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Abstract 

Machine Learning (ML) on low powered devices is still in its infancy, and the use of ML for 

continuous linear movement analysis is limited. There is a need to find an effective way to reduce 

the amount of computational load on low power devices. One of the ways to do so is to reduce the 

number of features within the ML model. This research took on that challenge and proposed a 

novel feature reduction approach by automatically selecting suitable and relevant feature subsets 

that enable ML models to achieve acceptable performance when deployed to low powered devices. 

At the core of this thesis, it focuses on the methodologies that can help to reduce the complexities 

of the machine learning model to improve its efficiencies and enable it to operate successfully on 

low powered devices with limited computational resources. Internet of things (IoT), wearable 

devices and data-driven techniques offer the ability for practitioners to collect vast volumes of data 

and process them promptly drawing useful insights. At the same time, while the information is still 

helpful, practitioners can propose suitable interventions based on the information extracted by the 

physical activity monitoring device. 

The need for Lightweight ML is because the objective of this research is to deploy a suitable 

solution on low powered devices that can effectively operate within the limited computational 

resources available. This thesis has successfully proposed, developed and tested a novel lightweight 

ML approach for linear machine learning problems. The proposed method has also achieved its 

aims of automatically selecting appropriate features for machine learning applications. The thesis 

shows how the novel technique can significantly improve computational efficiency by exploiting 

the correlation co-efficient and variance between elements to eliminate irrelevant features. This 

method has been piloted and tested in one publicly available dataset and two case studies - a study 

of children's physical activities and energy expenditure, and a swim classification study. These case 

studies demonstrate that the proposed novel approach is useful in selecting appropriate features 

and reducing model complexity while performing physical activity recognition and monitoring. 

The thesis also demonstrated the effectiveness of deploying the lightweight ML method on low 

powered devices by significantly increasing the computational efficiency. The approach was 
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evaluated using several supervised machine learning algorithms including; decisions trees, linear & 

logistic regression, random forests, multilayer perceptron, support vector machines. 

The result of the "children's physical activity" case study has shown that this newly proposed 

approach can effectively predict children's energy expenditure and perform well within 5% of the 

baseline model. The best performing model using boosted trees achieved a 90% predictive accuracy 

inline with ocher research. The research has also shown chat it can significantly increase the model's 

computational efflcienc.,y by up to 75% enabling it to operate on low powered devices with limited 

computational resources successfully. The "swim classification" case study explored the novel 

lightweight model's performance on physical activity classification for swimming. The best 

performing model showed that the novel approach effectively reduced the feature complexity and 

model dimensionally to achieve 78% classification accuracy while being within 5% of the baseline 

and gaining above 70% computational efficiency running on the low powered device (a device 

limited in computational resources). This novel lightweight approach can significantly reduce the 

models feature dimensionality enabling suitable ML algorithms to operate on low powered devices, 

saving time and computational resources. It has been incredibly effective at dealing for linear tri

axial time-series based Physical Activity monitoring and recognition problems. 

Although this proposed approach was specifically proposed for linear machine learning problems, 

the thesis has further explored this novel approach in a non-linear, time-series, activity-based 

situation in a "smart care home" case study. As anticipated, the experiment has found that this 

novel approach was unsuitable and ineffective, and an alternative technique using Conditional 

Random Fields was recommended for future expansion of the approach to tackle datasets non

linear in nature. Finally, the contributions to the body of knowledge from this thesis and future 

directions of work have been provided. 
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Name 
 

Task Instances Features Missing Values 

Adult Salary Binary-Class 48842 14 Yes 

German Credit Binary-Class 1000 20 No 

Breast Cancer Binary-Class 569 32 No 

Mushroom Binary-Class 8124 22 Yes 

Yeast Multi-Class 1484 8 No 

Amazon Reviews Multi-Class 1500 10000 No 

Car Evaluation Multi-Class 1728 6 No 

Abalone Multi-Class 4177 8 No 

Wine Quality Multi-Class 4898 12 No 

Waveform V2 Multi-Class 5000 40 No 

Boston Housing Regression 506 13 No 

Cycle Power Plant Regression 9568 4 No 

Air Quality Regression 9358 15 Yes 

Energy Efficiency Regression 768 8 No 



Datasets Baseline Model 

log loss & (time) 

New Approach log 

loss & (time) 

Log loss % 

difference  

% Time reduced 

Adult Salary 0.191 (42.80s) 0.199 (12.42s) -4.19% 71% 

German Credit 0.568 (6.32s) 0.594 (2.84s) -4.58% 55% 

Breast Cancer 0.187 (4.05s) 0.191 (2.23s) -2.14% 45% 

Mushroom 0.568 (18.07s) 0.674 (6.87s) -18.66% 62% 



 



