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1. INTRODUCTION

Human Actvity Recognition has become an essential
technodogy for applcations in smart homes, healthcane moi-
oy, and human compuber aleraciyn. Traditsonal ap-
proaches rely on viston-based systems or wearable sensors,
which often ralse peivacy concerns and may require wser
compliance [1). To overcome these lmitations, recent re-
search has wmed towards Wi-Fi-based sensing, which lever-
ages the widely avallable wireless infrastrocture o achueve
comactless and device-free recopnition of human activities

[2].

LR ]
ﬁ
“:—. P
BT

Fig. I: Basic working representations af a WiFi-Based Human
Sensing System

Fig. | A key enabler of Wi-Fi based HAR 15 Channel

State Information (CS1), which captures fine grained signal
vartations tnduced by human motion in the wireless envi-

ronmient [3]. By analyzing these varianons, ot s possible 1o

detect and classly actvities such as walkng, sitming, falling,
and even respicaion moniaring [4). For example, Zhang @
al. demonstrated the use of commadity Wi-Fi devices for
nom-nlrasive resparation detection, showing the sendaivity
of CS1 o subtle body movements [4). Sumalarly, W et al,
showed that Wi-Fi can be used o detect both moving and
stationary humans i indoos setmgs [2]. The integration
of machine learning technsgues has further enbanced HAR
performance. Statistcal modeling approaches, such as Wi
Detect, provided robust motion detection under varying en-
vironmsents [5], while mone recent advances bave explored
deep learning frameworks 10 exiract spanal-temporal fea-
tures dorectly from CS1sireams (). Yang and Jang proposed
selective shanng modules for multitask sendang, demonstrat-
titg the adaptability of deep models for complex recogm-
ton scenartos 7], Such progress haghlights the growing
synergy between wireless Mguul proscessng and artificial
telligence. In the study, we tram and test the classacal
machine learning models such as SYM, Random Forest,
and KNN and test them againg the deep leaming ones, a
shallow newral network and a Badirectional Long Shon-Term
Memory {Bi-LSTM} network, The primary contrbutions
i g CBl-anspared modeling approach appled o the UCH
HAR dataset, detaubed comparison of classcal amd deep
learnding models for activity recognition and an experimental
evaluation demonstrating that Be-LSTM achseves the highest
FECHEnIlOn ACCiacy.

The remainder of this paper ncludes section 2. which
ticludes a brief study about Wi-Fi signal-based sensing and
i3 applicaons and futire, The next section 13 secton 3,
which tncludes the description of the dataset used and detals
about C81 signals. In section 4 we have the detals about the
methodology we have used for analy<as and implementation
of algorithms. The next section i section § with the more de-
tatls of implementation and results we got after analysis. The
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Last section & we have concluded this paper with discussion
oy Fulure works.

1. RELATED WORK

The rapud growih of WiFl sensing bhas enabled non-
micusive HAR, everaging the ubiquiny of wireless networks
and the fne-gratned aformation avatlable i CS1 Unlike
early approaches relying on Received Signal Sirength (RS5)
[3]. CSI caprures multipath propagation details, enabling
more aceurate recogmation of diverse human activites, in-
cluding both subtle respiration signals [4] and gross body
movements [2]. These developrments have established 'WiFi
srisding a5 a promising allernative W vision-based or wear-
ahle HETSLIEE u.pprﬂuuh&:i. pul'lu.'ularl_'.- i healtleane and smar
e contexts. Several suiveys and overveew studies have
mapped the progress of WiFi-based HAR. Hermandez and
Bulut [8] discussed sagnal procesing technsgues and chal-
benges i pzal-woeld edge deploynsents, while Ahmd @ al.
[6] meviewed deep learmng—driven advances i WiF sens-
mg. haghlighiing uaresolved challenges such as environnsent
depembence amd doman adaplation. Similarly, Ahmed [49]
proveded a comprebensive survey of device-free gesune
recogninon using CSL underscoring s potential as a ver-
satibe, low-coal sznsang modalitg. Collectively, these works
demonsirate boh the maturity and the evolving research
challenges of WiF OS] sensing. Researchers have also ex-
plored statistical aind model-bated approaches. Willetecr [5)
miroduced a statistical electromag metie model for robust mo-
ton detecton under envirenmenlal vanatons, whale Taylor
el al. [1] developed an mielligent real-ime HAR system
tatlored for bealthcare, Song @ al. [10] further incompoe-
rated Al methods inbe contactless sensing, demonsiraing
mproved robusiess in complex semmgs, These works sl
et statistieal methwsds pemann relevant, though incnzasingly
complermemted by AT technigues,

