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Abstract: Objective Cognitive impairment is the most dangerous nonmotor symptom of Parkinson’s disease (PD) and

affects approximately 25%—30% of patients every year. This condition seriously affects their quality of life and increases
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the risk of death. However, the accuracy of clinical diagnosis of PD cognitive impairment is still limited. The proportion of
patients with PD diagnosed before the age of 50 years is less than 4%. Some scholars have proposed that transcranial ultra-
sound imaging of the third ventricle can assist doctors in the diagnosis of PD cognitive impairment. As a rapid, noninva-
sive, and low-cost detection method, transcranial ultrasound imaging has been gradually applied to the diagnosis of cogni-
tive dysfunction in patients with PD, helping doctors find the disease in time and treat it as soon as possible. Owing to the
low signal-to-noise ratio of transcranial ultrasound images and the poor imaging quality, complexity, and similarity of target
tissues, specialized physicians rely on manual detection. However, this process is time consuming, labor intensive, and
may result in variability among detection results due to the influence of subjective factors related to the operator. Deep
learning has been increasingly integrated with the medical field, especially the computer diagnosis(CAD) system based on
deep learning used to diagnose PD with good results. In this work, a YOLO-SF-TV network based on Swin Transformer and
multiscale feature fusion is proposed for transcranial ultrasound image third ventricle detection to assist physicians in the
early diagnosis. Method A total of 2 400 transcranial ultrasound images of the third ventricle and the corresponding labels
are acquired to form a dataset, and the third ventricle region in each image was manually labeled by a professional. The
YOLO-SF-TV network is designed to consist of backbone, neck, and head components, whose roles are used to extract
image features, fuse image features, and detect and classify targets, respectively. This work uses an algorithm based on
YOLOvS and the window-attention based Swin Transformer to improve the model backbone network and strengthen its abil-
ity to model global information. SPP-FCM, a spatial pyramid pooling module, is connected to the Swin Transformer net-
work to enhance the network sensibility and integrate multiscale information. The SPP-FCM structure combines the charac-
teristics of the CSPC structure in YOLOv7 while targeting the introduction of a multihead attention mechanism (MHAM) in
the multilevel pooling part, which reduces the sensitivity of the model to noise and outliers during the extraction of multidi-
mensional features. In the multiscale feature fusion PAFPN part of the network, the PAFPN-DM module is proposed by
combining depthwise separable convolution (DCOW) with the multihead attention mechanism added to the backbone fea-
ture output layer to improve the network ’s ability to understand the important global and local information in different scale
feature maps. At the same time, traditional convolution is replaced with a depth-separable convolution module, which
improves the sensitivity of the network to different channels by convolving each channel individually, to ensure the accu-
racy of the model while reducing the training parameters and difficulty and enhancing the generalization ability of the
model. Result Fivefold cross-validation evaluation was performed on the dataset to validate the performance of the different
networks. The dataset was randomly divided into equal quintuples, of which four at a time were used as the training set and
the remaining one as the test set. The training input image was resized to 640 X 640 pixels, and the training dataset was
expanded using data enhancement methods such as random flip, random angle rotation, and Mosaic. The initial learning
rate for model training was set to 0. 001, and the learning rate decayed to 0. 1 times of the original every 50 epochs, with a
momentum of 0. 9, a decay coefficient of 0. 000 5, and a batch size of 8. GeForce RTX 3090 was used as the GPU in the
experiments, and the mean average precision (mAP) metrics were applied as a measure for detecting network performance
under the Ubuntu 20. 04 operating system and PyTorch framework. Experimental results show that the YOLO-SF-TV algo-
rithm achieves 98. 69% detection accuracy on transcranial ultrasound third ventricle targets, an improvement of 2. 12%
relative to that of the YOLOv8 model. Therefore, the detection accuracy is optimized compared with that of typical models.
Conclusion The proposed YOLO-SF-TV model performs excellently in the detection of the third ventricle in transcranial
ultrasound images. The SPP-FCM and PAFPN-DM modules enhance the model’s detection capability, generalization, and
robustness. The produced dataset helps promote the research on third ventricle detection in transcranial ultrasound images.
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Fig. 1 TCS images of the three ventricles
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Fig. 7 The structure of PAFPN-DM module
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Table 1 Model training environment

CPU Intel Xeon Gold 5218
GPU RTX3090
BEEFNAN 63G
WAERN 24 GB
Python A 3.8

CUDA A 11.8
TR S HESL PyTorch 2.0.0
Batch Size 8
Wik % 0.001

3.2 WNMERR

A SCAE RS 8 B (precision) . A 8] (recall ) #1
S AE A B 41 {H (mean average precision, mAP)/E A
=RiE ARG PEREIF I 5 bR
3.3 IREREHW

