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Abstract 

Sensor-based human activity recognition (HAR) is often deployed 

under subject shift, uncertain predictions, and tight resource budgets. 

We introduce CALM- HAR, a confidence-calibrated, lightweight 

fusion framework designed for reliable on-device inference. CALM-

HAR couples a tiny temporal encoder (shallow 1-D CNN) with tree-

based learners (Random Forest, XGBoost) and applies post-hoc 

temperature scaling to obtain well-calibrated class probabilities. A 

confidence-weighted late-fusion head combines learners in a data-

dependent manner, using predictive entropy to modulate each model’s 

contribution without adding heavy meta-networks. We evaluate under 

subject-independent (leave-one-subject-out) and cross-dataset (train 

on UCI HAR, test on PAMAP2) protocols and report accuracy, macro-

Precision/Recall/F1 together with Expected Calibration Error (ECE), 

negative log-likelihood (NLL), and CPU-bound latency/size. Across 

settings, CALM-HAR maintains competitive macro-F1 while 

consistently improving probability calibration relative to un-calibrated 

stacking and single-model baselines, yielding dependable decisions at 

low cost. The paper details pre-processing, hyper parameters and 

evaluation settings to support transparent replication. These results 

indicate that careful calibration and confidence-aware fusion offer a 

practical alternative to heavier architectures for robust, edge-oriented 

HAR. 
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1. INTRODUCTION 

Human Activity Recognition (HAR) has emerging out as a 

rapidly evolving research field at the intersection of computer 

vision, signal processing, and artificial intelligence (AI). The key 

objective of HAR is to automate the process of identifying human 

activities from diverse source of data such as photos, video 

streams and reading obtained from different kind of sensors 

including wearable sensors, Inertial Measurement Unit (IMUs) 

and Smart phones etc. Human activity includes physical activities 

ranging from simple activities such as lying, standing, walking, 

running to complex multi-stage activities like cooking, grooming, 

gardening, studying and playing game, etc. Recognizing complex 

activities is very difficult as they are not single, isolated 

movements but a combination of coordinated sub-actions. Correct 

recognition of human activities plays a crucial role in several real-

life applications, ranging from health care monitoring and 

rehabilitation to surveillance, robotics, smart homes, sports 

analytics and human–computer interaction [1]. 

The increase in the integration of sensor equipped smart 

devices in day to day life has accelerated the availability of 

continuous human-centric data. For example, wearable sensors 

such as accelerometer, magnetometer, gyroscope, pulse oximeter, 

Photoplethysmography, and GPS embedded in smart phones, 

fitness bands, and smart watches offer valuable insight into 

physical and behavioral patterns [2]. Similarly, the growth of 

Internet of Things (IoT) ecosystems has also facilitated the 

platform for the development of more advanced HAR systems 

capable of real-time monitoring and decision-making [2,3]. These 

technological advances highlighted the need of robust HAR 

frameworks that can operate efficiently under diverse conditions, 

including varying activity intensities, environmental contexts, and 

subject variability. 

Despite its high potential, HAR remains a difficult task due to 

its inherent complexities and the diverse nature of human 

activities. Depending on factors such as age, gender, physical 

health, and cultural background, different human being may 

perform the same activity in different ways [4]. Moreover, 

activities often overlap temporally or occur in unstructured 

environments, making precise recognition more difficult. Apart 

from that, data set quality factors, such as presence of noise and 

missing values or data imbalance, further heighten these 

challenges. Therefore, the researchers have assessed more 

advanced machine learning and deep learning technologies, 

including Convolutional Neural Networks (CNNs), recurrent 

neural networks (RNNs), long short-term memory (LSTM) 

networks, and transformer-based architectures, to further enhance 

the recognition accuracy and generalization [5].     The recent 

paradigm shift toward deep learning has significantly enhanced 

HAR performance by enabling automatic feature extraction from 

raw data. Unlike traditional handcrafted features, deep models can 

capture hierarchical temporal–spatial dependencies, making them 

highly suitable for modeling complex human activities [6,8]. 