Wath the rase of machme learng and deep lean-
g, performance improvements have become evident. Yang
and lang [7V] proposed a multitask WiFD sending frame-
work vsing welective-sharing deep modules, whereas
et al. [11] developed a deep learning system 1o distin-
guish human amd noa-human msoton. Meng et al. [12]
miroduced Secur-Fi, a secure CSl-based sensing  sys-
e on commercial WiFL devices. emphasizing privacy
and robusmess. Abuboureyabh et al. [13] extended the
field wath through-wall HAR via deep learning., denson-
srating  feasbiliny even o non-line-of-sght  scenarios,

Flg. 2: Comcepiual Representanon of C31-Based Actvity
Recogznition

3. DATASET AND CSI SIGNAL
OVERVIEW

The PrLmarty ot of thas work 15 on WiF) :-llg_ln|—hu:;E|J hia-
s actiaty recogmtion. whene Clhansel State Information
provides a strsctured collection of wireless signals captured
during varous human activitses [ 14]. C51 s obramed by
leveraging the physcal layer informanon from Wa-Fi sig-
nals [5]. reflecting how wireless channels are imflueeiced by
environmiental dynamics such as human motion |2, body
aretatson, and surrounding obstacles (2] Inothis comext,
Wi-Fi devices operate as ransauitters and recedvers, while
the wirebess chamnel tsell becomes a medium for sensing
human actvitees [ 15). CS1 measurensents, represented as
complex values contamng both ampliude and phase in-
formation across multiple subcarsiers, provide fine-graned
inxigh[ 1o :-llg||a| varalions caused h'_'.' different sctivitied
[#]). Howewer, due w the lomaed availabalioy of publicly
accessible CSE-based HAR datasets, thas study amploys the
LT HAR dataset as a benchmark for model ratndng and
evaluaton. Although the UCTHAR dataser 15 based on wear-
able senser data rather tuan WaF  CS1 aoffers a standardszed
ard well-amotated resource, making it an effective proxy for
valulatng proposed approaches while keepang the broader
gaaal of WIFI CSl-based HAR in perapecuive,

Al UCT HAR Dataset

The datazet meludes recordings of commaon activities such
as walking, suting, stamding, falling, and otlser movements,
each of which produces dstmet variations in the secorded
sagnal patterns [14). These varatsons ane reflected in the
senaar measurenrenls over different anes, making 1 possible
o differemuate bevween actavitbes through signal analvsis [5).
Each data wace 15 captured over time, resulting 1o a dne-
serpes dataset wath mulsple dimsensions corresponding w
sensor anes amd placements (8], Such mub-dimensionality
etthaiees e disenminative power of the datasel, ad certain
activaties influence specific sgnals neoee strangly than others
[3]). An importan characieriste of this datased 15 s focus
on real-world conditsens, where tse measurements are sub-
Ject b vaciabaliny, amerference, and nose. These conditsons
make the data both challenging and realistic for machineg
learmng apphications i HAR [6). To enable systemats
expermmentation, the dataset 13 pre-struciunsd with labeled
activary classes, allowang researchers 1o oo and evaloae
clasyficanon models effecuvely. The repository alse pro-
vides preprocessing utilnies o exiraet features from the
raw sagnals, normalize the data, and prepare n for machine
learniing papelines [14).

32, Reinterpreting UCI HAR as 51 Data

CA1data offers a nich, high-thmensional representation akin
W0 scceleromerer data i UCT HAR, but withowl requiring
wearahle sensors [1]. The overall ppeline mireors the UCH
HAR sirocrune: activities are labeled, CS1 data epochs ane
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captured, preprocesaed. and then fed e a classfication
algaeithm specifically, an LSTM-bazed deep learning madel
[G]. This smtlarny suggests thar UCT HAR classfication
tasks can, o peincaple, be remterpreted within a C51 frame-
work, usinge Wi-Frsignal varianons as the functional equiva-
Lt of aceeleraton signals [9). The repoatory includes tools
for CS1 data extraction (endDatafrecyCS1E, visualhizaton,
labszling, and model tramang, makeng i@ possable w replicare
oo extend C31 experiments stmilarly o bhow UCT HAR
datasets are used for benchmarking | 14). Addinenally, CS1-
based frameworks such as Wi-ESP demonstrae the potental
of standardized twols for device-feee Wi-Fu sensimg and
reproducible experimentation [ 16].

