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Re-parameterization Enhanced Dual-modal Realtime Object Detection Model

LI Yunchen,ZHANG Rui, WANG Jiabao, .1 Yang, WANG Ziqi and CHEN Yao

College of Command and Control Engineering, Army Engineering University of PLA,Nanjing 210007 , China

Abstract The objects captured by drones at high altitudes are generally small and have weak features,and they are greatly affec-
ted by complex weather conditions. Object detection based on visible or infrared images often has high rates of missed detection
and false detection. To address this problem, this paper proposes a dual-modal realtime object detection model DM-YOLO with
reparameterization enhancement. Firstly, the visible and infrared images are effectively fused by channel concatenation, which
makes efficient use of the complementary information in the dual-modal images at a very low cost. Secondly,a more efficient repa-
rameterization module is proposed and a more powerful backbone network RepCSPDarkNet is constructed based on it, which ef-
fectively improves the feature extraction capability of the backbone network for dual-modal images. Then.a multi-level feature fu-
sion module is proposed to enhance the multiscale feature representation of weak and small objects by fusing multi-scale feature
information of weak and small objects with multi-receptive field dilated convolution and attention mechanism. Finally, the deep
feature layer of the feature pyramid is removed. which reduces the model size while maintaining the detection accuracy. Experi-
mental results on the large-scale dual-modal image dataset DroneVehicle show that, the detection accuracy of DM-YOLO is
2.45% higher than that of the baseline YOLOv5s,and is better than that of the YOLOv6 and YOLOv7 models. Furthermore, it
effectively improves the accuracy and robustness of object detection under complex weather conditions, while achieving a detection
speed of 82 frames per second, which can meet the requirements of realtime detection.

Keywords Reparameterization. Dual modality,Real-time object detection, Multiscale features, Attention mechanism
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FEXS X 9 PR IEE A A SCFESS 5.1 W4T T SEER X L
FE R % (h) B, Bk ERepBottleneck, ¥ ERepBottle-
neck B E R C3 Bide b 1 Bottleneck J& » BI 45 %] ERepC3
(Efficient Reparameterized C3)., ¥ B T M CSPDarkNet H
Dark2-Dark5 ) C3 # 8 # #t &y ERepC3 5 3, B 45 2| A 3C i
28 T M RepCSPDarkNet, RepCSPDarkNet 7E I 2 i) A T
2 1) o B AL 4 Bk A L TT 4R U N E 5 Y B AR RRAE M BE R 4
FEHEFR A L 253 S0 B AR W] AR RUE O S B4 S AR L AT HE A
R R AS AR 19 175 0 T in bR 2 5
3.3 SREBITERE

it B AR 5, — R [ RN B AR A 50 S
BF 3 A MR 55 — 75 T W) — B AR5 N AR 0 J5) 38 e AE
2R, PRIk 3k B I H A = 19 22 RUBEARRAE , 7T LLAT 4R
w H R ARE . T YOLOvVS Neck 3843 B9 F#AF 4 7 8%
WA R 2 R E T A 1 SUAR R, O IR 2 AR AE A 40715 15 8.
FTEENE RERRE, FH L, AU T 2 2 WARE A 3
B T il A AR 4 X R 22 R AE A . DA SR E A A 4R

i

fIE R,
3.3.1 B REFMEE SR

JFPSAEE W H R 3X3,5X5,7X7,9X9 1y



Aok, 45 H 2RO I R A DRSS 2N R A T A 7

167

Z RF B BUB AR M T 52 B E b 19 22 OB AR AE L HR 77
TE— S A - —J& KR /9 45 B AE B A T 55 /0 B AR A6
W F]RE S AE £ B MR 5 A H AR AR T PR RE T KR R
AR T E R T L WA T S AR kL R 2 A,
AH TR/ B AR s WALE AR . W, ASCR T
Z R FF AR TE B Btk MFAM, W1 & 7 Bk, MFAM

ERBeTH

At

EE i Pk £3

A A A A, ~»Softmax—»0, 0, 0,0

BEHe—J7 TR PSA T ) B AU RS & 4 4 b L L
TE BTG A B A 26 18T X 55 /N B AR B A 5 55 — D L AR
LI TE B B FE R B HE— 2D B T 2L ) 2 ] (R
R, W AR R P4 R H AR 0 R ROE Ry
AR SC BB R RRAE AT S AT A T 4R R /0 AR A 4R AR
=

H e o

> Conv #» sigmoid —»

Input I I I J [Avg Pool, Max Pool] Output
|
|
| |
& | V' H N P
' |
W ! LW P
C : |
| L LLt
: I
_____________ |
7 L REERRE R
Fig. 7 Multiscale feature attention module
e 0 F A BFRRE R i € RYCOTY  MFAM B Fo.=F:XS an
X}ﬂ%}ﬂ*&ﬁﬁ* K:[Kl 7K2 7K3 vKljvﬁéﬂ G:[Gl 7G2 9G3 . /H\'Tl 0 ﬂ‘:’ Slgm()ld ﬁi(ﬁ%é&y(})nv 3‘7 3X3 % H?@%%ﬁ{%
G, By 2 ROEE 45 FU43 1) $2 U H bR A /) R BE B9 -1, 75 B AR AE EiER
K F ER\'X%XHXW 3.3.2 % BERAFAEGRAAE