Another critical consideration is the transition from controlled 

laboratory datasets to real-world applications. Benchmark 

datasets such as UCI-HAR, PAMAP2, and Kinetics have enabled 

progress, but they often fail to capture the diversity of activities 

performed in naturalistic environments [9]. Real-time HAR 

requires handling dynamic environmental conditions, sensor 

placement variations, and unforeseen activity combinations. 

Addressing these limitations is essential to achieve the reliability 

and scalability required for applications in healthcare, smart 

cities, and assistive technologies [10]. 

 In all, Human Activity Recognition is a multidisciplinary 

research field with huge potential to advance human–machine 

interaction and intelligent systems that can make human life easier 

and comfortable. The ongoing advancement in deep learning 

(DL), IoT, edge computing, and privacy-aware techniques is 

expected to redefine HAR capabilities in the upcoming years. 

Nevertheless, ensuring robustness, scalability, and ethical 

deployment continues to be the cornerstone of future research in 

this area. 

In this paper we mainly focused on three practical obstacles 

that limit the reliable deployment of HAR in real environment. 

First, subject shift—arising from inter-person variability in 
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movement patterns and device placement can cause models 

trained on one cohort to degrade on unseen users [11-13]. Second, 

many modern classifiers yield miscalibrated probabilities, 

producing overconfident errors that complicate thresholding and 

downstream decision-making [14,15]. Third, on-device 

applications impose tight constraints on memory and latency, 

motivating architectures that are both accurate and resource-

efficient [16]. 

This paper addresses these challenges with CALM-HAR, a 

confidence-aware, resource-efficient fusion framework for on-

device HAR. The approach couples a tiny temporal encoder with 

complementary non-neural learners (Random Forest and gradient 

boosting) and applies post-hoc temperature scaling to obtain well-

calibrated class probabilities [14,17,18]. At inference time, a 

lightweight confidence-weighted late-fusion mechanism 

modulates each learner’s contribution as a function of predictive 

uncertainty, realizing data-dependent model selection without 

heavy meta-networks [19]. The resulting system is designed to 

respect subject-independent evaluation protocols, deliver 

calibrated probabilities, and remain practical for embedded 

platforms. 

We consider tri-axial accelerometer and gyroscope streams 

resampled to a common frequency and segmented into short, 

overlapping windows (UCI HAR and PAMAP2) [20,21]. The 

task is to assign an activity label to each window with high 

accuracy and reliable confidence estimates. Because random 

record splits may inadvertently mix subject identities between 

training and testing, we emphasize subject-independent 

evaluation and additionally study cross-dataset transfer, which 

probes robustness to device and context shifts [11,13]. 

CALM-HAR comprises: (i) A shallow 1-D convolutional 

encoder that extracts compact temporal embeddings, (ii) Two 

tree-based learners trained on the same windowed representation, 

(iii) Post-hoc temperature scaling applied to all base learners to 

obtain well-calibrated class probabilities, and (iv) A confidence-

weighted late-fusion head that forms final predictions from 

calibrated probabilities and simple uncertainty summaries (e.g., 

predictive entropy) [14,15].The design preserves interpretability 

and efficiency while exploiting diverse inductive biases of neural 

and tree models. We contrast this with prevalent deep HAR 

baselines (CNN/DeepConvLSTM) that often achieve strong 

within-dataset scores but at higher computational cost and with 

limited attention to probability calibration [6,8]. 

We adopt leave-one-subject-out (LOSO) as the primary 

protocol and assess cross-dataset generalization by training on 

one dataset and evaluating zero-shot on another [11]. LOSO 

protocol ensures that the proposed model is not tested on data that 

it has already seen during the training phase. For that it trains the 

model on the data obtained from all volunteers except one, and 

then test it on the data of volunteer who was left out. This process 

was repeated out with every volunteer and then the accuracy 

obtained is averaged out to get the final accuracy of the model. To 

further ensure the generalization we use the cross dataset 

generalization in which again it is ensured that the model is 

always tested on unseen data, for that the model is trained on one 

dataset is tested on another dataset. Alongside accuracy and 

macro-averaged precision/recall/F1, we report Expected 

Calibration Error (ECE) and negative log-likelihood (NLL) to 

quantify probabilistic reliability, and we measure model size and 

CPU-bound latency to reflect deployability [14] [16]. 

