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A lightweight image flare removal method for night vision assisted driving
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Abstract: In night-vision environments, image quality was significantly degraded by glare from intense light sources,
impairing the performance of night-vision assisted driving systems. Existing flare-removal algorithms suffer from
limited robustness, high computational complexity, and loss of light-source information. To address these challenges,
a lightweight image flare-removal method, Night Flare Removal Network+ (NFR-Net+), was proposed to enhance
image clarity while meeting the real-time computational demands of mobile devices. The approach first incorporated a
feature-filtering mechanism combined with residual connection strategies to strengthen feature extraction capabilities,
effectively mitigating overfitting and ensuring robust flare removal across diverse lighting conditions and flare types.
Additionally, a nonlinear, activation-free feature attention module was introduced. Via a lightweight design, an

efficient attention mechanism was constructed that significantly improved image-detail reconstruction while reducing
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model parameters by approximately 8.28% and runtime memory by about 11.1%, thereby optimizing computational

efficiency. To tackle the issue of diminished image naturalness due to excessive light-source removal in traditional

methods, an enhanced light-source extraction module was developed within the segmentation network. This module

employed an improved light-source separation strategy to accurately preserve brightness and texture details in

light-source regions, ensuring the authenticity and naturalness of output images. Experimental results demonstrated

that NFR-Net+ surpassed state-of-the-art methods on image quality metrics such as Structural Similarity Index Measure

(SSIM), Peak Signal-to-Noise Ratio (PSNR), and Learned Perceptual Image Patch Similarity (LPIPS), exhibiting

superior flare-removal performance and detail preservation. The method also demonstrated strong adaptability across

various night-vision scenarios and hardware devices, fulfilling the efficiency requirements for real-time processing.

Ablation studies further validated the effectiveness of individual components, highlighting the critical role of feature

filtering and attention mechanisms in balancing performance and resource consumption. This approach provided an

efficient, lightweight solution for applications such as nighttime autonomous driving and intelligent surveillance.

Keywords: flare removal; night vision environment; light source information; nonlinear no activation; lightweight
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S AR T ORUR A Bl O T AR E A 2
AL, B 8D T SCHR[ 1614 B0H B 1 7 H

(a)

RZJGI 0, (AR BRI BN AR E S 5 4
HAR. T 8(g) NA I H ) NFR-Net+323 T 1%
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ARG O T 58 GIE 51 RS I & AL G T4, 7E 2Bk
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24 ZREREESH
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TCRE, A2 A1) GO 5 DX ) D' 288 7 T R B R
U, AHORBETH R AL 5t R SR 2T 6 P S BUN BU

) (M)

B8 AL H AT R LG4 R L () FIAN: (b) CHR[37]: () SCHR[38]: (d) SCHA[13]: (e) SCHR[20]: () SCHR[16]:
(g) A7 (h) HAH)
Fig. 8 This paper compares the experimental results with those of other method ((a) Input; (b) Literature [37]; (c) Literature [38];
(d) Literature [13]; (e) Literature [20]; (f) Literature [16]; (g) Ours; (h) GT)
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B9 NFR-Net+HikSLIn 45 Rz (R Hl((a) fiA; (b) Hitl)
Fig. 9 Example of generalization of experimental results of NFR-Net+ algorithm ((a) Input; (b) Output)

F 1 EAEREAMRELLR
Table 1 Performance comparison of flare removal
algorithms
Jii%  PSNR/IBt SSIM?

LPIPS|  HEBHET[A)/s|

SCHR[37] 24.97 0.897 0.137 0.098 8
XCHR[38] 27.45 0.904 0.034 0.096 4
SCHR[13] 28.76 0.924 0.029 1.358 4
SCHR[20] 30.60 0.967 0.021 3.945 4
SCHR[16] 30.61 0.769 0.018 1.574 1
AT 30.68 0.973 0.020 0.076 1

T R B T | TR B S T ; WRLEC

RN U
BG4 SCHR[131UE I T HAE MR R 7 5 X
T HRIIARNT A 250, (BLE R I 5 1 2 LTI AR
ANREAGAEH R 2 BR . SCHR[20]77 VA 7E B X 2 SUF
WECT T T R I 7 AR T SCR[ 1317V 5 A U
455, M PSNR, SSIM £l LPIPS iX 3 MEAR#
BERF AT LG ERE . SCER[16] 77 1515 218
IEDEIRE B BRI, HABIER, M
#l| PSNR 1 SSIM #EAR PR, AT Hid %,
ASCHELE 3 AN b EXE 2] 7187, Bei8 5 i th
LR ' B s >R 1 5B 1k, NFR-Net+7E 7 B &
PRI B 2O PO A 32 v O 3 55 16 BB o £ 7 T
R, W DG 3 PR 2 5 P T 52 B2 T IX
WG R . RS SR B BT ) b
5 HAh 77940 e NFR-Net+tH B/ 7 0.076 1 s )
HERCR, UEBIAR SO VAR R AL T TH A S
2.5 HRRSCIE

W 6 ZHseme LR BA B fd FH B A 2ot TR 0
RV 2 SR A R 1 AU CA, 2 AU
SCA, 3 JNAUH PA, 4 MU SPA, 5 N CA I
PA(H FA)LLK 6 NH SCA 1 SPA(H NAFFA).
2 WE 7T AE AR OIS R ARV AR
un] DA Bl 0 24 B 22 b O 3 o B B (R AR AIE X3, DA

bt FA AR T H S5 A RN /D () S EOR R T 2 (1)
AT, MWERFTTLUEH, ZBERTE R FA K346 -
PR T2 1 G MiBITNAETR RS 23 I HERF
i), ST HAF Y PSNR Hirth, JELR M 0 BOE FRAE
T R A A A RO BEIR S RE, T ns
RS BER E, $R R e B R s P E R A
HRE L.

R2 FEMIHEFHEIENEREMIEER
Table 2 Ablation experimental results of nonlinear
activation free feature attention module

ik BATHWATIG] Z¥/H )il PSNR/AB}
CA 10.14 1.65 30.53
SCA 9.67 1.61 30.58
PA 9.56 1.65 30.52
SPA 9.14 1.61 30.56
FA 10.63 2.07 30.60
NAFFA 9.75 1.84 30.65

T | ROR BB AR s RN B R s A £k
e LE -

3 ERIE

SN T R TR B B A2 1 P 5 A AR SRV e
TER PR Z IR 26 4 Fi84T, NFR-Net+if it FR1F it
JEML) AN R 2R TE O R B R, 7R BRI
RBHEA BT WAARFR, BRI T RS
R R AIRL S BRI o st ) e YRR BB R R
B R A O B U DX 3 ) 5 B NSO S, B IR
BUE I B S SRR S50 25 R B, NFR-Net+
7£ SSIM. PSNR Fl LPIPS %% &% i B 1Tt fa b b
WFIA FRTE, BILH R I 08 B A S
PE, SRR 302 B R0 e s 5 55 B 3 s it T
A IR TT R o Y R SE IR — 3P IRAIE T S AR
PERES TR FEP i b 1 SR E A

SR, R4 NFR-Net+7E 2 AN J7 £ L H 4,
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