
  

 

Abstract: This work presents a reproducible and multimodal 

framework for human activity recognition (HAR) that addresses 

challenges related to domain adaptation, domain shift, and 

inconsistent evaluation protocols. The proposed approach 

combines modality- specific encoders, cross-modal co-attention 

(CMCA), and domain adversarial neural networks (DANN) to 

learn adaptive, domain-invariant representations. Furthermore, a 

reproducibility module is included to ensure uniform 

preprocessing and evaluation using a strict leave-one-subject-Out 

(LOSO) protocol. The performance of the proposed model is 

evaluated on the UTD-MHAD, PAMAP2, and Opportunity 

datasets. Experimental results show consistent improvement over 

baseline approaches, with a maximum accuracy gain of 6.2% on 

the Opportunity dataset compared to early fusion. The findings 

further indicate reduced inter-class confusion and improved 

robustness to noise and degradation of the modalities. 

Keywords: Human Activity Recognition (HAR), Multimodal 

Learning, Cross-Modal Co-Attention, Domain Adaptation, 

Reproducibility, Generalization. 

I. INTRODUCTION 

Human activity recognition (HAR) plays a vital role in 

intelligent systems for various applications such as 

healthcare, human-computer interaction, and behavioral 

analysis, where there is a need for automated recognition of 

human actions based on sensor data [1][2]. The majority of 

existing HAR methodologies employ single-mode input 

modalities like wearables IMUs or video RGB stream [3]. 

Such techniques may suffer from low robustness in realistic 

scenarios because of sensor noise, occlusion, changing 

lighting conditions, and subject-to-subject variation [4]. 

The recent trend in HAR has been towards multimodal 

approaches where not only appearance but also motion-

related information extracted from various sensors is 

incorporated into the system[5]. RGB videos, skeleton data, 

and inertial measurement units (IMU) data have been 

considered for constructing multimodal HAR [6]. Moreover, 

deep neural networks such as CNNs, RNNs, and 

Transformers have gained importance in the field. In this 

regard, the emerging paradigm of reproducible and 

generalizable multimodal HAR is intended to ensure 

consistent behavior in different users and deployment 

environments[7]. 

Despite all the progress mentioned above, there are 

persistent problems in multimodal HAR algorithms, namely 

reproducibility, cross-modal consistency, and generalization 

to unseen subjects and domains. These problems have been 

compounded further due to non-standardization in the pre-

processing stage, inconsistent evaluation approaches, and 

poor handling of modality failure. As a result, the design of 

unified, reproducible, and generalizable frameworks to 

support reliable multimodal learning and cross-benchmark 

evaluation is a current research task. In this paper, these 

problems are addressed by introducing a multimodal HAR 

framework, which consists of a standardized preprocessing 

pipeline, adaptive CMCA fusion, and domain-adversarial 

representation learning. 

II.  RELATED WORK 

The design of accurate HAR models has been increasingly 

dependent on the use of heterogeneous sensor fusion and 

neural network architecture for handling real-life scenarios. 

In [8], a self-supervised pre-training scheme utilizing 

masking of synchronized data was proposed to extract 

spatiotemporal information without relying on external 

annotations. In [9], a model was proposed for optimizing 

action recognition by integrating residual convolutions with 

attention mechanisms based on hierarchy and grammatical 

matrices. To mitigate the problem of poor data quality, [10] 

proposed a denoising autoencoder with self-attention for 

handling multimodal correlation across sensors. To resolve 

the problem of high computational requirements associated 

with multimodal models in edge computing environments, 

[11] designed an approach utilizing knowledge distillation for 

transferring features from teacher to student models. 

A multistream factorized transformer model was developed 

in [12] by leveraging temporal embeddings to exploit local 

variations and alignment without feature extraction modules. 

Foundation models are also another approach to 

accommodate different modalities, which includes a model 

that uses masked data modeling and few-shot alignment with 

respect to sensor input variations and devices proposed in [7]. 

Deep reinforcement learning and large language models' 

contributions to HAR were reviewed in detail in [13]; while 

in [14], a technique using confidence-based gradient 

adjustment was suggested as a solution to mitigate modality 

conflict problems. The development of sensor-based and 

hybrid methods was investigated in [15]. 

Generalization among various users continues to be an 

obstacle owing to subject-specific biomechanics. The authors 
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in [16], addressed the challenge by suggesting the use of a 

Siamese adversarial network with the goal of minimizing 

variations between representation models of various subjects. 

