EARWR 3-5 fion, B=03, *FrBRl. B 3-4 RARZH I EHEE T
0 B R R AR 3 L e A 45 B 1 2

F(X)=P(X)*G, (x) o;=pI" (3-5)

(a) Shanghaitech%4f5 £ (b) Hi(a) ¥4 Bty (c) UCF-QNRF %z 4 (d) H(c) A By
i oy B FLAC % 14 oy A B S E 1

P 3-4 873 Bt S B JUART 1 3 e B A A5 38 Y B 2 1]
Fig 3-4 Some of the datasets images use geometric adaptive Gaussian kernel to obtain ground real

density maps
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323 HFERE

F£ CNN tH Mg, RRAERRS T LAFE 5 F RARFAE B b i 08, SR m L )
THEEREFI &M . FERRIESR BN B, TR 2 IR AR P A3 J2 IR P AR AL P T4
A ANE R RIRHEAS B, 8 P AR AR Rl T DS Bl I 28 B 4 T 179 0] FH i N PRV RRALE
R ERER K

FEAS EE (P RFAE S BT B FH AR AR B R B (0 J7 AR R AR EAT RS, RPfE 2
—MEEK, B, EEB =GR, AR T7 SRS RE AT DU AN [

EHH AR AT B, BARIRAEINTS, (R AT H B A &1 2331
N1 e[HW,C], |, e[HW,C], MGt #E#5 MEEEA 1, e[HW,C+C] . &
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Fig 3-3 Schematic diagram of feature fusion
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Table 3-1 Structural configuration of a lightweight density feature extraction model
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Fig 3-6 Diagram of different clipping methods
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Table 3-2 Experimental results of different population estimation model methods in 3

datasets

N iRt PartA PartB UCF-QNRF NWPU-Crowd Params  iI5 &
TR 7732 MAE MSE MAE MSE  MAE MSE  MAE MSE (M) (GFLOPS)
CP-CNNI3 736 106.4 20.130.1 - - - - 68.4 -
CSRNet?  68.2 115.0 106 16  120.3 2085 121.1 3878  16.26 325.3

CANI] 62.3 100 7.8 122  107.0 183.0  106.3 386.5 18.1 193.58
DUB-Netl!  64.4 106.8 7.7 125  105.6 180.5 - - 18.05 -
SUA-Fully™  66.9 125.6 123179  119.2 2133 - - 15.85 -
STNet!®] 529 83.6 6.3 103  87.9 166.4 - - 15.56

MCNNI2] 110.2 173.2 264413 2770 4260 2325 7146 0.13 11.87
TDF-CNNE8! 975 1451 20.7 32.8 - - - - 0.13 -
SANetl3! 75.3 122.5 105179  152.6 247.0  190.6 491.4 0.91 71.45
L CNetf33 93.3 149.0 15.3 25.2 - - - - 0.86 -
PCC-NetB®l 735 124.0 11.0 19.0  148.7 247.3  167.4 566.2 0.55 72.80
PDDNetB®1 726 112.2 10.317.0  130.2 246.6 - - 1.1 -
LMSFFNetl®!  85.85139.9 9.2 151  112.8 201.6 - - 4,58 14.9
Ourmodel  70.1 107.4  10.1 16.0  110.3187.7  119.8 461.5 0.11 7.41
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SR e B AR L, fEPartB IR S I, A SCRIAL I MAE X EL 5 T I
LMSFFNet#5 445 0.9, MSE X 0.9, 1A SO A L L MSFFNet& 2l i) 2 H &A%
447, THEEAK 7.49. FEHRYAESE b, ASCBRLE H AR ST SR
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Fig 3-7 Some experimental results on different datasets
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Fig 4-1 Two methods of estimating the number of people
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Fig 4-2 Structure diagram of the network model for multi-task parallel crowd count estimation
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Table 4-1 Model parameters that count network branches directly
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UCF-QNRF¥# 5 AR 7p sk 45 %, 55 -BAT A5 )\ 4T INWPU-Crowd ¥4 45
AR SEg A5 R .

4-8(a) M s Ny 500 A, b B TR 000 W9 4% 7 SEAL TN BN
484.89 N, tHESEITEMZE 7 SO AECN 510.07 N, NSk & R4 5 5k
FRIBISBUE R Ty 0.48, HAHMIALCH 498 N 1 4-8(b) I L NHy 164
N, TR 28 2 SO TF NSO 162.91 N, H BT BN 287 3G T
AN 169.03 N, AEfh & R4 7 SCAE B SBUER 108 0.66, 4Tl
NHUN 165 No K 4-8()I L NN 234 N, |13 R T 9 2% 7 S A TH N
How 231.02 N, HEAEHENG 2 S THIINECN 243.22 N, NHGha 45y
SCAERBIEBUA R 77y 051, RATMALCY 237 N. B 4-8(d)HIE L AHL
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N 194 N, HEEFE TN 25 53 SOl T ABON 190.32 N, I EFEETHEIM 457>
TANTFRINECH 194.22 N, NEEE W45 XA I sh &S BUE R T8 057,
AT Ky 192 N Bl 4-8(e) I ESE Ny 3652 N, H%5 B Tl i 28 73 ¢
AN ECh 3010.07 A, B E B EM 4 40 32 Al A0k 3928.80 A, A%k
Rl W25 23 SC AR R B S BUE IR 7o 0.31, H& T AECh 3644 N. & 4-8(f)
PFLSE NECR 3302 N, H 2 BTl X 4 3 S v AN Zick 2998.84 A, HE
BB 4 0 ST NS 3453.63 N, A BER A 2% 4 S T AE oy S AE AR
FIZNASPUERE TN 0.34, RATIMAECH 3299 N. [l 4-8(9)H 52 N 544
N B R B TIO 2 73 Sk v I NHCh 531,76 N, HH BT 45 43 S Ak i
I NHhy 550.72 N, A& W28 55 S IR B A AUE R 72 0.46, e 2Tl
NHCH 542 No B 4-8(h) IS NN 94 N, BH %5 I 9 28 43 S Ak h BN
Hh 93.01 N, HHEHETH M Z o ST AECN 98.22 N, AERRRE 45 53 3¢
R EASAUEE T4 0.81, HRATIAKCH 94 A.
B& 4-2 RN BRI 7 AR 3 AN SR 42 11 S 4%

