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Vision-based night-time fine particulate matter concentration estimation
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Abstract: The technique for estimating the concentration of fine particulate matter (PM, 5) based on visual cues relies on assessing its
concentration by considering the overall effect of suspended fine particles on light scattering and absorption during imaging. These
technologies demonstrate robust generalizability and real-time detection capabilities across large-scale areas. Existing studies depend on
daytime scenes with uniform and sufficient atmospheric light, limiting their applicability to nighttime scenario with insufficient atmospheric
light and uneven illumination. This paper introduces the pioneering vision-based nighttime estimation method of fine particulate matter
concentration, which captures the intensity distribution of an artificial light source in various scattering directions through image processing,
and utilizes the feature to correlate with fine particulate matter concentration. The proposed method innovatively leverages the artificial light
source and its surrounding glowing area as the main source of nighttime haze information. Since areas dominated by natural lighting typically
appear black at night, the conventional basis for daytime haze estimation (i.e. , pixel value approaching the color of “atmospheric-light/
sky” as the depth of field increases), is barely useful at night. This method outperforms existing daytime haze estimation methods,
achieving a mean absolute error (MAE) of 6. 187 wg/m’ and a correlation coefficient (R*) of 0. 857. Compared to the popular end-to-end
neural network method, it shows a relative improvement of 20. 69% in MAE and 13.36% in R.

Keywords : air quality estimation; computer vision; fine particulate matter; glow; nighttime image

e R B MG I B E A I A b 2 —, AR/ T
2.5 pm B9 FPBURL YA AL, BEAVE N S Jm AR RS
HEYA B AN RPN . B I UE B3
20 FRL ) (2. S-micrometer particulate matter, PM, ;) FEFRIE PM,, ¢ 15 YL PRI Fh 232 5 W I 2R B0 5 05 AL ML AS

0 3l

i3

S H 9. 2024-02- 10 Received Date; 2024-02-10
w BLA T H WA FSE R TR (2021C02052) (HIVTAR “ A2 “ GUHE BIF ke T 6318 (2022€01018,2022C02016 ) 11 H % Bf



34 f# £ ¥

a5k

PRBIPET R KRR, 2017 4F [E A PM, , 2875 Y
MIFET- KT 100 77, BE & F6 R 1 4544 142 1L PM,
B8 [ R B A A i) BB —

ALK BIFFEN DU T FR | iR 3 K P ik
o B FFRIE R S A RO B PV, WED R
W2 T7 v R ME A Y, (E HCB o 3 A PR L A B A
IAS R B o T OGN 15 I8 A 19 2 BT AR R AR AT 2R
LAY JRIBRE T BT TR 38 B A 7 AR B IR AT O
POHTE R M B $2E T 43 (8] 3 B (EAE IR
R X 22 BEAS AE L T I B0 A RS B [ > A
Fo 2 AL PR G 28 % P R 3 R B T 3 2B A 45
FANER S b A T B I By e A A B ) A
WU R AR L TR TS Y A ol 2 I
W2 5 e £ 1 P14 5 2, 3k 4 2 S T g g 30
YL S, ©A 2300 T 1Y H a2 S5 Al
THRER BRI 25 (R X L BE | 38 T8 | 1 S 22 S8 AR
ARVl H AR BR 5 b (435 G ) Uk B R T 2 A T
HA S 25 1) 5y B

Zhang %5 R T — 0] FH TR (o 0 G R ik
FEAESK A T 2 R005 e i 7k, Su &5 PR T —
v B8] i FG) 25 FEUR 222 B 2% ( convolutional neural networks
CNN) AT Z AN KRAAEESH, Wang %' 254 RGB
WA I, B 18 S0 AR T, T 1 — b XL 3 =5 <05
I 7L, Wang 251 36 T 24848 5 90 R RRAE il
A, I 25 g RS R 5 R Z )i 0 6 FIR
FREMZERIRIR PM,  5E SR B8R A
UREEPR R SE IR BEAL T, (B R 5 A 5 WA 2 ] iy 44
SR 7R BB RAOGFN &bl SO i R AR AL,
PRI I AT TS el

