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Abstract  

This study presents a comparative evaluation of three hybrid deep learning models for human activity recognition (HAR) in 

free-living and highly imbalanced conditions: 1DCNN-ResBLSTM-Attention (Model A), Attention-Mechanism-Based Deep 

Learning Feature Combination (Model B), and Time-Reversal-1DCNN-ResLSTM-Attention (Model C). Each architecture 

integrates convolutional layers for feature extraction, recurrent networks for temporal modeling, and attention mechanisms to 

enhance relevant representations. The HARTH v2.0 dataset, comprising 31 subjects and 15 activity classes under strong class 

imbalance, is used for evaluation. Results show that soft labeling consistently improves performance by better capturing 

transitional uncertainty in windowed sensor data. Model A achieves the highest accuracy (96.21%) and macro-averaged F1-

score (88.17%), followed by Model C with comparable performance at lower computational cost, while Model B underperforms 

on minority classes due to limitations of spectrogram-based representations. Across all models, persistent confusion is 

observed among activities with similar motion patterns, such as walking, standing, and shuffling, indicating intrinsic ambiguity 

in sensor signals. This study provides a controlled and standardized comparison of hybrid architectures under realistic 

conditions, revealing both performance trade-offs and shared limitations. The findings highlight the importance of modeling 

uncertainty and temporal context for improving robustness, particularly transitional and underrepresented activities. 
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1. Introduction  

In recent years, the field of human activity recognition 

(HAR) has attracted significant research interest due to 

its broad range of applications, including elderly and 

remote healthcare, robotics, augmented and virtual 

reality, human-computer interaction, anomaly and fall 

detection, and surveillance [1]. HAR refers to the 

automated identification and classification of physical 

activities performed by individuals, based on visual 

(vision-based) or sensor data (sensor-based) [2]. 

Among these, sensor-based HAR is often preferred for 

real-world applications owing to its lower power 

consumption and bandwidth requirements, improved 

privacy and user mobility, and increased robustness to 

variations in environmental conditions [3]. 

Despite significant progress, a major challenge remains, 

i.e. achieving high accuracy in various complex real-

world scenarios [4]. To address this, researchers have 

explored a wide array of modeling approaches, 

including machine learning, deep learning, attention-

based, and transformer-based methods to enhance the 

accuracy and robustness of HAR systems. Traditional 

machine learning models typically rely on handcrafted 

features that depend on the prior knowledge and domain 

expertise of human designers [5]. While these models 

perform well in controlled settings, they often struggle 

to generalize in complex or dynamic real-world 

environments [6]. On the other hand, deep learning 

approaches—especially convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs)—have 

shown significant advantages by learning multilevel 

representations directly from raw sensor signals [7]. 

https://doi.org/10.29207/resti.v10i2.6936
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CNNs effectively capture spatial patterns, whereas 

RNNs are well-suited for modeling sequential 

characteristics in time-series data [8]. 

More recently, transformer architectures have gained 

increasing attention for their ability to model long-range 

temporal dependencies and capture contextual 

information effectively [9]. However, they are 

computationally expensive and require large volumes 

of data to perform well. Some researchers leverage 

transfer learning methods for feature extraction, due to 

deep learning advancement and robustness [10]. Time-

series signals are converted into spectrogram images, 

which are then fed into EfficientNet_b0 and 

Mobilenet_v3 transfer learning models for feature 

extraction. Finally, a wrapper function over a filter-

based methodology with binary bat algorithm is applied 

for optimal feature selection and higher classification 

performance. Another method proposed in [11] is to 

pre-train—up to 100,000 hours of data—a transformer 

encoder network to extract smaller labelled data 

downstream, to overcome the issue of limited training 

data in some classes. Researchers in [12] implement the 

Zero-Shot Learning method—a learning paradigm 

where a model is trained to recognize classes it has 

never seen during training—by leveraging data 

augmentation using sensor context features. This results 

in better generalizability across benchmark datasets.  

