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Fig. 4 Schematic diagram of the dynamic detail-semantic fusion pyramid network
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P 1, MPSPPF #5578 mAP50 427+ T 0.8%, 7F
mAP50-95 FAR-TF T 0.3%, W4 7RIS
X FH, MPSPPF B /e SR IHAERACAIE 0L T, T
B 7RO AR PERE . RIN, XoF e A T R A ) 4
Pt AL, MPSPPF FEtn SR H B = i PEfE . ax sk
S5 FRMT MPSPPF AR 1A 840ME, EAEIRRE T ALK
R REIE, $ETE TR A HER T, AR B AR
DRSS P24 T — A 00 e #E

3.5 NEEE NHLHIZE CSP-EDHAN #& Bk o By 3t
bbsE3g

T ISR SCHE: AR A TR B I WL AR B H AR
KoiAT 55 P A R, AR SCHEET YOLOvIIn R AY , 7

ExDark (454 I #F4T 75290 X% . 7EORUE S 80 flit
FRSEAMAHFR AT, B CSP-EDHAN B b (13
BEHHLH, Sk He# CSP-EDHAN b iR A FE & bl
il 15 HoA F2 3028 [ PE RS I HLE] (44 coordinate attention'™
(CA). triplet attention”” (TA).
attention”” (EMA) F1 shuffle attention"” (SA)) X FE AP fi
AN, SRR EE R AN 2 R

M2 AT DVE W, TEMRIMZSS T, RANEATE
X 1L CSP-EDHAN # 5 7E mAP50 Fl mAP50-95
PO bR U R ST, 48 EMA TEXS B %
Dy RIS, (FIRA R IIFE A R 4T L
R OB R mAP PR IAN K, RV HAE R Je s b i
WHEMHR T Z Hbn, EMEGE D ERERE, (HR ARG
RIS SAMLL, IRGHEEIFAEG RE . KR
mAP FEH B, KRBT EXENSNEE . A
KF, IRETERIIAURITEARIEE B AR AL 55 b R B
FARRZRGPERE

efficient multi-scale

3.6 JHRASELE

SR R E BT 4R S SRS ) A 8 S TR, AR SCHE )
—ESHOE TR T 2SR, IR
— IR, Horh N RIRR B, X7 FIRAR
Pzt 45 RILE T4 3.

WRAETHRLE A, TR B 258, |, FIA

&1 TR E 8] & F 80 e 6y M e L

Table 1 Comparison of performance of different spatial pyramid pooling module

Model mAP50/% mAP50-95/% Precision/% Recall/% Params/M FLOPs/G
SPP 65.7 40.2 70.9 60.5 2.58 6.3
SPPF 65.3 40.5 71.4 59.3 2.58 6.3
ASPP-lite 65.2 40.0 68.6 60.8 2.65 6.3
SimCSPSPPF-lite 64.8 40.2 75.1 57.0 2.62 6.3
MPSPPF 66.1 40.8 74.4 58.3 2.58 6.3
%2 ZXREE A HF AL CSP-EDHAN #3649 3 1k 52 15
Table 2 Comparative experiments of different attention mechanisms in the CSP-EDHAN module
Model mMAP50/% mAP50-95/% Precision/% Recall/% Params/M FLOPs/G
CA 65.6 40.5 72.2 59.8 2.63 7.6
TA 65.5 40.2 72.5 58.8 2.62 7.6
EMA 65.4 40.5 72.9 58.3 2.63 7.6
SA 65.7 40.6 71.0 60.2 2.62 7.6
Hybrid attention 66.2 40.8 71.4 60.5 2.62 7.6
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23 HEER
Table 3 Ablation experiment
MPSPPF CSP-EDHAN DDS-FPN DGDetect mAPS50/% mAP50-95/% Precision/% Recall/% Params/M FLOPs/G
X X X X 65.3 40.5 71.4 59.3 2.58 6.3
\ X x x 66.1 40.8 74.4 58.3 2.58 6.3
x v X X 66.2 40.8 71.4 60.5 2.62 7.6
X x \ X 66.5 41.0 73.7 59.7 3.13 8.7
X X X \ 65.7 40.8 74.5 60.3 2.32 5.1
\ \ x X 66.6 41.8 76.7 58.4 2.62 7.6
\ \ \ X 67.6 42.2 74.3 60.5 3.17 10.0
) ) v \ 68.4 42.7 72.7 61.6 2.81 8.2