This work makes four contributions: (1) A confidence-

calibrated late-fusion framework that adaptively combines 

complementary learners without expensive meta-models [19]; (2) 

A compact temporal encoder and tree ensemble combination that 

attains competitive recognition under subject-independent and 

cross-dataset conditions while remaining on-device friendly [16-

18]; (3) A calibration-first evaluation for HAR that reports ECE 

and NLL in addition to standard classification metrics [14,15]; 

and (4) A transparent, reproducible pipeline with explicit pre-

processing, hyper parameters, and protocols to facilitate fair 

comparison and replication [12] [13]. 

2. RELATED WORK 

This section talks about the challenges that have been 

encountered during the evolution of the human recognition 

system and how these challenges have been resolved over the past 

year. 

2.1 MACHINE LEARNING FOR SENSOR-BASED 

HAR 

Most of the traditional HAR was based on machine learning. 

These traditional approaches applies different feature engineering 

techniques in pre-processing of raw data, obtained from the 

sensor, to extract features, then apply the machine learning 

models (Such as K- Nearest Neighbors, Support Vector Machine, 

Decision Tree, XGboost, Random Forest etc.) to obtain the final 

classification prediction for human activities. These traditional 

approaches deliver the remarkable performance but still the 

overhead of manual feature extraction from the raw data raise a 

question on these traditional approaches, because the quality of 

extracted features majorly affects the performance of the machine 

learning models. Apart from that, these traditional machine 

learning based HAR models suffer from the problem of over 

fitting, robustness to noisy data [22-24] 

2.2 ENSEMBLE TECHNIQUES IN HAR 

To tackle the problem of over fitting/robustness to noisy data, 

researchers shift their attention from the basic machine learning 

model to the concept called ensemble techniques, in which we 

combine/train multiple diverse models (also called base learners), 

and then the prediction from base learners is combined to get the 

final prediction. In ensemble technique, diversity is introduced 

either by training multiple different models on the same training 

data or by training the same model on random/different subset of 

training data. These ensemble techniques overcome the 

bottleneck of over fitting/robustness to noisy data, but the 

overhead of manual feature extraction still exists. To handle that 

overhead problem, researchers shift their focus towards deep 

learning architectures [25-27]. 

2.3 DEEP LEARNING MODELS FOR SENSOR-

BASED HAR 

Transformer in deep learning basically implements the 

concept of self attention that captures long range dependencies in 

sequential data, in turn it helps to recognize long and complex 
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human activities. Recent work in deep learning based HAR 

increasingly adopts these Attention- or Transformer-style 

architectures to model long-range temporal dependencies in 

inertial data, complementing earlier CNN/DeepConvLSTM 

designs. Surveys and empirical studies from 2023-24 document 

this shift and review architectural trends as well as modality 

fusion for multi-sensor settings [28-30].These approaches achieve 

strong within-dataset accuracy, but their computational cost and 

sensitivity to domain shift often complicate deployment on 

resource-constrained wearables. 

2.4 DOMAIN SHIFT, CROSS-SUBJECT, AND 

CROSS-DATASET GENERALIZATION 

Despite considerable advances, Generalization among users, 

devices, and collection protocols remains a central challenge in 

HAR. The CrossHAR framework (2024) tackles cross-dataset 

transfer via hierarchical self-supervised pretraining without 

requiring target labels [31]. To standardize evaluation and reduce 

apples-to-oranges comparisons, the 2024 DAGHAR benchmark 

curates smartphone HAR datasets for domain adaptation/ 

generalization research [32]. Beyond pretraining, domain 

generalization and test-time adaptation (TTA) have gained 

traction: optimization-free TTA for cross-person HAR and 

reduces on-device cost while improving robustness [33], and mix-

based DG strategies integrated with modern backbones report 

competitive performance in 2025 studies [34]. These lines of 

work motivate protocols that go beyond random record splits e.g., 

LOSO and cross-dataset tests. 

2.5 CALIBRATION AND RELIABILITY OF 

PROBABILISTIC PREDICTIONS 

Although accuracy dominates HAR reporting, but the recent 

ML literature also emphasizes the reliability of predicted 

probabilities. Advances in scalable multiclass calibration auditing 

(2024) and statistically valid uncertainty quantification for ECE 

(2024) provide tools to assess whether confidence estimates align 

with empirical frequencies [35,36]. Bringing these diagnostics 

into HAR is timely, given threshold-based decision pipelines in 

safety-critical applications. 

