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Abstract: Objective Abdominal hemorrhage is a critical medical condition characterized by a dangerous clinical course,
making rapid and accurate diagnosis imperative. This study addresses the challenges in ultrasound image segmentation for
abdominal hemorrhage, including low contrast, high noise, and blurred boundaries, which often hinder the precise delin-
eation of bleeding regions. To overcome these limitations, we propose a novel dual-domain and multiscale attention U-Net
(DMA-UNet) that integrates spatial-and frequency-domain features for enhanced segmentation of abdominal hemorrhage in

ultrasound images. This life-threatening condition typically results from trauma, ruptured aneurysms, or postoperative com-
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plications. lts abrupt onset and rapid progression can swiftly lead to hemorrhagic shock and multiple organ failure, render-
ing time a decisive factor in determining patient outcomes. In such critical scenarios, ultrasonography has become an indis-
pensable first-line diagnostic tool because of its portability, absence of radiation exposure, and capability for rapid bedside
assessment. Accurately identifying and quantifying the extent of hemorrhage on ultrasound scans directly influence clinical
decision-making, such as choosing between conservative management or urgent surgical intervention, and provides crucial
prognostic information. However, achieving precise automated segmentation of hemorrhage regions presents multiple inher-
ent challenges. Ultrasound images are inherently characterized by low signal-to-noise ratios, pervasive speckle noise, poor
tissue contrast, and various artifact interferences. The heterogeneity of pathological manifestations further compounds this
difficulty: hemorrhage areas may present as anechoic, hyperechoic, or mixed echogenicity patterns, often with irregular
and poorly defined boundaries that blend with surrounding parenchymal or adipose tissues. This combination of technical
limitations and pathological variability makes traditional manual segmentation methods time consuming and operator depen-
dent and subject to substantial interobserver variability. Moreover, complex factors in the clinical examination environment
pose additional challenges. Ultrasound examinations are frequently conducted under suboptimal conditions, including
patient movement, limited acoustic windows, uneven probe pressure, and intestinal gas interference, all of which consider-
ably degrade image quality and consistency. In emergency and intraoperative settings, the inherent tension between diag-
nostic speed requirements and accuracy demands creates substantial pressure on medical personnel. Although deep learn-
ing techniques, particularly convolutional neural network architectures represented by U-Net and its variants, have
achieved remarkable progress in medical image analysis for modalities, such as CT and MRI, their direct application to
abdominal ultrasound image segmentation continues to face fundamental challenges. These models are typically designed
for images with high contrast and standardized spatial characteristics. When processing ultrasound data, they often exhibit
limited receptive fields, insufficient global contextual relationship modeling, and inefficient multiscale feature fusion. This
phenomenon results in suboptimal performance when segmenting diffuse, low-contrast hemorrhage regions and frequently
leads to under-segmentation of scattered bleeding areas or over-segmentation of anatomically similar soft tissues. Method
To bridge this technological gap, we propose a sophisticated deep learning architecture called dual-domain multiscale atten-
tion network (DMA-Net). This framework is meticulously designed around three synergistic and innovative core modules,
each specifically optimized to address the distinct limitations of conventional segmentation models when processing complex
ultrasound data. The core architecture incorporates the following key innovative modules. 1) Multiscale atrous attention
module in the encoder: This module employs a parallel multibranch architecture that systematically expands the receptive
field through atrous convolutional layers with varying dilation rates while adaptively calibrating feature weights via dual
channel-spatial attention mechanisms. Each branch integrates contextual information at different scales, thereby enhancing
the sensitivity to subtle hemorrhage regions while preserving feature map resolution. A residual attention pathway is specifi-
cally designed to retain original texture details. The module dynamically suppresses speckle noise interference through
learnable spatial masks, and its hierarchical dilation design captures local vascular structures and global bleeding distribu-
tion patterns. This multiscale fusion strategy substantially improves the detection accuracy of early-stage and scattered hem-
orrhage foci under challenging acoustic conditions. 2) Frequency-domain global modeling module in the bottleneck layer:
This module implements a frequency-spatial dual-stream architecture that transforms feature maps into the spectral domain
via fast Fourier transform, enabling holistic analysis of hemorrhage distribution patterns. In the frequency pathway, learn-
able spectral filters suppress ultrasound-specific artifacts while amplifying hemorrhage-related frequency components. The
spatial pathway maintains convolutional operations to preserve anatomical details. Through residual connections and
frequency-domain attention gates, the module selectively enhances cross-region dependencies that are critical for identify-
ing discontinuous bleeding patterns. This approach effectively bridges the gap between localized feature extraction and
global contextual understanding and is particularly valuable for segmenting diffuse hemorrhage regions with irregular bound-
aries. The integrated design achieves computational efficiency while remarkably improving the model ’ s ability to interpret
complex acoustic signatures in abdominal ultrasound imaging. 3) Cross-level joint attention fusion module: a dynamic fea-
ture selection mechanism is introduced in the encoder-decoder skip connections. Through multiscale feature cross-

