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FF-CAM: Crowd counting based on frontend-backend fusion through
channel-attention mechanism

Yugian Zhang Guohui Li Jun Lei Jiayu He

Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha, P.R.China, 410073
Abstract Crowd counting has attracted much attention in computer vision owing to its contribution in public
security. For example, in a crowd gathering scenario, the monitoring device can monitor changes in the number
of people in real time, and provide early warning of overcrowding and abnormal conditions to prevent the
occurrence of safety accidents. But on account of occlusions, perspective distortions, scale variations and
background interference it faces a great challenge to achieve high accuracy on prediction of crowd counting in a
single image. In this paper we propose a novel model to count crowds named FF-CAM. It merges the front-end
feature map with the backend feature map in the baseline, achieving a fusion of various scale features without
additional branches or extra subtasks. The fusion is fed into the channel-attention block to optimize the
procedure, and to conduct feature recalibration to use global and spatial information. Furthermore, we utilize
dilated layers to obtain a high-quality density map. The dilated convolutional layer expands the receptive field,
and its output contains more detailed spatial information and global information without reducing the spatial
resolution. The SSIM-based loss function is added to compare the local correlation between the estimated density
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map and the ground truth, meanwhile the regression-based loss function is added to compare the difference
between the estimated number and the actual number of crowd. Our FF-CAM is verified in the UCF_CC_50
dataset, the ShanghaiTech dataset, and the UCF_QRNF dataset, getting brilliant estimations. Compared to
state-of-the-art, MAE is improved by 4.5% and MSE is improved by 3.8% in the UCF_CC_50 dataset.
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TR, AV IR [7100 B B R S EATTRAE -
WJa, FET SSIM 355 B BUE XU

L, =1—$ M SSIM (1) (1D

Hoh M 2% B g R S
343 E:T[HIENE K R AL

K 2 B T 2 FE A TH 0 TH SR D T
N 2 P ] R e T ST 0, 5 L 2 ) ) R R iR 22K
PACAT A . SRTT, Xl v SR i B v
5 KPR TERR MAE I MSE Y& A B &, KH
BN R4 Rt ButR g et 2. ik, B4l
BT R AR TRV NS R R, o B
BT AR ES KRB R 2R, @l igm
AR R, WA AR BSOS A N R R R
AP RRRIE, 1XH BT m e % . How
AR

SSIM =

L= Je-c| (12)

Horfr, CHIC 4RI INGAER AR
SHIPNS s
3.4.4 ZELIREE

H 3T SSIM 451 2K bR ORI T [ )3 A\ B 43
REEIMA BN RET, BERGGTRRmEER
NUR

L=L,+aL +AL (13)

Hra F1 B 7393052 T BTN B 453 2K o AR 2
T SSIM {5 5% R B AL, P A = R AU T4
FATRAE [T AR5 E f=0.001, 7ESLIIGIE 5 1K
€ a=1, BARSZR LA 4.7 75,
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ARSI REAE 4 B TITAN Xp GPU LT
M. 1ZMZ8HET Pytorch HEZZ, FRAMEH Adam 1t
WERMNUSEOEE R MG S E R BN 1le-5. 5
ol i aABEALYIGE, TIENE, bRz
N 0.01. BRTHIHEZSN, BATETEGNMEREZ
JE A8 At EFRUEAL E AT Relu 2, DARR I 2505 1 5
7 Sk bR G FEE (19 SRR
41 HEEMER

DA s S — s e 7 R s BR L & 3
XoF 7 (A N FELE BEAS h ( Abir B e i N B A[9]
— R, TATRIREFH = S R SR A 1
B =T EE M E R

F() = 36(x-x)xG, (0,0 = pd, (14

Hrp, fERME S, AT HAERAE X Aif—
Nk HbRx,i=12,...,N, EXL5(X—x)EIrifEZE
No Edlit, 1md o2&k NERIEAR R R . i)
WO, RATEE =03,k =3, X THHE
NI AFE s BUE, s nl s R B bR A
SKBDRIAL, AR SN TR R I 1) BLAE
42 HHEIEER

