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Multimodal fusion object detection method for UAVs under
low light conditions

Guo Runze,Sun Bei,Sun Xiaoyong,Bu Desen,Su Shaojing
(College of Intelligent Science, National University of Defense Technology, Changsha 410072, China)

Abstract : Under low light conditions, factors such as low image brightness, weak contrast, poor imaging quality and the constraints of
on-board arithmetic greatly affect the detection accuracy from the UAV's point of view. Therefore, researches based on object detection
under low light conditions in UAVs is of great significance. Aiming at this problem, this paper proposes a multiscale differential attention
fusion detection method with coupled illumination conditions and contrast. First, an information-aware module is designed to guide the
multiscale differential attention module. This module deeply fuses the intra- and inter-modal features of visible and infrared images
through calculating the light information and local contrast, thereby enhancing the recognition ability under low light conditions. Second,
a rotary-wing UAV multimodal target detection system is constructed based on multimodal pods, edge computing modules and self-
organizing network radios. This system has a standardized transmission protocol and a unified task management mechanism for
communication interaction and realizes synchronous decoding. Subsequently, comparison and ablation experiments are designed, and the
results show that the mAP of this method on the LLVIP is 69. 2% , which is 3. 9% better than before the improvement, and outperforms
LRAF-Net. Finally, the proposed algorithm is validated at the airborne end of USVs, demonstrating that it can significantly improve the
detection capability of UAVs on targets under low light conditions. The average operation efficiency can reach 21.2 FPS, which meets
the requirements of airborne applications.
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Fig. 1 Typical application cases of UAVs
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light conditions
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Fig.3 The distribution of sizes in typical aerial data
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Fig. 5 The design of multimodal object detection system
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Table 1 Comparison of different fusion strategies (% )

Tk (e ME mAPs, mAP
IR A Darknet53+CSP 90. 8 50.0
£r4h Darknet53+CSP 94.6 61.9
Bmg Darknet53+CSP 95.2 67.9
RS (ARSC ) Darknet53+CSP 97.9 69.2
JE RS Darknet53+CSP 9.3 68.7
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Fig. 13 The comparison of loss for different strategies
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Table 2 Comparison of different modules (%)
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91.9 64.1

v 94.0 64.9

vV 92.7 64. 4
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vV 95.5 65. 1

v 94.9 64.7

vV vV 96. 6 66.7

vV vV vV vV 97.9 69.2
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Fig. 15 Calculation results of light conditions
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Table 3 Comparison of detection performance (% )

pi il A FRult oy £ mAPs, mAP
Faster R-CNN'220 1] Ik ResNet50 91.4 49.2
Faster R-CNN A ResNet50 9. 1 61.1
YOLOV9 A WO CSPNet+ELAN  90.8 50.0
YOLOv9 £I4F  CSPNet+ELAN  94.6 61.9
CFT oy CFB 97.5 63.6
LRAF-Net W33 DarkNett53 97.9 66. 3
TFDet 2 WAy ResNet18 96.0 59.4
ICAFusion!?* Wy 3 DarkNet53 97.8 66. 1
Baseline M DarkNet53+CSP - 95.9 65.3
AL WSy DarkNet53+CSP - 97.9 69.2
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Table 4 Comparison of inference time

Jii: B FER 0 2% e PR E]/ fps
Faster R-CNN WS ResNet50 21.7
YOLOv5 AR Darknet53 42.8
YOLOV9 AR CSPNet+ELAN 25.6
CFT WEia CFB 21.0
TFDet W3 ResNet18 7.7
A5 ¥ W43 Darknet53+CSP 25.2
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(b) Detection results on other weak light data
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Fig. 16  Visualization of detection result
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Fig. 17 Multimodal detection system for UAVs in this paper