computation, it generates adaptive attention weights that intelligently filter semantic features across different levels, sup-
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press noise transmission, and promote the optimized fusion of deep semantic information with shallow spatial details for
accurate boundary reconstruction. Result The experimental framework was established using a clinically heterogeneous
dataset comprising 363 intra-abdominal hemorrhage ultrasound images sourced from two independent medical centers to
ensure anatomical and acquisition variability. A comprehensive data augmentation pipeline was implemented to enhance
model robustness and generalizability; this pipeline incorporates spatial transformations (rotation, scaling, and elastic
deformation) , intensity variations, and speckle noise simulation. Quantitative evaluation on hold-out test sets from both
institutions demonstrated the model’ s strong segmentation performance and cross-center adaptability. For Center A, the
model achieved a Dice similarity coefficient of 0. 879 7 and an intersection over onion (IoU) of 0. 796 1. For Center B, the
Dice similarity coefficient and loU reached 0. 933 9 and 0. 876 2, respectively, reflecting consistent reliability across dif-
ferent imaging protocols and patient populations. Conclusion DMA-UNet introduces an ultrasound-adapted segmentation
framework that effectively integrates spatial- and frequency-domain representations through coordinated attention mecha-
nisms. By jointly enhancing global context modeling, multiscale feature fusion, and imaging artifact resilience, the net-
work offers a clinically viable solution for rapid and accurate hemorrhage assessment in critical care. lIts strong performance
across independent datasets underscores its translational potential for use in bedside decision support systems.

Key words: abdominal hemorrhage; fast Fourier convolution (FFC) ; multi-scale representation; joint attention structure

(JAS) ; ultrasound image segmentation
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R BRI O RE R B B AV RE . T AT 2k
F CNN f 45 %S (411 U-Net . UNet++ , MobileUNet) LA &
A SCHR Y DMA-UNet, 2y 1 4542 &, SR fd AT
AT SIN GRA R, 492K FHAH ] B4 90 4 Ak D ik AT B 1|

Y
erb(lsel,X(l.O—L) (7)

S X BT [ 2R 1Y) [ A R
XS ORI BeAh, B AR Rl T 58 4 AR [R] A4
YIRS S0k g A S T BEPEA o
2.3 EMIERR

5L K H Dice 2 % . 38 IF I (intersection over
union, ToU) | Z% #f £ X IF B (Hausdorff distance at
95%, HD95) 5V R A #F 2 (mean surface distance,
MSD ) PPAG AU TN 45 58 5 EAE AR AR BIFR I
2.4 ZHRERS55H
2.4.1  HHABTREE I RO LA

N T VA AR SCHRE H Y DMA-UNet A58 5 75 8 75 4]
G I I X453 0 A DB, 7R P A [R] e Y
ot b5 HAL N T B2 R B R BR BE 22 2] O s
HEAT B, A 45 B F CNN 4244 (1 J7 7% (U-Net,
UNet++ . Attention-UNet, MobileUNet) . & F Trans-
former 42 ¥4 () J7 % (SwinUNet) 1 3% T Ji & CNN-
Transformer 42 #4 /1) J5 3 (TransUNet) o2& 1= PEAT 1
WEE T FUAE R IR 1R 2 PR

®1 ARERAEEBKAEERMIES S BIMERELLE

Table 1 Comparison of segmentation performance of different models on the dataset of Shanghai Changzheng Hospital

