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Highlights:  

 Regression pre-training improves downstream gait phase classification accuracy over training 

from scratch. 

 A compact Deep Neural Network achieves the best transfer result with an F1-score of 0.9788 and 

sub-0.07 ms Central Processing Unit latency. 

 Cross-population validation confirms robustness on an independent young-adult dataset. 

Abstract: Reliable gait phase classification is essential for wearable-based locomotion analysis. 

Although gait cycle percentage prediction and gait phase classification are biomechanically related, 

knowledge transfer across these distinct objectives remains underexplored. In this paper, we propose a 

regression-to-classification transfer learning framework that utilizes temporal representations learned from 

continuous gait cycle progression to improve discrete phase recognition. We pre-train neural backbones 

on a regression task and transfer the learned representations to the classification task through model 

transfer (fine-tuning backbone weights) and feature transfer (using the backbone as a fixed feature 

extractor). To identify the optimal configuration for resource-constrained environments, we compare a 

compact Deep Neural Network (DNN) with 0.3 M parameters and a Transformer model across multiple 

sliding window sizes. Our experimental results demonstrate that model transfer achieves a superior F1-score 

of 0.9788, outperforming the feature transfer baseline and models trained from scratch. Efficiency tests show 

that the compact DNN achieves a Central Processing Unit (CPU) latency below 0.07 ms, supporting real-

time data processing. Validation on an independent dataset further confirms cross-population robustness, 

achieving a classification accuracy of 92.3%. These findings suggest that regression pre-training 

captures effective temporal features, providing a practical framework for wearable-based gait analysis.
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1. Introduction 

With the rapid growth of the aging population, gait analysis has become increasingly important for health 

monitoring and physical rehabilitation. Older adults often exhibit gait abnormalities such as reduced gait 

speed, increased variability, and asymmetry due to age-related functional decline [1,2]. These changes not 

only increase fall risk but may also serve as early indicators of neurological disorders, including 

Parkinson’s and Alzheimer’s disease [3,4]. Therefore, continuous monitoring and objective assessment of 

gait patterns in older adults are essential for timely health management and rehabilitation interventions [5]. 

Conventional gait assessment systems, such as optical motion-capture platforms and instrumented 

walkways, are expensive, restricted to laboratory environments, and unsuitable for daily or home-based 

monitoring [6–8]. In contrast, inertial measurement units (IMUs) provide a practical alternative owing 

to their portability, low power consumption, and reliable measurement of locomotion dynamics [9,10]. 

A foot-mounted IMU captures tri-axial acceleration and angular velocity signals, enabling detection of 

key gait events such as heel-strike (HS) and toe-off (TO) and thereby delineating stance and swing 

phases. As illustrated in Figure 1, these signals support two complementary gait representations. Gait 

cycle percentage describes continuous gait progression between consecutive HS events, whereas gait 

phase partitions the gait cycle into discrete functional categories that facilitate clinical interpretation and 

functional assessment [11]. 

 

Figure 1. Visualization of IMU signals over time, highlighting stance phase, swing phase, and key 

events: heel-strike and toe-off. 

Extracting robust gait information from raw IMU signals in real-world settings remains challenging 

due to heterogeneous movement patterns and sensor noise [12]. Deep learning methods have shown 

strong potential for IMU-based gait modeling by learning task-relevant representations directly from 

sequential data [13]. Prior studies have developed deep models for gait cycle percentage prediction [14] 

and for gait phase classification [15,16]. However, these problems are typically treated independently, 

with separate models trained for regression and classification [17,18]. This practice can introduce 

redundant training and may miss an opportunity to reuse representations, even though gait cycle 

percentage and gait phase originate from the same biomechanics and share temporal structure [19]. 

Transfer learning provides a principled approach for reusing learned representations, especially 

when labeled data are limited or computational resources are constrained [20]. In gait analysis, prior 

work has largely focused on transferring models to new subjects or conditions within the same learning 

objective [21]. Recent studies have further explored domain-level adaptation, such as Sansgiri et al. who 
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adapted models from treadmill data to outdoor environments using limited target samples [22]. Despite 

these advances, knowledge transfer across different objective types remains less explored in wearable 

gait analysis. Most existing frameworks prioritize domain shifts while overlooking the intrinsic 

hierarchical relationships between different gait tasks. 

