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Infrared-PV: H[EMSIEN AR/ BirteMEIESE

%oml, 2 OB BAR, 5 @
(1. BUETFRERS: Baitbabe, @ BN 310018; 2. FREE-FRIFEERSE 28 HFFURT, YLJF FMAl 210007)

WE: A/ BENEKRES 2 RE 240 TE, ERMAL T L AREN, ERENIIEGLHE
ffEAK, BERAELSERZ, ARESNIRCEGR#TERRAE TN TRELETEESY
BTSN E AR M RE B EE R X o MR AT A W45 B R 3 R B 4041 B AR e 2038 5 5 = 8 91 AR
HERALIBGNAET TSN EEG, ETEHEGFERGEZRT VOC #RXWEK
WEES, MET —MEETAFRERA LB TN EGEESE (Infrared-PV), HXHIEE FH
EARREMHT T St atr. REXRFAFRNETHEE S W ERL MR AT T AL 5NHE,
FEMFEEAAM T YOLO % 7|50 Faster R-CNN R 7| & # A 3 T2 58 £ o0 EAR RN . HER
AANERBEEEEAEG 2138%, FRFENREE AR, BAFRAE 3 AER, YRALER
PEAT B AT AR M g MK AT, Cascade R-CNN #2044 88 {8, mAPosH3A%] T 82.3%, YOLO v5 %7
15 A RE 4% 3 I ST BtV Ao AR AR B R SR AT, HEEESE EIA B 175.4 Wi/s B9 B mAPos X E K 2.7%. 14
BNASBRENEEEES VETREEFINANSEEETRNER G A TRE—FHWEEX
#, BB LR T EARB AL AN AT o

XA SN EG; BB BENA; BKEF; FENRK

hESES: TP391.9 CHRFRIRAS: A MEHS: 1001-8891(2023)12-1304-10

Infrared-PV: an Infrared Target Detection Dataset for Surveillance Application

CHEN Xu!, WU Wei?, PENG Dongliang', GU Yu!
(1. School of Automation, Hangzhou Dianzi University, Hangzhou 310018, China;
2. No. 28 Research Institute of China Electronic Technology Group, Nanjing 210007, China)

Abstract: Although infrared cameras can operate day and night under all-weather conditions compared
with visible cameras, the infrared images obtained by them have low resolution and signal-to-clutter ratio,
lack of texture information, so enough labeled images and optimization model design have great influence
on improving infrared target detection performance based on deep learning. First, to solve the lack of an
infrared target detection dataset used for surveillance applications, an infrared camera was used to capture
images with multiple polarities, and an image annotation task that outputted the VOC format was
performed using our developed annotation software. An infrared image dataset containing two types of
targets, person and vehicle, was constructed and named infrared-PV. The characteristics of the targets in
this dataset were statistically analyzed. Second, state-of-the-art target detection models based on deep
learning were adopted to perform model training and testing. Target detection performances for this dataset
were qualitatively and quantitatively analyzed for the YOLO and Faster R-CNN series detection models.
The constructed infrared dataset contained 2138 images, and the targets in this dataset included three types
of modes: white hot, black hot, and heat map. In the benchmark test using several models, Cascade R-CNN

achieves the best performance, where mean average precision when intersection over union exceeding 0.5

WisHEA: 2021-01-15; 1EITHER: 2021-02-24.
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(mAPy5) reaches 82.3%, and YOLOvVS model can achieve the tradeoff between real-time performance and

detection performance, where inference time achieves 175.4 frames per second and mAPos drops only

2.7%. The constructed infrared target detection dataset can provide data support for research on infrared

image target detection model optimization and can also be used to analyze infrared target characteristics.

Key words: infrared image, dataset, surveillance application, deep learning, benchmark test

0 3l

FHEGT AT WACEAZHL, LLAMEARHLRERS 4 K 42
RAGETAE, HRULEM T ACE . FHpeE. ks
U A2 R

2R SAWAN S SRS R v =paay G O (B E e S S 7N
WEge. BARSURIEE . BAR LTRSS = R2m,
LANEMR IR ARG, B F B LGS S
B, EERE ST HARE AR HRP), SR R 20 4h
EIE B bk I AT 78 32 AR TR 7R 55 /08 B A I 7
T2l F 2T A5G T 5 it AR P B R Hi A I 7
1% (detecting before tracking, DBT) Fl3EF 771 K&
(IR AT BR R /57 (tracking before detecting, TBD ).
DBT 77 ik100 3 20 H i EHE o H AR-1 1 22 15
BT LM, H5asE, @ oHERERAE, H
S EARAE AR LA 8 55t R R E R 8w . TBD J7i%
I IZ 3 B b5 3% S 1 AAR AU 2R A7 BR R A, ]
i B ARSI [ AR RS B AR AT, H R LR
(] 22 KIS H BRA UAS FE 2= R B, Rz 2R Rk
S PR 2

