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Multi-scale Feature Enhancement for Few-shot Object Counting

ZHENG Donghong, HE Zhiquan
(Guangdong Engineering Research Center of Multimedia Information Service, School of Electronic and

Information Engineering, Shenzhen University, Shenzhen, Guangdong 518060, China)

[ Abstract] Object counting is an important research direction of computer vision. In order to solve the problem that the size of
the object in the few-shot object counting is inconsistent with that in the query image, and the object distribution is uneven, a
multi-scale feature enhancement counting algorithm is proposed. First, a top-down feature fusion network is constructed based on the
feature pyramid. At each level of scale, the sample features of the regions with high sample similarity in the query image are
enhanced, and then sent to the upper level for feature matching. The enhanced query features at all levels are sent into the regression
head to obtain the density maps at all levels, and finally the sum can generate a high-quality density map. The experimental results on
FSC-147 and CARPK datasets show that the performance of the model is better than that of most previous methods, which effectively
improves the problem of low counting accuracy caused by the change of target size.
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Fig. 1 Illustration of multi scale feature enhancement network

2.2 FHEIEE

EAFEARMMFHERR SEAR—, O T TR 2
T, B N AFEAERIES A F SN i K ELZ, %
BREAHEIRI R S g 55, 38 1B 55 2 R I —2L
PLN A SxS HEARFHEEIVE N BRUZ, # I 5HIFHE
B F, TR, 138 N SKARBIE S

§= FQ *FS(kemel) (1)
X IRARALEE S, 80H—fbAb 3
S/ = e (2)

max(e”)
AR RN S AR IE I — 2, lEHCh 1.
PIAHIIY N A~ 5x 5 FEARHIE EIVE AR UZ, 4 50
IR A TR, 158 N S RLETE S [ REAS T
SRAEFAER, XHSRASE] F, .
Fy=X8"% Fyna (3)
Fy BRSNS F, MR A4 F) BB F,
AN, BEATAS BRI ROEE T B s AR AR 5 A A i)
BAFER F"
Fy =Conv(F))+F,
2.3 HREEEFHIEETH
¥ F" AT R — bR, i@ BAR)E FORAER
— PR PP B DHE, [RINTE RS R ESisl
FRIEESR, Z SR ARDH s HEf r 4. [BIH g8 i 5
FUZM FRFEZRI L, TEGTZ HoRGE B 508 A AR
F 1, R U R A RN, [H

(4)

R K EEE RO 1, KM R AR — 2.
4 Resnet 50 =AU FTF55 Y %% B kA ok A, BT
(EE i
24 KRB

P12 pR %L (Loss Function ) S27EMLAR: > FI{LAL
[F) P T ) — Bl R A5, T A A AR ) Sl At
SEbR AR Z 18] 22 S B R R T . PR eR B E DI Frack
BREEZEMEN, e Tk B,
AT RO AR I SC PR G LA KT B2 A SIS 80, Dlix
MR eRER I . ASSCR T L2 R A AR iR

2
L:”Dme_Dgt"z (5)
AP, D, e R A O R, D, R L
JEK
3 %

3.0 HIESEESE

FSC-147"2 4 T F/NFEATH B0 2Rl izt i 2
TFEHEEE, 2 B A/ INEAS TR — 1 2 TH s
. BIREMT 147 MEIIA, I 6135 3K
BUZR . FkEEA 3 MFEASRIGA Birxtge, JEHE
TEHEARE R . TEER NS, I T RIFERIRIR S
FANTER, YIRS . B ukgE il aE i H bR 25
Z A S . GRS 89 A2, T ik A Al 4
BT BRI 29 N2 Bl AR T AR EUS B4k
1 B br iR BcR 22 Sk, N 7 5 3731 RS, FYy
BH 56



CHEYIES TR ) 2023 46575 44 555 4] £ EEZERITELEWF . 409 »

R T SR UERE RN I, BRI AN R E 2R
ST RS, R AT DU R 2 PR R S
PRI . CARPKIPHE A B4, 441t
T 2R s FEREG RS R, HTIIZ
A A ARSI 5 R PR . CARPK B A4
TREMEREG, s 7RSS, =
SMEEY . BB TAF AR5 X ERE AT LI
ANFEEOL N S TINGRA, i =iz baE oo
— SRR AT REAAAE Y . N IRD AR B A AR . O B AR
W, B 7R F A MERE o 38 A X gk
FAYEERER, T IPHG AR E 25 T
BRI M . A SCRYBYTE CARPK BdsfE ik
U AS Z AR TR AN [A] o /M AT
RERUAAL 5 2 A A R, b Z i AFEA R,
DRI L% 2 B 40 4 Bt AL 3 MR AR S ABERUIET Tl 25
it
3.2 3EHR

TREE 27 2 Fahn A2 P T VPG R TR 2 > A
REMYEE AR . IXSCHRHR AT LAE B 1 e AUAE Y Z0fn
MRS AR TP BRI, I LU IR Z Rl PERE2E 7 .
AR 4R ZE ( Mean Absolute Error, MAE )
FI IR (Root Mean Square Error, RMSE ) S fff

(a) HIUHER

Kb, N EEMERIEE; CMCH 3l i A
AR A TS B
33 IRER

ASCHIRRIAE FSC147 Flade 1B R 1] #i
FEEEHNE 2 R ATLAER], FXAFEZESI Pk,
BRI AR B R .

ZBREA R N L 55 S aniE 3 Bk,
FETER T S B S BRI IR —
. SR, 2R BRI RCR, W 3 (a)
FIi7R o AT RE AL B R T AL A I i B (), G
Ab 1 E AR At e B A DU B I8 R TG IR
BEIX ISR B AR, AR AT g A4 — R
AR 2 @), WiE 3 (b) fin. XEEEFEN—
RIREEA 2 M, TERRERGTRAT, 1B mid T8 h
) JR iR e, 2T HAR AR ZE R, R S B0 EE
AR

° o
e o *°
.

4352,

(b) P# AL

B2 ZEEFNSER
Fig.2 Prediction results of density map
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Fig.3 Advantages and disadvantages of the model in different scenarios
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