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Synchronous object detection and matching network based on
infrared binocular vision
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Abstract: The three-dimensional perception of road objects in challenging environments is crucial for the development
of autonomous vehicles that operating in all conditions, at all hours. Infrared binocular vision mimics the human binocu-
lar system, facilitating stereoscopic perception of objects in challenging conditions such as dim or zero-light environ-
ments. The core technology for stereoscopic perception in binocular vision systems is accurate object detection and
matching. To streamline the complex sequence of object detection and matching procedures, a synchronous object detec-
tion and matching network (SODMNet) is proposed, which can perform synchronous detection and matching of infra-
red objects. SODMNet innovatively combines an object detection network with an object matching module, leveraging
the deep features from the classification and regression branches as inputs for the object matching module. By concate-
nating these features with relative position encoding from the feature maps and processing the concatenated features
through a convolutional network, the network generates feature descriptors for the left and right images. Object match-
ing is then achieved by calculating the Euclidean distances between these descriptors, thus facilitating synchronous ob-
ject detection and matching in binocular vision. In addition, a novel nighttime infrared binocular dataset, annotated
with targets such as pedestrians and vehicles, is created to support the development and evaluation of the proposed net-
work. Experimental results indicate that SODMNet achieves a significant improvement of more than 84. 9% in object
detection mean average precision (mAP) on this dataset, with an object matching average precision (AP) of 0. 5777.
These results demonstrate that SODMNet is capable of high-precision, synchronized object detection and matching in in-
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frared binocular vision, marking a significant advancement in the field.

Key words: infrared binocular vision, object detection, object matching, convolutional network

51

T

AT ULSCAEAL R H 2 4 IR BE 0, o B ARAS:
D5l e UL e 2 UG AR SRR L A Bl Bk
R I B E NI Z — o MER S HT AT 5
Jr 1), B HARAL =48 B AR I GBS 25 A 3125 3R
bl N R AR R B =4 R 2
TE—SERRIR IR BT 254, AT DGR LRI 68 ) 9™
R ORI RHO G IO . A AR
XSG RRARAE T (90T DO UG IS s 4T T 05
FLAFALGE TR IR TR EE 5 > B 5 1, 3k 2607 1% ]
DA 5o 3 PRI o, (EL 2 % 0 ' A5 A S PR 58 T B9
ARSI TERE R J1 o £LAMARL PR H R
PG H , A2 B2 0, 16T 45 FR ik PR 5T
THTHRE T MR . AR A0 2 T PR P i
B HAR, W A S S B4 B0 H AR
T B, N RIRS Bl B 4 AT 2 O 35 ) PR A
ZLAMHL R B A B T X R R IE B A T A
AR HERA A . PR, £EAMHBLEE AT DAAE R
B Ry 4ty BB, o T DATER (B4 by 1T WL SCARBIL A5 1%
AR B A, 2 H 3 3R A S KA H ARSI
LML R Z — o ML E AL AT LUTE B A5
ralIlLEHE 2 i S B O R N B SN E R AN VAN
SN, Sl 3 B R A B B 4 T A 3 B B A
B0

H ARG 5 H AR I AC 72 S AL A H A5 ST
PN SRR, o2 TSI i 5l i 2 ) it
FEITIE o H BRI Y H Y 2 7E BR b DR 50 0 E 7
FiE HAR, HARVEEC R H A2 7EA ) KR a8 5 5
H Z e A% LA [ B8 H A SRk . A 7
PAOBE T T T RRIE SR IRCAS o H AR Ay ik
F A Haar'™ | FAST (Features from accelerated seg-
ment test)” | HOG (Histogram of oriented gradi-
ents)""" . DPM (Deformable Part Model )" 4 |, iX 26y
VLA B IR AL 7~ oy e dn , AN SCRe 1] AL
(Support Vector Machine, faj #& SVM)'"*' 1 Ada-
Boost' ™' H A7 VG FL il & 5& T HEAF U BC SE 8, (L e e
AIE VT BE 7 922 40, 5 SIFT (Scale—invariant feature trans-
form)"" | SURF (Speeded Up Robust Features)"" |
ORB(Oriented FAST and Rotated BRIEF)"'"*%5

