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Fig. 1 Mamba-based infrared and visible light progressive fusion model

HeiE AF B BRI, R o A b i 2 00 404 B AL 40T
HK AT MambaFusion B ASFHEREAPLH], ikt
AR L ANEARGEREE R, il e
FR[A 25 A BRLT AN 5 0] WOt 7y R IE RT3, 456
Mamba [HA IS ASSEALEE ST, RN AS A I i
AEHEh AR, DGRBS AR, H ahifik
IR B K A AU e LA IR BAME R, A R i
AR BN R CAR S o 38 2= 2 15 B A R il AL
TNl A 2 R Y 22 ROBE R S [ B R R A,
TR A FFIE BEAR IR 5t L N U B A RS L £
REER B EEE, ISR X F WAES 5,
WSRZLGEE . SRFIEIT . ROE . MHARTRIE & H AR
PHAEZAF T I BFRRAERE Sy, SELLAMAGR S 5] DL
SUHRHIETE 4R (5 BRI TS 5 T B g 5, AR
A ARRIEIE o BT, REX e HAT 3 B AME 5 A 1 1 il
BRI P3. P4, PS AR AR RS 4 7S50,
RPEK AR IR A 4% PANet Y, lad H [ ) LA i) R
FIRL M B Rl A 142, IR ATZIRAS IR 0 AR A
ZRE LT XER, AREERIZ RS SRSk
JERHERZS [ A05T, DR THEARIE 2R R | B2
XiF /NS YR A E bR RS HER B RE Rl . AR
23 BRI 22 N Rl G AR IE B R A — PR UER 4328
05 30 A [RTUAAG ISk, TRD R A R G DU B 97 A0 B b
Ko s FREQ AR . BARBZONEE B 5 LU E
PR SR I B AR 405

2.2 #F MobileMamba BYE&4FEIR B 1L

BEXTEE KB X GH 75 A A 21 405 T IO G
HESRIBOME RS, A< S MobileMamba®™ #4717 4%tk
ft.. MobileMamba J&—FHi I LGN GRS 25 (ALY
ot 2 BAZ WP RRIE 3C BAIE (MRFFI) 5 = B B b 45 42
¥, TEE 7255 0/ BARKINAT 55 R B i 34
AT SR F A R /DN A 4 1 3R 1Y Mamba £52H (WTE-
Mamba), it Haar /NJE oM S ORI 2R AR AE , 256
S JRRAS A VAR ARE, SRR T I R SR AE R
AR, H 2R BB (MK-DeConv) BEH ) £ £ K EE
JRTRIERAZ B, A RRE R R XGE I B A HARR
JIE B /0N 0 K ) ) R, A 4T AN IR R Ak BE 4y S, WTE-
Mamba BB AL PR SRR A R R, A ki
T S DX AT US43 SC3E i MK-DeConv 1 3/5/7
ZREBOHTEH, FRBORFEIRE SR . AU
FEHEAE MRFFI S E v 205838 50 B S ARkl & )5, T
A LA 25 [ R AE E R AR E, SURIESE
D7 EAEARAE W LU IR BT R R TR O e

{8 /2 % MobileMamba 1 FH T H 45 A& i 4T 55 A,
PatchEmbed 2 ] T DU BEFIHGELEIA T R oREE, K
MR T AT REIE SRR A 2 RS AR i S A
[l R A SCHR T WTSterm B oRAEERIHL, IfXf &
TSR HEAT T EB T, WIE 2 Bi7R . WTSterm 5

250226 (Page 3 of 14)


https://doi.org/10.12086/oee.2026.250226

L, 45 S TR, 2026, 53(2): 250226

https://doi.org/10.12086/0ee.2026.250226

e /NS Bk i A Y 640x640%3 [T BG40 g it
IR (R B KP4y (R %), EEAT
OKF-30%%) RO F Ay (RS, X 4 BRI RSE
“h 320%320%3, T8 JE 4E B T PF 15 3] 320x320%12
FOAFAERE, TR AR 1A 1x 1 B A i S
BURH N R, M TR 2 19 3x3 BT T
SKAE, WTSterm BEUS AT REMb AR FE T4 A AN T RRIEAR L
FERD X F R BUR AT, IR 8% . 76 )
AT, ARSCGHAT 3 YT RAES A MobileMamba
block PEATHFAE SR, i e 24 H Y FERE 4R AR S A
80x80, % THRHERIFEZS Ml 0 BER AR T HEE M
JRIR R AT, BRI BEHIE & A AR L&A . A
BRI P2 S AR FE AR, JUHGE B b /NS AT R
fiE . TA A 38 1 MobileMamba F 6 {24580 5473152 B0
XPRRIE s B 4 B A AL, 456 RS
BLH, FELRFRRRAE SR ICRE ) i [l i B S PRI . &
pOpEe S AL RN N = 3 S (T DO - aY o2l s S £ (| I
AWM, BT 10x10 ROFRIE RN H bR R AERE 155
55, HAFREIGMRE A, HIBRZRSHHER Y 2.
WA SO R BR R , E— 2 PRI AL R