HE 17 AT, EANLES il T EA
RK3588 #i Rtk il it 5-F- & 2 BOGH M, [ 4™
HL 5 FIJC ML S BE 145, WLEREIE ) R4 | Ah B RN
S H N A AL I AR IR R ST A 15 emx
11 em, RA/NRVTC AMLERBE T7 ., L2 0 3B & B IR R, A
PR A (LA B 1 1) 22 A5 TR (0 500 A 1) [ R 2 A7 s ]
B AEIR |1 [ 8 3 45 D DS TE 0 DR ) A 5 2 ) ML 2kt 79 I
Bt R A Rl ARG A5 AT 55 A6 X6 [H] — P A7 B2 B ) Bsf T
REAFLE PSS , PR R R IR TR 2% . R 790 56
TER, 1 e A o0 2% e ) B S S AN ) H0 90 378 =22 1 A
[ [R5 S B e AL A 2R AT 55 4G
B At B SR I 20 A G T A 3 e A 4 4
ML, BHR 2L IR B g &l 18 i
TN N SRS R R AE BRI AR A A
VR AT 0 1 R i i), 7 s s B8 A A 9 4 5
LRPRE I, #E—2BF2 T CPU WRIR 5 I, sl 19 Fr
TR BEBE TR, CPU & F BB st , % e 3 2%
FEECK 3 1, R E IR F] 260% , A% B35 70 52 bR & i
BB 3,

s [ W
R

A8y, ]
IR

A

RN N

BERAR R NPU#EHE
FREL BK
1 — — »| KR
|
puzE N 2W s

BEXE
F 18 42 Hgigs T

Fig. 18  Multi-thread interlock structure

cpu

) a4 6 s 10 1
Y
El 19 CPU (5 %47

Fig. 19 The analysis of CPU usage

To AL Z A5 A K 285 SR A ] 20 Fraw , [ 42y
ZLAMEMGARIN S5 5, A7 Mk 7T LG USRS I 25 58, i &l
AL, 5500 B T DG G H AR BRI AT RS XL
Sy, AT S H bR B BAr ik i 25 5%, I B g s
Afi i, S5 R A SCRE AR 2 (1 - B8 1T RUR A
F] 21. 2 FPS, i 2 ALk FH 77K



348 O O ¢ Faetk
151.
(2] IM& SEME, RIS, 5. Z2RUE ORI Bt
FATE ALK Hl £l e E*TM{WJELJ:T RERE S ES
2FHR, 2023,44(6) :54-65.
SUN B, DANG ZH Y, WU P, et al. Multi-scale
intersecting attention improved localization method for
ground camouflage target detection by single UAV []].
Chinese Journal of Scientific Instrument, 2023,44(6)
54-65.
[ 3] s MR Al 55 ST mIRE B BRI RN £
FUARRGIN [ J]. I 548 2741 , 2023 ,37(3) :29-
38.
20 ZARRLE K EE HAN H, HE Y Z, DU X, et al. Multi-target detection
Fig. 20 Multimodal fusion detection results based on polarization-informed image enhancement[ J].
Journal of Electronic Measurement and Instrumentation,
2023,37(3) :29-38.
6 %5 ® [4] A K, KT, 5. ARFIER TR I ZHA R
RIS NEPONR L[], BT I 5
BICHEAET , BRSE BEAR X L BE S , A& 3. 2024.38(3) :94- 103.
BRI T I AL RIS B, P, 7‘3}\“557'6 FAN X Y, ZHANG K, ZHANG G, et al. A multilevel
HEIR AR H A Iy 3 LA T S E 5 2 SR joint clustering cross-modal pedestrian re-identification
B, ErXfubi @, 20 T —Fas A LA L E R £ algorithm with fine feature enhancement[ J]. Journal of
JURE 22 4330 2 0 Ay I Oy 3l o 1R R BRI B A5 Electronic Measurement and  Instrumentation, 2024,
B BOE BRI e BEAUH, ok 51 S 22 RO 22 70 1 i 0 38(3) :94-103.
X ] WG FVAL SRS HEAT R BE Rl LAS T 55 0 R (5] BRISTL, i, 2030 fl o T 00 4 B0 A% 1 2 1&1 1%
ST 25 1 R AE 42 CRE O R B AR IR BE T, K, WER[ ], et TR, 2023,31(14) :2111-2122.
My T e T AN L8 B FR I R S, IF 6] LLVIP CHEN Q J, GU Y. Multi-channel fusion attention
VER Lo A i v BUR &, &5, T T KB\ network for low-light image enhancement[J]. Optics and
Hﬁi% TEBLSC 8 G B35 T 0 4 W2 H AR HEAT T % Precision Engineering, 2023,31(14) :2111-2122.
A AT A B S e g (6] FIURRL ORI BRG . YChCr BRIANA U
FEAB R R I LA B0 S RIS BRI (V). R DA
AR — 7 T4 18 22 90 Sl P o 2023, 28(11): 34133427
R RO 4 1, 53— 7 T % 1 2 BL ) 9 k45 K00 VAN Y, WANG L, HOUX S, et al. YEEr spatiel
WeAh , TEAHLES G 25T B AR A6 0 5 4l 4 14 48 2 AT partitioningfor - two-branch low - lluminationimage
. enhancement  network[ J]. Journal of Image and
TRAIEARTCT — 255 J1 51 .
Graphics, 2023,28(11) :3415-3427.
SEXH [7] FANG Q Y, HAN D P, WANG ZH K. Cross-modality
(1] Ve e, FEA, . JETIRIE S T T AL fusion transformer for multispectral object detection[ J].
TAEARR M OF SRR [T]. A2 540, 2021,42(4) . ArXiv preprint arXiv:2111. 00273, 2021.
137-151. [ 8] b, 424kl x| ) 4k, 3£T BF-YOLOVS Y2140 K ]

