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Abstract: With the rapid development of drone aerial photography technology, the demand for precise recognition of targets such as
infrastructure in low-altitude scenarios has been increasingly growing. However, traditional object detection and semantic segmentation
methods still have shortcomings in boundary delineation and distinguishing between similar instances. To address these issues, this paper
proposes an improved multimodal feature fusion instance segmentation network, MFFISNet, to enhance the fineness and robustness of
target segmentation in drone remote sensing images. The method in this paper includes three main innovations: a dual-path input
structure is constructed, utilizing both RGB images and DSM information to enrich multimodal feature representation; for the DSM
branch, HWF-LM and DMSCA are introduced, significantly enhancing the model’ s ability to represent elevation and structural
information; FGCA mechanism is proposed to achieve efficient fusion of cross-modal features, thereby improving instance segmentation
accuracy in complex scenarios. On the Drone-OrthoSeg dataset, MFFISNet achieved a bounding box mAP of 42. 63% and mask mAP of
42.69% ; on the NWPU VHR-10 dataset, the results were 77. 86% and 72.59% , respectively; and on the foggy maritime scenarios of
the FoggyShiplnsseg dataset, it also achieved good performance of 63. 86% and 59. 69%. Experimental results indicate that the proposed
method outperforms existing advanced methods in both accuracy and robustness, providing efficient and reliable technical support for
automated detection and measurement of infrastructure in low-altitude scenarios.
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MaskR-CNN 44.5 92.2 20
YOLACT 33.2 75.3 33
PointRend 49.0 101.3 19
Querylnst 54.8 124.5 18
Mask2Former 47.2 89.6 21
YOLOv8-seg 44.1 86.4 27
MFFISNet 48.3 93.7 22

MFFISNet 7 fE ) 28 FITHERCR Z RS T R 411
S, PR BT R T M ) 40 FE A R A H AR
fe 1, A AE L PRI AMLER B ) e h s T Ak
3.4 EWERILBSH

T HE O VR 5 Y e S 1 Y S48 4y BUAR R AT L
&, HARA1FE U-net . DeepLabv3+ MaskR-CNN  PointRend ,
YOLACT, QueryInst , Mask2Former 1 YOLOv8-seg, 7E 3C
TR, TR dR e ik AR T AR 45— {8 FH ResNetS0
ﬁfj‘?}ﬁﬂ”é}ﬁ‘ﬂiq: 1M} U-net 1 DeepLabv3 TR H g T

W AT EUESS AR SE bR BT 5 SE 6 43 BIRE R A
JJ E22 5, HAN N 5 B B S TR i, A SCHls
R ER R A R o Sy BRI AR JEEE TR L I
SRIFEEAR N LA W5 > 158 7Y I 52 AR B i n] LA AL 3
T S 4 T b JR R X S N AR R 3 I 55 ThoAR AL T A%
Beih oy EE R AR EY . SRINT, B T sS40 43 BT 55
5518 5y BT 55 Z B A 76 0 3 1 D) BE 22 5%, U-Net I
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Table 3 DroneOrthoSeg dataset comparative experiment data

B mAP,, mAPY mAP WA, mAP L
MaskR-CNN 35.6 63.8 30. 1 32.0 60. 2
YOLACT 18.4 46.9 11.6 16.5 41.5
PointRend 38.5 68.9 37.4 38.9 66. 1
Querylnst 40.5 62.4 39.4 41.2 64.7
Mask2Former 41.8 69.2 40.1 42.1 68. 8
YOLOv8-seg 39.13 63.91 38. 81 38.63 66. 13
MFFISNet 42.63 70.74 40. 85 42. 69 70. 30