Interestingly, hybrid models that combine the strengths 

of these approaches have been emerging as a promising 

trend [13]. These architectures combine CNNs for 

extracting spatial features with RNNs or attention 

mechanisms for modeling temporal dynamics, allowing 

them to capture both localized and long-range 

dependencies in the data [14]. Such systems often 

demonstrate improved generalization and robustness, 

especially in complex and dynamic HAR scenarios 

[15]. As the field continues to evolve, exploring and 

optimizing these integrated models remains a 

compelling direction for achieving higher performance 

and adaptability in diverse real-world applications [16]. 

In this study, we investigate the performance of three 

hybrid deep learning models for sensor-based HAR: 

1DCNN-ResBLSTM-Attention (hereafter referred to as 

Model A) [17], Attention-Mechanism-Based Deep 

Learning Feature Combination (Model B) [18], and 

Time-Reversal-1DCNN-ResLSTM-Attention (Model 

C) [19]. All three models share a hybrid architecture 

design that integrates convolutional and recurrent layers 

with attention mechanisms, yet differ in how they 

structure and integrate these components.  

While numerous sensor-based datasets are widely used 

in the literature, such as WISDM [20], KU-HAR [21], 

and UCI-HAR [22], this study focuses on the HARTH 

dataset, which was developed by researchers at the 

Norwegian University of Science and Technology [23]. 

The dataset was initially released in 2021 (v1.0), 

containing data from 22 individuals performing 

activities for about 2 hours in free-living environments. 

Activities are classified into 12 classes including 

walking, running, standing, sitting, lying, and cycling. 

This version has been extensively utilized in prior 

sensor-based HAR research [24] – [29]. The latest 

release, HARTH v2.0, published in late 2024, expands 

the dataset with 9 new subjects (bringing the total to 31) 

and 3 new activity classes (totaling 15). To the best of 

our knowledge, this study is among the earliest to utilize 

the updated version of HARTH dataset. The increased 

subject diversity and expanded activity set make it a 

valuable resource for evaluating deep learning models 

in multi-class HAR tasks, particularly under realistic 

conditions and class imbalance [30]. Furthermore, the 

dataset offers three key strengths: professional activity 

annotation by human experts, fixed sensor placement 

and orientation, and use of high-quality wearable 

sensors [23]. Through this comparative study, we aim 

to assess the effectiveness and trade-offs of each model 

design in handling complex, imbalanced, and realistic 

activity recognition tasks on the HARTH v2.0 dataset. 

However, comparative accuracy alone does not reveal 

how architectural decisions influence reliability under 

imbalance. 

Rather than emphasizing incremental performance 

gains, this study seeks methodological insight through 

a controlled evaluation of hybrid architectures in 

realistic and highly imbalanced free-living conditions. 

Using the recently expanded HARTH v2.0 dataset, this 

work provides one of the earliest standardized 

evaluations of CNN–RNN–attention hybrid 

architectures under consistent experimental settings, 

ensuring fair comparability. It further investigates the 

role of soft labeling in modeling transitional activities, 

demonstrating its impact on generalization and training 

stability. In addition, the study analyzes per-class 

reliability, with particular emphasis on minority and 

ambiguous activities, revealing systematic weaknesses 

shared across architectures. Moreover, common failure 

patterns across independently developed models are 

identified, suggesting limitations imposed by intrinsic 

signal similarity. Finally, the trade-off between 

recognition performance and parameter complexity is 

examined, offering practical insights for deployment in 

resource-constrained environments. 

The remainder of the paper is organized as follows. 

Section 2 describes the methodology and experimental 

design, Section 3 presents and interprets the results, and 

Section 4 concludes the study and outlines directions 

for future work. 

2. Methods 

2.1. Model A: 1DCNN-ResBLSTM-Attention 

Model A, illustrated in Figure 1, integrates a one-

dimensional convolutional neural network (1DCNN), a 

residual bidirectional long short-term memory 

(ResBLSTM) module, and an attention mechanism. 

The 1DCNN extracts local temporal features using four 

convolutional blocks consisting of convolution, batch 

normalization, activation, pooling, and dropout layers. 

Temporal dependencies are modeled using a residual 
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bidirectional LSTM (ResBLSTM), which combines 

bidirectional sequence learning with residual 

connections. 

The residual mapping is defined in Equation 1. 