K2 BONA TAEAE AN BE B 48 b R i &8\
BRI, PI4EHR ZE (MAE) F138 75 i%
7 (MSE). MAE Faflivh MEmfatE, 1M MSE Jx
WL TSR . 8 R

MAE=%ZiN:1|Fdi -p|| (15

MSE = fﬁ-zPJEI—DJZ (16)

Horbp N RIS %R, D ST ANEG P E
SN S (Y A RN T L PN
43 FEUCF_CC 50¥iiEsE Fryscie

Idrees % A [2]#2H! ) UCF_CC_50 ¥is &35
50 MEARFEAM S PERIEE . X2 — R
P RIEARLE, FHANBUEE] T 1280 N, mEM
—IEE A 4543 N. B TE& S AR R
B S ECH R, X2 — AR B Bhk ik i B
o R, BAILIRL2)F briiE B B AT 5 558 X
BOUE, S KFEEEHRIFREA: BRI 2 ik
HED, DA IERIIGE, BT H—m1E

RS, FEBAT LU ZRANIN, TR S 45
RANR 1 PR f)a BIBGRZ TR 1T BME Ay sk
o ) B 24 45 2R

%<1 UCF_CC_50 #IEEE 5 ERXNIWIFER

MREFF = MAE MSE
1 383.65 579.99

2 144.33 183.25

3 293.15 337.64

4 257.15 317.47

5 155.54 192.51
BN 246.764 322.172

BATE SR S &I Mz e, £ 2
I T MAE F1 MSE L4553 . FATTH FF-CAM
FIfliHR 2 MAE F1 MSE 15 AT # 78 i Be/N,
XEHIATE S T X UCF_CC_50 HdE4E i+ 5 i
AT, FHEE TR ST [10], BATIH MAE #2215
7 4.5%, MSE #2175 1 3.8%.1%45 LKL T FF-CAM
R A f 1 R A 1 o

%<2 UCF_CC_50 #iB&EmhitizE

T3 MAE MSE
MCNN[9] 377.6 509.1
CMTL[8] 322.8 397.9

Switch-CNN[7] 318.1 439.2
SaCNN[11] 314.9 424.8
CSRNet[10] 266.1 3975

FF-CAM 246.8 3222

WZRIFHIRALE UCF_CC_50 %4 F13 2
T8Oy AL T BT 4 Fros. 4 mTRUEH, 3K
AT AR R0k A P A 5 1) 37 5% RE 3R AT AR 4 1) 00 -
A AT RO HER ) L I, B ECE B |
SENHL BT CSRNet[10]46 7 . i s &) LI
S IR T EAAAE N KR RS — [ 1, 1T
R BRI RO R 7 iz, AR
NEALE AR AR A — . B =K EA TN
Fepi e, TS 30 1 B BRI HRRR T T30, R
R G ANHL
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K 4 FF-CAM #E R 7E UCF_CC_50 $dfi4E I i sz x bh
HEE. B ATAERER, S ANE Y 1997, 2960,
1045, 28 AT NEEEIWEAE, 28 =17y CSRNet[10]45H4
753 (s AP, LR N KR sy ik 2100, 3430, 1185,
HVUAT N FF-CAM #3213 FEAG THE, TS AN B0 5

2006, 2600, 1022.

4.4 fEShanghaiTech#i#EsE FAysEie

ShanghaiTech £ 4 /& — A~ 2 #F BIRE 10505
£, H Y. Zhang 5 N[O H . ZE PRS0 part A
F1 part B B354, part A 2 N _EUREET R, HE
482 K Frs part B MM g 30 E S i
ek, U 716 sk . BN AR AR
PFE I BEEE, part AFANBGAS] T 501 N, #%
Z M —iEE A H A 3139 Ao 1 part B AN A4
PEF, P NECN 124 N, 20— 1aE A+ 578
No 7F part A $dadEd, 300 dk & A RISk,
T 182 5K A SRR . part B %54 B 400 5K
KA SR, 316 7K T