 





Datasets Baseline Model 

zero-one loss & 

(time) 

New Approach zero-one 

loss & (time) 

Zero-one Loss % 

difference 

% Time 

reduced 

Yeast 0.416 (11.03s) 0.498 (4.30s) -19.71% 61% 

Amazon 

Reviews 

0.567 (16.70s) 0.569 (5.84s) -0.35% 

65% 

Car Evaluation 0.015 (8.04s) 0.019 (3.93s) -26.67% 51% 

Abalone 0.758 (12.16s) 0.848 (4.98s) -11.87% 59% 

Wine Quality 0.245 (18.76s) 0.269 (5.25s) -9.80% 72% 

Waveform V2 0.102 (20.38s) 0.109 (7.95s) -6.86% 61% 

 



 





Datasets Baseline Model 

MAE & (time)  

New Approach MAE 

& (time) 

MAE % difference % Time reduced 

Cycle Power Plant 2.474 (21.69s) 2.998 (6.29s) -21.18% 71% 

Boston Housing 2.533 (8.73s) 2.665 (5.15s) -5.21% 41% 

Energy Efficiency 1.186 (7.33s) 1.483 (4.10s) -25.03% 44% 

Air Quality 2.470 (23.78s) 2.588 (6.18s) -4.78% 74% 
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𝜎
)

3

]

μ σ

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝑋) = 𝐸 [(
𝑋 − 𝜇

𝜎
)

4
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Features Name 

1 Sed 

2 Light 

3 Mod 

4 Vig 

5 MVPA 

6 Gender 

7 GeneaCount_NonDom_Wrist 

8 GeneaCount_Waist 

9 GeneaCountDomAnkle 

10 GeneaCount_Dom_Wrist 

11 Age_on_Test 

12 Height(cm) 

13 Mass(kg) 

14 SittingHeight(cm) 

15 LegLength(cm) 



 



Activity Features Selected 

Supine [9,10,12,13,15,5,6,4,14,3,1] 

Lego [9,10,12,13,15,5,6,3,4,1,14] 

Walking Slow [9,10,12,13,15,5,6,1,3,4,9,2] 

Walking Med [10,12,13,15,5,3,4,14,6,1,7] 

Kicking [10,12,13,15,4,3,6,2,11,7,8] 

Throw and Catch [10,12,13,15,9,6,5,4,3,1,7] 

Cycling [9,10,13,15,3,7,4,8,5,14,6] 

 



 

 



𝜇 = 2.69 𝑎𝑛𝑑 𝜎 = 1.11

𝜇 𝜎

𝑙𝑜𝑔(1 + 𝑥)

𝜇 = 1.26 𝑎𝑛𝑑 𝜎 = 0.31

 

 

 

 



Number Activity Description 

0 Cycling 

1 Kicking 

2 Lego 

3 Running 

4 Supine 

5 ThrowandCatch 

6 WalkingMed 

7 WalkingSlow 





𝑌
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2
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𝑅2
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𝑅2  

𝑒𝑇+ℎ = (𝑦𝑇+ℎ − 𝑦𝑇+ℎ|𝑇,̂ ) ± 10%

𝑌1, … , 𝑌𝑡 𝑌𝑡 + 1, 𝑌𝑡 + 2, …

𝑅2



𝑅2  

 



Model Baseline Accuracy New Approach (time seconds) Accuracy Diff 

Linear 

Regression 

68.0% (+/- 6.20%) (10.9s) 61.7% (+/- 6.80%) (6.5s) ~10% 

Ridge 

Regression 

66.2% (+/- 5.02%) (11.8s) 61.7% (+/- 7.02%) (7.0s) ~8% 

Lasso 

Regression 

31.1% (+/- 8.07%) (12.14) 24.1% (+/- 9.00%) (7.4s) ~23% 

MLP 87.2% (+/- 4.07%) (90.46s) 83.5% (+/- 6.07%) (55.5s) ~5% 

Random Forest 93.0% (+/- 3.01%) (228.03s) 90.2% (+/- 5.50%) (138.2s) ~4% 

CNN 95.1% (+/- 4.01%) (434.11s) 92.6% (+/- 6.10%) (285.6s) ~4% 

Boosted Trees 94.0% (+/- 3.42%) (37.10s) 90.1% (+/- 5.44%) (21.2s) ~5% 
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Model Baseline % Accuracy (% 

variance) (time taken in 

seconds) 