B & B RN 2 S B AR R I pes Ak g
T IRE LB L M E (convolution neural network,
CNND 1) H Antar il 5L 75 v] WOt G H il 5 1503
J7 TS T Imi@ AL G 7 ik R . SLAY ) H AR e A
RUT] 23 P B BB R R B B AR A T BL Faster
R-CNNBEAARR PR B AL, 15 e i X3 1
Zg i H bR X8, AR5 7E(%E B bR X80T B AR
R E R . BL SSD Csingle shot multibox
detector) PJAI YOLO (You Only Look Once) Z41!7)
AR Al BORAY, AR A L AR 2R AT 1R,
i BArALE . BEEMBNEEE. BARRMBRA
B SRR AR, (ERSIRS B LG XU B A s
.

FG R L 2 o) BRI AY B T 40 A UG H Ak
D, 5075 5 N B G 21 714 D B8 Aar il 22
I SIS PR 2245 n) i, R BSO2E i) AlexNet! 1R FE M
EATLLAMIE R B AR, o] PR v bR ) 204
M R B AR, (FZ7EFHA R — P 2o 0 772, 7
T 3 7KW T iR AR BB RN R X 3. B XX R,

OB W 7 — P B T ok 45 2% B 2L 1Y) Faster
R-CNN i EZLAR N B ARSI 732, 2 — g 3] 3 1)
Ti, WA I HME 5y RE R AT ALEE, AR IR
RS 2R SO FE 1 (R  32 vy 1 RS B, R %
SCINPERLZE, ART TR . #HRTL4 B Arks
DR Bfe 22 R SIS 1A R ) ), Rk B A N D9S2t T
—FhEET ot YOLO v3 FIZLANAH 5 B Rl 752 .
IS 07 BT ASRAFR AP G5 LA RAT 2
3 KHFFMAINER, EREN Y IR 5 EEKE
AT, BT LLA B bR B R SR AT IR, P39
HFIEE] T 77.89%, FEEZIAT] 25 Wi/s. FHRTA
AR5/ B ARRT IR, X ER A NISIEXT 2040 B AR
BEAT M EEA B, GBI R YOLO v3 W25 (1 AL BT
B, 4-TE TXLLAN S/ B AR IR B2, Sgefd F 2
A E T AN LLAMRI T 51 o S XUk & N}
ANER N s R =X SO AN S R AR VA= R T PN
I, A X 2 R A R AR X 28 RN o3 RN 28 A, Herp
I3 R L ad ik 5] N3 = 1 (squeeze-and-excitation
networks, SENet) U7, F TR & 2275 5t MRS
AN AE IS BT /0N B bRAsr e /5, HAS T A8 1)
oW R . AR A AR NI SENet 13k 5] A 2
YOLOV3 T W& ik 2=, $gm 18 T M2 hs
fESEHERE 77, SEIL T B NALAMT NN BARIA
ROAEI,  AH B R SRR SN PEANAR iR I IR

T O IR B0 PR R B A 2 7 VR AR KR B A
T e WAL E, H AT A& s 52 LURT ot
EGoNE, EEMAHE VOC (PASCAL visual object
classes) FHE£E°), COCO (microsoft common objects
in context) ##i 4 1Y. DOTA (dataset for object
detection in aerial images) Z(#ELEP, DIOR (object
detection in optical remote sensing images) %2,
UCAS-AODP IS, &30 A [RI %t & i Re ri 342 th 1R
EZ SR Gz bt N e AN L AU S R S IV
FH 0] 00 B U3 1) R B2 b s U ASE 78 12 T 40
SREUERS, FEMH GRS, HE B
S [ A ELAA B FH 37 S5 IR 20 7 B SR A 2 )

i E B2 BRI B i 2 2 61847 N s 4
(KAIST) Mgk G AL 2 n] L BUE AN ZL A EUE P
ARA, EME 2 #E2%N 640 X 480, 434 person. people
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A cyclist =NSRA, 205 1) 5 2 )R R A
BAR, TR AT ER bR . FEJ1/R (FLIRD 404t
KRR F oy MR 640X 512, RALE KR A T
A TE A A S o, R ) B S MR N

