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Abstract Wireless sensing technology utilizes WiFi signals in the environment to extract feature informa-
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tion and identify target motion states. With the widespread adoption of smart devices, this technology has
been extensively applied in fields such as smart homes, healthcare, human-computer interaction, and au-
tonomous driving. However, due to the complex and dynamic nature of mobile communication environ-
ments, wireless sensing faces challenges such as low model accuracy, poor scenario generalization, and
high environmental dependency. To address these issues across diverse cross-domain scenarios, we pro-
pose DB-GS-Yololl, a dual-branch gated sequential Yolol1-based cross-domain intelligent wireless sensing
algorithm. The algorithm employs a dual-branch architecture, integrating Yolol1 neural networks, a Ga-
ted Attention Coding (GAC) module, and a State Space Model (SSM). This design enables efficient signal
perception and robust extraction of key cross-domain features, significantly improving the model’s general-
ization capability. The proposed enhancement substantially reduces environmental dependency, endowing
the system with greater robustness, portability, and cross-domain recognition accuracy. In comparative
experiments, the proposed DB-GS-Yolol1 algorithm is compared in performance with various mainstream
neural network models. including Deep Neural Network (DNN), Gated Recurrent Unit (GRU), and
Google Inception Net neural network (Googl.eNet). The experimental results show that DB-GS-Yolol1
exhibits superior performance in optimizing perceptual complexity, improving recognition speed, and cross
domain adaptability. The overall perception accuracy in the domain dataset has improved by 5. 33% to
9.67%, and the recognition efficiency has increased by 1. 35% to 17. 81%. The recognition accuracy of the
algorithm proposed on cross domain datasets such as cross position and cross direction has been improved
by 2.33% to 7.33% and 2. 67% to 4. 33% while the recognition efficiency has been improved by 1. 63% to
4.69% and 0. 23% to 3.11% respectively.
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Algorithm 1 DB-GS-Yolol1-Based Intelligent Wireless Sensing Algorithm

Input: CSI Feature Dataset for Wireless Sensing-Based Gesture Recognition

Feature Data: D = {d,;
Label Data: Y = {y, | i

|i=1.2,-,N} ;
SN

1,2,

Output: Gesture Type Recognition Results

Y=y, |i=1.2.

7N>;

1.
2
3.
4.

5.

// Data Partitioning and Preprocessing
T,, T,< SplitDataset(CSI_dataset, ratio=0. 8)
// Denoising and Visualization

FOR each sample (x, y) IN T1 DO

x_denoised <= CSI_Ratio_Denoising(x)

// Partition the dataset into training set T and testing set T,

// Denoising by using CSI-Ratio method

// RMSProp update parameter w to minimize the loss function.

6. a_visual <= TimeSeriesTolmage(x _denoised) // Convert to Time-Series Images
7. x_normalized <— StandardScaler(x_visual) // Standard Normalization

8. ADD (x_normalized, y) TO processed_T,

9. END FOR

10. // Model Initialization

11. model <= DB_GS_Yolol1(

12. cfg=parameter_config_dict,

13. in_channels=3,

14. num_classes=6,

15. activation="“Rel.U” )

16. optimizer <= RMSProp(/r=a)

17. // Train

18. FOR epoch FROM 1 T'O max_epochs DO

19. // Forward Propagation

20. OUT_U < model. GAC_Module(processed_T ;) // Feature of GAC in upper branch
21. OUT_L < model. SSM_Module(processed_T ;) // Feature of SSM in lower branch
22. OUT _Fusion <= CONCAT(OUT_U, OUT_L) // Feature Concatenation
23. Y < model. Classifier(OUT_Fusion) // Classifier Output Prediction
24. // Backward Propagation

25. loss <= CrossEntropyLoss(Y, Y) // Loss Computation

26. Aw < optimizer. compute_gradient(loss)

27. model. update_parameters(Aw)

28. END FOR

29. // Model Evaluation

30. accuracy < Evaluate(model, T,)
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31. IF accuracy << threshold THEN

32. ADJUST hyperparameters OR model_structure // Adjust Hyperparameters or Architecture
33. GOTO 12 // Retrain

34. ELSE

35. RETURN model // Return the trained model

36. END IF

37. Based on the evaluation results of the post-training model using T',, if the accuracy meets the requirements, the trained model pa-
rameters can be applied to practical intelligent wireless sensing tasks. Otherwise, adjust the network architecture and hyperparameters and

return to Step 5 to retrain the model.
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Tab. 1 Detailed description of the evaluation dataset

Environments No. of Users Gestures Label No. of LocationsNo. of Orientations No. of Samples

1. Slide;
2: Draw-O(Horizontal) ;
3: Draw-Zigzag(Horizontal) ;
Classroom 2 1~5 1~5 3 000
4. Draw-N(Horizontal) ;

5: Draw-Triangle(Horizontal) ;

6: Draw-Rectangle(Horizontal)
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Tab.2 Hyperparameter Settings
Hyperparameter Setting
BatchSize 40
LearnRate 0. 004
K in k-Fold Cross-Validation 20
Batch Size 60
Dropout Rate 0.5
Proportion of Cross-Validation Set in Training Set 0. 05
Initial Bias for the SSM Activation Function 0
Initial Bias for the Classifier's Activation Function 0.1

3 AREEEBEEERENNKIET

B i8] X b

Tab.3 Comparison of cross-domain sensing accuracy and testing time across different algorithms

InDomain CL CO
Algorithm
A/Y% T/ms A/% T/ms A/% T/ms
DNN 59. 67 3181 49. 00 4 291 42.33 4 402
GRU 52. 67 3194 44. 00 4 323 41. 00 4313
GooglLeNet 55. 33 3818 47.17 4 429 40. 67 4 441
DB-GS-Yolol1 65. 00 3138 51.33 4 221 45. 00 4 303
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Fig. 10 Confusion matrices of different algorithms for sensing
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Fig. 11 Comparative bar chart of various metrics across different algorithms
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Tab. 4 Comparative analysis of cross-domain sensing accuracy and testing time in ablation experiment

InDomain CL CO
Algorithm
A/% T/ms A/% T/ms A/% T/ms
Model without GCA 62. 33 3143 46. 00 4 326 42. 33 4 364
Model without SSM 63. 67 3 357 49. 00 4 568 43. 67 4792
Yololl 59. 67 3 361 45. 33 4 782 40. 67 4 936
DB-GS-Yolol1 65. 00 3138 51. 33 4221 45. 00 4 303
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