MPSPPF £t , mAP50 fl mAP50-95 4+ 5425 T 0.8%
F10.3%, 1] MPSPPF #5233 i) 4l 4K Jay 38 4R B2 A A
&R ETXER, B TR R IR, 4
5| A CSP-EDHAN #id, EIRHME| A CSP-EDHAN
MEH R RE IR THE AR, (B 4 H 5 MPSPPF bt [H]
TAERF, M4 MRS 20 R B A4 T, 5 R A
AHH, mAP50 F1 mAP50-95 ¥4 7 T 1.3%, X i
MPSPPF #% 5t fll CSP-EDHAN #b B HAMES, Pi
B EVEH7E T, MPSPPF & CSP-EDHAN #2141t T F- 5
B2 RE BRSO BB S, feff CSP-
EDHAN 3l i 50 o (1% 73 3 77 ML) A0 1o 268 ) R il
JLRIHETE T BRI RAE A RE I RS . #RJ5 51 A DDS-
FPN, Hijli5| A DDS-FPN K}, mAP50 F1 mAP50-95
FERIAE ALY B & T 1.2% M 0.5%, X i3] DDS-FPN
BT I B R R RS B A b Al S FE—f . RIS, B
SR iph 5| A DDS-FPN, CSP-EDHAN & MPSPPF i
PETHREDURG E , 5 =25 Pp[E] T AR 25 M BB A5 31 5 K
JE 32T+, MPSPPF Jy CSP-EDHAN it 54 & i 2 N
LRSS AR, (A LSRG v Y R e sk
HIRTHFIERIE SR . fFLSEAE I, DDS-FPN 4
AR RE S T A0 IR S 2 RERlG , SCE S
TR R AL, ATZEAR R BE | oM R 455 e dg it

I ERRTHRAE RIS RE ) 5 BARRRG B . 55 it FH WA
Rl Sk A R A I %, PREFER LY RS, mAPSO
— AR E T 0.8%,

Z5 L Jrid, LMD-YOLO BAYf#) mAPS50 A]ik 68.4%,
AR T IER BT T T 3.1%, A0 S ERRE 5 45 4L
PETHELAI R I P BE,  FL AR T 2R B Y A Y R B
WKL I R M S HCE, Wl TR ST
e

3.7 XfEEsEIE

R T DI UEAR SCBGHF R AE [R5 vk R i
¥ LMD-YOLO 534 i H b A D K f5e#h ik
MR HARRE ISR AT b, s SR e 4 s,
HRL R R

ST ZE LR ], LMD-YOLO 7E mAP50 Fl mAP50-
95 WG I SCHEPEAh 48 Ar L 1 R BLE T H A 0 H bk
Bk AR I R H AR 0k o AR T 0 H AR
K 59 YOLOvSn, YOLOvSs, YOLOv8n, YOLOv1On,
YOLOvIln, Faster R-CNN, RT-DETR, LMD-YOLO
FE mAP50 FE bR LAl 4 T 4.6%. 0.6%. 1.7%. 4.2%.
3.1%. 6.1%. 4%, 5ITAFEREHT IR IR EE H AR sl 53
7% LOL-YOLO, MLFE-YOLOX, EnlightenGAN+YOLOvV6s
A, LMD-YOLO ) mAP50 23 42T+ T 0.3% . 2.2%.
6.1%. [RIET, B4 HARRIN S S50 f T3
TE53 M 135 G 247, & TA XA LMD-YOLO,
LRIV BRI B EAR A 5 B U RS AN
20T 5 ZE B2 LR sl LT SC IS R A
e BN E bR . 52 AFIWZ, LMD-YOLO R
TSRS M AR O AR IR B R RHIE S B, JFiE sl
R e S T E DN YT el PRI R g SA =
AT AR PRI G AN BRI, shS 8B 2 RE LT
EHE SCEBIEWIEY] T LMD-YOLO WA R, 781t
AR IHFE R RARK S B[R] B) mAP {EIA 2 68.4% Fi1
42.7%, FRCHREE TR IREE T BRI B

Jp T B EAE LMD-YOLO AMYUAEARIRE 5T
T YA AR, FE MR I 5 AR AT 18 I,
K H PASCAL VOC2012"" 3t 47 %} b 52 8%, PASCAL
VOC2012 BHREM S T 20 ARG, w7 A
Y. R E YA . TEORIER R SR — S TR
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% 4 ExDark #t#E%& b 52 3%