Hop N Rt G r 80 C e
WMIERCH MW IR E N mME, 5. R SEFEZEN
B4y BIZK I F, 7R [F) 38 3 00 1 3 ACE A, € RV T
FH Softmax o O 453 18 1 5 1 AL E #4710 — b A o, 3K AR

TR R BE A HE 2 1l 1 & R AR C B 0, ERY T, 4 L
o, %I TG B 5 BIRRAE B Fe € RV OV aZad R
CIESVN
F,=Conv, (Fypp)»i=0,1,2,3 (6)
A =SEWeight(F,),i=0,1.2,3 D
o, = Softmax(4,) = XA (8
Sexp(d)
Fe=Concat(F,®w,),i=0,1.2,3 (9)

o, Conv; () FerR A RUE B B 0 6 B AE . SEWeight (+)
Feon SE [EZ i, Softmax( « ) F IR softmax K, Concat
Co DFRIRFHE B PR A . O RoR B il 1E AT

XoF T 38 T8 VE B T IR BURHE E Fe 38 i 4 R o 3 Ak
PR 2 R e R AL 2 4E . 15 8 Fo € RV M F L, €
RYVHEW o Fo M F RS SR 33 135 3 45 BUK
MHELE N 1,940 Sigmoid 5B , BI45 5 25 1614 £ i
BAMESERY MY dg S HHHMEE Fe WM& BEZEBE
AH3FE L BN A5 2] 5 2t AR AE /] F,, € RV gt R T SR
RN

§=06(Conv([Fuy; Fuur 1)) (10)

YOLOVSs 78457 4E 45 T 85 19 Neck #8438 2 H5 1 K 5
RIZRHAE B PE S, A C3 B AT Al A, A R 2 I FR AT
EIl & 5 AN IR & 73 . IR &7 h R & T IR )2 FR1E
EREER . A& THRZHIEE A E S, 12 C3
BEYAH 1X1 # 3 X3 PR RSF I & U R Z P A BR
xR 2 REFERICRE ST 4. T T4 3R BUR F 2
PRRAE B 1 22 RO RRIE AR B AR SR 1T T 2 2 KRR 1E Rl & A5
e MLFFM, W& 8 fifx. MLEFM e 5% 3 X 3 % fH %
HAMEE M By 1 X1 B R, DI SR st 1 R 2R M RO 8 7, OF
K 2 RUBE Y MEAM 502 8 i S0 45 89 i iy 3 X3 B, A
M A T 4R B2 2 AR AE B i 2 REFRRAER B .

o 11 |

>

L
—->{ 1x1 }—r{ 1x1 H 3x3 }—»E e 1x1

(a)C3 i

N
| E—
33 H MFAM |—>€ (©) 1x1
A

(b) 2 J2 UL filh 7 B8

L

B8 C3 BB 22 J2 YR E Al A Bk

Fig. 8 (€3 module and multi-level feature fusion module



168

Computer Science T HEHFIZ  Vol. 51,No. 9, Sep. 2024

FRIE & I H Y P3, P4, P5 FRE )2 B9 3 BE R I 1% 45 PRI
B FLARAE 1B R~ 43 500 02 R A dw A LR 1/8,1/16 A1 1/32,
T TE A ML EG i B AR i R SE /N RRAE 5, HL A B
Sy PESRA P3 AN P4 ARIE R T HE Z 9 F/N HArgn 515 2.
Xt F 55 /0N B ARG T inAg 2. A, AR SR T 5 2 A LS
B R [R R BE B9 MLEFM g5, #x S MLFFM-P3, MLFFM-P4,
Hh ,MLFFM-P3 ' ) MFAM & HR B Y % B R F 2R
K=[3,3,5,7]; MLFFM-P4 #&8 0 iJF — 5 4 /N 45 B R SE
BK=1[1,3,3.5]. N T LM 5X5 R 7X7 RRF BB
oK 19 2 Hiot B R A IR, SR 0 4 BRI L 43 4 3K
SRR 2 A4,

i T DroneVehicle 4 45 b 45 K3 43 B A% 4 55/ B #5
TSR 4 7 35 A R 2 FRAE 8 P5 R E )2 A1 8 T LA T A R 1%
23T 5 W RFERAE R R AP 5k 1/32, 1 BEM R
KA T BTN B AR ARG B BRI Z AR F 55/ BAR
K, P A SCFE Neck #54-MBR T P5 AU 2 AL LR B P3
P4 RO JZE . X T BR PSR R BB e, AR SO AE A
5.4 WHEAT I IGE

4 THEE

4.1 ZWHERINKIEE

AR A Ubuntul8. 04 #:4E % 46, CPU 25 2 & Intel XEon
5218R, NfF 64 GB, it £ 4 2 B¢ NVIDIA GeForce RTX3090,
B AF 48 GB, CUDA i A& 11. 3, cuDNN i A& 8. 2. 1, PyTorch
A 1.12.0,

SRS HCR T YOLOvSs 2N B . R T SGD ik 4%,
WG 2 2 0. 01,2 S S 0. 937 AT 28 & 50 0. 0005,
batch size % R 8,4 100 4~ epoch, VIl kBt , %F K 1% i3k 17
0.5 ~1.5 % (1 BEHLAE AL, 7] B SR K7 B A% P 4% | T 9% s b
R S HR AR PR AE
4.2 EMIER

H A5 w0 T 09 3 f 36 55 A K 86 %% P (Precision) . A 1]
% R(Recall) .- 45 B ¥ mAP (Mean Average Precision)
K EF FPS(Frames Per Second), HE AR N .