TEAH A 67 & LA SCBOE 46 B XA SCH2 Y
YOLO-SF-TV 53k L) K 9 Bl L 52 56 3012 HEA T )1 25
AR, FFRe 25530245 30 1Y i P A AL 7 I i 4R
HEATPEREIIR . A BRI ZRad A b i 451 2k i 2 LA
FemAP MIZan &l 8 s o S R WY FE I ZRid A2
JIT A RS RIE 1T 60 > Epoch 5 2% pRII T 28 T R 38 2 e
Peo TR, 5 Z A X A mAP 48 b T B2 et

ARSCHCHEFEAE N o B BT FEAR e M A8
BN I ZEUI 2GS B A mAP T4l

oA BRI BN

FEAR RS2 56 PR BT DL R 36 U T 58 BN 45 X 45 45
AU et B S 25 R UL 2, A FLOPs
B TR L KIS, Params SHRERI 28R R/, —
H TR A BRI SE N 640 x 64015 F R,
TEMIRAE T A SR A EAS % A R A mAP -
BB, Horb i L A FEFR mAP AH H T Faster R-
CNN. SSD (single shot multiBox detector) . DETR
(detection Transformer) (Mohamed %5 , 2021) . Center-
Net (Guo 5§ ,2021) . Att-Net ( T 55 ,2023) | Trans-
Net (R 3CH %5 ,2024) \PVTv2-Net (JAF %,2024)
DiffusionDet (Chen %5 , 2023 ) Fl YOLOvS 4 #7646 1]
A AR B T 9.77%.3.25%. 5. 96% . 2. 22% .
3. 80%.2.95%.3. 19%.2. 35% 2. 12%.
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Fig. 8 Loss curve and mAP curve for each model ((a) loss curves; (b) mAP curves)

x2 TERBIZFRITLL

Table 2 Comparison of different model effects

HAY HER /% 1R /% mAP/% Params/M FLOPs/G
Faster R-CNN 52.97 95.22 88.92 28.29 174.06
SSD 96.30 87.64 95.44 23.88 137.03
DETR 91.87 94.17 92.73 55.68 67.11
CenterNet 96.34 90.00 96.47 32.66 54.83
Att-Net 94.29 92.70 94.89 70.82 94.45
Trans-Net 93.56 93.82 95.74 43.63 82.70
PVTv2-Net 95.65 92.70 95.50 138.96 126.75
DiffusionDet 94.41 94.94 96.34 188.13 146.57
YOLOv8 96.53 93.82 96.57 68.15 129.06
YOLO-SF-TV (Z3) 98.60 96.98 98.69 92.71 131.94
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B A% 6 A0 HE T YOLO-SF-TV 343k R B 2% | 31X
A F W AEAG I 3 7 rh A SCRBE AR 2 (o7 MERR M TE 4

3.4 HEAXI

R T 2D B A R, 7E TCS EIR 5L
PR HEA T I R S0 3 A, S5 R LK 3

551 S YOLOVS 31 R 28 5 it 47 Swin
Transformer FEATRFAESE I 5 55 2—4 4 525K 730 78
55 1AL 9200 (O LR 380 SPPF .SPP-FCM F1 PAFPN-
DM A, LA IH A A I 5455 X 190 2 P g 114 52 1
555 RN 6 2H S G 43 Sll J 7E T2 1 I 2% R AR B OIS 1
) SPPF Fl SPP-FCM {5 PAFPN-DM #5 e 22 [i1] 4
B X LB TEART PR RE o FESS 2 RN 3SR, X L
SPP-FCM 15 5L Fll SPPF X [ 45 () 52 1R - S 40 45
S HH, 9 3 5% I 45 11 R I 4 BB 43 4 5 T 0. 63%
MI1.63%, ML 2 K SPP-FCM PERE T4 . &5 4 40 52

985



986

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 4, Apr. 2025

(a) i (b) YOLO-SF-TV (c) SSD(d) FasterR-CNN (e) DETR  (f) CenterNet (g) Att-Net (h) Trans-Net(i) PVTv2-Net (j) DiffusionDet(k) YOLOvS
SN K= R7R o) Sl EAES
Fig. 9 Detection results of different algorithms ((a) original images (b) YOLO-SF-TV; (¢) SSD; (d) Faster R-CNN;;
(e) DETR; (f) CenterNet; (g) Att-Net; (h) Trans-Net; (i) PVTv2-Net; (j) DiffusionDet; (k) YOLOvS)

&3 HRAXE

Table 3 Ablation experiment

D SPPF SPP-FCM  PAFPN-DM  mAP/%
1 x x x 95.02
2 N x x 95.65
3 x N x 96.65
4 x J 95.71
5 N N 97.00
6 x N N 98.69

T+ DI TR R e D 5 N R 43 5 s (PR R A ff
EROIIA L B

5 fdi 1 PAFPN-DM B 5 26 1 2H S50 v (1) PAFPN
B, SO ZE R A T 23k iR ML AR
AT BB R PAFPN-DM ASEHR X 9 45 46 4 BE A Fir
PeF. S 6 LI A T SPPF.SPP-FCM I
PAFPN-DM iX 3 M5, 45 5L 3% ] 00 46 A 0 4 6E 73
SN T 1. 98% F13. 67%.

4 & it
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