& 3 HHIH T BATEAG TS R IR 2Z MAE Al
MSE 5 s 5t 7 ik A7 LR i 25 S o R HmT DL
EH, AT 7T VELE part B s 8 h R 1 45 AR
T HARKI 7, MAE F1 MSE 4> 33 T 2.8%4
1.3%. XUt HIATHI 7 VETE part B £ 4 RIS
IREF, UERH T FF-CAM AR . [FIR L AE part A
Btk Fi MSE #2051 4.5%, i BB () Ak
#oh. H MAE IS 22T CSRNet[10], X ik 38
ATEI 7 ¥ AT B 75 B2 22 A I 2 R sz 56 Sk 2 v L 700
DU AR HERF

%< 3 ShanghaiTech HIBEMEITIRE

CSRNet[10] 68.2 115.0 10.6 16.0

FF-CAM 71.0 109.8 10.3 15.8

PartA Part B
Jrik

MAE MSE MAE MSE

MCNN[9] 110.2 173.2 26.4 413

Switch-CNN[7] 90.4 135.0 21.6 334

SaCNN[11] 86.8 139.2 16.2 25.8

K5 A 6 B T IIZRIFIAERILE Shanghai
Tech 4 FAN TSR 0030 7 % AT PTLLE
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6, ShanghaiTech part A H(#f W% B 55, 1
ShanghaiTech part B 44 W AHX Wb, 31X i BA7E
R FE AR B R M £ FRATT I o9 28 3 75 2 T 22 1) [
FrAT YNGR DA B A () HE A

K| 5 FF-CAM % 7 ShanghaiTech A 34 4E L (1925 % b 25
FEE. E—17 8 EEEE, s ANE50h 239, 1005, 1174,
AT N EI Y, %5 =179 CSRNet[10]75 3 1% i
B, WSS B 379, 741, 1448. EIUATA
FF-CAM 153 % FE A v, Tl s N %571 346, 870,
1402,
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& 6 FF-CAM # 17 ShanghaiTech B 4 8 b B S2I ot b 2%
FR. £ RRERE, BAZS 5N 28, 130, 467.
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45 FEUCF _QONRFE#ESE FRycis
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FFE e — D2 BT s, HERRF BHES
1535 3K, ARIEEZIA 1251642, % T HABFHA
BPngE . HE M =ANAN A B SRR IR T oK
BET RS M5, BRI HA BRI A
7. FRATEL 1201 5k & A FSRIIZR, TR H 334
7k U] T

L 4 A T ROV TS R IR ZE MAE Fl
MSE 5 e idt i ik AT L i 25 5 o R mT LA
i, AL MAE #5 7 13.3%, X0
TRCRA T ERF, iR ZER . 3 MSE N
W T A Tk, ATRE R TN e i e, 7
e ERERRIIE R .

7% 4 UCF_ONRF BUEEAEITHRE

Tk MAE MSE
MCNN[9] 277 426
CMTL[8] 252 514

Switch-CNN[7] 228 445
H. Idrees et al[26] 132 191
FF-CAM 114.5 200.5

B 7 JoR 1 UINGRGS IR R A 115 21 ) # 20  FE
B ATEVE B, FATHRE A 7 J5 w7k i
THEH Switch-CNN[7]E Ay iErf, HA i) & L 1
(3o A 0 ARG HE, > PR R, X AT
TR B MR A0 3L £ 37 5% 948 REEAT AR i 8 00
I AT B ERR N I, BRI T HAE. A
i BATTRT LA 2 = 1 A0 L AT s 2 AR A 1) 5t
T, PN RS R P e G 1 e, Eob
BAER TP B2, KB THEA
X REA B ZE, AT TR I >
REBCRIIE F, XA DUARRAR AL ) MSE i idh

TUATE. TP/ EE L MR
BREE, HERRRMRZE .