Table 4-2 Experimental results of different number of people estimation model methods in three

datasets

NBEH 8 PartA PartB UCF-QNRF  NWPU-Crowd  Params HHE
AR T v MAE MSE  MAE MSE MAE MSE  MAE MSE (M) (GFLOPS)
CP-CNN®23 736 106.4 20.130.1 - - - - 68.4 -
CSRNet!22 68.2 115.0 106 16  120.3 2085  121.1 387.8  16.26 325.3

CANI7] 62.3 100 7.8 122  107.0 183.0  106.3 386.5 18.1 193.58
DUB-Netl!  64.4 106.8 7.7 125  105.6 180.5 - - 18.05 -
SUA-Fully™  66.9 125.6 12.317.9  119.2 2133 - - 15.85 -
MCNNI2] 110.2 173.2 264413  277.0 4260 2325 7146 0.13 11.87
TDF-CNNE8! 975 1451 20.7 32.8 - - - - 0.13 -

SANet3] 75.3 122.5 10517.9  152.6 247.0  190.6 491.4 0.91 71.45

L CNetf33] 93.3 149.0 15.3 25.2 - - - - 0.86 -
PCC-Netl®l 735 124.0 11.0 19.0  148.7 2473  167.4 566.2 0.55 72.80
PDDNetB34 72,6 112.2 10.317.0  130.2 246.6 - - 1.1 -
LMSFFNet®®l  85.85 139.9 9.2 151  112.8 201.6 - - 4.58 14.9
Our model 63.9 94.0 6.9 11.3 84.2 1435 78.9 340.3 7.21 7.90

A% UCF-QNRF Hs 83T ah o i, U BT 1 AR KT
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Wiz, tHEGEEIN 0 2 12865, A< & $ig t B 32 SRR fi AT DANESE 9 A J7
ffil: (1) CNN 1 Transformer WV & H TR EESHIF 2. (20 NEb & R 4%
O3 3C BN AS A AU IR -7 SR il 250 P55 P TR D) 4% 3 SR B B TR0 45 43 S N
A R AT NEL . R T AR X AN T TR AR R N U BUE 55 A K
Mo 7ESZI6 P T ELEEE R ModelA, ModelB, ModelC, i b i 7Y 1) 2%
FERFESEHUBAR ], ABETHEOSE 2 4-3 s, THERR Nk 4-3 FiT.

R A-3JH SR SR A R

Table 4-3 Experimental results of ablation experiments

W 2% 73 32 AR
et FEE TN L BT BN s CPRS NEG G N4 MAE MSE
ModelA v X X X 1054 1795
ModelB X v X X 94.3 161.5
ModelC 4 v 4 X 89.2 154.8
Our Model v v X v 84.2 1435

SEBR b, ARSCRTT I AT 55 IR AT N BT O AL o ) 2 P X £ 4 S R
BT HO 45 53 SCHR AT LA SRARSE AT N BT 4, A1 e 7E UCF-QNRF %
i EYRAL 7 BN RILE 2 S PERS . Model A AL 555 B TR T I 2% 43 30,
MAE H1 MSE 435124y 105.4 F1 179.5, ModelB 7 B EIM % 4032, B
MAE FI MSE 43l 94.3 F1 161.5. #5245 ModelC & -2 & I T I 4% 43 S Fl L
BB LRy 30, AT BCR PR A 1735, I ) MAE F1 MSE 43
2y 89.2 F1 154.8. FILAKIL, P SCHEALRE, MAE F1 MSE #54 it T B
TF B 285 6 %5 R 1R TN ) 4 7 S0 B T A0 28 4 SCBEAR T B AN IR 4% 43 S IR P
BeJa, AEE IR AL A o R P T 465 43 SR LB T RO 48 03 30, IR AT
HOR F N B & W 25 53 SCE) A A UBUE B - LR, MAE #i MSE A8 Lt T
ModelC t55 fT F Ff . PRI S 30E B 848 A OBUE B 1 2200 TP At & .
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Fig 4-8 Some of the experimental results on the dataset
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4.4 KEINEE

RERAL T B N O, SR T M AR5 IR T AT
U AT, 3 H AR AE SRR AH N 1) Hi a4 B RIS T AL i TE itk g . A
I CNN K 2% A1 Transformer W 2% % 5 B0 &0, Wit T — A JF47 CNN Al
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AR IE B =AM 3, 78 %5 5 TR0 10X 2 43 SR FH HE S 137 7k 5 AROR 81 2% 2
EIRANG B TEANE, R EEHEINZS 7 S VIT SREHEAMTEA S e he
H T N E W28 533, A 4 R P 30 it A SR B 3 AR BOBUE I0T, B3 8 i %%
JEE P TR X 45 73 SCAVEL R TH BN 45 70 ST T AN B, 3 8 R T . &
JEAESEER P B, B AR B TR OB AL = A ER A EAR AR AT TR, JF
524 NBEUFBOE BT 0 e o FHSRIG IR AR AT 1, AR TSR LAY A B
FWMSHEMIE RN RN, B TR RN RE .
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FoE RESRE

5.1 B4
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