A key observation motivates this regression-to-classification transfer setting. Gait phases correspond 

to specific intervals of the gait cycle percentage, implying a hierarchical relationship between continuous 

gait progression and discrete phase categories. Learning gait cycle percentage as a regression task 

encourages models to capture smooth temporal dynamics and fine-grained progression information, 

which may form a more informative representation for phase classification than training a classifier from 

scratch. In our previous work, we demonstrated accurate gait cycle percentage prediction in frail older 

adults using a foot-mounted IMU and deep neural networks [23]. 

Building on this foundation, we identify a critical research gap in creating efficient, task-adaptive 

models for wearable edge devices. While heavy architectures like VGG16 and Xception have been 

repurposed for clinical gait detection through 2D image encoding of kinematic time series [24], their 

massive computational overhead makes them impractical for real-time execution. Furthermore, 

personalized clinical transfer learning often relies on complex sensing modalities like surface 

electromyography (sEMG) [25] or high-precision motion capture systems [26], which limit their utility in 

daily community-based rehabilitation. 

This study fills these gaps by proposing a compact regression-to-classification transfer framework 

that leverages the biomechanical structure of the gait cycle. We improve discrete gait phase classification 

by transferring knowledge learned from continuous progression regression. To identify the most 

effective implementation for resource-constrained environments, we systematically examine two 

transfer strategies. Our primary approach is model transfer, where the backbone weights are fine-tuned 

to adapt learned temporal representations to the classification objective. We also implement feature 

transfer, which utilizes the pre-trained backbone as a fixed feature extractor, as a comparative baseline 

to quantify the performance gains of weight adaptation. These strategies are compared across a compact 

Deep Neural Network (DNN) architecture and a Transformer model. To further substantiate the practical 

utility and robustness of our framework, we perform performance benchmarking of single-sample 

inference latency and memory footprint. Furthermore, we conduct cross-population validation on the 

Gold Standard Database to evaluate whether the representations learned from frail older adults can be 

effectively generalized to a healthy young population. The contributions of this work are as follows: 

(1) We study regression-to-classification transfer for wearable gait analysis by leveraging a gait 

cycle percentage regression model to improve gait phase classification through feature transfer and 

model transfer strategies. 

(2) We compare DNN and Transformer backbones under identical transfer protocols and show that 

compact DNN models can achieve competitive performance with substantially fewer parameters, 

supporting deployment in resource-limited wearable systems. 

(3) We systematically evaluate sliding window sizes (10, 30, 50 samples) and attention mechanisms, 

identifying practical design choices that balance recognition performance and computational efficiency.  

(4) We provide quantitative experiments of the real-time deployment feasibility of our compact 

DNN on edge-level CPUs and demonstrate the cross-population robustness of the proposed framework 

through validation on an independent dataset. 
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2. Methods 

2.1. Experimental dataset 

All experiments were conducted on the publicly available GSTRIDE database [27], which provides 

foot-mounted IMU gait recordings from 𝑁 = 158 older adults (age 70–98 years). The cohort includes 

both fallers and non-fallers, with basic demographic and clinical characteristics summarized in Table 1. 

Table 1. Participant characteristics of the GSTRIDE dataset (𝑁 = 158). 

Characteristic Value 

Women, n (%) 113 (71.5%) 

Men, n (%) 45 (28.5%) 

Fallers, n (%) 86 (54.4%) 

Non-fallers, n (%) 72 (45.6%) 

Age (years), mean ± SD 82.6 ± 6.2 

Weight (kg), mean ± SD 64.2 ± 13.1 

Height (cm), mean ± SD 156.8 ± 10.2 

Walking test duration (min), mean ± SD 21.4 ± 7.1 

Cognitive deterioration status index, mean ± SD 2.05 ± 1.61 
Frailty index, mean ± SD 8.59 ± 2.73 

Each subject wore a foot-mounted IMU that recorded tri-axial linear acceleration and angular velocity, 

(𝑎𝑥 , 𝑎𝑦, 𝑎𝑧 , 𝜔𝑥 , 𝜔𝑦, 𝜔𝑧), at a sampling rate of either 104 Hz or 128 Hz, as illustrated in Figure 2. As 

reported in prior work, such differences in device configuration and sampling rate have a negligible 

impact on gait-related estimation performance in this dataset [28]. In our experiments, window lengths 

are defined in the number of samples, and model inputs are constructed accordingly. 