𝑥𝑖+1 = 𝑥𝑖 + 𝐹(𝑥𝑖 ,𝑊𝑖),              (1) 

𝑥𝑖 and 𝐹(𝑥𝑖 , 𝑊𝑖) denote the direct mapping and residual 

components, respectively. The recursive formulation of 

the ResBLSTM is given in Equations 2a-2c. 

𝑥𝑡
𝑓(𝑖+1)

= 𝐿𝑁[𝑥𝑡
𝑓(𝑖)

+ 𝐿(𝑥𝑡
𝑓(𝑖)

,𝑊𝑖)],          (2a) 

𝑥𝑡
𝑏(𝑖+1)

= 𝐿𝑁[𝑥𝑡
𝑏(𝑖)

+ 𝐿(𝑥𝑡
𝑏(𝑖)

, 𝑊𝑖)],           (2b) 

𝑦𝑡 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑥𝑡
𝑓
, 𝑥𝑡

𝑏),            (2c) 

𝐿(⋅) denotes the LSTM transformation with weights 𝑊𝑖, 

𝐿𝑁 represents layer normalization, and 𝑡 indexes time. 

The superscripts 𝑓 and 𝑏 indicate forward and backward 

sequences, respectively, while 𝑦𝑡 is the concatenated 

output feature vector. 

 

Figure 1. 1DCNN-ResBLSTM-Attention model structure (adapted from [17]).

An attention mechanism is applied to assign adaptive 

weights to temporal features. The context vector is 

computed as defined in Equation 3. 

𝑒𝑡 = 𝑎(𝑦𝑡), 𝛼𝑡 =
exp(𝑒𝑡)

∑ exp(𝑒𝑘)
𝑇
𝑘=1

, 𝑐 = ∑ 𝛼𝑡𝑦𝑡
𝑇
𝑡=1 ,               (3) 

𝑎(⋅) is a learnable function, 𝑒𝑡 denotes the attention 

score, and 𝛼𝑡 represents the weight associated with each 

time step 𝑡. The resulting features are passed through 

fully connected layers followed by SoftMax 

classification.  

2.2. Model B: Attention-Mechanism-Based Deep 

Learning Feature Combination 

Model B, referred to as the Attention-Mechanism-

Based Deep Learning Feature Combination (AM-

DLFC), adopts a spectrogram-based approach and is 

illustrated in Figure 2. Raw time-series signals are 

transformed into two-dimensional inputs using short-

time Fourier transform (STFT). The signals are 

segmented using a 2.56-second window with 50% 

overlap, corresponding to 128 time steps at a sampling 

rate of 50 Hz, resulting in spectrograms of size 8 

(height) x 129 (width) x 6 (channels).  

The architecture consists of six convolutional blocks, 

each comprising a convolutional layer followed by a 

Convolutional Block Attention Module (CBAM). The 

CBAM sequentially applies channel and spatial 

attention mechanisms to refine feature representations, 

as defined in Equations 4 and 5, 

𝑌 = 𝐶(𝑋) ⊗ 𝑋,               (4) 

𝑍 = 𝑆(𝑌) ⊗ 𝑌,               (5) 

𝑋, 𝑌, and 𝑍 denote the input feature map, intermediate 

output, and final output, respectively, 𝐶(∙) and 𝑆(∙) 
represent the channel and spatial attention functions, 

and ⊗ denotes element-wise multiplication. The 

extracted feature maps are processed through fully 

connected layers with progressively reduced 

dimensions. Dropout is applied to mitigate overfitting, 

while selective pooling preserves feature resolution. 

The final output layer consists of 15 neurons 

corresponding to the activity classes in the HARTH 

dataset, followed by SoftMax classification. 

2.3. Model C: Time-Reversal-1DCNN-ResLSTM-

Attention 

Model C, referred to as the Time-Reversal-1DCNN-

ResLSTM-Attention architecture, is illustrated in 

Figure 3. Rather than utilizing external data 

augmentation, it approximates bidirectional temporal 

modeling by employing an internal sequence-flipping 

mechanism alongside a residual LSTM (ResLSTM). 
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Figure 2. The architecture of the AM-DLFC model (top), and detailed schematic of convolutional block attention module (CBAM) (bottom) 

(adapted from [18]). 