OTCBVS (object tracking and classification in and
beyond the visible spectrum ) £ 4 FE2 7 H Tl Fn
PR Se Rt T BN S 5008, B AR 28, AT
ML 14 FhAFE S EIG SR, Z8dkEETH
PRAEXT LD, B il . Bik 3 MR AR

(a) KAIST (b) FLIR (c) OTCBVS
(SRR VAR E17E S e AN ]
Fig.1 Samples of infrared public datasets
BT A2 U ) SE RN T 755K AR T — A
EAT NN LA HAras s 4, 5 Hdn 40

Infrared-PV. ZEHREMEHFB I, BER S PK
T, AEMKD. T A EFHARE =IX
e RAEMAMEGEBEEE AR B, B E R
O3 A, B EE 2138 TKIEMR, RATE T
BIEFR AL T VOC MR MIFRTEAT S . [FIET &5
& ER AR B AR M 25 7 R A AR B
I B K R A 122 B AR RE W D T 1)t A P
FIZL A1 A5 H e S 2 A AL BF 7 5 it — 2 B B dls
HE
1 Infrared-PV HIE5E

1.1 HFEEHEFAEBHRGITHER

{4 Fi} FLIR A 71 ) Tau2 336 K AEHIA L0 AL
e 25 mm B3 S KA, XL AR AT 4%
i, EFE BRI GBI, ML IR ) IR
Ko RERE30m i, REEELKT 250m, &
AR TG 0°0~120°, 2> BIFER K. KR, AR,
WS REZ N se G, SAGa 3
Mii/s [ SRAFEHAZ RN 0 HE 2N 720 X 576 B 640X 480
MEG, HENEEE S TSR 2138 5k, L%
e S AT NI 250 2 5 A br, Wok iz s 4 dr
%N Infrared-PV. AFEBME T RIEALE DA INE 1
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Fros, HbsonBlEEmE 2 Bros. AE2 /LA,
FEAFAET BFRr S EVEARE, ERARIET, 17
NI RCEAE SR . N AE, 17
AN ZE50 H AR R FB AN A SR 7 £ A AR B e

# 1 Infrared-PV HdEEA FIRIE G ST
Table 1 Statistics of the number of images with different

polarities in infrared-PV dataset

White-hot Black-hot Heat

Images
target target map
2138 1000 838 300

flomal KL

(a) AHIR (b) BIHHR (c) # Iy
(a) White-hot target (b) Black-hot target (c) Heat map
K2 AERNEE RIS
Fig.2 Images of targets with different polarities

12 RFERERIREER

85 FH B 0T BB AR B X /4 22 Infrared-PV
AR BT N LhRTE, ARvERS N3 PASCAL VOC
R, AR SCH N XML . &itBHs5
Labelme AL, SCHRFE . BUAIAT VOC & R
ERIARYE, (RIS SEEI T X H5E B R 8 v RN AR 1 5 Ty
Ae, XFFEHBEMNGOTH. KBS, Hark
PR R o] BRAAAE bR . BRSSO, B 3 Ak
THARE R AR T, S B, MRy
Fricd BEHIZ, A0 H (s B 5 XK. 5 Labelme
BAFRAE, B AR A SR LA R P T PR O
TS U B SO SRR R IME XS BN S IR AT
Horh ] 3 4T M XSO TE UE BB SRR IX . H—
e GO 2 1R B bRy A a0 3R 2 BTz, B4 S 44
g #R . BErfr EMSERER, DUAEH
(date). A& [A] (time). FANUARME (polarity). K
SME R (weather) Fif G R . QW EREIIRE. /£
CIRTF D BFREREARR SO, i I — AT
FEREAY ) B AR A, AHBIN TAREE, FRARFRE TAE
o NN S AT IR PRI e, AEHRE & X4
WEPIEE /N T 50%H89 HbRdAT 7 AR
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1 globsl  polarity  |black =

2 global  date 2019-11-9

3 global  weather
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4 global  time afternoon