DAL R EE R0 /N F BRI A R, EOR IR S
BRI [R) IR T MR I Ab s A1 FARBIRAERE S -

2.3 NEG SR A EGEHER SRR
MambaFusion

& 55 11 45 B H E 47 21 40 5 0] UL 5t AR RRAE fill
G, FERZERS ERME, A X5 E
8 PR I R e = S ER A Y L AT WOB EHR
TR A NGB HZ I KA R, R —Fh
MambaFusion FJRL G, 415 2 PR, 454 T mamba,
GRVR/NE RS IL e, A& BRIP4 Rdiae ., al
ORIR AR 118 SORP R X8, 1T Sy ¥ A5 R A S REA AR
ARSI RE, SO .

28 78 B AN FRAE Bl ' e R MRFFI B H 1 3 8 4
FEX I3 R = AT ERIY (c,pe, (1 =€ ~p)e), srHldEd LI
AN A

1) 1 B2 /I8 75 46 448 5% Mamba #5538 1 X[ 47 4
Mamba BRI R ARIIOC R, IEA /MBS sy
BRARTT . B ACIEIE LB ERIE AR X € RO il it
W H Mamba FH2E > 42 )R fF E o

640%x640

640x640

320x320

ConvBNRelLU s=2

160x160

ConvBNReLU s=2

80x80

MobileMamba [

MobileMamba
block

block

1 — i :

% DowmSample /

N 4

DowmSample

40x40

block

"""""""" [20x30
MobileMamba ' block

MobileMamba j

DowmSample

20x20

MobileMamba

: MobileMamba
ek block

MobileMamba

Improved

B 2 7t 49 MobileMamba 454232 B M 4

Fig. 2 Improved MobileMamba feature extraction network
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Fig. 6 Detection results of different fusion methods
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Table 2 Comparative experiment results of different fusion methods

Model Precision Recall mMAP, 5 MAPy5.005 Inference speed
Yolov5L+RGB 0.804 0.547 0.589 0.255 12ms
Yolov5L+IR 0.659 0.524 0.492 0.234 12ms
Yolov5L+ Blend 0.5 0.735 0.502 0.538 0.231 57 ms
Yolov5L+ Blend 0.7 0.772 0.525 0.567 0.244 57 ms
Yolov5L+ CDDFuse 0.807 0.549 0.591 0.257 35s
Yolov5L+ DDFM 0.832 0.571 0.629 0311 >2 min
Our model+RGB+IR 0.856 0.715 0.721 0.389 16 ms

%3 FZABOBANILERLER

Table 3 Comparative experiment results of mainstream fusion models

Model Precision Recall mAP 5 MAP 5005 Params/M Inference speed/ms
GAFF 0.765 0.694 0.672 0.304 22.6 15
CFT 0.796 0.702 0.674 0.295 196.7 48
ICAF-NiF"” 0.862 0.697 0.735 0.371 180.6 25
ICAF-Transform 0.885 0.722 0.726 0.384 181.5 26
ICAF-ResNet50 0.876 0.723 0.731 0.377 299.3 32
ICAF-VGG16 0.832 0.711 0.694 0.357 188.1 18
Our model 0.856 0.715 0.721 0.389 42.6 16
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Fig. 7 Visualization results of the fusion module
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Table 4 Ablation experiment results

MobileMamba Improve MobileMamba MambaFusion SLS loss Precision Recall mMAP, 5 MAP; 5005
v 0.815 0.652 0.668 0.328
\ 0.828 0.685 0.692 0.352
\ v 0.840 0.698 0.704 0.373
v v v 0.856 0.715 0.721 0.389
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Table 5 Analysis results of model environment adaptability

Time Precession Recall mMAPy s MAP 5065
Day 0.850 0.715 0.725 0.395
Dusk 0.838 0.701 0.715 0.372
Night 0.855 0.688 0.704 0.381
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Progressive fusion of infrared and visible
light for road rockfall detection in
mining areas
Ma Wenning’, Meng Bin
Kian Fany University, Xian, Shaansi 710105, China

Abstract

Objective Real-time and accurate detection of rockfalls on mining roads is critical for ensuring transportation safety, preventing
geological hazards, and maintaining operational continuity in open-pit mining environments. Detecting rockfalls in such scenarios presents
substantial challenges due to the small size of targets, irregular shapes, low contrast against the background, drastic illumination variations,
and interference from adverse weather conditions such as fog, dust, and rain. Conventional single-modality visual detection methods,
particularly those based solely on visible light imagery, often fail under low-visibility conditions, while existing dual-modality fusion
approaches typically face limitations including complex network structures, high computational costs, and difficulties in simultaneously
achieving real-time performance and high detection accuracy for small targets.