TESDEHEL T, B T KA R > 3 B0 W B 3%
TR, R ZEL s A R XE LA )  [R]Bs 2 ) 3
BEE RSB R G e H Sk A 4 5 R
JEAGAR AL R RE A B2 A B RO GBS R
JERNRASTS YW B2 22 8] 14 56 22, BINS Gk J3E g 55
TR BE 52 e 32 5 25 3 T el AR AR AL 00 B 5 R =06
o], At SR ORI Il T RSO B, RItX
SERARIFATE TR E) 7 5

T3 — 5, &R 2 55 AR T 0 e i s AR A O
FeRBEYIAH G, #0206 T Ab 3 EHR b i 55 s s, &
18 2% B TR TH BR 55 46 52 W O 42y RIS B 6, T i & )
Al 55 g R (AR EE, He S5 US4 R (0 8 S 50
A Jay RADERAG 55 8 RGP i B 38, 4 g id
A2 B s SR AT e
e 2 # T AE B I EMSR R gt g, Rk 2 oy
EANIE TR . H T 5 58 T8 e Y A5 B2 A AT ] D
PR, Bl an s o g A | S I 2 T i A 52, T 7 A i) A1 i

WRE T KR X T 0 G I A T L PR 32 I G S
oA TSR B (0 = SRR . L S AR T i ST S
P55 ] PG 0 T, SR T 3 A 5k A i 4 R D' ] P
Sy BN P 1 €2 {7 DA TG AR ARG Af 1, AR SCHE S B
PR LR T BT B AROFE G RR AR -5 JH A R A 4] (I T 5
JE IR .

SRR 25 25 T AR R K, 7 SO — Ff il o
a0 BRI (— B A TSGR ) A LR, Al TR
6] PM, 5 #RBERTTI% . BRI N 10 i DX Ta] e T ) 35 L £
PR AR 6] RR AP AR UL, [R] X S8 1 XA PM,, 5 ¥5
P A Z M T e RO IRER 5 52 BT AR ORE T
SR E— R sl 22 R i IR, IR LB i G R
A D SR S Y 5 X, (I ) ORIV B 5 0 = [
PGAIG HE TT FHFAG T PM, 5 YR . A 1 iR
BOREDCIRIRE A2 ARHLAY A e P (Bt
B Jera A SR (S5 oREESE) AR, AR —
JBEVE AR SCIFE [ E 5 T B sk R RESRASHILAR 3 1) A
JCIR UG W PR BT PM, o Wk BE 7RI BT N S R AR
BRI PROR B2 B 73 il R P, 5 R HERIARBIL 1 3 ) ) g
el i TRIE SR A b R SRR 6 5 T U4
i SL (P S B A SO | iS5t BELPS 25 ) R 7, AR HOA 2%
BOERAFIEIAG T PM, o BRI . 1) 2 DL IR
(R85 2) SR (RGN 5 3) HRRAE 4R I, Il ST ARAE 25 1] 5 4 )
Y DL -S4 [ D) SR 5 VR

1 EKEE

BT OCRY UM BBE, 2551 MR 5 2 < e A 240 JORE 4 it
SRR o TG IR I 5 77 160 R i -5 20 0K 490 e J3E
M, FETFHOGEET Y PM, ; 4188 7T LG 6T
RN RE 77 i) RO Ol bk o £ 09 i i 5, 9t
BRI PM, W Y

ST R A S5O, 5 Tt A B8] PM, o A7k
AL AR CIR B BRI BE PM, AT, K
TS CIRAARYLAS R F 20 32 00 T A2 18485 vh 306t
BEAOEEETE . PIF R XBIET 1) AR TH0E, A6
—RBEARRE WY, N IR 25 B S st R AT A
BT, 2) AMIHLRE ]G A [R]85 75 1) L ) B G o
I A EIE

ey e e N S I W PN E v B U R A - oy G R
A SRl e o S o R 45 20 B R B 5 2 S Bk 1T e A
19 5 F AR R ED AR AR R R E G AR O 1 iU
J7 1) B CHR AR, AN [R) B D7 18] ) 06 3 R B 12 R G R
JCE SR ), F5 i 8 P DU Pt 307 1m0 D50 85 46 e 1 4 ke
55 PM, 5 AliTHE,



545

oz ST B ) A0 R e LA T 35

i'l'ﬁj’ﬁﬂdﬁqﬂlb J‘ZE#&%‘J%E#}{E
an an
SECAEGARR QB GIRRE

O B
(

BETESETE
A8
B R

T BT 0 AR R ) e B DT TR HE SR
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matter concentration estimation method
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