5 local difficult o

HEE SR

B3 dRi gt

Fig.3 Interface diagram of labeling software

®2 REGE

Table 2 Annotation Information

<annotation>
<folder>D:/infrared_all/DVD_ 162025 0/X2</folder>
<filename>img00009754.jpg</filename>
<path>D:/infrared all/DVD 162025 0/X2/JPEGImages
/img00009754.jpg</path>
<source>
<database>Unknown</database>
</source>

<size>

<width>720</width>
<height>576</height>
<depth>3</depth>

</size>
<segmented>0</segmented>
<polarity>black</polarity>
<date>2019-11-9</date>
<weather>sun</weather>
<time>afternoon</time>
<object>
<name>vehicle</name>
<xmin>328</xmin>
<ymin>402</ymin>
<xmax>488</xmax>
<ymax>521</ymax>

</bndbox>

</object>

</annotation>
<pose>Unspecitied</pose>
<truncated>0</truncated>
<difficult>0</difficult>
<bndbox>

1.3 BREESRITah

K 4 B S AAR SKR IR . I 2 A
&l 4 FTLLE Y, BB TAT A H AR RS B 8
ﬂ,%ﬁﬁﬁﬁwﬁm?émmTﬁﬁ MR
Gt Hin s MOV RoR, T

IRAMEAS 2] HARAC RS B M B s/ N
N, WREEJMER, B RS KTA7 AN BFF,
EREWBEARREZRNER, HBT5ERER
R, WHBESIX 5y, R A H bx H S )
FE SR R0 H AR R IIRS FE R 2 . TR E A
s, BARETIEBE SRR S, ik
ANHL Sl iR s & b H bR, Xa4H
PRI SRR B ok — e Pk, T E AR i
J7 T .

Kt B AT AFI 2300 B2 28 23 34 person
Al vehicle, 7EEAHARFH &3 HI08 60.3%H
39.7%, W 3 fim. FRRKEFAE 20 Mk
Hir, w2 85kE A BrEEE 100 A, BiUIAL
AMNEIREE BARAERT L 4R . BT 5(a)FIFE 5(b)H
PR RSP e A T BAE B bR 2 A A
150200 K/NEFE P, HA person 2851 HAr K %5 5
ATE 10X20 BER~20X50 FHERANSE, EH AL
40X 23 B F~200 X 150 R R A, LA 7ERIE 1K
JOTHT 10% AT, S ALt 5 22 DA /s H A
NE. NE 4 TTULES, BRRHEXTHERES, Bis
A, 55 BRSO, R e DL T 37
i % o W) B BB AR (A P e RE M, ALk
55/ BARRIN ., ZEAMT AARI L ZEAmer I b PR A

#* 3 Infrared-PV F(IREEI NS0
Table 3 Category statistics of Infrared-PV dataset

Class Person Vehicle

Number 27910 18372
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(a) FHH bR 5
(a) White-hot target scenario

(b) HEMHEFRIHR
(b) Black-hot target scenario

R~ i LI
(c) #IIEZR

(c) Heat-map scenario

K 4 Infrared-PV $E &£ K #
Fig.4 Images in Infrared-PV dataset

Target size distribution

Target size analysis

500 17500

15000
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12500

w
[=3
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Number

5000

2500

0 100 200 300 400
width/pixel

(2) HARRLAE

(a) Target scatter map

20 40 60 80 100
Percentage

(b) RFhEA

(b) Size ratio map

K5 Hbsgiit ot

Fig.5 Statistical analysis diagrams of targets

WEFL 5 3t — 5 I 3% . Infrared-PV 2041 H b5
for W) £ HE 4R (1) 3R B Hb B A https://pan.baidu.com/
s/1j0gqBrtTjI89s2Mdp6xpEA (FREXfG: 4 ftz).

2 ERBERENER

2.1 AR BERENIEE

DA Faster R-CNN AR PFT B A 2 3
B 2H R, AR IR B R 2 ik 3k IX 4 g 1 Y 4%
(region proposal network, RPN X £ 13 2 [a] I [ 2%
FREARI M At b | e 58T L RTHRF A R IR, AE
2% 2] BT AR T B Akl 5 7 BRI ER s o ik
Xk g 18I0 2 FH T S0 31) B A A e X, 3 i ) i
BRI RS 7 B AR B E o 532 1] VA 199 288 Xl i
bl = T P i e [t S A= R R e
Faster R-CNN Z:fili |, B F 8 H TR 2 ks
7, 435 Cascade R-CNN[P® . Libra R-CNNZI,
DoubleHead R-CNNPY%E, I Beigiy 5 2 Hhdid & 1 18
FH H FRtar RS B o
1308