MFFISNet 7£ H AR AT 55 1 52 A8 bR R 42. 63% 1)
mAP, PRI B RZE ., SHAMOE R, LR
Mask2Former ( 41. 8% ) F1 YOLOv8-seg ( 39.13%) #H L,
MFFISNet L1 Y L #, 7EAm 1Y ToU (75% ) 454
T, MFFISNet 3055 T 4 = i 1 %, R 31 T Hsm K
Ak BRI BE 1, #E Mask 43 EIMT 55 1, MFFISNet {4
Fp4 e AL, mAP, N 42.69%, Wi THEZ S 2 1Y
Mask2Former (42. 1% ) , 1 2 3 4 T HAb 5 3k, #1n,
YOLOv8-seg ) mAP, ., A 38.63%, Mask R-CNN W
32.0% 1 YOLACT {¥. 4 16. 5%, MFFISNet fit)2¢ 3 1 fig
AL F DeepLabv3+( mloU 4 35.8%) Fl U-Net ( mloU
14. 5% ) SAL G0 Ay ER 4 mAP) f8hs b, BT
HAEANTT 3y BT 55 D ISR KBE T, 7€ mAP). Al mAP]
B e ToU 48 #5 T, MFFISNet 43 5 {4 £ T 70. 74% F
40. 85% A SHYERE . T ToU $5 45 25 W 35 48 B35 3 & 1
e B EEORS B A0 40 B0 L 1T MFFISNet 1A 50 fiff e ix
BaPkER, B8R Mask2Former F1 PointRend 7E - Lo 45 5 3
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Pt SEIR 2 R ANEL 6 Frs (1840 b8 4 B 25 AL (AN [ B A mT 4
FEARAS i) 25 € 25 A BT AN [A] ), MFFISNet 76 141 S AE 5
RN 7 EE 55 rh 38 e 3 i b 35 O 3, 0 2 A 7 2 =k
JERE ToU M= T,
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Fig. 6 Visualization results of object recognition using various

DeepLabv3+

instance segmentation algorithms on the DroneOrthoSeg dataset



553 1 SET MFFISNet HIR2S M) R0 05 T DTS - 65
% 4 NWPU VHR-10 ##E &34 Lk L0 4047
Table 4 NWPU VHR-10 dataset comparative experiment data (%)

I mAP, mAPj., mAP mAP,_, mAPY | mAP” |
MaskR-CNN 63.4 90.3 74.0 59.9 89.6 63.4
YOLACT 46.9 85.9 48.6 41.6 76.6 41.2
PointRend 65.7 93.8 77.4 66. 4 93.7 73.0
Querylnst 59.6 78.8 70.9 56.9 78.9 63.2
Mask2Former 68. 8 90. 5 79.0 68. 1 92.6 74.5
YOLOv8-seg 75. 85 94. 46 84. 89 69. 42 94. 17 76.95
MFFISNet 77. 86 96. 29 86. 64 72.59 95. 63 83. 26

MFFISNet ] mAP, , ik 83. 26% , ut A Hofth )5 ¥, W He
FERS 403 B o BUAE S5 b SR R BE ., MHLZ TR,
YOLOv8-seg 4 JERS 5 R 76. 95% , 7 = K 43 EIT: 55
FAE AR, 16 mAP® (96.29% ) Fl mAP] (86. 64% ) HY
1= loU #8H5 T, MFFISNet 11371 SHAE Fl 4 BOKS 1 2 35 = T
HA TV AR T S BE A3 IR AR BT
49 53 DK B RO

5 YOLOv8-seg # L., MFFISNet A X 7E 11 5L HE 46 I
55 R £ T LR AR o H0RG B O i e S A T
YOLOv8-seg, IR YOLOv8-seg 151 FLHE K AT 55 vh %
BT A AE RS RE AL A3 T 55 b i R BT R T
MFFISNet, Mask2Former ( mAP, & 68.8%, mAP,_, N
68.1%) M1 PointRend ( mAP,, N 65.7%, mAP,_, N
66.4%) W R I 4 Z BRI mAP, | 4t mloU
70.2% 3%t T U-Net A mloU & 32. 1%, DeepLabv3 +
mloU N 51.8%, 7E 5 loU 2 T, i # F 51K T
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Fig. 7 Visualization results of object recognition using various