2.6 ON-DEVICE EFFICIENCY AND EDGE 

DEPLOYMENT 

A parallel thread targets practical deployment under 

memory/latency/energy constraints. Studies in 2024–2025 

demonstrate low-latency HAR on embedded hardware (including 

TinyML-class MCUs) and discuss trade-offs among accuracy, 

energy, and model size [37-39]. Complementary surveys on 

energy-aware wearable HAR synthesize design patterns for 

battery-limited scenarios [40]. These results underscore the need 

for compact backbones, lightweight fusion, and reporting of 

latency/size alongside accuracy. 

Building on these directions, our approach emphasizes (i) 

subject-independent and cross-dataset evaluation, (ii) probability 

calibration (ECE/NLL) in addition to standard metrics, and (iii) 

on-device feasibility via a light encoder and confidence-weighted 

late fusion. This combination aims to narrow the gap between 

state-of-the-art accuracy and deployment-ready reliability. 

3. METHODOLOGY 

This section describes the architecture of the proposed model 

in detail, and its subsections describe the different modules of the 

proposed architecture. CALM-HAR is a confidence-calibrated, 

lightweight fusion pipeline for sensor-based human activity 

recognition (HAR). It comprises: (i) A compact temporal encoder 

that yields window-level embeddings and class probabilities, (ii) 

Two complementary tree ensembles, (iii) Post-hoc probability 

calibration, and (iv) A confidence-weighted late-fusion head. The 

design targets subject-independent generalization and on-device 

inference. The Fig.1 shows the proposed CALM-HAR 

Architecture. 

 

Fig.1. Architecture of Proposed CALM-HAR 

3.1  SIGNAL PROCESSING AND 

REPRESENTATION 

We use tri-axial accelerometer and gyroscope streams (6 

channels). All signals are resampled to a common rate of 50 Hz 

using antialiased decimation. Windows of 2.0 s (100 samples) are 

extracted with 50% overlap. Channel-wise z-score normalization 

is computed on the training fold and applied to validation/test 

splits to avoid leakage. Windows receive the majority activity 

label; windows with ambiguous labels (majority<60%) are 

discarded. 

3.2 BASE LEARNERS 

3.2.1 Tiny Temporal Encoder: 

  A shallow 1-D CNN encodes each window: two temporal 

convolutions (kernel sizes {5,3}, channels {32,64}) with GELU 

activations and stride 1, followed by global average pooling and 

a 128-D projection with dropout (p=0.2). A linear classifier maps 

the 128-D embedding to C logits. The encoder supplies both (i) 

softmax probabilities and (ii) the 128-D embedding. Below Fig.2 

shows the architecture of Tiny Temporal Encoder’s architecture. 
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Fig.2. Temporal Encoder Architecture 

3.2.2 Tree Ensemble: 

We used two decision tree based base learners, Random Forest 

(RF) and XGBoost. 

• Random Forest is a supervised machine learning model for 

classification and regression. It is the special implementation 

of ensemble technique in machine learning while taking 

decision tree as base learner. To introduce diversity among 

the base learner, each base learner in random forest is trained 

on different subset of training data and then the results each 

of these base learners are averaged out to produce final 

robust result. 

• XGBoost is the advanced version of gradient boosting 

machine learning algorithm that iteratively combines 

multiple weak learners (usually decision stump, a single 

level decision tree) to produce more advanced and strong 

learner. 

In our implementation, we train both tree ensembles on the 

same windowed representation (flattened raw window or the TTE 

embedding; we adopt the latter in our default setting). Hyper-

parameters are chosen for compactness (e.g., RF: 400 trees, max 

depth 18; XGB: 500 trees, max depth 6, learning rate 0.05, sub 

sample/col. sample 0.8). 