JIANG B, QU R K, LI Y D, et al. Review of UAV
aerial photography target detection based on deep

learning[ J]. Journal of Aeronautics, 2021,42(4) :137-

DGR G A i B bR R[]
31(5): 72-76.
HAO B, GU J M, LIU L. W. Target detection based on

HLE 5 45, 2024,



%1

SRR AF T ANLSDCAAT T ZBESRNE B AR )57k 349

(9]

[10]

(11]

(12]

[13]

[14]

[15]

infrared and visible image fusion with BF-YOLOv5[ J].
Electronics Optics & Control, 2024,31(5) :72-76.
ESEST 30 Ui BT A SR e S R U R EAR LS 3
ML A F N BARA I [)]. A HL T AR, 2024,
50(8) :270-281.

WANG Y T, LIU ZH M, WAN Y P, et al. Target
detection in low light conditions based on visible and
images[J]. Computer Engineering, 2024,
50(8) :270-281.

GUAND Y, CAO Y P, YANG J X, et al. Fusion of

infrared

multispectral data through illumination-aware deep neural

networks for pedestrian detection [ J ]. Information

Fusion, 2019, 50( 1) ;148-157.

SONG K CH, BAO Y Q, WANG H, et al. A potential
vision-based measurements technology: Information flow
fusion detection method using RGB-thermal infrared
images[ J]. TEEE Transactions on Instrumentation and
Measurement, 2023, 72.5004813.
ESETEIN WU IPIIEZS T S e S ENEE S TS
FE R AT NSER A [ ], #OE St 7o gt e,
2024,61(8) ; 463-470.

BI CH CH, HUANG M H, LIU R Y, et al. Real-time
pedestrian detection based on associative fusion of
bimodal images[J]. Advances in Laser and Optoelec-
tronics, 2024,61(8) :463-470.

FU H L, WANG S X, DUAN P H, et al. LRAF-Net.
Long-range attention fusion network for visible-infrared
object detection [ J ]. TEEE Transaction on Neural
Network and Learning System, 2023, 35(10) :1-14.
AU VA PR, AF. RS PSS RRIE Y SR LA A AL
AR NSO FR AR I [J]. 35 HLAL A, 2023,
43(8) : 2564-2571.

LI G, NIUM D, CHEN L, et al. Fusion of visual feature
enhancement mechanism for robot grasping detection in

low light environment [ J]. Computer Applications,

2023,43(8) : 2564-2571.