To ensure generalization throughout the training phase, [17] 

offers a review of tunable parameters, suggesting 

standardized approaches to HAR studies. The authors of [18], 

introduces a graph-based model augmented by edge 

information, which is able to leverage domain invariant 

characteristics by using anatomical correlation information. 

In [19], it is proven that including discriminative activity-

based subjects in adversarial networks improves 

classification performance considerably. 

The concepts of efficiency and alignment based on attention 

mechanisms have been further improved in recent literature 

to allow reproducibility. In [20], a lightweight residual 

network architecture for inertial signals was designed to 

provide optimal performance versus complexity trade-off. 

The work in [21], addressed the problem of inter-subject 

variability for embedded solutions by demonstrating that 

embedding the variability in modeling activities performed 

by different subjects increases the robustness of models. The 

authors in [22], introduced a unified contrastive fusion 

transformer and a factorized time-modality transformer to 

achieve efficient precision fusion in the sense of complexity 

and contextual representation richness. Lastly, the authors in 

[23], developed an approach using inter-segment attention 

mechanism and converting the inertial signal into Gramian 

angular fields to capture activity properties efficiently. 

 

III. PROBLEM FORMULATION 

HAR involves inferring human actions from multimodal 

time-series data collected by different sensors. Here, the 

problem of HAR is formulated as that of multi-modal 

sequence learning under domain shift and noise perturbation. 

A. Temporal Alignment and Multimodal 

Representation 

Let ℳ = {𝑀1, 𝑀2, … , 𝑀𝑘} denote a set of K heterogeneous 

sensing modalities such as IMUs, RGB video, and skeletal 

pose. Each modality 𝑀𝑘 produces a time-series signal: 

𝑋𝑘 = {𝑥𝑘
𝑡 }𝑡=1

𝑇𝑘 ,    𝑋𝑘 ∈ ℝ𝑇𝑘×𝐷𝑘 (1)  

where 𝑇𝑘 and 𝐷𝑘  denote the temporal length and feature 

dimensionality, respectively. Considering the different 

sampling rates of the raw data, they are first synchronized in 

terms of temporal resolution to T using synchronization 

function 𝑆(⋅):  

𝑋̂𝑘 = 𝑆(𝑋𝑘), 𝑋̂𝑘 ∈ ℝ𝑇×𝐷𝑘 (2)  

The synchronized modality is then transformed to latent 

representation as follows: 

𝑍𝑘 = 𝜙𝑘(𝑋̂𝑘), 𝑍𝑘 ∈ ℝ𝑇×𝑑 (3)  

where 𝜙𝑘(⋅)  maps modality-specific spatial-temporal 

information into unified space having dimensionality d. The 

learned fusion function 𝛹 is used for aggregation to get fused 

features 𝑍 as below:  

𝑍 = 𝛹(𝑍1, 𝑍2, … , 𝑍𝑘) (4)  

B. Learning Objective and Domain Invariance 

The model is trained to minimize an objective which 

considers both activity recognition and domain invariance 

together. The total loss L is defined as: 

𝐿 = 𝐿𝑐𝑙𝑠(𝑦̂, 𝑦) + 𝜆𝐿𝑑𝑜𝑚𝑎𝑖𝑛(𝑍) (5)  

where: 

• 𝐿𝑐𝑙𝑠  is the classification loss based on supervised 

training data. 

• 𝐿𝑑𝑜𝑚𝑎𝑖𝑛 is the loss incurred by domain-adversarial 

network calculated through Gradient Reversal 

Layer. It helps to achieve invariance of subjects' 

features but still preserves activity discriminative 

features. 

• λ is a hyperparameter which determines the balance 

between classification and domain invariance. 

C. Robustness to Noise and Perturbations 

In practical situations, the sensor readings might be subjected 

to noise contamination or failure. The contaminated input 

data can be described in the form 𝑋̃𝑘 = 𝑋̂𝑘 + 𝜀𝑘, where 𝜀𝑘 

denotes the noise in terms of stochastic nature or missing data 

regions. The system is expected to comply with the 

robustness condition: 

∥ 𝐹(𝑋) − 𝐹(𝑋̃) ∥< 𝛿 (6)  

where F is the mapping function and δ is a predetermined 

tolerance level. 