2.2 B EBRENIRE

#3 RPN BidR, B4 B bR RN B AT [
VAT LR AR Y, A S S AG WIARS PR AR B 3ok FEE 11
11, BTN TR, H R BRIy
SSD. YOLO %%, H:rt YOLOv3BUC# s H T
ZLAN BARKRIN, RIS SRR . YOLO v3 /2 Hffy
Boom B v A AR 2%, SR S N LAEE T ResNet
B 22 M 25 B2(1) darknetS3 ZEAE NRFAESEEUM 2%, Hh
Ji& T WL IR EE, B T UINGRMERE s SR SRR 4
FHEM 4% (feature pyramid networks, FPN) B3I AR,
Inas 1w ZE UE EANRE AT RHE TR S 2 RUE
it Z ARSI HERHR 2 AT R 2K, 5
USE T AN S R Y el [

BT R IHLE L R A R Rl A SR, SCHR
[34)42H 7 YOLO v4 1AL, v4 FRAM LT v3 A
U

OFFAEFR B 28 50t J7 T, A T AUk 22 7%
. B BUR M4 (cross stages partial network,
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CSPNet), JHIdINom M8 RFIEm & R/, it 7 AR
HIRFESE B 4% CSPDarknet53;

@ 7>t Jim, /T SPPPYL. FPN,
PANetP OV REAIE il &5 SREME, 3 ok fil A [R) RORE (1998 3L
ER, FEE TN B R R IA 2 PR

@ HEIGE T, Z5A A T Cutmix & Mosaic
HEsg 9. DropBlock IENAL. KARZE-F1F. Ciou 15
PRBI0 X PrillZR5E BoF & BoS (Bags of Freebies &
Specials) F-Bt, #E—LHe TANIRSE .

BRI YOLO v5 [ 2 F 4 X 4 1R B 0 55 FE AN [
HALE sv my VAT x PUFPBLRY, Forr s W2 AR AN 45 1)
Wi 6 fiT7 . YOLO v5 BAY 0 1R AIE B2 X ) 25 A
fERt & B, H CSPNet BB ZEIREEHN, &
FRRRT G 2, BCE Mosaic HEiEsE. HIEM
B R TS F B, AMUGRIE TASIUAS FE, IRy R T
BIUA&, KORFEE 7R R SeR . AR GTX
1080Ti &) s BERIHEFL (6] 2.5 ms, (EIIZ K
2% FAE R A IR

3 KWERSIR

VPR T IR FE 22 ST 2040 B bkl vEgE, A
7 Infrared-PV i 4 kAT 7 0 ELszae, /g 7+
VRIS B bRk T YAl 1 Fe bR, @ HERE ' 8T T %

FREYLE Infrared-PV ZL4MEHE S IITERE
3.1 IER

KHAMMRSSBEEW T : CPU N Intel(R)
i7-6850K, 64 G W1F, PiH NVIDIA GeForce GTX
1080Ti EJE AL A, #/E RS8N Ubuntu 18.04. Fr A
HREARLAR A= 73 AT I e

Infrared-PV ZLAMHREAE L 7:3 LLBIBEALEI Sy,
HHIIZRER I 1496 K IEME, AT IEER 642 TKIEIE .
3.2 KWNRBRINGESH

A A I HES VLN Faster R-CNN, YOLO
v3, YOLO v4, YOLO v5 HFRI&ME L, tsbam
Cascade R-CNN. FCOSUSUEE R ¥kl P4 BE AT 1% bl
30T UIZRR A 1) B AR IIHE 22 AN TE B S0k 4 fir
o AHI NI 2% BB 73 2 608 X 608 Bf, YOLO
RY SR HHE RN B AR 5 Fis o

YOLO v3 1 YOLO v4 R%IZT darknet [f] C 15
SETSLH, Hid YOLO v3 B HIAE 2% S % 4 0.01,
HKNH 64, FHEKR /DN (subdivisions) H & A7 K/NF
B, Ighea B KRN 12500, 7E25K4 5000 A1 10000 B
B K ART—H KM 10%; YOLO v4 B Y44 S %R
0.00001, #LK/NA S, BALK N 18000 FT 260005
HA AN E .