I\
i

p&*ﬁﬂ«%o e

s 1““;'1‘5'“{‘ T

K| 7 FF-CAM KM 7E UCF-QNRF $di 4 b 1 Sz o) L 25 i

K. BT NRGEEIE, S A58 349, 435, 1017.

S AT R B, 55 4T Switch-CNIN7]45 31 1 25

BRI, TIN5y 365, 477, 1069. YT

FF-CAM 53 212 Bl o1, Tl A Z50) )0y 393, 440,
1017,

46 HRRSCIE

FAILE ShanghaiTech part A $di 45 FiFE4T 1
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12.7%, iER] FF-CAM HIM 28 5 /IR UF i = 1 7t
MIAEEE
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LG



FRFAESE: FF-CAM: BT I8 8 VE S L Al 5 s il e 10 AR 5L 11

FEGEF HoA R e, JETF SSIM 45 2% 2 R 3
SR EVEPN (GIE P RTROOE: s Eitli A T LS N |
F R MAE T MSE W6 BT T [, 1B HAE
—ERRRE LR T PR A . Bk, T ENA
B K SRR ORISR T SSIM 4 2k
PR

VARSI 5 AR, 430 F 4R S A S Tl
FEEEHA — € MR, X0 WA AR AR ) )7 25 P
Re —EMSRTHER, 36IE T RATE R K5 ERNE
R PR AN A HE

140

1259
120 ° 112 4111.3111.5109 8
100
& so
0 76.9 72.8 74.6
60
10
20
0
VGG- 16%‘;"‘ i TR R AR Lﬁ%lf:‘-zb{

JESSIMAR K by B | PHEL \,k..(a-.}—u'*'x B FFD-CAM

CERGES AP ST CR
47 SEIL

FAIIFE ShanghaiTech part B ##E 4 b x4 446
KA S o FIHBUEIT T MRS, k35
WHUE M SEE B, B9 SH T SHER Mg
XL

H1& 9 I, IRZE VL HEFR MAE F1 MSE X

TAAZE o BUER 2 Sei i m 183, 2 a=11F
WRERN, Bl a=1,

10.80

10.60

g 10.40

10.20

10.00

9.80
0.00 0.20 0.40 0.60 0.80 1.00 1.20 1.40

a
(a) MAE &5 SR xT L.
17.00 16.87
16.80
16.60
16.40
16.20

MSE

16.00

15.80

15.60

15.40

15.20
0.00 0.20 0.40 0.60 0.80 1.00 1.20 1.40

(b) MSE &5 $x b
K9 ¥ o MR RN . Hd, #MERa 1
BUEAAL, PHIR RV FR AR E AL

5 &P

FEASCH, AW T —A T AR
FF-CAM HEZE. BEETHAIMIZ%, AR #— R/
MAEFNAZ, (AR s, FRATER T ETMZ T
K JE AN 2 PRRE B G, SRS N\ BE =
FEHL, B K15 B R P 2 9 sk B A R B A
DLF= A o MR 2 . FRATTIG FR-CAM 16,
fasE, MW, FEARIFMZMAEET. HAE
UCF_CC_50 ¥t# 4 A ShanghaiTech part B ¥4
R g R T I . R TR R AR
H, FRATHEEAE NBETH B A A T 4 Bk AT
GAMN, FE5 RS EEAT IR, AR R
AT HH ) R 28 EAS [ P A58 RN 25 3 5 T IR PR R

B ZIRIEFRTERAARAAFES (No
71673293) A=E K A KAt £ 4 (No. 61806215)
é"ji%o

2 & M

[1] H. Idrees, K. Soomro, and M. Shah. Detecting humans in dense crowds
using locally-consistent scale prior and global occlusion reasoning.
IEEE transactions on pattern analysis and machine intelligence, 2015,
37(10):1986-1998.

[2] H. Idrees, I. Saleemi, C. Seibert, and M. Shah. Multi-source multi-scale
counting in extremely dense crowd images. Proceedings of the IEEE
conference on computer vision and pattern recognition. Oregan,
Portland, 2013: 2547-2554.

[3

—_

Jianxing Yang, Yuan Zhou, Sun-Yuan Kung. Multi-scale generative
adversarial networks for crowd counting. Proceedings of the IEEE
international conference on pattern recognition. Beijing, China, 2018:
1051-4651.

[4] Greg Olmschenk, Hao Tang, Zhigang Zhu. Crowd counting with

)

minimal data using generative adversarial networks for multiple target
regression. Proceedings of the IEEE winter conference on applications
of computer vision. lake tahoe, CA, USA, 2018: 1151-1159.