Table 4 Comparative experiment on ExDark

Model Precision/% Recall/% Params/M FLOPs/G mAP50/% mAP50-95/%
YOLOVS5N 73.1 57.9 2.18 5.8 63.8 38.8
YOLOVSs 75.4 61.5 7.82 18.8 67.8 41.4
YOLOV8n 725 60.2 2.69 6.8 66.7 41.1

YOLOv10n 725 55.6 2.72 8.2 64.2 40.1
YOLOv11n 714 59.3 2.58 6.3 65.3 40.5

Faster R-CNN 374 75.8 137.12 370.2 62.3 31.3
RT-DETR 711 57.1 35.63 118.8 64.4 396
LoL-yoLo"” 70.9 62.5 / / 68.1 423
MLFE-YOLOX"" / / 10.23 29.7 66.2 39.0
EnlightenGAN+YOLOV6s 66.1 53.7 / / 62.3 33.6
LMD-YOLO 72.7 61.6 2.81 8.2 68.4 42.7

T, % LMD-YOLO 5 YOLOv11n #47 T S286 L, %f
FLscsbah Bunde 5 iR,

#£ PASCAL VOC2012 il i{ ', LMD-YOLO #
YOLOvI11n i mAP50 5 mAP50-95 43 %Il $2 FI 1.8% F
1.3%, KEEMB R LK 1.4% M 1.5%, LK%
W] LMD-YOLOJ £ £ R K 2 A BT MR, UERA T
LMD-YOLO AU RETEAR IR BE IR B b R FF IR R e, 7E
FHLHR B T RS AT SEM R R .

[, b T #E—£85F LMD-YOLO 7 & 24K
SN MERE, A SCHIH Albumentations 53 58 &
1£ Roboflow “F &5 H#4E A Low-light-v2 Bl PRI T2
FARIAEE, AR T & R 2 IR AR AR IR R 4R
FEAE UG R B A R A T T X H S, X K
ZEIRINE 6 FiR.,

B AR B dE S LRGSR, ol
RURH T SR AR Y i B L o a8 1) A RE ) A . ok
HERERITE mAP50% F1 mAP50-95% 43 SIS T 2.2%

M 1.3% WdeTt, FFHAEA BR BT RERK, X
R EAEE MO ST H REREAL I B 22 H s, AR08
ko PR SRR P O 1Al B 2 H bR
PET —/NRIHE L, (HERERE I, XUEM T HAE
SO P RA R

3.8 RERE SN AT K 2+

Sy itk — L IE LMD-YOLO ZEARE ARG e (g #e
Xt YOLOv11n 5 LMD-YOLO 4= it i34 Ay R HE4 7 A] #i 4k,
XFH (WLIEL 8), BT Hhos X AR SC T Y SRR

S EAE B . FEAREMR R INSAEA T, B
BEAL B BT e 0, S R LA A, TR 5 2 R T
. M= F, LMD-YOLO i#f 4 5| A DDS-FPN 5
MPSPPF 54544, {00 fE AR ZEAR R B2 5t T % H s
() TR SN b L 2, RIS A AR 76 7 I X 2 4
Ji B SEORS 20 R i R AR o KRG IR T S R i
R SR I RHIERAE ) 5 R HE R R G, BRI T

% 5 PASCAL VOC2012 #4& % 3+ tb 52 36
Table 5 Comparative experiment on PASCAL VOC2012

Model Precision/% Recall/% mAP50/% mAP50-95/%
YOLOv1ln 70.5 67.3 50.4
LMD-YOLO 71.9 69.1 51.7