 

Figure 3. Time-Reversal-1DCNN-ResLSTM-Attention model (adapted from [19]). 

The input sequence is processed in both original and 

reversed forms, as defined in Equations 6a and 6b.  

𝑋𝑓𝑙𝑖𝑝𝑝𝑒𝑑(𝑡) = 𝑥𝑒𝑛𝑑 , 𝑥𝑒𝑛𝑑−1, … , 𝑥𝑠𝑡𝑎𝑟𝑡+1,          (6a)  

𝑠𝑡𝑎𝑟𝑡 = max (1, [𝑡 −
𝑤

2
]) , 𝑒𝑛𝑑 = min (𝑛, [𝑡 +

𝑤

2
])       (6b) 

𝑤 denotes the window size, 𝑡 is the current time index 

(1 ≤ 𝑡 ≤ 𝑛), with the window centered at 𝑡. Two 

parallel 1DCNN branches extract features from the 

original and time-reversed sequences. The resulting 

feature maps are concatenated and passed through batch 

normalization, max-pooling, and dropout layers, 

followed by additional convolutional blocks for further 

feature extraction.  

Temporal dependencies are modeled using a ResLSTM 

module, where residual connections are implemented 

via point-wise addition as defined in Equation 7. 

ℎ𝑟𝑒𝑠𝐿𝑆𝑇𝑀 = 𝐿𝑆𝑇𝑀(ℎ𝑑𝑜) + ℎ𝑑𝑜.             (7) 

An attention mechanism subsequently assigns weights 

to the extracted features, as defined in Equation 8.  

𝛼𝑖 =
exp⁡(𝑒𝑖)

∑ exp⁡(𝑒𝑗)𝑗
,               (8) 

𝛼𝑖 is the attention weight of feature 𝑖, 𝑒𝑖 =
tanh(𝑊ℎℎ𝑖 + 𝑏ℎ) is the attention score with 𝑊ℎ and 𝑏ℎ 

being learnable parameters. The weighted sum of 

features is computed as given in Equation 9. 

ℎ𝑓𝑖𝑛𝑎𝑙 = ∑ 𝛼𝑖ℎ𝑖𝑖 .               (9) 

The resulting representation is processed through 

dropout and fully connected layers, followed by 

SoftMax classification.  

2.4. Dataset Description and Preprocessing Stage 

The study utilizes the HARTH v2.0 dataset [23], 

comprising 31 individuals performing 15 activity 

classes in free-living environments for approximately 2 

hours. Data are collected using two 3-axis Axivity AX3 

accelerometers placed on the lower back and right thigh 

at a sampling rate of 50 Hz [31], producing six features 

corresponding to x-, y-, and z-axis accelerations. 

Activity labels are professionally obtained via 

synchronized chest-mounted camera recordings.  

Activities are labeled with class IDs 1–8, 10, 11, 13, 14, 

17, 130, and 140, with no official descriptions for labels 

10, 11, and 17. Figure 4 displays the class distribution 

in minutes, indicating strong class imbalance. No data 

augmentation is applied in order to evaluate model 

performance under the original imbalanced conditions. 

In the preprocessing stage, data are segmented using a 

sliding window of 128 time steps with 50% overlap 

(2.56 seconds per window), resulting in 129,996 

samples. The dataset is then split into training, 

validation, and test sets with an 80:10:10 stratified ratio 

to preserve class distribution. Furthermore, Z-score 

normalization is performed on the training set to avoid 

information leakage and subsequently applied to the 

validation and test sets.  
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Figure 4. Class distribution in terms of number of minutes for the HARTH dataset. 

2.5. Implementation Details 

Building upon the preprocessing pipeline described in 

Section 2.4, all architectures are trained and evaluated 

under identical experimental conditions to ensure fair 

comparison. The same inputs, optimization settings, 

training schedules, and evaluation metrics are used 

across all models, without architecture-specific tuning, 

resampling, or augmentation. 