[5] V. A. Sindagi and V. M. Patel. Generating high-quality crowd density
maps using contextual pyramid cnns. Proceedings of the IEEE
international conference on computer vision. Venice, ltaly, 2017:
1879-1888.

[6] X. Cao, Z. Wang, Y. Zhao, and F. Su. Scale aggregation network for

accurate and efficient crowd counting. Proceedings of the European



12 it Bl R

2020 4

conference on computer vision. Munich, Germany, 2018: 734-750.

[7] D. B. Sam, S. Surya, and R. V. Babu. Switching convolutional neural
network for crowd counting. Proceedings of the IEEE conference on
computer vision and pattern recognition. Honolulu, HI, USA, 2017: 6.

[8] V. A. Sindagi and V. M. Patel. Cnn-based cascaded multitask learning of
high-level prior and density estimation for crowd counting. Proceedings
of the IEEEinternational conference on advanced video and signal based
surveillance. Lecce, Italy, 2017: 1-6.

[9] Y. Zhang, D. Zhou, S. Chen, S. Gao, and Y. Ma. Single image crowd
counting via multi-column convolutional neural network. Proceedings
of the IEEE conference on computer vision and pattern recognition. Las
Vegas, NV, USA, 2016: 589-597.

[10] Y. Li, X. Zhang, and D. Chen. Csrnet: dilated convolutional neural
networks for understanding the highly congested scenes. Proceedings of
the IEEE conference on computer vision and pattern recognition. Salt
Lake City, UT, USA, 2018: 1091-1100.

[11] L. Zhang, M. Shi, and Q. Chen. Crowd counting via scale-adaptive
convolutional neural network. Proceedings of the IEEE winter
conference on applications of computer vision. Lake Tahoe, CA, USA,
2018: 1113-1121.

[12] Miaojing Shi, Zhaohui Yang, Chao Xu, Qijun Chen. Reuvisiting
perspective information for efficient crowd counting. Proceedings of the
IEEE conference on computer vision and pattern recognition. Long
Beach, CA, USA, 2019 :7271-7280.

[13] X. Liu, J. van de Weijer, and A. D. Bagdanov. Leveraging unlabeled
data for crowd counting by learning to rank. Proceedings of the IEEE
conference on computer vision and pattern recognition. Salt Lake City,
UT, USA, 2018: 7661-7669.

[14] Jie Hu, Li Shen, Gang Sun. Squeeze-and-Excitation Networks.
Proceedings of the IEEE conference on computer vision and pattern
recognition. Salt Lake City, UT, USA, 2018: 7132-7141.

[15] Piotr Dollar, Christian Wojek, Bernt Schiele, and Pietro Perona.
Pedestrian detection: an evaluation of the state of the art. Proceedings of
the IEEE transactions on pattern analysis and machine intelligence,
2012, 34(4):743-761.

[16] Paul Viola and Michael J Jones. Robust real-time face detection.
International journal of computer vision, 2004, 57(2):137-154.

[17] Navneet Dalal and Bill Triggs. Histograms of oriented gradients for
human detection. Proceedings of the IEEE conference on computer
vision and pattern recognition. San Diego, CA, USA, 2005: 886-893.

[18] Pedro F Felzenszwalb, Ross B Girshick, David McAllester, and Deva
Ramanan. Object detection with discriminatively trained part-based
models. IEEE transactions on pattern analysis and machine intelligence,
2010, 32(9):1627-1645.

[19] Antoni B Chan and Nuno Vasconcelos. Bayesian poisson regression for
crowd counting. Proceedings of the IEEE 12th international conference
on computer vision. Kyoto, Japan, 2009: 545-551.

[20] Victor Lempitsky and Andrew Zisserman. Learning to count objects in

images. Proceedings of the advances in neural Information processing

systems. Cambridge, MA, USA, 2010: 1324-1332.

[21] Viet-Quoc Pham, Tatsuo Kozakaya, Osamu Yamaguchi, and Ryuzo
Okada. Count forest: co-voting uncertain number of targets using
random forest for crowd density estimation. Proceedings of the
computer vision IEEE international conference on IEEE computer
society. Washington, DC, USA, 2015: 3253-3261.