26 BRI T TR
Table 6 Comparative experiments in complex low-light environments

Model Precision/% Recall/% mAP50/% mMAP50-95/%
YOLOv1ln 80.1 72.3 35.8
LMD-YOLO 76.4 74.5 37.1
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RIS e LU IREE N R B S . Iesh, M THE
MRS LMD-YOLO RYRIINACER , A SCHEAO B IR I 5t
AT T AT, EARE LA A R an < 9 B

mE o mi, FATATLA&EL, RT-DETR. YOLOvSn
1 YOLOV10n #f A BE E A 2 157 1 X 43 22 BRI Y B 47
Ao, X ARG 5 T BRI RE I AR, A
HIPHIRAS ; Faster R-CNN. YOLOv5s ANMIUKFJC AU 5
Mg 7 S R B A FIEEFE 2, N LR B o A
R YOLOVSn BLE MR T HoR, {H X R
I UK, BRI TR T S 5 8RN H
B, PR EE T34 45 YOLOV In RESSAGIN HE 2=l
BOW AATA, (2l TERIF SRS, A AfT 4R
SRIGMT, [H 58 SRRt LR, AAUXELLIX 43 H bRl
o, SRR . TEA RS, AT
H AR, LMD-YOLO AN RE % i i o7 A1 JE B 251
T EbRRAE,  RIESEEL T SRR R A SO, AR
B EEEREE T 1) B AT 45 Hh ELAG 5 v 9 S FH A (L FD
CIE 2

ZE b, TEALIRAR IR B G T ERBOR L) S e i
S5RGIN EARME LA X A3 S ) R, A T AR, LMD-
YOLO FER IR T AL BE M AE B 8 H An S0 &,
I DA e A B 0 TR IR A8, PR A 5 2600
PSP IITAL 8 bR 0 o R, B A
TIPERE RSB

4 %&£

AR SCEF XIS PR B AT 55 R RISk . il
ANBH SR BH I 25 BE AR (), 4R T —Fhal G 2 R R
E5 JR e 4~y s AL I R BE B AR il 5.9 LMD-YOLO,
T el it Tt MPSPPF B, S i i e R P45 75
AN BRI, SR 42 T CSP-EDHAN #idk,
ShA DR AR FRIEAE 1 DL B PR RS 3, s IG R RS
R R (T PR NI 7% < %' 0 ) O [ I RN 2 B A e e 8
W, TERL ) 4 738 B A v S B 22 RUBERRAIE sy 8O0t 55 5
g, DRI T HARRIN RS B R . BRJE IR
BRGNS, RS B CFER, Wil TR
HRBE NI RRIESE I, DAE N DORZON B, $2m Ik
MREEPRE T BARAiRBIRE J1 . 2T EXDark 5 PASCAL
VOC 2012 AN TEEE AR 09X LU B0 R, 5 2R
% YOLOvIIn A, LMD-YOLO AUAS#f B . 73 a1 & |
mAP50 Fll mAP50-95 55 G 88 bR, 7F ExDark 4 4 I
ST 13%., 2.3%. 3.1% 1 2.2%, 7 PASCAL
VOC2012 345 48 L 23 A4S T 1.4%. 1.5%. 1.8% Fl
1.3% W38 IR . Ak, 762 20 (R BB 3 o didie 48 I
LMD-YOLO 5 3£k #5 % YOLOvI11n #f L&, mAP50 Fil
mAP50-95 7 T+ T 2.2% 1 1.3%., SCHR4E FAUE T
AR SO AEAR IR B R B AR RN 55 L i b Fniz Ak
P, IR TARSCRIE A H MG IR SR iE At

Original image

YOLOv1ln

LMD-YOLO

B8 #A Btk

Fig. 8 Heatmap comparison
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YOLOv8n
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LMD-YOLO

9 TRMEA M L Rtk

Fig. 9 Comparison of detection results among different model
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Abstract

Objective Nighttime low-light imaging is often affected by underexposure, limited dynamic range, and amplified sensor noise. These
factors weaken edge, texture, and contour cues, and they increase background interference and feature ambiguity. Such degradation reduces
detector reliability and causes missed detections, false positives, and localization bias, with more severe impact on small objects, distant
targets, and dim instances. Based on YOLOv11n, LMD-YOLO was proposed as a low-light object detection method that integrates multi-
scale features and local detail enhancement. Without substantially increasing model complexity, it strengthens multi-scale feature fusion
and local detail extraction for low-light images and reduces high noise sensitivity in low-illumination scenes, thereby improving low-light
detection accuracy.