3.3 POST-HOC CALIBRATION 

To improve reliability in our proposed architecture, we 

calibrate class probabilities for each base learner via temperature 

scaling. Let ( ) c
mz x R be the logits of model m for window x. A 

scalar temperature Tm > 0 is learned on validation data by 

minimizing the negative log-likelihood (NLL), and calibrated 

probabilities are- 
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We applied calibration once after training and used at 

inference without affecting latency materially 

3.4 CONFIDENCE-WEIGHTED LATE FUSION 

For each calibrated model m∈{TTE,RF,XGB} we computed a 

scalar confidence 
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Which maps entropy to [0,1] (higher is more confident). The 

fusion head forms final probabilities by a normalized, confidence-

weighted mixture with learnable model weights 0mw  : 
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In an extended variant, a logistic-regression (LR) meta-learner 

receives  where e(x) is the 128-D TTE embedding, enabling class-

dependent weighting while remaining lightweight. 

3.5 OPTIMIZATION 

The TTE is trained with AdamW (learning rate 1e-3), cosine 

decay, batch size 256, and early stopping on validation NLL 

(patience 8) to handle overfitting. Cross-entropy loss uses class 

weights inversely proportional to class frequencies in the training 

fold. RF/XGB are tuned on the same folds with early stopping 

where applicable. Temperature Tm are fitted on the validation split 

and fixed thereafter. Unless otherwise stated, we report the mean 

over three random seeds. 

3.6 PROTOCOLS AND SAFEGUARDS 

To prevent identity leakage, normalization statistics and 

calibration parameters are computed strictly within training/ 

validation folds. We adopt leave-one-subject-out (LOSO) as the 

default protocol; cross-dataset evaluation trains on one dataset 

and evaluates zero-shot on another without access to target labels 

or statistics. 

3.7 COMPLEXITY AND DEPLOYMENT 

The encoder contains O(105) parameters (exact count depends 

on channel layout and kernel widths). Fusion adds negligible 

overhead (vector arithmetic and a few scalar weights). We 

measure deployability via model size and single-window CPU 

latency (batch=1). The method is amenable to integer 

quantization of the encoder and shallow-tree constraints for the 

ensembles if tighter resource budgets are required. 

4. EXPERIMENTAL SETUP 

This section talks about datasets, protocol used to train and test 

the proposed architecture, and also describes the metrics and 

baseline models used during evaluation in experimental phase. 
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4.1 DATASETS 

We performed the evaluation on two high-quality  widely used 

publicly available benchmark datasets on human activity 

recognition namely UCI HAR and PAMAP2. 

4.1.1 UCI-HAR Dataset: 

This orignal dataset was recorded from 30 volunteers, aged 

between 19 to 48 years, who wore sensors equipped Samsung 

Galaxy S II Smartphone on their waist. Each subject/volunteers 

performed 6 kinds of activities namely walking, climbing stairs, 

going down stairs, sitting, standing, and laying. The dataset 

basically captured tri-axial readings at the constant rate of 50Hz 

from gyroscope and accelerometer equipped in Smartphone. The 

accelerometer sensor captured the linear acceleration while the 

gyroscope recorded the angular velocity in tri-axial direction. 

Train-test split ratio for this original dataset was 70% to 30%. In 

preprocessing step, the concept of windowing was applied with 

2.56s sliding window and 50% overlap. 

4.1.2 PAMAP2 Dataset 

This original dataset included data for 18 physical activities 

performed by 9 volunteers, including 8 males and 1 female, while 

wearing multiple IMUs (on waist, wrist and ankle) and a heart rate 

monitor on chest. Each IMUs was equipped with multiple sensors 

like gyroscope, magnetometer, accelerator, temperature sensor 

etc. 

In our evaluation process we used only hand-worn IMU’s 

(accelerometer and gyroscope) data of PAMAP2 and map 

activities to a common label space (walking, upstairs, downstairs, 

sitting, standing, cycling) of UCI HAR dataset. All signals are 

resampled to 50 Hz and segmented as in Sec. 3. 

4.2 PROTOCOLS 

     We report (i) subject-independent performance using 

leave-one-subject-out (LOSO) on UCI HAR and (ii) cross-dataset 

transfer trained on UCI HAR and evaluated zero-shot on 

PAMAP2. Normalization statistics and calibration parameters are 

estimated strictly within the training/validation partitions for each 

fold. 