Input

CONYV: Conv2D+BN+LRelu
izinput channels  _s2:stride

BackBone CSP: with shortcut
Neck CSP: without shortcut

batch,3,608x608 annels ! )
I _k3:kernel size CONV i(c_in)_o(c_)_k1_s1
v Focus sP T e
ishortcut
Focus() et R CONYV i(c)_o(c/2)_k1_s1 |
S |
v Slicel, 23,4 v v R
(batch,3,304.304)x4 ‘ MaxPool(5%5) ‘ ‘ MaxPool(9x9) ‘ ‘ MaxPool(13x13) ‘ ———————————
CONY i(64)_o(128)_k3_s2 -
concat(batch,12,304,304) Cat(o_2c¢) HODEHED ECTRA]
BackBone CSP
128,64x3,128 : ;
(28603128 CONV il e 155 CONY 200 kit
7 ,64,
q Neck CSP Conv2D
CONYV i(128)_0(256)_k3_s2 (- (-
NEZBIoR I L) (512,256x3,256) Pl i(256)_o(na*(5+nc)) k1 sl
A v
BackBone CSP
CONV
(256,128x9,256) lpsamnly i(256)_0(256)_k3_s2
¢ A v
CONV
CONV i(256)_o(512)_k3_s2 i(512)_o(256)_k1_s1 E cenca RS2
A v
BackBone CSP - Neck CSP Neck CSP L Conv2D
(512,256x9,512) ORIZY) > (1024,512%3,512) (512,256x3,512) P1 i(512)_o(na*(5+nc))_k1_sl
v : .
CONV
CONV Upsample i(512)_0(512)_K3_s2
i(512)_o0(1024)_k3_s2 x 7
CONV
SPP(1024 >
G2 i(1024)_o(512)_k1_s1 COuCRUORITZY)
v v
Neck CSP Neck CSP IRIN Conv2D
(1024,512x3,1024) (1024,512x3,1024) i(1024)_o(na*(5+nc))_k1_s1
BackBone PAFPN Head

6 YOLO v5 #7144
Fig.6 Models architecture of YOLO v5
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#4 OBURE G238 0.02, 7E epoch A 25 F 38 i KON
Table 4 Model configuration — KN 33%; HARNERN G E .
Algorithm Framework Configuration file 33 HRAM
YOLO v3 Darknet-53 yolov3.cfg XERTINGE FEAT 0T, 4 H AR 25 RS B
YOLO v4 Darknet-53 yolové.cfg 122 3 bt (intersection over union, IOU) KF 0.5 1A
voLo olovs olovstyamt 9% FLRR RSB, Lo R 5] 5% R 3K 8
Faster ) (frame per second, FPS) DALY, DL&K
R-CNN mmdetection faster_rcnn_r50 fpn 1x.py

F5 608X608 70T Infrared-PV H AR HHHE
Table 5 Anchors of targets in Infrared-PV dataset under

608x608 resolution
Scale Small Middle Large
Feature map 76 X76 38X38 19X19
Receptive filed 165X 165 437X437 725X 725
6,23 9,31 23,54
Anchors 50,3 12,36 67,59
10,25 11,87 237,179

YOLO v5 ZF#TF ultralytics 1] YOLO v5 5K
B, IIZREEIR Cepoch) 79200, #HER/NA 645 KH
SGD Ki 2 T FEALAL A5, 3808 0.9; #14R % 21 % 0.01,
TH#CA 3 epoch, KHIRIZIRK; HALCHBRINBE.

Faster R-CNN, FCOS. Cascade R-CNN H.y% 3
T mmdetectionP* S HL o i S8 B 40 : epoch
50, #ER/N 8 SGD HRALES, BEHN 0.9;: H)

(a) Ground truth

A HIF 285 Caverage precision, AP). # A%
(recall) LARCFI5K5 FE 4B (mean average precision,
mAP) SRVF AR A 1 BE .

