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A Low-lllumination Object Detection Method Based on Night-YOLOX
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Abstract: Images captured in low-illumination environments often have many quality problems, such as weak bright-
ness, low contrast, much noise, and detail loss. These problems will lead to inaccurate localization and object classification
errors when using the existing object detection models to detect low-light images, resulting in low detection accuracy. Aim-
ing at the above phenomena, this paper proposes a low-illumination object detection method called Night-YOLOX. First, the
low-level feature gathering module (LFGM) is designed to be incorporated into the backbone. Capturing more effective low-
level features in low-illumination scenes is beneficial to locating objects. The LFGM aggregates more discriminative low-lev-
el features from the shallow feature maps and feeds them into the high-level feature maps and the deep convolution stages, so
as to compensate for the loss of low-level edge, contour, and texture features during feature extraction in low-light images.
Then, the attention guidance block (AGB) is designed to be embedded in the neck of the detection model. The AGB reduces
the influence of noise interference in low-light images, guides the detection model to infer the complete object regions and ex-
tract more useful object feature information, so as to improve the accuracy of object classification. Finally, experiments are
conducted on the real low-light image dataset ExDark. The experimental results show that compared with other mainstream
object detection methods, the proposed Night-YOLOX has better detection performance in low-illumination scenarios.
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(¢) YOLOX-1 + LFGM

(d) YOLOX-x + LFGM

4 A A E RN S BRGNS BE (52 0

R, DAPP A R B i G RhE . S e (T A HE 4
YOLOX-x. K5 T Ffik B i #0) E nf Ak e, 5
FEAKESLAR L, WS 5 | R YE R AR A AT DL
TR b SR AR HARXT 4 b 3K A9 R AiE DX 38 A B R
ANAT DAL B B SR ) HARXT 42
4.3.4 FNERESHHR

FESEAHELE YOLOX ' L[] ik 137 G % 45 i SR A A5

YOLOX-x EPNEEED

YOLOX-x + AGB

Cup Chair

RANEE S5 T, LR MK 2 R . W LU
TE ] 7R B 2 BOT BTG R N 25 G A BB, BEAS BT
— AR TSI RY A RIS T . AR SE IR 2t 2R S M
AR BT R RS RO A T —E RN,
B2 mAPF33] T W2 T}.
4.4 SHEHEEFEHNRRAIFTLE

N T IR R )5 SR H e T RO, il

Dog Motorbike
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F2 GHEWmAMERRNIERER R
WiRS FLOPs/G | /M mAP/%
YOLOX-s 12.03 8.9 66.3
YOLOX-s + LFGM + AGB 15.43 12.6 70.4
YOLOX-m 33.18 25.3 70.3
YOLOX-m+ LFGM + AGB 40.82 335 74.1
YOLOX-I 70.11 542 722
YOLOX-l + LFGM + AGB 83.68 68.8 76.2
YOLOX-x 127.06 99.0 75.2
YOLOX-x + LFGM + AGB 148.26 121.9 79.3

BRI (Squeeze and Excitation, SE)™ I & 15
Bt (Bottleneck Attention Module, BAM )AL 7 14 2 5

(Coordinate Attention, CA)"7' ZEAR I8 B 37 5 rp A4 34
ARATHEAT T SR . S T REACHE SR YOLOX x, 5%
WSS HRANER 3 T . Yl A A T R ) 5 |
oI AR LA R 22 B0 R H AR AT T dcH: AP 238K A
TR IDRS BE AL 75.2% mAP | T3] 78.0% mAP, 455 T
2.8%. FHILZ T, Y BRI AR, &
K e BT A BRIy, R4 7 AE]0.7% mAP. A3
IR JERAE TR TAE 32 R 5 X IEF IR ER, 7E
BT R T 220 1 I R T 5 RT L B AR RN B O
ARSI R, A By B R LG | AT
IR E R rh 3 O 2 A RN RHES L

R3 BMANREER BRI L A #00
Jrik Bicycle | Boat Bottle Bus Car Cat Chair Cup Dog Mbike | People | Table | mAP/%
YOLOX-x 88.4 72.8 64.9 93.5 78.8 70.6 68.9 76.2 77.6 76.2 713 56.9 75.2
YOLOX-x + SE'"! 87.9 72.1 74.6 90.6 76.1 77.8 69.2 719 75.6 74.1 71.7 54.8 75.7
YOLOX-x + BAM"®! 90.9 733 74.2 87.5 76.2 74.3 66.8 76.2 76.8 79.1 76.7 58.6 75.9
YOLOX-x + CA" 88.3 68.8 70.6 91.9 78.8 76.7 66.1 77.2 71.7 78.9 77.4 56.0 75.7
YOLOX-x +AGB (Ours) | 91.5 73.8 75.1 93.3 78.4 82.2 69.7 76.3 80.2 76.4 78.7 60.7 78.0