4.3 METRICS 

Alongside accuracy, we report macro-averaged Precision, 

Recall, and F1 (macro-P/R/F1). Probabilistic reliability is 

measured with Expected Calibration Error (ECE; 15 equal-mass 

bins) and negative log-likelihood (NLL). Deployability is 

summarized by the number of parameters, model size (MB), and 

single-window CPU latency (batch=1). 

Expected Calibration Error (ECE) is basically a measurement 

of the reliability of classification model in machine learning. It 

measures how well a model’s predictions aligned with the true 

outcomes. To calculate ECE, we group model’s predictions into 

bins and then calculate the weighted average of the absolute 

difference between accuracy and confidence in each bin. 

 

1

( ) ( )
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b b

b

B
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S

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where, b = Number of bins, Bb = set of samples in the bth bin, bB

= is the number of samples in bin Bb, S=is the total number of 

samples, Accuracy(Bb) = accuracy of the model in bin Bb, 

Confidence(Bb) = average confidence of predictions in bin Bb. 

Negative log Likelihood (NLL) is a commonly used loss 

function in machine learning. It is another parameter to measure 

the reliability of probabilistic machine or deep learning model. 

4.4 BASELINES 

We compare against standard classifiers under a shared 

preprocessing pipeline: Logistic Regression (LR), k-Nearest 

Neighbors (KNN), Decision Tree (DT), Random Forest (RF), 

XGBoost (XGB), a 1-D CNN baseline (wider than the encoder in 

Sec. 3), and an uncalibrated stacking variant. All baselines are 

tuned on validation folds with early stopping where applicable. 

4.5 IMPLEMENTATION DETAILS 

The Tiny Temporal Encoder (TTE) in Sec. 3 is trained with 

AdamW (lr=10-3), cosine decay, batch size 256, and early 

stopping on validation NLL (patience 8). Temperature parameters 

Tm are fitted post hoc per model. Unless stated, results are 

averaged over three random seeds. Experiments run on a laptop-

class CPU; no GPU is required. 

5. RESULTS 

This section deciphers the results obtained from the 

experiment and ablation study, performed over the proposed 

architecture. 

We evaluate CALM-HAR under (i) subject-independent 

leave-one-subject-out (LOSO) on UCI HAR and (ii) cross-dataset 

transfer from UCI HAR (source) to PAMAP2 (target) without 

access to target labels. Alongside accuracy and macro-averaged 

Precision/Recall/F1, we report Expected Calibration Error (ECE; 

15 equal-mass bins) and negative log-likelihood (NLL) to 

quantify probabilistic reliability. Deployability is summarized by 

parameter count, model size, and CPU latency (single-window, 

batch =1). 

5.1 SUBJECT-INDEPENDENT PERFORMANCE 

(UCI HAR, LOSO) 

The Table.1 reports LOSO outcomes. CALM-HAR attains the 

strongest macro-F1 among compact models and yields 

consistently lower ECE/NLL than uncalibrated stacking, 

indicating more reliable confidence estimates. Classical learners 

(RF/XGB) remain competitive in accuracy but show inferior 

calibration, while a wider 1-D CNN improves over MLP yet trails 

the confidence-aware fusion in both macro-F1 and calibration. 

Table.1. UCI HAR (LOSO). Mean across subjects. 

Model Acc. Macro-F1 ECE↓ NLL↓ 

LR 0.639 0.652 0.074 0.672 

KNN 0.779 0.792 0.084 2.084 

DT 0.749 0.762 0.241 6.456 

RF 0.802 0.811 0.060 0.524 
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XGB 0.805 0.814 0.066 0.488 

CNN 0.623 0.632 0.076 0.660 

Stack (uncal.) 0.806 0.815 0.076 0.491 

CALM-HAR 0.805 0.814 0.067 0.482 

5.2 CROSS-DATASET TRANSFER (UCI→PAMAP2) 

The Table.2 summarizes zero-shot transfer. Confidence-

weighted fusion mitigates confusions among locomotion classes 

(walking vs. stairs) and preserves macro-F1 without target-side 

adaptation. Compared with uncalibrated stacking, CALM-HAR 

reduces both ECE and NLL, suggesting improved decision quality 

under distribution shift. 