FESEHESLIG o, SRR R I RE g 6 BT,
I 25 B 40 1 7 B o BT X Anchor J#EATHR4E,
ST NN H bR SR AE, #i Faster R-CNN
B mAPos HIEE T 65.6%, HEHHEELN
16.08FPS; B A RS 608 X 608 I, YOLO
v3 AR IRE FE 5T 416 X416 BHETF 5.8%. HIE
T(e)F(d) R ., 2 4 AN RST IR A ) T/ B FR
R ANAr EHERORS e[S, RN PR T R R,
SR BT BRI . YOLO v4 i) mAPos N
78.97%, YOLO v5 HEH[1 mAPos feim, B2 T
80.7%. ME 7 XA H, YOLO v4 BRI A 8%
T YOLO v5 f8, (HJE e Rngm. SAmS,
— B B SEEN F RS AN 55 /N B b A I A X
B, BIRFIE/DREE, (HARNE W BRI B s
I R R

(b) Faster R-CNN

(c) YOLO v3(416X416)
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(d) YOLO v3(608 X 608)
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7 FFAEBRUGIRCR S (B 0.25)
Fig.7 Comparison of detection results for benchmark algorithms(confidence: 0.25)
#% 6 Infrared-PV R ER A MBVERERME (BEE: 0.05)
Table 6 Performance benchmark of several detection algorithms for Infrared-PV dataset (confidence:0.05)
Algorithm  Rating Backbone Size FPS AP‘)/;gf;ilde) AP‘)/'l;g’czrlsl"“) mAPo5(%)
Faster R-CNN 5 Resnet50 1333 X800 16.08 0.775/0.868 0.536/0.792 65.6
YOLO v3 4 Darketnet53 416 X416 48.9 0.797/0.8588 0.581/0.806 68.9
YOLO v3 3 Darketnet53 608X 608 32.8 0.8666/0.9049  0.6278/0.81676 74.7
YOLO v4 2 CSPDarknet53 608X 608 29.0 0.87/0.93 0.71/0.889 78.97
YOLO v5-1 1 - 608 X 608 99.22 0.882/0.911 0.732/0.853 80.7

VE: TR NIZSIEME  Note: Bold font is the optimal value
3.4 HithBrrenEESLIE

PRILAESLIRAL, ASCHEAT T4 70 9256 DAS UF HAth
BLAYLE Infrared-PV Ed 48 b VERE A Je it (1)
H T M2 ResNest 1% #: Faster R-CNN Fll Cascade
R-CNN F 2 1 3 F 2%, d3E4T 1% Eesest.

FRA PR MFE bR 4 R BAR WK 7 Fion. R 7
AT LAEH, SRH ResNest [ B B IS Y AH LL AL ¢
ResNet FFAEHE N 25 Ve A B 24+, Cascade
R-CNN B mAPos #&F+ 7 15.3%, iEF] 7w s ik

TKSPE 82.3%. M 7(b)al W, X T4, /NEARE
(R SERR s R A, BT AT s B, (B %A
SERFPEELZE s 2 YOLOV4 (125 3R BT 7 K/
¥ 116, A5PEERE R RN Sem 3R 17— 65, UEBA%!
PR EBEAE, LR AR AEAD T, it
BBy BUB TE BRE 05 70 A B B ARSI 2 R L R
PR B AL HE IR, FCOS AN T 2141 H Ar A 45
REMANE, FERENDINRGSEE B, 8
Gl BRI, 8 M A7 H AR X, # mAPo s 8K

R HABRAEANER AL MRS R (EAF)E:0.05)
Table 7 Test results of other models on Infrared-PV datasets (confidence: 0.05)

Algorithm Backbone Size FPS APO0.5(vehicle) /Recall ~ APO0.5(person) /Recall mAPo.5/%
Cascade R-CNN ResNet50 1333X800  11.80 0.788/0.870 0.552/0.803 67.0
Cascade R-CNN ResNest50 1333X800  10.18 0.901/0.944 0.744/0.914 823
Faster R-CNN ResNet50 1333X800  16.08 0.775/0.868 0.536/0.792 65.6
Faster R-CNN ResNest50 1333X800  15.09 0.888/0.935 0.700/0.884 79.4
YOLOVSs - 608X608 175.4 0.87/0.899 0.722/0.854 79.6
YOLOv5m - 608X 608 125.36 0.889/0.921 0.728/0.849 80.0
YOLOV5x - 608X 608 37.32 0.8754/0.9029 0.7297/0.8541 80.3
YOLOv4-kd CSPDarknet53 608 X608 66.7 0.882/0.9433 0.7380/0.8987 81.0
FCOS ResNet50 1333X800  18.79 0.755/0.893 0.494/0.787 62.4

M I EAN I RAL M Note: Bold font is the optimal value
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