 

Figure 2. Foot-mounted IMU placement used in the GSTRIDE dataset [27]. 

To prevent subject leakage, we split the dataset at the subject level into 140 subjects for training, 8 for 

validation, and 10 for testing. The raw IMU streams were segmented into fixed-length sequences using a 

sliding-window scheme with window lengths 𝐿 ∈ {10,30,50}. For a window starting at time index 𝑡, the 

input consists of 𝐿 consecutive samples {𝑡,… , 𝑡 + 𝐿 − 1}, and the corresponding label is assigned at the 

next time step 𝑡 + 𝐿 (one-step-ahead labeling). The resulting input sequence is represented as 
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X𝐿(𝑡) =

[
 
 
 
 
 
 
𝑎𝑥(𝑡) 𝑎𝑥(𝑡 + 1) ⋯ 𝑎𝑥(𝑡 + 𝐿 − 1)

𝑎𝑦(𝑡) 𝑎𝑦(𝑡 + 1) ⋯ 𝑎𝑦(𝑡 + 𝐿 − 1)

𝑎𝑧(𝑡) 𝑎𝑧(𝑡 + 1) ⋯ 𝑎𝑧(𝑡 + 𝐿 − 1)

𝜔𝑥(𝑡) 𝜔𝑥(𝑡 + 1) ⋯ 𝜔𝑥(𝑡 + 𝐿 − 1)

𝜔𝑦(𝑡) 𝜔𝑦(𝑡 + 1) ⋯ 𝜔𝑦(𝑡 + 𝐿 − 1)

𝜔𝑧(𝑡) 𝜔𝑧(𝑡 + 1) ⋯ 𝜔𝑧(𝑡 + 𝐿 − 1)]
 
 
 
 
 
 

∈ ℝ6×𝐿 

 

(1) 

2.2. Transfer learning framework 

As shown in Figure 3, we consider two regression-to-classification transfer strategies: model transfer and 

feature transfer. In both cases, a source model is first trained on gait cycle percentage prediction 

(regression). Figure 3a illustrates this pre-training stage, where a backbone (DNN or Transformer) 

processes IMU windows and a fully connected head outputs a single scalar representing the predicted gait 

cycle percentage. The learned representations are then reused to improve the target task of gait phase 

classification. Figure 3b shows how the pre-trained backbone is adapted: model transfer replaces the output 

head and fine-tunes the entire network, while feature transfer freezes the backbone and trains a lightweight 

classifier on the extracted embeddings, optionally incorporating attention and feature gating modules. 

 

(a) 

 
(b) 

Figure 3. Overview of the regression-to-classification transfer framework. FC: fully connected 

layers. (a) Regression pre-training architecture: The backbone is first pre-trained for gait cycle 

percentage regression; (b) Transfer to gait phase classification: The pre-trained representations are 

then transferred to gait phase classification using either model transfer or feature transfer.
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2.2.1. Pre-trained models for the regression task 

We pre-train two neural backbones: a compact DNN and a Transformer-based model. The DNN is 

specifically designed to balance representation power with computational efficiency for wearable 

deployment. It comprises five fully connected (FC) layers with a progressively narrowing architecture. 

For a typical input window of 𝐿 = 50 (yielding a 300-dimensional feature vector), the hidden layers are 

configured with dimensions of 512, 256, 128, and 64, respectively.  

Each hidden layer is followed by a Rectified Linear Unit (ReLU) activation function to capture 

non-linear gait dynamics. The transformation at each layer 𝑖 is defined as:  

h𝑖 = ReLU(W𝑖h𝑖−1 + b𝑖), 𝑖 = 1,2,3,4, (2) 

where h0 denotes the flattened input vector from the sliding window. The final regression output is 

produced by a linear head: 

𝑦̂reg = W5h4 + b5 (3) 

where 𝑦̂reg represents the predicted gait cycle percentage. 

2.2.2. Model transfer 

In model transfer, the pre-trained regression model provides initialization for the phase classification 

network. Let W𝑠 = {W1
𝑠, … ,W𝑛

𝑠} denote the source parameters. The target classification parameters W𝑐 

are initialized as 

Wi
c = {

Wi
s, i = 1,… , n − 1,

random initialization, i = n,
 (4) 

where layers 1 to 𝑛 − 1 form the shared backbone and the final layer is replaced by a newly initialized 

classification head. 