D. Generalization under Domain Shift 

To achieve generalization to unseen users, a Leave-One-

Subject-Out (LOSO) framework is adopted. Considering a 

source domain 𝑃𝑠  and a target domain 𝑃𝑡  such that 𝑃𝑠 ≠ 𝑃𝑡 , 

the aim is such that the learned features Z maintain their 

invariance with respect to the subject identity but at the same 

time be discriminative about the target tasks. 

E. Reproducibility Constraint 

To resolve the reproducibility crisis in HAR, the suggested 

approach complies with the consistency principle. Here, 

experimental results R can be represented as a function of the 

predefined pipeline 𝑃(⋅) , the model structure A, and the 

evaluation function 𝐸(⋅). 
 

𝑅 = 𝐸(𝐹(𝑃(𝑋); 𝐴)) (7)  

The above-mentioned parameters remain constant, and open-

source preprocessing scripts are used to prove the 

reproducibility of the results. 
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IV. PROPOSED METHODOLOGY 

This research proposes a multimodal HAR framework 

designed to improve robustness, generalization, and 

experimental consistency. It addresses three problems of 

domain shift, sensor noise, and the absence of a common 

evaluation protocol by incorporating noise aware feature 

extraction, cross modal co attention, and adversarial domain 

adaptation into one framework. 

A. Multimodal Input Representation 

The input vector is denoted by 𝑋 = {𝑋1, 𝑋2, . . . , 𝑋𝑘}, where 

𝑋𝑘 refers to the input vectors of time series collected using 

different sensors, such as IMUs, RGB videos, and skeletal 

poses. To maintain the consistency in terms of time for each 

stream despite the different sampling rates used, the 

following normalization function is employed: 

𝑋̂𝑘 = 𝑆(𝑋𝑘) (8)  

The function performs linear interpolation to match all 

modalities in terms of their temporal granularity in order to 

ensure synchronization before further computations. 

Considering the differences in the availability of different 

modalities from one data set to another, this model is 

designed based on the use of only those modalities that are 

available, without generating any additional input 

B. Noise-Aware Preprocessing via Denoising 

Autoencoder 

In order to simulate the effects of sensor noise, as well as 

possible signal dropout during training time, the proposed 

framework uses a preprocessing phase for handling sensor 

noise. Stochastic noise is added to each modality [24]: 

𝑋̃𝑘 = 𝑋̂𝑘 + 𝜖𝑘,           𝜖𝑘 ∼ 𝑁(0, 𝜎2) (9)  

The denoising autoencoder (DAE) is then used to denoise and 

restore the original signal: 

𝑋𝑘
𝑐𝑙𝑒𝑎𝑛 = 𝐷𝐴𝐸(𝑋̃𝑘) (10)  

The optimization objective of the framework is defined as 

follows: 

𝐿𝑟𝑒𝑐 = ∑ ∥ 𝑋̂𝑘 − 𝑋𝑘
𝑐𝑙𝑒𝑎𝑛 ∥2

𝐾

𝑘=1

 (11)  

It ensures that the proposed framework learns noise-invariant 

signatures before entering the feature encoding step. 

C. Modality-Specific Feature Encoding 

The processed inputs are passed through modality-specific 

encoders 𝜙𝑘(𝑋𝑘
𝑐𝑙𝑒𝑎𝑛). In case of IMU signals, conversion into 

gramian angular field (GAF) images is applied to maintain 

the temporal-spatial correlations within the signals and 

processing is done through CNNs. Visual streams pass 

through transformers to detect long-range spatial-temporal 

dependencies. To tackle the issue of dimensional mismatch 

between different sensors, the following transformation is 

used for mapping [25]: 

𝑍𝑘 = 𝑊𝑘𝑍𝑘 + 𝑏𝑘 (12)  

where 𝑊𝑘 is a learned projection matrix that projects varying 

dimensions into a common d-dimension. 

D. Adaptive CMCA Fusion 

The proposed CMCA mechanism models interactions among 

available modalities. In case only one modality is present, the 

attention mechanism gives all its weight to the available 

modality, while the fusion process becomes an identity 

function. For each modality: 

𝑄𝑘 = 𝑊𝑞𝑍̃𝑘,     𝐾𝑘 = 𝑊𝑘
𝑎𝑡𝑡𝑍̃𝑘 (13)  

The attention score is calculated via the interaction as: 

𝛾𝑘 =
𝑄𝑘

⊤𝐾𝑘

√𝑑
,        𝛼𝑘 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝛾𝑘) (14)  

The fused representation 𝑍𝑓𝑢𝑠𝑒𝑑 = ∑ 𝛼𝑘
𝐾
𝑘=1 𝑍𝑘 , allows the 

model to prioritize reliable sensors. 