HiAY Dice T ToU 1 HD9S | MSD | plE

U-Net 0.813 020.06 0.706 620.10 6.845 5+1.21 7.616 02.58 <0.001
MobileUNet 0.857 9+0.05 0.773 5£0.08 6.443 6+0.82 5.187 4x1.71 <0.050
Swin-UNet 0.773 0+0.06 0.650 5+0.13 7.266 1+1.45 9.970 7+3.80 <0.001
TransUNet 0.814 120.07 0.706 9+0.10 6.874 8+1.21 8.648 0+2.11 <0.001
UNet++ 0.845 2+0.05 0.752 0£0.09 6.520 0+0.89 5.800 0+1.96 <0.010
Attention-UNet 0.831 3+0.04 0.750 3+0.09 6.773 4+1.06 6.234 1+2.08 <0.010
DMA-UNet(430) 0.879 70.04 0.796 1+0.07 6.298 4+0.53 3.515 421.30 -

T IHL AR R R A SN R R 1 7 SR (RGBS . | 7 R (B M/INBF = FOR SRR A

®2 ARRBEESEEXFMELLERBIREENSEIERELLE

Table2 Comparison of segmentation performance of different models on the dataset of Huashan Hospital, Fudan University

| Dice 1 loU 1 HDY5 | MSD | plE

U-Net 0.826 7+0.06 0.766 2+0.10 8.853 7+2.86 7.6109+2.58 <0.001
MobileUNet 0.852 1+0.04 0.793 2+0.07 6.127 5+1.08 5.190 621.71 <0.001
Swin-UNet 0.804 8+0.07 0.676 3+0.10 9.490 0+3.24 8.643 4+2.83 <0.001
TransUNet 0.816 2+0.07 0.712 3+0.10 6.875 5+1.21 8.654 8+2.11 <0.001
UNet++ 0.859 8+0.05 0.753 3+0.09 6.522 1+0.89 5.801 2+1.96 <0.010
Attention-Unet 0.862 1+0.05 0.799 7+0.08 6.493 6+1.03 5.3312+£1.35 <0.010
DMA-UNet (A 3) 0.933 90.01 0.876 2+:0.05 3.237 420.79 4.035 1:0.66 -

T RIS R A N B R 1 7R (OGBS | 7 FOR (B MUINBE - FOR SR A
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0. 082 8, HD95 FIMSD ¥R 1 0. 557 9 Fl4. 138 3.,
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H Dice ToU 23 135 1 0. 129 1 /110. 199 9, ifif HD9S
FIMSD 43 S BEAK T 6. 252 6 Al 4. 608 3., AH Lt Hi Al
43 #1751 , DMA-UNet [ 0T 4 5 b tho #1036 20 1 45
A BE , H Dice 43 31 Ik U-Net. MobileUNet , TransU-
Net .UNet++# Attention-UNet & 4 0. 107 2.0. 081 8.,
0.1177.0.074 1.0. 071 8.,

J T PG RE R T B ST B M DL Dice
ZLFEAL , X DMA-UNet 5 T A AR EAT T THL S0 58

AR R

4 B m A e

JRUGIES: HYYE MobileUNet  Swin-UNet

TransUNet

b, Siang1 58 20R ., nTRAEER], 72
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S EMERE LAAE G E R (P<0.05), HH, 5
BB 43R AH B (451 41 5 Swin-UNet , U-Net 25 #1844
) FAEE MR ENSIT %25 (P <0.001), I
G AT 45 R BH T AR SCHE () DMA-UNet 15275
TEME I 153 BT 55 i ks
2.4.2 XFHGSEER AR Al AL

DMA-UNet 5 5E1i7 43-#1 77 ¥5 A6 AR A 1 s 48
AT T — RN RI T AL ST e, W S Bros o R
A L Y, 28 C DMA-UNet 55 51 75 2% i i F 4B AE
i 15 3 5 R R R R A5 R O R 1 o EIROCR .
XSG AT LAY B U 22 3], 7 A B S i R
i L I P R B, 22 BB AR B % ¢ hy v iR
BIIF o E e AR X k. AR, 24 B AR S 2 34T
71N B0 AN FILIN A T PR 2R 1 &R 2 A DL, 2 A
R 43 BRSO BT W A 2% .
2.4.3 HESEEEE T