To preserve transferable representations while enabling adaptation, we adopt selective freezing during 

fine-tuning [29]. Let ℱ denote the set of frozen layers. During backpropagation, parameters are updated as 

W𝑖
𝑐 ← {

W𝑖
𝑐 , 𝑖 ∈ ℱ,

W𝑖
𝑐 − 𝜂∇W𝑖

𝑐ℒ, 𝑖 ∉ ℱ,
 (5) 

where 𝜂 is the learning rate and ℒ is the classification loss. 

For the DNN, we freeze the first three fully connected layers and fine-tune the remaining backbone 

layer and the classification head. For the Transformer, we freeze the input projection and encoder blocks, 

and fine-tune the pooling/multilayer perceptron (MLP) head for gait phase classification. 

2.2.3. Feature transfer 

In feature transfer, the regression-pretrained model is used as a fixed feature extractor to produce 

embeddings for gait phase classification. Let F ∈ ℝ𝑁 × 𝑑  denote the extracted features for 𝑁 

windows and feature dimension 𝑑. For the DNN backbone, we use the activations of the fourth fully 

connected layer (fc4) as features (𝑑 = 64). For the Transformer, token outputs are aggregated via 

temporal average pooling to obtain a 𝑑model-dimensional embedding. 

We train a lightweight classifier on top of F. To improve robustness, we apply Mixup augmentation 
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x̃ = 𝜆x𝑖 + (1 − 𝜆)x𝑗, ỹ = 𝜆y𝑖 + (1 − 𝜆)y𝑗 (6) 

where 𝜆 ∼ Beta(𝛼, 𝛼) . Optionally, we incorporate an 𝐻 -head attention module to reweight 

discriminative feature components 

Attn(Q, K, V) = Softmax(
QK⊤

√𝑑𝑘

)V. (7) 

We also consider a feature-gating mechanism 

F𝑔 = F ⊙ 𝜎(W2 ReLU(W1F)) (8) 

to suppress irrelevant dimensions adaptively, where 𝜎(⋅) is the sigmoid function. 

To address class imbalance, we employ a balanced focal loss 

ℒFL(𝑝𝑡) = −𝛼𝑡(1 − 𝑝𝑡)
𝛾log(𝑝𝑡) (9) 

where 𝑝𝑡  is the predicted probability for the ground-truth class, 𝛼𝑡  is a class-balancing factor, and 𝛾 

controls the focusing strength. 

2.3. Implementation details 

For regression pre-training, we use Adam with weight decay 1 × 10−5 and learning rate 1 × 10−3 for 

both backbones. Models are optimized with mean squared error (MSE) using a batch size of 2048. The 

DNN contains five fully connected layers, and the Transformer uses four encoder blocks. We adopt 

StepLR with step size 5 epochs and decay factor 0.5. 

For phase classification (model transfer and feature transfer), we keep weight decay 1 × 10−5  and 

optimize a combined objective based on cross-entropy and focal loss (with 𝛾 = 2.0 ). We use 

CosineAnnealingLR with initial learning rate 1 × 10−3 and minimum learning rate 1 × 10−6. Training runs 

for up to 30 epochs with early stopping (patience 5). Unless otherwise specified, the batch size is 1024. 

For baseline comparison, we train a five-layer DNN with the same architecture as the regression 

DNN directly on raw IMU windows for gait phase classification (i.e., without transfer). 

We further apply Mixup augmentation (𝛼 = 0.2) and label smoothing (0.1) to improve robustness. 

All experiments are implemented in PyTorch 2.3.0 with Python 3.12 and Compute Unified Device 

Architecture (CUDA) 12.1 on Ubuntu 22.04, using an NVIDIA RTX 4090 (24 GB), an Intel Xeon Gold 

6430 CPU, and 120 GB RAM. 

3. Results 

3.1. Base model performance on the regression task 

Figure 4 summarizes the performance of the two pretrained backbones (DNN and Transformer) on gait 

cycle percentage prediction. This regression task provides the source representations for subsequent 

regression-to-classification transfer. Across all window sizes, the DNN achieves consistently lower 

regression errors than the Transformer. Both backbones attain their best regression performance at the 

30-sample window, indicating that this window length offers a favorable balance between temporal 

context and noise accumulation. The pretrained regression models are then used as source models for 

feature transfer and model transfer in the gait phase classification task. 
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Figure 4. Regression performance of the pretrained backbones for gait cycle percentage prediction 

under different window sizes. 