E. Domain-Invariant Feature Learning (DANN) 

To mitigate performance degradation introduced by the 

domain shift problem, a DANN is incorporated. The goal of 

the domain classifier 𝐷(⋅) is to predict the domain ID of the 

subject using the fusion features, and the GRL encourages the 

feature extractor to learn subject-invariant features: 

𝐿𝑎𝑑𝑣  =  −𝔼𝑥𝑠
[𝑙𝑜𝑔(𝐷(𝑍𝑓𝑢𝑠𝑒𝑑

𝑠 ))]  − 𝔼𝑥𝑡
[𝑙𝑜𝑔(1

− 𝐷(𝑍𝑓𝑢𝑠𝑒𝑑
𝑡 ))] 

(15)  

The activity classifier 𝐺𝑦  performs classification of the 

activities with a cross-entropy loss, 𝐿𝑐𝑙𝑠. 

F. Joint Optimization Objective 

The objective function defines a multitask learning 

formulation: 

𝑚𝑖𝑛 
𝜙𝑘, 𝐺𝑦 

𝑚𝑎𝑥
𝐷

 𝐿𝑐𝑙𝑠 + 𝜆1𝐿𝑎𝑑𝑣 + 𝜆2𝐿𝑟𝑒𝑐 (16)  

where 𝜆1 regulates the extent of the doman-invariance and 𝜆2 

ensures the robustness of the signal reconstruction. 

The overall architecture of the proposed framework, which 

involves multimodal feature encoding, cross-modal adaptive 

attention fusion, domain adversarial learning, and the 

repeatability component, is shown in Figure 1. 

V. COMPUTATIONAL COMPLEXITY  

Computational complexity results from feature 

representation, co-attention fusion, and domain adversarial 

learning Let  𝐾 be the number of input modalities, and 𝑑 be 

the size of the feature vector. The computational complexity 

of the co-attention model is 𝑂(𝐾 ⋅ 𝑑2) which is analogous to 

the conventional models utilizing the attention mechanism. 

Domain adversarial learning is relevant only to the training 

stage and does not impose much complexity on inference. 

The overall computational complexity of the framework is 

moderate compared to existing multimodal methods. 
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Figure 1. Overview of the proposed multimodal HAR 

framework. 

VI. RESULTS AND DISCUSSION 

In this section, experimental setup and evaluation metrics are 

described first, followed by a detailed discussion of the 

results. 

A. Experimental Setup and Metrics 

To evaluate the effectiveness of the  

proposed approach, the experiments were carried out on three 

popular datasets: UTD-MHAD [26], PAMAP2 [27], and 

Opportunity [28]. The UTD-MHAD is used for multimodal 

evaluation, whereas PAMAP2 and Opportunity are evaluated 

under IMU or multi-sensor configurations depending on 

available modalities. In order to determine the generalization 

capability of the model, a LOSO cross validation strategy was 

adopted. Two performance metrics such as Accuracy and 

Macro-F1 score are used to evaluate the results, while the 

latter is especially important due to the class imbalance 

characteristic of the Opportunity data set. The performance 

evaluation of proposed approach is carried out under both 

multimodal and sensor dominant conditions in case of 

availability of the modalities for adaptability to different 

modalities. The implementation details are summarized in 

Table-I. 

Table- I: Implementation Details 

Item Description 

Framework PyTorch 2.1 

Hardware NVIDIA RTX 3090 GPU 

Optimizer Adam 

Initial Learning Rate 1 × 10⁻⁴ 

Batch Size 64 

Epochs 80 

Windowing 
2.56 s (UTD-MHAD), 4 s 

(PAMAP2), 50% overlap 

Data Augmentation Gaussian noise (σ² = 0.01) 

Regularization 
Dropout (0.5), weight decay (1 

× 10⁻⁵) 

Loss Weights λ₁ = 0.5, λ₂ = 0.3 

Random Seed 42 

Preprocessing 
Normalization, synchronization, 

segmentation 

Evaluation Metrics Accuracy, Macro-F1 

 

B. Quantitative Results 

Table-II summarizes the comparative performance of the 

models on UTD-MHAD, PAMAP2, and Opportunity 

datasets. The LOSO protocol is used to evaluate cross-subject 

generalization in realistic scenarios where the system needs 

to adapt to unknown users. 