F£ F CNN (Convolutional Neural Networks ) 9 ¥

J& 27 2 PRLHOR 23 TA) R A1 1 2 DR 32 BRCRE ) il H bR
I 55 DS C 9 =00 7 ¥R 22—, IN T i 1 e N 28
2 fifi XS LG ST Transformer 7 (1% I 45 45 700 5 22 B0
DT RAS o AR AR B 2 ST A A A Y
f135 R-CNN (Region CNN) #%1"™ ' YOLO(You Only
Look Once) & 51" | SSD (Single Shot MultiBox Detec-
tor)*” | FCOS (Fully Convolutional One-Stage Object
Detection) *"'4% , X SETR L7 2] I AR LLAMNENSR H A5
G 4T A AR AN (8 E . KRISTO M A5 LA
T LR 1 0 5 e #E 1 B AR A I % (U0 Faster R—
CNN™ [ SSD. Cascade R-CNN"* | FCOS F1 YO-
LOV3™ ) 7E BRI GO A 4R T i PR RE L 1 REAH 4 i AT
T, FCOS Ml YOLOV3 J& He i R AY . Yao S 25
FEPRMER) FCOS M 25 2 Ak |, $2 1 T — MR 9K
IRAGERL S5 5L LB T I B 0R T /NS H AR
PN N = = AN | N S E R 7Y
0 ) ) 2272 ek ok /N B AR EL AP AR R R AT B
i S \EAW ) WA N E R AN R Sy G 287t I A OB S e
AIE DT E 4503500/ B T — KA i U0 Superglue ™’ | LoFTR
(Local Feature Transformer)“” | CREStereo ( Cascaded
Recurrent Stereo matching network )" SE ) 75 7% , {2
JEIX BB L 7 AR B R R GURRIE SR 1 , XS T
Iy BEREAR A LT AMAMGME LK B4 A RCR

H AR A 5 8 A DT E 2 5 >k S i A0 B 7 H
PRV R R b i = A5 B A AH BLAS R, TR B 27 ) R 2%
RPAE S IO B vh AR A PR B TR SR AR TR R R
Ao AR SRR XS LD AN AL 3 Y — AN [ 20 H AR
610 55 DEFE 99 2% (SODMNet) , 78 H FrAG I i) [ B XiF
EHAREAT LI VERC . A SO FEZ TS 1)
BT T — AR5 H ARG I 55 DG C i PR B2 27 T M 2%
2)REFHHINE T — L 1593 HLHMNUH A Y
Bl dl 2R AR D9 £ A 1R BRI ZLA R E AR B
TEAR 8] SR B 30 T 3 B 50 , I X A5 4w R AR
B HARIEAT TARTE :3) SEBL T LLAMRUH BIR H bR
FEORG BEVEAC , I R RS T 1 20A G AT N 4= A
R o

ARSCH AR NS < 55— PRAR IR 1 45 28
Fay A5 2% 0 25 3 o3 AR, A R4 G pR s 5 5
TR T AL E Bl B SRR A O
TEZEHEE EIEAT T AR He S0 S 45 R 43 #r 5 5
SMASCTAEIAT 7RSS MR,



1 W 3 4P I TL00N R B 1125 K 5 D A 21

1 M5

SODMNet Fi [ A7 A6 1 /9 £ == 42 ¥4 A1 H 5 VT L
BB ZH R, AR 1R o X A 0 TR 48 5 LAk B
32N bR AL B | B T 90 4 R B B BE A AR A 7
PR, 3 3 S0 D) 45 114 2 — 25 b BRI A, Sk
L5 AR AL R E S H bR TR0 43 2 LA K E A
H #r VC B AR (U] 158 (0 i LR AE i 7 ) S8 26 4
MLEG AR A AR B VC L o 3R A% 48350 40 2k A7 1
i

Regression
H
. ey
|| I_‘ e
> Backbone Neck l"II‘ 1Y ' '4.-| :

Ri gm

=P Direct ., Location
‘= Preprocessing connection » Conv » encoding @ Concatenate

1 SODMNet ¥ 45 444
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1) H A5 DT BCORG HE R 3 KT 0.84, AP & = A
0.57717.
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B, 5 @ car? Bl T AT IR A 4 A 2 24 AS [) 5
37 , SODMNet AE iR HL EF T IR0 AT EL
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4 ResNet) 7E £1 403 H $is 45 L 1 B A4S Pk fE .
ZE B IR, B AR YOLOvVS 1 Swin Transformer 78 1% 1
AMRCH Bt 45 0 B AR RN BB AR LA H £8, mAP
Y HSEEN T 0.710 2 F10. 721 1, {8 B b S 0 b
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Table 1 The prediction results of SODMNet under different backbone networks