3.2. Feature transfer performance 

Figure 5 and Table 2 report phase-averaged F1-scores and parameter counts for the feature-transfer 

configurations under window lengths 𝐿 ∈ {10,30,50}. Overall, feature transfer yields stable performance 

across settings (typically > 0.90  F1), indicating that regression-pretrained representations are 

informative for gait phase discrimination. 

 

Figure 5. Phase-averaged F1-score versus parameter count for feature-transfer configurations. 

Higher F1 and fewer parameters indicate better accuracy–efficiency trade-offs. 

Table 2. Regression and feature transfer performance comparison. 

Backbone Window 
Regression 

Parameters 

Transfer 

Method 

Transfer 

Parameters 
F1-score 

DNN 

10 203.8K 
DNN 
Attention 

203.8K 
56.9K 

0.9164 
0.9198 

30 265.2K 
DNN 
Attention 

265.2K 
87.6K 

0.9219 
0.9305 

50 326.7K 
DNN 
Attention 

326.7K 
118.3K 

0.9283 
0.9362 

Transformer 

10 2689.2K 
DNN 
Attention 

203.8K 
56.9K 

0.9096 
0.9219 

30 2720.1K 
DNN 
Attention 

265.2K 
87.6K 

0.9395 
0.9406 

50 2750.7K 
DNN 

Attention 

326.7K 

118.3K 

0.9325 

0.9380 
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Effect of backbone choice. The impact of selecting different regression backbones as feature 

extractors is moderate and depends on the window length. At 𝐿 = 30, Transformer-based feature 

extraction achieves an F1-score of 0.9395, compared with 0.9219 using DNN-based extraction, 

whereas at 𝐿 = 10, the DNN-extracted features slightly outperform Transformer-extracted features 

(0.9164 vs. 0.9096). These results suggest that the choice of feature extractor should be considered 

jointly with the temporal window configuration. 

Effect of attention-based classifier. Incorporating the attention-based classifier provides modest but 

consistent improvements. For example, at 𝐿 = 30, the F1-score increases from 0.9219 to 0.9305 when 

using DNN-extracted features, and from 0.9395 to 0.9406 when using Transformer-extracted features. 

Parameter efficiency. Transformer backbones involve substantially more parameters for 

regression pretraining (e.g., 2720.1K vs. 265.2K at 𝐿 = 30), yet yield only marginal gains in phase 

classification under feature transfer. Moreover, the attention-based classifier substantially reduces the 

number of parameters in the classification stage (e.g., from 265.2K to 87.6K at 𝐿 = 30) while 

maintaining or improving performance, highlighting a favorable accuracy–efficiency trade-off for 

deployment-oriented scenarios. 

3.3. Model transfer approach 

Model transfer adapts the regression-pretrained backbone to gait phase classification via head replacement 

and fine-tuning. Table 3 reports phase-wise precision, recall, and F1-scores under different architectures, 

fine-tuning strategies, and window sizes. Overall, model transfer substantially improves phase 

classification compared with the baseline trained from scratch. While the baseline yields phase-wise 

F1-scores in the range of 0.9124–0.9432, the transferred models consistently achieve F1-scores above 

0.96 across all configurations, indicating that regression pretraining provides a strong initialization for 

the classification objective. 

Among the evaluated settings, standard DNN fine-tuning achieves the best overall performance, 

reaching F1-scores of 0.9788 (stance) and 0.9761 (swing) at the 50-sample window, corresponding to 

improvements of 5.6% and 3.81% over the baseline for the same window size. Incorporating attention 

yields only marginal changes (typically < 0.1%) and occasionally slightly degrades performance, 

suggesting that the DNN backbone already captures the discriminative temporal patterns required for 

this two-phase classification task. 