TP

P=TpTFp (12
TP
R=2p 1N (13)
N
mAP= 2o AP, (1)
N
pps— Frames (15)
Time

Hrr, TP (True Positives) $§ 1E #ffi kI #E 1) 4 & , FP (False
Positives) $§ 5 1% 46 M AE () £ i . FN (False Negatives) 78 I £
H bR HE i) 50, AP ( Average-Precision) i B4 2K 51 i B #1465
KSR N Ry i1 28 51 B9 B0 L Frames R 9055 ot 54 5 7 4% %
B, Time Sy A6 00 7 75 5 1]
4.3 H\EREMAE

AR SR FH R 24 K A 1 R R AT L/ 21 4 SRS 2 [
15 % 5 DroneVehicle, %54 4 i o AHLIE #2r 4h 5 a) L

HAAR Sk R 2B A A5 B . FO48 52 R R K 2% T BACKE A
Xf B R O A AL S AR AT T RR 8Y L 48 . padding 3 R K
VE i %t 57 Ab B, X 5 AL BES L AT  R 2L A TR S FE R
Jg 840X 712 4% , DroneVehicle 245 28439 X & 1%, H il
SRHE 17990 XF LB UESE 1469 X, WAL 8980 X, HAFRIEi 4
% car.[reight car, truck.bus.van, FAEN A€ K (Day) .
e I (Night) B (Dark night) & AN 63 5, Ko i R 14478
X LB b 8493 XL BB 5468 X, FE 9 Ca) N4 35 H AR 89 %K
HOM SO B9 (b) S B AR AR X T 4098 5 04 Ee i . Rl
VL . 25 25 50 B AR 0 B i 43 A AN 4 5 car RO ECED I & T H
M2 50 s K28 E AR RS8N 5 BHE 09 Sim LB/ T o, 1.

150000 -

Instances

100000 -

50000 -

- — . ———

car freight—car truck bus van
Ca) £ 26 53] bR B0 Bk 15 L
05 -

04 -

03 -

Height

01 -
a
0 01 w?j[}, 03 04
(b) A1 28 11 4K 58 16 L
&9 H bR Bobn % K 58 4 A 1 Bl
Fig. 9 Number of objects and distribution of label sizes
DA B 5 UK B4 £ A1 AR ORN AT UL G 43 ) 3547 T T
TARE . T UL RET S AR 6 55 0 . HLAT A0 R 09 b
TR R FRATT SR £ A R B A T SR A Ry X i Y
AL UL G M AR EE SCF . [RIEE, S 7 S8 4 H 3 Ry o A BILA 4
ZAF T 55 /N H AR R I 09 75 SR, AR SCHE DR A i LR 98 8 L AN
RS OL T K G4 /N 512 X433 B K.,

5 KBWHERSHN

5.1 MEFBEGRER G EE

ASCLL YOLOvSs #5678 Sy 36 o, 43 590 00 3 1 2 ) mT Ol
JE(RGB) ZLAk (IR) B G, LA K 7T UL o' 5 21 80 XA 25 ]
GRS (RGBHIR BRI &5 H . an 3 1 7%, i F Dro-
neVehicle B4 45 20 — 21 B ik 1) BUROR AE 55 06 BG4 4 T
B0 T AT SR MR R 0 B AR AR AR S H B s R T ,
S ORI AT 0 ' PG AGH I B G RS B I A T AT A A
SR WG 5 40 A B G B B2 Al A 5 R IR B L T 00O B 5
I T 12,7806, LD ARG AR TH T 1. 3106 NS B 2 40 3 X
BN 0,001 2X10°, JEAT] LLZWE AT, w] UL, >R FH i 3 P 42
TG 1 Bk AR A RN AT BRI A S R0 B
SR AT LY 5 2 A0 115 00 T AN L



AU R A T S R 1 TR Y OB S S A A A

169

1 SRR IR AR A 0 1 45 SR %
Table 1 Comparison of detection results using different modal images
A #A car freight car truck bus van P/% R/ % mAPs, /% S HE
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Table 2 Performance comparison of re-parameterized bottleneck
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Table 3 Ablation experiments of MLFAM-P3 module
K G mAPs, /%
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Table 4 Ablation experiments of MLFAM-P4 module
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Table 5 Effect of different improvements on model performance
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Table 6 Comparison with current mainstream real-time object detection algorithms
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