New % Accuracy (% variance) 

(time taken in seconds) 

Accuracy  % Diff 

Logistic 

Regression 

21% (+/- 5.1%) (6.12s) 22% (+/- 7.30%) (3.5s) ~5% 

Decision Trees 64% (+/- 5.50%) (3.94s) 52% (+/- 6.80%) (2.2s) ~19% 

Lasso 51% (+/- 5.22%) (5.17s) 41% (+/- 6.20%) (3.4s) ~20% 

MLP 80% (+/- 4.12%) (8.67s) 78% (+/- 5.01%) (5.1s) ~3% 

Random 

Forest 

78% (+/- 5.11%) (39.06s) 73% (+/- 6.01%) (25.2s) ~7% 

CNN 80% (+/- 4.10%) (65.66s) 74% (+/- 5.01%) (45.6s) ~8% 

Boosted Trees 76% (+/- 5.41%) (32.68s) 72% (+/- 6.12%) (19.2s) ~5% 
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1. 𝑚𝑒𝑑𝑖𝑎𝑛 +  𝑚𝑖𝑛𝑖𝑚𝑢𝑚 

2. 𝑚𝑒𝑑𝑖𝑎𝑛 −  𝑚𝑖𝑛𝑖𝑚𝑢𝑚 

3. 𝑚𝑒𝑑𝑖𝑎𝑛 +  𝑚𝑎𝑥𝑖𝑚𝑢𝑚 

4. 𝑚𝑒𝑑𝑖𝑎𝑛 −  𝑚𝑎𝑥𝑖𝑚𝑢𝑚 



 

 

 

 



 

 

 

 

 

 

 

 



 





 









 





Index Sensor Status Trigger Target DateTime Minute_of_Day 

0 M021 ON Sleep="begin" Sleeping 2011-06-15 0:06:33 6 

1 M021 OFF NaN Sleeping 2011-06-15 0:06:34 6 

16 M021 ON NaN Sleeping 2011-06-15 3:37:47 217 

17 M021 OFF NaN Sleeping 2011-06-15 3:37:48 217 

18 M021 ON NaN Sleeping 2011-06-15 3:38:11 218 

Sensor ID Activity Simplified Activities 

M021 Sleeping N/A 

MA013 Grooming (Personal Hygiene & Groom) 

MA009 Toilet N/A 

M005 Eating (Eat, Eat Breakfast, Eat Lunch & Eat Dinner) 

M007 Washing (Wash Dishes, Wash Breakfast Dishes, Wash Lunch 

Dishes & Wash Dinner Dishes) 

M004 Relaxing (Relaxing & Sleep out of Bed) 

MA014 Working (Work & Working at Table) 

MA010 Reading N/A 

 



Sleep=”begin” or Sleep=”end”



 



 

 

 

 

Model Baseline Accuracy New Approach (time seconds) Accuracy Diff 

Logistic 

Regression 

42% (+/- 2.2%) (2.01s) 25% (+/- 4.03%) (1.05s) ~40% 

Decision Trees 55% (+/- 1.50%) (1.05s) 22% (+/- 3.22%) (0.8s) ~60% 

Lasso 40% (+/- 1.03%) (1.26s) 28% (+/- 2.32%) (0.63s) ~30% 

MLP 59% (+/- 1.30%) (3.78s) 49% (+/- 3.41%) (1.47s) ~17% 

Random Forest 65% (+/- 1.60%) (2.66s) 49% (+/- 2.43%) (1.27s) ~25% 

CNN 60% (+/- 1.10%) (4.29s) 39% (+/- 1.23%) (2.43s) ~35% 

Boosted Trees 62% (+/- 1.20%) (2.21s) 37% (+/- 3.61%) (1.46s) ~40% 



 



μ =  4.87 σ =  1.22 μ =

 2.35 σ =  2.06



Activity Zero One Loss 5-Fold CV Score 

Sleeping 0.076 85% (+/- 0.02) 

Grooming 0.063 93.1% (+/- 0.01) 

Toilet 0.198 61.2% (+/- 1.60) 

Eating 0.068 85.01% (+/- 1.50) 

Washing 0.080 82.02% (+/- 0.02) 

Relaxing 0.137 63.06% (+/- 0.82) 

Working 0.084 80.01% (+/- 0.35) 

Reading 0.126 60.2% (+/- 0.46) 



Method 5-Fold CV Score 

Decision Tree 65.8% (+/- 1.98) 

CRF-Forest 76.2% (+/- 1.61) 

SVM 66.8% (+/- 2.72) 

Random Forest 72.3% (+/- 1.80) 
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