The Transformer backbone achieves comparable but slightly lower performance, with a maximum 

stance-phase F1-score of 0.9711 at the 10-sample window. Unlike the DNN, Transformer performance 

does not show a monotonic improvement with larger windows, and slightly decreases at the 50-sample 

window (0.9673 for stance and 0.9642 for swing). At 𝐿 = 50, this corresponds to a 1.15% (stance) and 

1.19% (swing) decrease relative to DNN fine-tuning under the same window size. Collectively, these 

results indicate that model transfer with standard DNN fine-tuning provides an effective and 

computationally efficient solution for gait phase classification.  
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Table 3. Model performance comparison across different architectures, attention variants, and 

window sizes. All models except Baseline are initialized from regression pretraining and fine-tuned 

for classification (model transfer). Baseline is trained from scratch. 

Model Training Attention Window Phase Precision Recall F1-score 

DNN Transfer ✗ 10 Stance 0.9622 0.9816 0.9718 

   10 Swing 0.9786 0.9561 0.9672 

   30 Stance 0.9801 0.9707 0.9754 

   30 Swing 0.9669 0.9775 0.9722 

   50 Stance 0.9849 0.9727 0.9788 

   50 Swing 0.9693 0.9830 0.9761 

DNN Transfer ✓ 10 Stance 0.9730 0.9726 0.9728 

   10 Swing 0.9688 0.9692 0.9690 

   30 Stance 0.9814 0.9697 0.9755 

   30 Swing 0.9659 0.9791 0.9724 

   50 Stance 0.9836 0.9733 0.9784 

   50 Swing 0.9699 0.9815 0.9757 

Transformer Transfer -- 10 Stance 0.9821 0.9603 0.9711 

   10 Swing 0.9558 0.9801 0.9678 

   30 Stance 0.9788 0.9587 0.9686 

   30 Swing 0.9540 0.9763 0.9651 

   50 Stance 0.9861 0.9492 0.9673 

   50 Swing 0.9445 0.9847 0.9642 

Baseline Scratch -- 10 Stance 0.9406 0.8976 0.9186 

   10 Swing 0.8900 0.9360 0.9124 

   30 Stance 0.9666 0.9200 0.9427 

   30 Swing 0.9143 0.9641 0.9385 

   50 Stance 0.9586 0.9283 0.9432 

   50 Swing 0.9218 0.9547 0.9380 

3.4. Impact of sliding window size 

We further examine the effect of window length on performance and computational cost. Across 

methods, increasing the window size generally improves classification performance, with diminishing 

returns beyond 30 samples. In particular, the 30-sample window provides a favorable accuracy–efficiency 

trade-off, capturing sufficient temporal context for phase discrimination while avoiding the additional 

computation associated with larger windows. Larger windows may offer small gains in some settings but 

increase training cost, especially for Transformer-based models. 

Training-time measurements further highlight the efficiency advantage of transfer learning. For 

example, with a 50-sample window, training the DNN from scratch requires approximately 30 minutes, 

whereas the corresponding model-transfer setting completes in under 14 minutes. Feature-transfer 

configurations are even more efficient, typically requiring less than 8 minutes. In addition, for the same 
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window size, Transformer training is substantially slower than DNN training (e.g., approximately 36 

minutes versus 15 minutes for the regression pretraining setting at 𝐿 = 50). Overall, these results 

demonstrate that regression-to-classification transfer not only improves gait phase classification 

accuracy but also reduces training time compared with training from scratch, supporting its practicality 

for wearable gait analysis pipelines. 

3.5. Real-time inference performance and memory footprint 

To further substantiate the practical efficiency of compact DNNs for wearable deployment, we measured 

single-sample inference latency and model memory footprint for all configurations. In the experimental 

setup, the batch size was set to 1 to simulate real-time single-sample inference on edge devices. The 

CPU test represents low-power embedded platforms without Graphics Processing Unit (GPU), while the 

GPU test evaluates performance limits with hardware acceleration, utilizing CUDA Events for precise 

timing to eliminate synchronization errors. To ensure reliability and eliminate overhead from JIT 

compilation and cache initialization, we pre-heated the CPU for 50 trials and the GPU for 100 trials 

before formal experiments. The mean and 95th percentile latencies were recorded over 500 CPU and 

1000 GPU trials, as detailed in Table 4. 

The results indicate that compact DNN models (0.2–0.3 M parameters) achieve exceptionally low 

CPU inference latencies, ranging from 0.052 ms to 0.066 ms. Given that the typical sampling rate in the 

GSTRIDE dataset is 104–128 Hz (corresponding to a time budget of approximately 7.8–9.6 ms per sample), 

the DNN models consume less than 1% of the available real-time processing budget. In contrast, while the 