TensorFlow and Keras Python libraries are employed to 

implement the model architectures. Experiments are 

conducted on a Windows 11 system with an Intel Core 

i5-13400 CPU, 64 GB of RAM, and an NVIDIA 

GeForce RTX 4070 GPU. Nadam optimizer is used for 

Models A and C, while Model B utilizes Adam. The 

maximum number of epochs is 150, the batch size is 64, 

the learning rate is 0.001, and the loss function is cross-

entropy. This study investigates hard and soft labeling 

strategies during training. Hard labeling assigns each 

instance a single class using one-hot encoding, whereas 

soft labeling represents each instance as a probability 

distribution over classes. During testing, predictions are 

assigned to the class with the highest probability. 

3. Results and Discussions 

Model performance is evaluated using accuracy, 

precision, recall, and F1-score under both macro- and 

weighted-averaging schemes to account for class 

imbalance. Accuracy represents the proportion of 

correctly classified samples, while precision and recall 

measure the correctness and completeness of 

predictions, respectively. The F1-score summarizes the 

trade-off between precision and recall. Macro-averaged 

metrics treat all classes equally and emphasize minority 

class performance, whereas weighted-averaged metrics 

reflect overall performance by incorporating class 

distribution. In addition, loss is used to monitor training 

convergence, and confusion matrices are employed to 

analyze class-wise prediction behavior and 

misclassification patterns. 

3.1. Hard and Soft Labeling 

Table 1 presents a comparison of the three hybrid 

models (Models A, B, and C) in terms of computational 

complexity and classification performance. Complexity 

is measured by the number of trainable parameters 

(#Params), while performance is evaluated using 

Accuracy (Acc.), Precision (Prec.), Recall (Rec.), and 

F1-score (F1) as defined earlier. To account for class 

imbalance in the dataset, both Macro-averaged (M) and 

Weighted-averaged (W) metrics are reported.  

The results demonstrate that soft labeling consistently 

outperforms hard labeling across all architectures in 

terms of accuracy, indicating improved generalization. 

In HAR, each windowed sample may capture 

transitions between activities, which are more 

appropriately represented by probability distributions 

rather than single discrete labels. During 

backpropagation, soft labeling results in smoother 

gradients, leading to more stable and efficient 

convergence. This property is particularly beneficial in 

free-living recordings, where activity boundaries are 

often ambiguous and multiple activities may coexist 

within a single window. The effectiveness of soft 

labeling in modeling uncertainty and class overlap has 

also been supported by recent studies [13], [15], [24]. 

Importantly, the observed improvement is not merely 

numerical but reflects a more faithful representation of 

real-world activity transitions, where strict class 

boundaries rarely exist. Therefore, the following 

discussion focuses on the results obtained using the soft 

labeling approach.  

A closer inspection of Table 1 reveals clear 

performance differences between the architectures. 

Under soft labeling, Model A achieves the highest 
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macro-averaged F1-score (88.17%), exceeding Model 

C by 3.12 percentage points and Model B by more than 

25 percentage points. A similar trend is observed in 

accuracy, where Model A surpasses Model C by 0.63%.  

This comparison highlights a trade-off between 

recognition capability and computational efficiency. 

The relatively small accuracy gap (0.63%) between 

Models A and C, despite a substantial difference in 

parameter count, suggests diminishing returns from 

increased architectural complexity beyond a certain 

point. 

Table 1. Models’ no. of parameters and performance metrics (in %).  

Model ID A B C 

#param. 286,903 294,923 195,127 

Labeling Hard Soft Hard Soft Hard Soft 

Acc. 95.88 96.21 90.34 90.63 95.20 95.58 

Prec. (M) 85.59 87.32 67.05 65.47 86.50 84.70 

Prec. (W) 95.74 96.06 90.09 90.44 94.99 95.52 

Rec. (M) 87.25 90.35 66.83 62.30 80.36 86.53 

Rec. (W) 95.88 96.21 90.34 90.63 95.20 95.58 

F1 (M) 85.89 88.17 66.81 63.11 82.49 85.05 

F1 (W) 95.77 96.08 90.18 90.49 95.05 95.53 

Gray cells show best results. Acc. = accuracy, Prec. = precision, 

Rec. = Recall, F1 = F1-score, M/W = macro/weighted averaging. 