INTEK S PR PR (I L I S WG BO: VAN ER 7 ivalll s
HEUTFELT]. I S R A2 R, 2024, 38 (9) 1 144-
154.

SUY L, HUANG D D, LIU ZH, et al. Research on
ground small target detection method for UAV [ J].
Journal of Electronic Measurement and Instrumentation,

2024,38(9) ; 144-154.

[16]

[17]

(18]

[19]

[20]

[21]

(22]

(23]

[24]

[25]

Boe 2t BRI, T IR A /Y H AR A I IF 5T £
R[T]. 74,2020, 48(6) :1230-1239.

LUO H L, CHEN H K. Survey of object detection based
on deep learning [ J]. Acta Electronica Sinica, 2020,
48(6) :1230-1239.

IV INGETK BRI, 55, BRI 3 55 A i)
5 R SRR VT EC AR /N JE ML B AR [ )], AL
U224, 2024 ,45(7) .64-74.

SUN B, SUN X Y, QIAN H X, et al. Dynamic large-
view scene fusion of inter-frame information and template
matching for low-slow-small UAV target detection[J].
Chinese Journal of Scientific Instrument, 2024,45(7) .
64-74.

ZHU Y H, SUN X Y, WANG M, et al. Multi-modal
feature pyramid transformer for RGB-infrared object
detection[ J]. IEEE Transactions on Intelligent Trans-
portation Systems, 2023, 24(9) : 9984-9995.

MANISH S, MAYUR D, SRIVALLABHA K, et al.
YOLOrs: Object detection in multimodal remote sensing
imagery[ J]. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 2021, 14.1497-
1508.

ZHANG Y, YU H, HE Y J, et al. Ilumination-guided
RGBT object detection with inter-and intra-modality
fusion[ J]. IEEE Transactions on Instrumentation and
Measurement, 2023, 72.2508013.

TANG L F, YUAN J T, ZHANG H, et al. PIAFusion:
A progressive infrared and visible image fusion network
based on illumination aware [ J]. Information Fusion,
2022, 83.79-92.

LI CH Y, SONG D, TONG R F, et al. Illumination-
aware faster R-CNN for robust multispectral pedestrian
detection[ J]. Pattern Recognition, 2019, 85.:161-171.
ZHANG X, ZHANG X H, WANG J T, et al. TFDet:
Target-aware fusion for RGB-T pedestrian detection[ J].
IEEE Transactions on Neural Networks and Learning
Systems, 2024 .3443455.

SHEN J F, CHEN Y F, LIU Y, et al. ICAFusion:

lterative  cross-attention guided feature fusion for
multispectral object detection[ J]. Pattern Recognition,
2023, 145:109-113.

AL RIS, A — PR AT A/ B ARK I

Jrik[J]. AR, 2022,43(5) £ 136- 146.



350 & L £ ¥ W

a6t

SHI X, LU H, QIN P J, et al. A long-distance

pedestrian small target detection method [ J]. Chinese
Journal of Scientific Instrument, 2022,43(5) :136-146.
EEE T

SRHAE , 3 HIF 2018 4E 2021 4ETF [ By
BHE R 2R AT 2 2 2, Bk [
[SIE R N (U o S A B o X 0 S sk
REDTIN S5 X3t

E-mail ; guorunze14@ nudt. edu. cn

Guo Runze received his B.Sc. degree and M. Sc. degree
degrees from National University of Defense Technology in 2018
and 2021, respectively. He is currently a doctoral student at

National University of Defense Technology, with a main research

focus on intelligent detection and countermeasures.

Phe CESVEH) , T 2018 4F3145 [ By
FBHE KB W20, B E B R B F
A W, EBAF S T 10 S T CF
BRI 55,

E-mail; sunbei08@ nudt. edu. cn

N]

Sun Bei ( Corresponding author) received his Ph. D. degrees
from National University of Defense Technology in 2018. He is
currently an associate researcher and graduate advisor at National
University of Defense Technology. His main research interest
includes intelligent detection and countermeasure of unmanned

platforms.