 

Table- II: Performance Comparison across Benchmarks 

Dataset Method Accuracy 

(%) 

F1 score 

(%) 

UTD-

MHAD 

Single Modality 

(IMU) 

88.4 87.1 

 Early Fusion 

(Concat) 

91.2 90.5 

 Proposed (Co-

Attn + DANN) 

94.8 94.2 

PAMAP2 Single Modality 

(IMU) 

85.2 84.6 

 Early Fusion 

(Concat) 

87.5 86.9 

 Proposed (Co-

Attn + DANN) 

91.3 90.8 

Opportunity Single Modality 

(IMU) 

72.1 68.4 

 Early Fusion 

(Concat) 

76.5 73.2 

 Proposed (Co-

Attn + DANN) 

82.7 80.5 

 

As demonstrated, the proposed method shows improved 

performance compared to both the single modality baseline 

and the early fusion approach on all datasets. On the UTD-

MHAD dataset, the performance of the model is measured in 

terms of accuracy at 94.8%, which is a 3.6% increase 

compared to the early fusion approach. On the PAMAP2 

dataset, a similar increment of 3.8% is also attained. The 

model is also capable of providing better performance on the 

Opportunity dataset, where an increase of 6.2% in accuracy 

from 76.5% to 82.7% is achieved.  

C. Ablation Study: Impact of DANN and Co-Attention 

 

To evaluate the contribution of individual modules, an 

ablation study was performed using the UTD-MHAD dataset. 

The result presented in Table-III shows that the contributions 

of co-attention and domain adaptation are complementary. 

 

Table- III: Ablation Study on UTD-MHAD 

Configuration Accuracy 

(%) 

F1-

Score 

(%) 

Difference 

(vs. Base) 

Base (Concat) 91.2 90.5 - 

Base + Co-

Attention 

92.7 92.1 +1.5% 
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Base + DANN 93.1 92.5 +1.9% 

Full Framework 

(Co-Attn + 

DANN) 

94.8 94.2 +3.6% 

 

Based on the findings, it is observed that DANN offers a 

notable improvement for the LOSO setup, as it encourages 

the feature extractor to extract features that are robust to any 

style of walking/motion. At the same time, Co-Attention 

tackles heterogeneous data by assigning modality weights 

dynamically. 

 

D. Qualitative Analysis: Fusion Interpretability 

Qualitative analysis of attention weights (𝛼𝑘) indicates that 

the proposed framework is efficient in handling sensor 

reliability issues on-the-fly. When faced with modality 

degradation scenarios, such as a subject hiding behind 

furniture, the Co-Attention layer was noted to assign higher 

attention weights (up to 0.85) to the IMU sensor channel. On 

the other hand, when IMU sensors experience drift, the 

attention shifts toward more reliable modalities. 

Additionally, the addition of the Reproducibility Layer solves 

one of the major challenges in HAR studies by ensuring 

standardization of the evaluation pipeline. By adopting 

stringent LOSO splits and signal-to-image conversions GAF, 

the proposed framework supports consistent and reproducible 

evaluation of the findings, irrespective of body morphology 

differences. 

VII. LIMITATIONS 

Although there is a noted level of performance, there are still 

some limitations that need to be addressed. First, the 

experiments are only carried out using a selected few open-

source datasets, namely UTD-MHAD, PAMAP2, and 

Opportunity. This may fail to capture the true extent of 

diversity found in real-world data. Second, not all the datasets 

offer a complete combination of modalities, making it 

necessary to carry out experiments in multimodal and sensor-

heavy configurations. Third, the co-attention module requires 

higher computation power than regular fusion modules. 

VIII. CONCLUSION 

In this paper, we propose a multimodal framework for human 

activity recognition based on modality-dependent 

representation, cross-modal co-attention mechanism, and 

domain-independent learning. The experimental results 

obtained on the UTD-MHAD, PAMAP2, and Opportunity 

datasets, demonstrate improved performance over the 

baseline techniques using the LOSO protocol. This implies 

that there is enhanced generalization capability, less 

confusion among classes, and more robustness to noise and 

degrading modality. Future research will concern further 

development of the approach using different datasets and 

optimizing its computational performance. 
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