R T RGEVAL AR TTRR , EAS 7] 0 5
B8 A FE T T3 S 00 6 E , I X6 45 B e A 2
AT T &AL BT o LK, DL U-Net /5 S 3 o A
AL R B P-CBAM 3 35 Sy ML A58 A1 (FD)
1 R AL S B FL(AC) \FFC-ResBlock , LA K JAS
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M, LR Rk 3 o, v AL o M i & 6
JIT7R o

Attention-UNet DMA-UNet

U-Net UNet++

K5 X Heses T i

Fig. 5 Visualization of comparative experiments
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Table 3 Analysis of ablation experiment results

AR B e K e
HR R

CREpNE SRR VeE S

Dice T IoU 1 HD95 |

MSD |

Dice 1 IoU T HD95 | MSD |

U-Net (FE1fE)

0.813 0+£0.06 0.706 6+0.10 6.845 5+1.21 7.616 0+2.58 0.826 7+0.06 0.766 2+0.10 8.853 7+2.86 7.610 9+2.58

+P-CBAM 0.855 4+0.03 0.763 2+0.05 6.531 9+£0.55 6.165 6+2.49 0.903 4+0.04 0.802 2+0.05 7.923 4+1.86 6.650 9+2.24
+FD 0.858 3+0.05 0.765 7+0.08 6.448 0+0.48 5.187 4+1.29 0.913 4+0.03 0.825 2+0.06 7.303 1+1.47 4.765 5+1.64
+AC 0.864 0+£0.03 0.773 5+0.06 6.443 6+0.65 4.974 8+2.00 0.928 7+0.02 0.867 7+0.04 7.625 4+1.18 5.036 2+1.12

+FFC-ResBlock 0.877 5+0.04 0.792 7+0.07 6.362 2+0.71 3.558 2+1.41 0.931 6+0.03 0.873 4+0.02 6.493 2+1.24 4.379 1+0.96

+JAS 0.879 7+0.04 0.796 1+0.07 6.298 4+0.21 3.515 4+1.30 0.933 9+0.01 0.876 2+0.01 3.237 4+0.79 4.035 1+0.66

T RIS R A N R R, 1 7R (OGBS, | 7 3R (BN

FR7H

AR

L H REE B ALl BERE

U-Net

+P-CBAM +FD
SIS Ik

Fig. 6 Ablation experiment visualization
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Fig. 7 Visualization of the results of convolution in the frequency domain
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x4 BBERESF( LBKEERMIKE)
Table 4 Analysis of model complexity (test set of Shanghai Changzheng Hospital )

Y ZHEM Dice mloU FLOPs/G HEFHAEIR /ms
U-Net 17.26 0.813 0 0.706 6 160.76 71.46
MobileUNet 3.45 0.857 9 0.773 5 3311 9.35
Swin-UNet 27.16 0.773 0 0.650 5 5916 13.52
TransUNet 105.91 0.814 1 0.706 9 129.29 77.18
UNet++ 19.83 0.845 2 0.752 0 147.62 63.75
Attention-UNet 18.21 0.8313 0.750 3 138.47 58.33
DMA-UNet(4<30) 19.27 0.879 7 0.796 1 161.46 66.44

DMA-UNet /1§ Dice # tt. MobileUNet # /55 T 24
2. 18%. [H] i}, #fE BE AL 3R (66. 44 ms) Ik F U-Net
TransUNet, 55 UNet++ | Attention-UNet 38 M 423, {H
B3 HIRG FE AR A W 3 T, R T HAERCR
K R Z ] ) R AP

25 ik, DMA-UNet 38 52 £l fL 455 U 25 44 | 78
TRFF AT IR Z S 24 BE T4 T, SC B T R e Y 43
FEBE L ik T AR S B i i A P N S
FATE

2.4.6 JRBRMHESAE

RS SE L] T DMA-UNet A Z0HE Rl
TP o SR, AR SORS R 7 T X6 O 52 1 300 OASORY 25 1A
F TR AR AEAE o B R S O, an &l 8 BT .
HLAARM, W 8 5 L AT A 347w, th il X 38k 5 &
PRI 20 K B 2 S/ IN IR EGBE ), L If T B 22
PR 55 0] 75, ASERDRE SR UT 1F H 2L 4L H i
S BOR SOR R AR RE 57 H i DX et R Ok i
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Fig. 8 Display of failure cases
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