[22] C. Zhang, H. Li, X. Wang, and X. Yang. Cross-scene crowd counting
via deep convolutional neural networks. Proceedings of the IEEE
conference on computer vision and pattern recognition. Boston, MA,
USA, 2015: 833-841.

[23] Qi Wang, Junyu Gao, Wei Lin, Yuan Yuan. Learning from synthetic
data for crowd counting in the wild. Proceedings of the IEEE
conference on computer vision and pattern recognition. Long Beach,
CA, USA, 2019: 8190- 8199.

[24] Weizhe Liu, Mathieu Salzmann, Pascal Fua. Context-aware crowd
counting. Proceedings of the IEEE conference on computer vision and
pattern recognition. Long Beach, CA, USA, 2019: 5099-5108.

[25] Chenchen Liu, Xinyu Weng, Yadong Mu. Recurrent attentive zooming
for joint crowd counting and precise localization. Proceedings of the
IEEE conference on computer vision and pattern recognition. Long
Beach, CA, USA, 2019: 1217-1226.

[26] H. Idrees, M. Tayyab, K. Athrey, D. Zhang, S. Al-Maadeed, N. Rajpoot,
and M. Shah. Composition loss for counting, density map estimation
and localization in dense crowds. Proceedings of the European
conference on computer vision. Berlin/Heidelberg, Germany, 2018:

544-559.



FKFHAE: FF-CAM: 3l v Ry L) B o o i & (N2 13

Yugian Zhang, born in 1996. She is a
postgraduate student. She majors in
computer vision, deep learning and
information systems engineering.

Guohui Li, born in 1963. He is adoctor, a professor and a
doctoral supervisor. He majors in computer vision, information
system engineering, data mining, and virtual reality technology.

Jun Lei, born in 1989. He is a doctor and a lecturer. He majors
in computer vision, deep learning, data mining, and virtual
reality technology.

Jiayu He, born in 1997. He is a postgraduate student. He
majors in deep learning, data mining, and virtual reality
technology.

Background

The paper focuses on the crowd counting in single images

in computer vision. Nowadays in the top computer vision
conferences, novel frameworks are proposed to solve
challenges and improve the estimation accuracy on the
common datasets. State-of-the-art works are introduced in the
paper. Our paper improves the estimation errors on one dataset,
superior to state-of-the-art, and the estimation errors on other
two datasets also get great results.

The study is supported by the National Natural Science
Foundation of China (No. 71673293) and (N0.61806215).

The two National Natural Science Foundation of China
focus on the Analysis of crowd group behavior in public
complex place. It is the most concern issue in public security
management. However, the crowd behavior in public open area
is complex. Crowd behavior is various in different scenarios,
thus it is difficult to model them directly. Our previous research
found that the crowd behavior can be described by crowd
collectiveness when the public safety is considered. The crowd
behavior differences in different scenarios and the difficult
problems in unified modeling can be resolved by extracting the
general crowd collectiveness. We regard the crowd system in
public place as a complex system. From the perspective of
visual data observation, we investigate the methods to mining
and discover the universal crowd collectiveness in public
complex place. In addition, we analyze the evolution of the
crowd collectiveness, which present the generation mechanism
of crowd event and abnormal behaviors. According to this idea,
we defined four collectiveness that can be quantitatively
descripted and measured: dynamic crowd collectiveness, static
crowd collectiveness, conflictive-ness in crowd collectiveness,
and stability in crowd collectiveness. The collectiveness is
measured by the new graph-based learning method. Robust
collectiveness map is generated by multi-view learning method.
By analyzing the changes of crowd collectiveness in the
timeline, the occurrence and evolution of crowd collectiveness
event can be represented in spatio-temporal dimension. By
analyzing the evolution of crowd collectiveness, we also
research the problem of exploring abnormal crowd
collectiveness motion and the recognition problem of different
crowd collectiveness motions.

This paper collects different crowd scenarios, and can
provides the number of people and the density of the scenario
in single images. It can help us to analyze the evolution of the
crowd collectiveness and the crowd behavior in public open

area.