Transformer models (approximately 2.7 M parameters) remain within the real-time threshold, they exhibit 

15–20 × higher CPU latency and a significantly larger memory footprint (approximately 10.4 MB) compared 

to the DNN (approximately 1.0 MB). Despite the minor differences in GPU memory usage due to 

framework initialization overhead, the vast gap in CPU latency highlights the absolute advantage of 

compact DNNs on micro-controller platforms with extremely limited computational resources. These 

metrics confirm that the proposed regression-to-classification transfer framework not only improves 

recognition accuracy but also provides an efficient and practically viable solution for resource-constrained 

wearable gait analysis systems. 

Table 4. Inference latency and memory footprint comparison. 

Architecture Window Size Size (MB) 
CPU Latency 

Mean (ms) 

CPU P95 

(ms) 

GPU Mem 

(MB) 

DNN 

10 0.78 0.052 0.054 8.91 

30 1.01 0.058 0.061 9.14 

50 1.25 0.066 0.066 9.38 

Transformer 

10 10.26 0.903 0.925 11.22 
30 10.37 1.106 1.132 11.30 

50 10.49 1.312 1.348 11.38 

3.6. Cross-population validation on an independent dataset 

To evaluate the generalizability of our framework across different age groups, we conducted additional 

experiments on an independent, publicly available IMU dataset collected by Losing and Hasenjäger [30]. 
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This dataset includes gait recordings from 20 healthy young adults, providing a clear contrast to the frail 

elderly population in the GSTRIDE dataset. 

Based on the superior performance of model transfer observed in Section 3.3, we selected it as the 

representative strategy for this cross-population assessment. We compared the model transfer 

approach (pre-trained on GSTRIDE regression and fine-tuned on the target classification task) against 

a baseline model trained from scratch on the same independent dataset. As shown in Table 5, the model 

transfer approach achieved an accuracy of 92.3%, significantly outperforming the baseline (90.1%). 

These results demonstrate that the temporal representations learned from the continuous gait cycle 

percentage regression are highly transferable, capturing fundamental gait dynamics that remain robust 

despite age-related variations in walking speed and stability. 

Table 5. Cross-dataset performance comparison (Window = 50). 

Method Stance F1-score Swing F1-score Accuracy 

Baseline (from scratch) 0.9199 0.8707 90.1% 

Model Transfer (Ours) 0.9382 0.9015 92.3% 

4. Discussion 

Transfer learning in gait analysis has evolved rapidly, with recent studies focusing on domain adaptation 

across environments [22] or sensing modalities [25,26]. For instance, Sansgiri et al. demonstrated 

successful treadmill-to-outdoor adaptation for older adults [22], while Zhao et al. leveraged healthy-side 

sEMG signals to predict affected-side gait trajectories [25]. However, most existing frameworks address 

population or environment shifts within a single objective, often overlooking the intrinsic hierarchical 

relationships between different gait tasks. This study fills this research gap by investigating a 

regression-to-classification transfer setting, reusing representations learned from continuous gait cycle 

percentage prediction to improve discrete gait phase classification. 

Across architectures and window sizes, model transfer consistently outperformed feature transfer, 

with the best model-transfer configuration achieving an F1-score of 0.9788. Feature transfer also 

provided competitive performance, reaching a maximum F1-score of 0.9406 (Transformer features, 

30-sample window), while DNN features achieved 0.9362 (50-sample window). These results indicate 

that regression-pretrained representations capture informative temporal structure that can be effectively 

repurposed for discrete phase recognition. Conceptually, gait cycle percentage and gait phases offer 

continuous and discrete views of the same locomotion process [31]; learning continuous progression via 

regression can encourage smoother, temporally consistent representations, which align well with the 

subsequent partitioning required for phase classification. This perspective is also consistent with prior 

findings that gait-related temporal descriptors support both continuous estimation and categorical 

decision-making in downstream applications [32–34]. 