DeepLabv3+

instance segmentation algorithms on the NWPU dataset
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YOLOv8-seg 1 mAP, N 60.85%, Mask2Form 1% K
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1) mAP, ., .mAPY  mAP” 43535 F] 59. 69% .81. 63%

mask mask

1 65. 27% , 1553 HIKS FE AR B 58 BRK 52 7 ThT Ji B 1 1

W, M Z T, YOLO8-seg 1) mAP], 10K
59. 65% , Mask2Former 4 59. 6% , 4 K fig ik 5] MFFISNet
B A BE KT A H bR i 52 2 sl R 3 4 1 ) i 1Y 4
TR, i MFFISNet AR BLIN B A5, HLAk, 5
U-Net , DeepLabv3+% 14 45 15 X 53 B A L, MEFISNet
FIALHEE B & . U-Net 59 mloU 4 23. 7% , DeepLabv3+
i) mloU 2k 69. 4% , 4 i} X T MFFISNet 7 5 51| % Fiit
Jr TR,

% 5 FoggyShipInsseg {17 & 3T Lk LIS £

Table 5 FoggyShipInsseg dataset comparative experimental data (%)
[ mAP,, mAP’ mAP]> mAP,, mAPY | mAP? |
MaskR-CNN 46.5 71.3 57.9 42.8 52.6 46.8
YOLACT 31.1 65.5 31.4 24. 1 58.3 27.2
PointRend 43.5 72.6 63.7 45.1 72.4 39.5
Querylnst 45.4 67.3 51.2 35.9 71.9 57.2
Mask2Former 54.2 76.1 60. 3 53.6 72.7 59.6
YOLOv8-seg 60. 85 78. 46 66. 89 58.42 79.17 59. 65
MFFISNet 63. 86 81.35 70.24 59. 69 81. 63 65.27

HH & 5 W, AL 40 ) AR T Mask R-CNN YOLACT
SRR Z AR AR D AEAER R W 0 9 22 B, T AE 55 ToU
4 F RO v B 3R % 8 A X &K, B SR PointRend I
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Fig. 8 Visualization results of object recognition using

DeepLabv3+

various instance segmentation algorithms

on the FoggyShiplnsseg dataset

FoggyShipInsseg £l 4 L 17 T — R 5115 Al SC 56, L4y
Bra AR BRI PR RR 52, 1T T 24500, B0
P LA 224 ( multimodal backbone, MMB) | Bt
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DSM HEASHRAF LB M 2% MMB-DSM Fil FGCA 45 5] A KLk
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PEREMI TR, SEIREERANE 6 R,
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Table 6 Ablation experiment results on the DroneOrthoSeg, NWPU VHR-10, and FoggyShipInsseg dataset (%)

MMB-

KoisE MMB b FGCA  mAP,.  mAPY  mAP] mAP mAP, mAP D,

39. 13 63.91 38.81 38. 63 66. 13 36.23

DroneOrthoSe vV 40.32 65. 46 38.86 38. 88 66. 19 36. 59
Vv vV 41.17 67.68 39.71 39. 62 66.23 36. 82

vV Vv VvV 42.63 70. 74 40. 85 42.69 70. 30 38.41

75. 85 94. 46 84. 89 69. 42 94. 17 76. 95

NWPU VHRI0 vV 76.21 94. 46 84. 19 70. 56 94.23 78. 40
vV vV 77. 60 95.93 86. 53 72.39 95.62 81.08

vV VvV VvV 77. 86 96. 29 86. 64 72.59 95. 63 83.26

60. 12 77. 81 65. 46 56.94 78.52 60. 87

FoggyShiplnsseg vV 61.04 78.92 66. 25 57.51 79. 43 61.72
’ VvV vV 62.37 79. 65 68. 02 58.34 80. 32 63. 14

Vv Vv vV 63. 86 81.35 70.24 59. 69 81.63 65.27
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