Methods To address these challenges, this study proposes a novel progressive infrared—visible light fusion detection framework based on
the Mamba state space model (SSM), which is specifically designed to efficiently integrate complementary information from infrared and
visible light images while preserving fine-grained details of small targets, even under challenging environmental conditions such as low
illumination, strong backlighting, partial occlusion, and adverse weather. The framework consists of three key components: 1) optimized
feature extraction using MobileMamba and Wavelet Transform-based downsampling, which reduces feature loss while maintaining high-
resolution details, 2) cross-modal feature fusion via the MambaFusion module, enabling adaptive integration of thermal and texture cues
across multiple scales, and 3) small-object detection and localization enhancement through a Scale and Location Sensitive Loss (SLS Loss),
which explicitly models scale variations and center-point offsets to improve both classification confidence and spatial precision for micro-
scale rockfall targets. This multi-component design ensures robust detection in complex, unstructured mining environments and provides a
balanced trade-off between computational efficiency and detection accuracy.

First, a Wavelet Transform-based WTSterm downsampling module is introduced to mitigate the loss of fine-grained features during
feature extraction. Unlike conventional stride-based convolutional downsampling, the WTSterm module decomposes input images into
multiple frequency components, including low-frequency approximations and directional high-frequency details. These components are
concatenated along the channel dimension and projected through a 1x1 convolution, effectively preserving edge and texture information of
small rock targets while reducing computational overhead. This module is integrated into an optimized MobileMamba backbone network, a
lightweight visual SSM architecture that combines multi-kernel convolutions, multi-receptive field feature interaction, and wavelet-
enhanced Mamba blocks. The MobileMamba backbone enables efficient extraction of thermal radiation cues from infrared images and rich
spatial-texture features from visible light images, while selectively maintaining both shallow fine-grained details and deep high-level
semantic features. To reduce computational redundancy, the network removes high-dimensional, small-scale feature branches that
contribute little to small-object representation, thereby balancing feature richness and efficiency.

Second, a MambaFusion module is designed to progressively fuse multi-scale features from infrared and visible light modalities. The
fusion process leverages Mamba’s dynamic state transition and gating mechanisms, which enable adaptive selection of discriminative
information while suppressing modality-specific noise. MambaFusion combines the global dependency modeling ability of the SSM with
local feature retention through convolution, facilitating cross-modal correspondence at semantic and spatial levels. Multi-scale fusion is
performed across large, medium, and small feature maps, with adaptive weighting applied to emphasize salient information according to
scene context. This mechanism allows the network to maintain robustness under challenging conditions such as strong backlighting, low
illumination, partial occlusion, and airborne dust or smoke, enhancing both target discrimination and representation for small rockfall
instances.

Third, to improve small-object detection and localization, the framework incorporates a Scale and Location Sensitive Loss (SLS Loss).
This loss function explicitly models variations in target scale and center-point offsets, addressing the insensitivity of conventional losses
(e.g., IoU, Dice) to size and position discrepancies. The scale-sensitive component reweights loss contributions according to the predicted
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and true target sizes, focusing training on underrepresented or mispredicted small targets. The location-sensitive component employs polar-
coordinate quantification of center-point offsets, providing a strong penalty for positional errors and refining bounding box localization.
Together, SLS Loss ensures that the network maintains high sensitivity to micro-scale rockfalls and achieves precise positioning in
cluttered or unstructured road environments.

Results and Discussions Extensive experiments were conducted on a self-collected open-pit mine rockfall dataset, containing diverse
scenes with varying illumination, weather conditions, and target sizes (typically 10-50 cm in diameter). Results demonstrate that the
proposed framework achieves precision of 0.856, recall of 0.715, and mAP@0.5 of 0.721, with an inference speed of 16 ms per frame.
Compared with conventional single-modality detection and existing dual-modality fusion approaches, the proposed method significantly
improves small-target detection performance and robustness while maintaining real-time computational efficiency. In conclusion, the
progressive infrared—visible light fusion framework based on MobileMamba and MambaFusion modules effectively integrates
complementary thermal and textural cues, preserves fine-grained details of micro-scale rockfall targets, and enhances small-object
localization and discrimination in complex visual scenarios. By combining efficient feature extraction, adaptive cross-modal fusion, and a
scale- and location-aware loss function, the proposed approach achieves high robustness under diverse environmental conditions, including
low visibility, dynamic lighting, dust, and partial occlusion.

Conclusions The method offers a reliable, high-performance solution for real-time rockfall detection and monitoring in open-pit mining
environments, significantly contributing to safer road operation, reduced operational risk, and improved transportation efficiency. These
results demonstrate the potential of lightweight state-space models combined with progressive multi-modal fusion and targeted loss
functions for deployment in practical industrial safety and autonomous monitoring systems.
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