4.5 FEExDark #iF& FHLIOER

A1 ff LSRR B PG B 4 ExDark S SR PEAY
JIT 2 H B Night-YOLOX A9 &4 fig , I8 H 5 g &=
TEAY H AR 7 350047 Heg . ZE SR P, Ea A H AR
W7 35 ABAE ExDark 0064 AT TN, i+
VG H8 JE PEIGAFAE '6 BE 43 A5 AS 35 R R D B3 I 55 ) fE, 0
A1 B ARSI i RS TUDRS B O RN BEAR . ST aR 25 S n
F 4P, BR T YOLOv4™ | DetectoRS™ | GFLv2""* il
YOLOX'® 2 &b, K 20 H ARG I )5 2 A9 mAP £543 BI 1%
T 70%. tHHLZ T, A SCHr# 1 Night-Y OLOX A Kl
PEREIZZE L T H B i . FoillJ2& , Night-YOLOX-x & A4

KB T H 9 79.3% mAP, 5N AU IEAHELE YOLOX-x
FHE , mAP R TF T R 2 4%, WAL, % 4 hik JEoR T R4
X} G2 25 ) R IORS B8 AP R bk fif . H5HE H
B i 7 5 40 B, AR SCRT 42 H 19 Night-YOLOX 7E K 2
B 28 PRSI T e A AP 2K
4.6 KEBEBRGNUMATRLZER

6 JE /s T A SCAT R HY Y Night-YOLOX T H & 32
Vi B AR I 7 VR AE ExDark B8 48 I 6 0 45 S wT
AL ERE . AT RIS, A SO 4 9 Night-YOLOX
AT L i A 000 81 A0 IR PR v 1 E AR X 2, T B
For i 5 35 AT REAEAE R A A G . LAk U, A7 4

x4 ANFESEEIRH BRI ELE ExDark IE 6 LR NEERIIT L s %
Jrids Bicycle Boat Bottle Bus Car Cat Chair Cup Dog Mbike | People | Table mAP
Dynamic R-CNN"! 80.1 59.4 62.0 87.2 66.5 64.6 52.0 66.0 73.3 65.7 68.0 45.8 65.9
FEfficientDet-DO! 79.6 51.5 529 71.6 59.2 515 554 60.5 71.8 532 60.8 36.6 58.7
SABL™ 78.8 64.3 63.4 87.8 69.9 69.1 51.7 65.3 71.7 68.2 68.6 51.0 58.7
YOLOv4"! 83.3 54.4 714 93.5 54.7 83.5 71.5 77.3 61.9 69.3 71.3 59.2 70.9
VarifocalNet?!) 77.8 61.1 60.6 87.5 64.0 60.2 48.2 62.5 73.3 56.7 65.9 46.4 63.7
Sparse R-CNN" 81.8 63.2 66.5 87.3 65.3 714 58.8 69.7 83.0 67.7 65.0 493 69.1
YOLOF™! 78.6 61.6 | 622 | 904 | 609 | 714 | 553 | 67.1 | 748 | 644 | 623 | 493 | 66.5
DetectoRS" 83.6 67.5 67.6 89.5 70.7 71.0 61.6 69.2 75.8 74.1 71.7 54.6 71.4
GFLv2!" 82.6 66.7 71.7 88.0 73.2 67.7 55.8 72.2 74.2 65.7 72.4 49.8 70.0
FCOS™ 81.8 66.3 65.7 86.4 67.1 71.7 58.4 71.4 80.6 63.2 67.6 51.0 69.3
FreeAnchor™ 78.5 56.9 60.3 85.4 64.7 58.9 45.9 61.2 68.4 58.7 67.6 40.8 62.3
YOLOX-x'" 88.4 72.8 64.9 93.5 78.8 70.6 68.9 76.2 77.6 76.2 71.3 56.9 75.2
Night-YOLOX-s 86.3 65.3 68.6 88.5 71.6 64.8 57.3 71.8 73.3 71.8 72.7 52.5 70.4
Night-YOLOX-m 83.9 70.4 73.2 93.5 75.3 80.0 65.3 71.0 76.2 69.8 73.1 51.9 74.1
Night-YOLOX-1 89.3 69.3 72.6 92.0 78.8 78.8 68.4 78.1 774 71.5 77.6 54.5 76.2
Night-YOLOX-x 89.7 754 73.8 96.0 794 80.2 714 79.6 82.0 814 799 62.5 79.3
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