3.2. Model Performance Comparison 

The results reveal consistent behavioral differences 

across architectures, reflecting how representation 

choice and temporal modeling influence performance 

under class imbalance. Table 1 shows that LSTM-based 

Models A and C outperform the spectrogram-based 

Model B across all performance metrics. For further 

analysis, Figures 5–7 display the confusion matrices for 

the three models. Model B, which employs spectrogram 

inputs, performs reasonably well on dominant activity 

classes but fails to correctly identify rare classes 10, 11, 

17, and 140. This behavior indicates that spectrogram-

based representations may compress temporal 

dynamics into frequency patterns, obscuring short-

duration or transitional activities that are critical for 

minority class recognition, and consequently leading to 

lower macro-averaged precision, recall, and F1-score.  

Similar observations have been reported in prior 

studies, where spectrogram-based models emphasize 

broader frequency trends while neglecting fine-grained 

temporal details essential for rare activity recognition 

[6], [19]. Under severe class imbalance, such models 

are also prone to overfitting dominant classes, further 

limiting generalization to underrepresented activities 

[4]. Consequently, despite achieving satisfactory 

overall accuracy, Model B underperforms on macro-

level metrics, highlighting a known limitation of 

spectrogram-based approaches in imbalanced HAR 

settings. The consistency of these trends across multiple 

metrics indicates that the observed differences are not 

artifacts of a particular evaluation measure, but reflect 

inherent differences in how each architecture captures 

temporal dependencies and class variability, confirming 

that architectural design plays a dominant role in 

minority-class sensitivity. 

 
Figure 5. Confusion matrix for the 1DCNN-ResBLSTM-Attention 

(Model A) with soft labeling approach. Vertical and horizontal axes 

are true and predicted labels, respectively. 

 

 
Figure 6. Confusion matrix for the AM-DLFC (Model B) with soft 

labeling approach. Vertical and horizontal axes are true and 

predicted labels, respectively. 

 

 
Figure 7. Confusion matrix for the Time-Reversal-1DCNN-

ResLSTM-Attention (Model C) with soft labeling approach. Vertical 

and horizontal axes are true and predicted labels, respectively. 

Among the evaluated models, Model A with soft 

labeling delivers the strongest overall results, achieving 

the highest accuracy of 96.21%, followed by Model C 

with 95.58% accuracy. These results highlight the 

effectiveness of hybrid architectures that integrate 

residual structures and attention mechanisms into 

LSTM-based networks. In imbalanced settings, metrics 
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such as the F1-score provide a more reliable evaluation 

than accuracy—particularly given the more severe class 

imbalance in HARTH v2.0 compared to its v1.0 

counterpart. Models A and C achieve macro-averaged 

F1-scores of 88.17% and 85.05%, and weighted-

averaged F1-scores of 96.06% and 95.53%, 

respectively. Model A’s superior performance comes at 

the cost of increased computational complexity, 

requiring 286,903 parameters compared to Model C’s 

195,127 (approximately 47% more). Consequently, in 

resource-constrained environments, Model C may 

provide a more favorable balance between performance 

and computational demand. 

Further evaluation using confusion matrices reveals that 

all models consistently struggle to distinguish between 

walking (activity #1), shuffling/standing with leg 

movement (activity #3), and standing (activity #6). In 

particular, the classification performance for shuffling, 

often misclassified as standing, is notably poor, as 

evidenced by the low precision, recall, and F1-scores 

shown in the per-class evaluation results (Figures 8–

10). These activities exhibit highly similar motion 

signatures and often occur in rapid succession, with 

transitions occurring in as little as 60 ms. As a result, 

overlapping temporal patterns within a single window 

can obscure class boundaries, making reliable 

discrimination difficult [32]. The resulting temporal 

ambiguity leads to systematic misclassification across 

models.  

 

Figure 8. Per-Class Precision for Models A, B, and C. 

 

Figure 9. Per-Class Recall for Models A, B, and C. 

The performance of Models A and C in classifying rare 

activity classes—specifically labels 10, 11, 17, and 

140—demonstrates notable variability. Model A, in 

particular, exhibits inconsistent behavior: while it 

achieves perfect scores (100%) on certain metrics for 

some rare classes, its precision for class 17 drops as low 

as 50%. This variability highlights the instability of 

decision boundaries for underrepresented classes, 

where limited training samples lead to high sensitivity 

to feature representation and model initialization. As a 

result, although the model can occasionally capture 

meaningful patterns for rare activities, its predictions 

are not consistently reliable across evaluation metrics. 