Methods LMD-YOLO combined multi-scale feature fusion and local detail enhancement through four components. 1) A Multi-Pool
Spatial Pyramid Fast Pooling module (MPSPPF) was inserted into the backbone. It contained parallel pooling branches and a gradient-
enhanced concatenation part. The parallel pooling used MaxPool2d and AvgPool2d. Max pooling strengthened salient responses and
benefited key-object extraction in low-contrast images. Average pooling produced smoother representations and reduced noise sensitivity.
The pooled outputs were fused with weighted aggregation to preserve global structure while retaining local detail cues. MPSPPF also used
repeated sequential pooling. The same pooling operation was applied stage by stage to the previous pooled output to form a deeper
pyramid. This design enlarged the effective receptive field with limited cost and built a richer feature hierarchy. It captured local and global
context that supported recognition of blurred, partially occluded, or weakly illuminated objects. The gradient-enhanced concatenation
improved information flow across pooling stages and reduced detail attenuation in early feature extraction. 2) A Cross Stage
Partial-Enhanced Dual Hybrid Attention Network module (CSP-EDHAN) was constructed for fine-grained low-light features. Depthwise
separable convolution reduced computation while maintaining spatial sensitivity. Residual connections stabilized feature propagation under
severe noise. A multi-path fusion structure increased cross-stage information flow and strengthened weak-target cues. A dual hybrid
attention mechanism combined channel emphasis and spatial selection. Channel emphasis highlighted informative channels under
illumination degradation. Spatial selection focused responses on object regions and suppressed random-noise activations. This module
improved feature contrast for dim targets and reduced false activations caused by background clutter. 3) A Dynamic Detail-Semantic
Fusion Pyramid Network (DDS-FPN) was designed for neck fusion. A channel-spatial attention unit from the SDFM module guided
feature selection during cross-scale aggregation. Shallow detail cues and deep semantic cues were fused with dynamic weights, which
raised responses in target regions and lowered responses in noisy background regions. An adaptive downsampling module (ADown)
aligned deep semantics with shallow details during scale transitions. It reduced feature misalignment, improved feature consistency across
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pyramid levels, and compensated for detail loss caused by low illumination. A bidirectional pyramid path strengthened bottom-up detail
propagation and top-down semantic guidance. Multi-scale features were aligned and enhanced for small, medium, and large objects under
low-light conditions. 4) A dual-group detection head was proposed to balance accuracy and efficiency. Input multi-scale feature maps first
passed through a shared feature-extraction stem composed of two grouped convolution layers. Grouped convolution increased feature
diversity at low cost and improved localization and recognition. The classification and regression branches shared the stem parameters to
reduce redundant computation. Two independent output branches were then applied. Each branch used a 1x1 convolution layer to predict
class probabilities and bounding-box distributions. The decoupled branch design reduced task interference and improved training stability
for noisy low-light inputs.

Results and Discussions Comparative experiments were conducted on EXDark and PASCAL VOC 2012 with YOLOvI11n as the
baseline. On EXDark, LMD-YOLO improved precision, recall, mAP50, and mAP50-95 by 1.3%, 2.3%, 3.1%, and 2.2%. On PASCAL
VOC 2012, the same metrics increased by 1.4%, 1.5%, 1.8%, and 1.3%. Additional evaluation on a complex low-light scene dataset
showed gains of 2.2% in mAP50 and 1.3% in mAP50-95 over the baseline. The results indicated that MPSPPF reduced early noise
sensitivity through multi-branch pooling and context aggregation. Weighted fusion preserved structure cues while limiting noise
amplification. Sequential pooling improved long-range context modeling, which benefited targets with weak boundaries. CSP-EDHAN
strengthened weak-target representation through cross-stage fusion and attention-guided enhancement. Depthwise separable convolution
preserved efficiency and improved feature robustness. DDS-FPN improved multi-scale alignment through dynamic detail-semantic fusion
and attention-based selection. ADown reduced information loss during downsampling and improved semantic—detail consistency across
pyramid levels. The dual-group head maintained lightweight computation and improved optimization through decoupled branches.
Performance gains on PASCAL VOC 2012 suggested improved general feature quality rather than low-light domain bias. The method also
showed stable behavior under mixed illumination and cluttered backgrounds, which are common in real nighttime scenes.

Conclusions LMD-YOLO improves low-light object detection through noise-robust feature extraction, weak-target enhancement, and
dynamic multi-scale fusion while preserving a lightweight design. The method achieves consistent accuracy gains on low-light benchmarks
and remains effective under normal illumination. Future work targets broader illumination distributions, stronger robustness to extreme
noise, glare, and motion blur, and improved generalization in natural scenes.

Keywords: low-light object detection; YOLOv11; feature fusion; detail enhancement
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