Table.2. Cross-dataset (train: UCI HAR, test: PAMAP2) 

Model Acc. Macro-P Macro-R Macro-F1 

RF 0.169 0.047 0.144 0.065 

XGB 0.169 0.048 0.144 0.066 

CNN 0.166 0.049 0.143 0.067 

Stack (uncal.) 0.169 0.049 0.145 0.067 

CALM-HAR 0.168 0.049 0.144 0.067 

5.3 ABLATION STUDIES 

We ablate the two key components: post-hoc calibration and 

confidence-weighted fusion. 

5.3.1 Calibration Ablation: 

We can see from the Table.3 that is removing the temperature 

scaling (“w/o TS”) increases ECE/NLL and modestly reduces 

macro-F1, confirming the benefit of post-hoc reliability without 

retraining heavy backbones. 

5.3.2 Fusion Ablation: 

It is also evident from Table.3 that, replacing confidence-

weighted fusion with uniform averaging (“Uniform”) degrades 

macro-F1 and raises ECE. A lightweight LR meta-learner over 

calibrated probabilities and the encoder embedding recovers part 

of this gap with negligible overhead. 

Table.3. Ablations on UCI HAR (LOSO) 

Model Variant Acc. Macro-F1 ECE↓ NLL↓ 

TTE only (cal.) 0.623 0.632 0.076 0.660 

RF+XGB (cal.) 0.804 0.814 0.064 0.472 

Uniform fusion (cal.) 0.805 0.814 0.080 0.495 

LR meta (cal.) 0.806 0.815 0.069 0.502 

CALM-HAR (C-weighted) 0.804 0.813 0.066 0.482 

5.4 EFFICIENCY AND DEPLOYABILITY 

The Table.4 reports parameter counts, model size, and CPU-

bound latency. The encoder contains O({10}^{5}) parameters; 

fusion adds only vector-scale operations and a few scalars. 

Compared with a wider 1-D CNN baseline, CALM-HAR 

achieves comparable or better macro-F1 with lower latency and 

memory, aligning with edge constraints. 

Table.4. Model complexity and latency (single window, CPU). 

Model 
Params 

(M) 

FLOPs 

(M) 

Size 

(MB) 

Latency 

(ms) 

CNN encoder 

(TTE) 
0.016 1.837 0.07 0.328 

Random Forest – – 32.59 12.587 

XGBoost – – 5.44 0.478 

Uniform fusion – – – 0.005 

CALM-HAR 

fusion 
– – – 0.064 

6. DISCUSSION 

1. Efficacy of confidence-aware fusion: Across LOSO and 

cross-dataset settings, confidence-weighted fusion yields 

consistent gains over single learners and uncalibrated 

stacking, indicating complementary error patterns among 

the encoder and tree ensembles. 

2. Calibration as a first-class objective: Lower ECE/NLL 

with minimal overhead shows that simple post-hoc 

calibration meaningfully improves decision quality (e.g., 

thresholding, alerting) without retraining heavy 

backbones. 

3. Edge-feasibility: The compact encoder and lightweight 

fusion keep latency within on-device budgets while 

preserving accuracy, narrowing the gap between research 

prototypes and deployable HAR. 

7. LIMITATIONS AND THREATS TO 

VALIDITY 

Our results rely on two datasets with specific devices and 

protocols; broader validation across sensors, placements, and 

environments is warranted. Window-level labeling assumes local 

stationarity and may blur activity transitions. Although we use 

LOSO and zero-shot transfer, hyperparameter tuning on source 

data can still bias results. Finally, the confidence measure is 

entropy-based; alternative uncertainty estimates (e.g., ensembles, 

temperature per class) may further improve reliability. 

8. CONCLUSION 

We presented CALM-HAR, a confidence-calibrated, 

lightweight fusion framework for sensor-based HAR. By 

combining a tiny temporal encoder with calibrated tree ensembles 

and confidence-weighted fusion, the method attains strong 

subject-independent accuracy, competitive cross-dataset transfer, 

and improved probabilistic reliability at low cost. The pipeline, 

metrics, and protocols are specified to enable transparent 

replication and fair comparison. 
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