This indicates that successful recognition of 

underrepresented behaviors remains fragile and highly 

dependent on subtle feature distinctions learned during 

training. These findings underscore a fundamental 

challenge in imbalanced classification and point to the 

need for more robust strategies to improve rare class 

recognition [33]. Consistent with the confusion matrix 

analysis, misclassification remains prevalent among 

activities with similar motion patterns, such as walking, 

standing, and shuffling. This recurring pattern across 

independently developed architectures suggests that the 

limitation is fundamentally linked to intrinsic similarity 

in sensor signals and the granularity of activity 

annotations. 

 

Figure 10. Per-Class F1-score for Models A, B, and C. 

3.3 Limitations and Future Work 

This study evaluates three hybrid deep learning 

architectures for activity recognition under realistic and 

highly imbalanced free-living conditions without 

applying synthetic data augmentation. While this setup 

provides a faithful representation of real-world 

scenarios, the window-based formulation inevitably 

mixes transitional behaviors, which can obscure class 

boundaries and contribute to systematic 

misclassification patterns observed across all models.   

Future work may focus on refining model architectures 

and tuning hyperparameters to improve generalization. 

However, the findings suggest that architectural scaling 

alone may not fully resolve ambiguities between closely 

related motion patterns. Data augmentation techniques 

could be explored to enhance minority class 

recognition, provided that generated samples preserve 

realistic temporal dynamics. In addition, transfer 

learning from larger or related datasets may further 

improve performance for underrepresented activity 

classes. Incorporating boundary-aware learning or 

sequence-level context modeling may also help capture 

rapid transitions and reduce ambiguity in activity 
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recognition, particularly in transitional and 

underrepresented activities. 

4. Conclusions 

This study evaluates three hybrid deep learning 

architectures for human activity recognition in free-

living and highly imbalanced conditions using the 

HARTH v2.0 dataset. The results reveal three key 

findings. First, hybrid architectures that combine 

convolutional, recurrent, and attention mechanisms 

achieve strong overall performance, with Model A 

attaining the highest accuracy (96.21%) and macro-

averaged F1-score (88.17%), followed by Model C 

(95.58%, 85.05%), while Model B shows substantially 

lower macro-level performance despite comparable 

complexity. 

Second, soft labeling consistently improves 

performance across all architectures, yielding modest 

gains in accuracy (approximately 0.3 percentage points) 

and more pronounced improvements in macro-averaged 

metrics, indicating enhanced robustness for minority 

classes and transitional activities. This confirms its 

effectiveness in representing uncertainty within 

windowed sensor data. 

Third, all models exhibit persistent confusion among 

activities with similar motion patterns, particularly 

walking, standing, and shuffling. This behavior, 

observed consistently across architectures, suggests that 

limitations arise not only from model design but also 

from inherent similarities in sensor signals and the 

ambiguity of transitional movements. The instability 

observed in rare-class recognition further highlights the 

challenges of learning reliable decision boundaries 

under severe class imbalance. 

In addition, a trade-off between recognition 

performance and computational complexity is evident. 

While Model A achieves the best performance, it 

requires substantially more parameters (286,903) than 

Model C (195,127), which provides competitive results 

with lower computational demand. This trade-off is 

particularly relevant for deployment in resource-

constrained environments. 

Overall, this study demonstrates that standardized 

evaluation of hybrid architectures not only identifies 

performance differences but also reveals systematic 

limitations shared across models. The findings highlight 

the strengths of temporal-spatial attention-based 

designs while indicating that architectural scaling alone 

is insufficient to resolve ambiguities inherent in free-

living activity recognition. Future progress may 

therefore depend on improved modeling of transition 

boundaries, incorporation of richer temporal context, 

and robust strategies for handling class imbalance. 

Ultimately, advancing free-living HAR requires 

combining architectural innovation with a deeper 

understanding of uncertainty, context, and the intrinsic 

limits of sensor-based observation. 
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