A pivotal finding of this study is the favorable accuracy–efficiency trade-off provided by compact 

DNNs, a critical requirement for real-time edge deployment. While heavy visual architectures such as 

VGG16 and Xception have been repurposed for gait-based diagnosis (e.g., knee osteoarthritis) with high 

accuracy [24], their massive computational footprint limits their utility in wearable sensors. In contrast, 

our results in Section 3.5 substantiate that a compact 0.3 M parameter DNN can achieve CPU inference 

latencies as low as 0.052–0.066 ms. Given the typical IMU sampling rates of 104–128 Hz, our 
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framework consumes less than 1% of the available real-time processing budget (approximately 8–10 ms 

per sample), representing a 15–20× speed advantage over Transformer models without sacrificing 

classification robustness. 

From a practical standpoint, feature transfer offers a clear computational advantage. The reduction 

in training time (e.g., from approximately 30 minutes to under 8 minutes in our setting) stems from 

precomputing regression embeddings and training only a lightweight classifier, thereby avoiding 

repeated updates to the full backbone during classification training. This efficiency, combined with the 

superior generalization observed on the cross-population dataset (92.3% accuracy for young adults), 

suggests that regression-to-classification transfer allows models to capture fundamental gait dynamics 

that transcend age-related domain shifts while minimizing the computational burden of model adaptation. 

We further observed that increasing window size generally improves performance, but the effect is 

bounded, with a maximum gain of about 3.4% in our experiments. Model transfer benefits more 

consistently from larger windows, suggesting that end-to-end fine-tuning can exploit additional temporal 

context while learning to suppress irrelevant variation. For feature transfer, the effect depends on the 

backbone: DNN-derived features improve steadily with longer windows, whereas Transformer-derived 

features peak at moderate window lengths (e.g., 30 samples). This difference may reflect how each 

architecture aggregates temporal information: longer windows provide additional context that can 

compensate for limited receptive fields in DNN representations, while attention-based representations 

may saturate once the window already covers the most informative temporal relations and may become 

more sensitive to redundant or noisy correlations beyond that range. 

While the validation on an independent dataset confirms the framework’s robustness across healthy 

young and frail elderly populations, several limitations remain. First, this study does not yet include data 

from individuals with neurological conditions, such as Parkinson’s disease or stroke [25]. Such gaits 

often exhibit high variability and non-periodic episodes, which may pose a greater challenge for 

representation transfer than age-related variations. Second, our experiments primarily utilized natural 

walking data under relatively controlled conditions, unlike the complex outdoor level, incline, and 

decline terrains explored by Sansgiri et al. [22]. In real-world environments, abrupt changes in walking 

speed and diverse terrains could significantly impact IMU signal characteristics, requiring more 

sophisticated adaptation strategies such as unsupervised domain adaptation. 

To address these challenges, several directions are worth exploring. Validating the  

regression-to-classification transfer strategy on even broader cohorts and additional benchmark datasets 

would strengthen evidence for generalizability beyond frail older adults. We aim to extend the 

framework to richer phase definitions, such as multi-class gait sub-phases, and explore unsupervised 

domain adaptation techniques to further align feature distributions across various pathological states and 

locomotion conditions. Furthermore, integrating complementary sensing modalities, such as sEMG or 

pressure/force signals [25], will help capture more comprehensive motor information. Finally, 

conducting real-time evaluations in unconstrained environments remains a priority to translate this 

approach into practical continuous monitoring and rehabilitation systems for diverse clinical populations. 

5. Conclusion 

This study demonstrates the effectiveness of regression-to-classification transfer for IMU-based gait 

analysis. By transferring knowledge learned from gait cycle percentage prediction to gait phase 
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classification, we achieve higher accuracy and better computational efficiency. Across architectures, 

compact DNNs with substantially fewer parameters (0.2–0.3 M) achieve performance comparable to, 

and in some settings slightly better than, Transformer models (2.7 M). Model transfer consistently yields 

the best results, producing phase-averaged F1-scores above 0.97, whereas feature transfer remains 

competitive and offers clear efficiency advantages. Attention modules provide modest but consistent 

gains in several configurations. 

From a practical perspective, transfer learning substantially reduces training cost, decreasing 

training time from roughly 30 minutes to under 8 minutes in our experiments. These results support an 

efficient workflow in which a single regression-pretrained foundation model can be adapted to 

downstream gait phase recognition with minimal additional training, reducing redundant model 

development while maintaining high accuracy. Overall, the proposed regression-to-classification 

transfer strategy provides a promising pathway toward scalable and resource-efficient wearable gait 

analysis tools for healthcare and rehabilitation applications. 
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