Backbone class recall precision F1 score AP mAP
person 0.77217 0.034 1 0.0653 0.349 2
FCOS 0.3630
car 0.688 7 0.047 8 0.089 4 0.376 7
ResNet
person 0. 668 3 0.916 4 0.7729 0.656 3
SODMNet 0.748 9
car 0.8495 0.9340 0.889 8 0.8415
person 0.8182 0.0309 0.0595 0.3716
FCOS 0.3890
car 0.7226 0.0513 0.0958 0. 406 4
MobileNet
person 0.6321 0.914 4 0.7475 0.6213
SODMNet 0.7194
car 0.826 1 0.9322 0.8759 0.8175
person 0.8128 0.0412 0.078 5 0.3203
FCOS 0.3583
car 0.704 0 0.0552 0.1023 0.3963
ShuffleNet
person 0.5932 0.909 3 0.7180 0.577 1
SODMNet 0.6773
car 0.787 8 0.9235 0.8503 0.777 6
person 0.778 1 0.0532 0.099 5 0.3833
FCOS 0.404 0
car 0.708 2 0.038 3 0.0727 0.4247
EfficientNet
person 0.6718 0.909 7 0.7729 0. 660 7
SODMNet 0.756 8
car 0.8596 0.9394 0.8977 0.8529
ﬁ 2 SODMNet E ﬁ(@ﬁagﬁ% Left |mag Right image
Table 2 The object matching results of SODMNet
Backbone M_recall ~ M_precision M_F1 score M_AP
ResNet 0.6660  0.8606 0.7509  0.5777 o
MobileNet 0.6262 0.8751 0.7300 0.5538
ShuffleNet 0.5827 0.846 0 0.696 0 0.5063
EfficientNet 0.6455 0.863 8 0.738 8 0.5616

FRAE 2 RS RYTIOM RE ) i — 25 B, 38 i sl />
FEUJZ 45 b0 #1012 2 T ASE RU J0 00 68 7 o 45 SR iE B
SODMNet & i} % VT FLABE e o 5 A 0 1 VG e )2 f
R
2.4.4 TWERN

SODMNet 34 Jin ¥ H 7 VT BL A% e A X H AH L 22
A G b2 2 25 AN AE L 30k sR A I T el
e, YR B 28 3 458 2% BRI B ] A5 46 %o H bk
PR 26 S5 F S Ak, v] e 2 FLAE B AR RIS B 1
BRERBETHH FEIEH . [E, —A 0] HEA HprIC
e bR A 2140 A H s 42 % SODMNet 1) 18 B 74 g
WELEE,

XH FEME R B bR G 3 2 0 B bR R AE
{5 B T, B w58 B E AR AR B OC R o —
AN BRI W KR , 72 B AR Bk = i R R E
YET o BRI, AR B 2 i ()48 TG 25 4SS 80 130 1
F1/NiEARAR . T SODMNet #3025 2 &Rl 5 T

Scenario

Scenario

Scenario

K16 Al 5t SODMNet Fiiill 4t 5t
Fig. 16 The prediction results of SODMNet in different sce-

narios
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Table 3 Performance comparison of object detection
between SODMNet and other methods

Network class AP mAP
person 0.6239
YOLOv5 0.7102
car 0.796 5
person 0.6334
Swin transformer 0.7211
car 0. 808 7
person 0.6563
SODMNet 0.7489
car 0.8415
* 4 HEIKER
Table 4 Results of ablation experiment
Input Layers
person_
cls& 1 2 4 car_ AP M_AP
location feats AP
reg conv conv conv
1 1 0.6517 0.8341 0.5695
1 1 1 0.6563 0.8415 0.5777
1 1 1 0.6446 0.8370 0.5395
1 1 1 1 0.6383 0.8284 0.5355
1 1 1 0.6439 0.8366 0.5616
1 1 I 0.6362 0.8318 0.5697

2 FFIE 5 R Z AL, N 2 R i A AT fiE 2L
DC FE AR R 2 A AU o e K, i i i A 4
FREEH AT RE ALY 75 5) B L5 BOR D45, Jx
JERAR 2 R R IR BE

3 &ig

Bt X5 43 20 2B H AR R 5 B bR VT BLROR AR
PR T, AR SCAE H e 0 o 28 1% B a1 34 hn H Fr L
BeA e, 4 AL (15 8 5 U, 48 H SODMNet 52 3H
2L AN E A R0 B bRk 5 USRS . H A A )
252 oy st il BRI S mNE 4 3 5 o B s
MrEAEE . BHARIC A i R A i R R
VCHC RS20 B, i A G145 B FRAS I R 26 P > 53 3
(O NS RSN =L S M il ) I E SR TRE R PN ivA
B HRAE AR 20 BTN A SRR E A AR
HR i e A7 RS AE 1 3 7 =2 [) 1) I R BB 2 15 2] H
PRUCECEE R . eAh , AR SCRAE IRV T — AR B 1E
BN H Z1 ARG E I B L i B R 1 593 Al
W R bR & N4 WS . SODMNet 9 H
FRASE I P9 48 4] U 2 80 25 3 FLIR 28 FF RO S )1 4545
F|, 4% J5 SODMNet 7E LT AN H Bl S N it fk . AS
()15 I 28 XoF b S 3 235 R i 7R, SODMNet 76 52 811
B B ARUCHEC (AP 3L 3] 0. 5777) (9[RS AG 24%TH 7 H

B AS I A0S B (mAP $2 71 84. 9% DA ) . 45K
SODMNet AJ Ak £1 40 W H A58 H A 37 74 J8 i 2 11t
P A B B B RS AGI  DE T, o S PR 4 KA | A A
() h 28 B PR AL E LR . MR TR 2 ST 4%
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