4. METHODOLOGY

The proposed methodology leverages nwdion sensod data
o perform HAR, drawing mspiration from e framework
deseribed below. The workfow begias with sensor data col-
lecrion, where accelercmeters and gyrescopes embedded in
smariplwies capiure three-axs scceleration and angular ve-
locary signals during dafferent activities. Each sample repre-
sty mation dynamics across multiple axes, forming a lagl-
dimvensional ime-seres repeesentation of human movement
[L4]. Smee raw sensor measurements are often noasy and
irregular, preprocessing = applied w ensure robustness. Thas
invadves steps such as denoizing, signal calibration, and nor-
milization of values o nununeze device-specifie distormons
[=].

Following preprocessing. Feature exirelon i carried oul o
capture discroiminative charactenistcs of human activities,
Both wme-domam fealures (e.g., mean, vanance, energy)
ard frequency-domain featares {e.g.. spectral entropy. dom-
inant freguencies ) can b denved from the sensor signals. In
s cases, sdvanced transformations sucl as Shoet-Tinse
Fowrner Transform (STFT) or Wasveler Decomposition arne
applied 1o preserve emporal and spectral information. The
resulting feature vectors provide a compact and informative
representation of activity patleris [5].

Tlezse feature vectors are then used for model wainmg, whese
supervised learning algorthms such as Suppoart Vector Ma-
chines (5%4%0, Random Forests, or deep neural networks are
applied o learn discriminatve mappings betwesn extracted
fearures and activiry labels, The dataser a5 oypecally spl
into trasiing and vesting s, and osecel paranmelers are
optumezed using vabdation techmgoes, Onee raimed, tee
model can elassily unseen sensor signals il actvaty classes
with bigh accurscy, completing the HAR pipeluse [3].

4.1. Data Preprocessing

The data processing ppelme wvolves extrcning raw signal
measurements, removing nodse, compuling slatsical and
frequency-deman feaiures, segmenting thee data sireams ino
overdapping windows, applyue appropriabe iransformsatiions,
ad normalizing the featares o prepare them for classifi-
catbon [L4). To ensure consistent feature distributions. we
perform the follwaing preprocessang sleps: Mormalzation:

L-score standardization s appled 1o eacl feature. Label En-
cocdimg: Activily labels are numserically encoded. Sequence
Fadldang: For sequence-based models soch as LSTM, se-
guences are padded 1o ensure wmform length, Tran-Tes
Spdu: B of the data s used Bor rainang and 20% for westing
[5]-

4.2. Feature Representation

Temporal dynamics are represented in the tnse-freguency
domain using tansformatiens such as STFT and comple-
pemled with statistical descriplors (mean, variance, skew-
ness, aiml higher-order momens) 9 capiure distrabutionil
charseteriatses of the signals. The combanation of temporal,
speciral, and stansteal feares produces a desenmanative
repressitaton thal preserves achivity-specific sagnal mwsdu-
Lations for effective classificaton. The original data provide
a @l oof 561 featured. meludmg oe-domain descriploes
(eean, standand deviaton, energy) amd frequency-domain
descriptors (FFT coefficiems, speciral entropy). To incor-
porate temporal dependencies, feare vectors are reshaped
Lo @ sequence of shape (Hase, sleps, Features), parcukarly
when using sequence-based deep learming maedels such as

Bi-LSTM [11].
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4.3 Classification Models

Classification models are supervised bearming algorihms
that categorize wmpul data ine predefined classes based o
patteris learned from labeled datases | 7). They can handle
tasks like banary classification (e.g. spam va. nol spani),
eulii-class classificaton (e, predocing frun type), enc.
Cormon models that we are using 10 our iranueg dataser are
Suppaort Vector Machine, Random Forest, K-MNearest Newgh-
brs (B, Mululayer Fercepiron (MLEFp Neusal Metwork,
Bi-LSTH. 1) Support Vector Machine (5% SVM s
a powerful supervised learmng approach that construcs an
oplumnal separating hyperplane 10 a high-domensional space,
with kernel funcioens enabling efficient handling of non-
binear class boumdarses and high-dimensional feamre map-
pimazs [ 12].

1) Random Forest: Bandom Forest operates as an ensem-
ble of deciion wees, enploying bBoolstrap ageregation and
random featare selecton 1o enhance seneralizainon, aurigate
overfiting and achieve siromg predictive performance o
diverse datases [ 13].

1) K-Mearest Meighbors (KMM: The model s simple and
mierpretalle bul sensibve 1o noisy Beatures, KRN a non-
paranetne and matance-based learming algonthm, assigns
class labels by evaluating e majority voling scheme within
a specified meghborliod, thereby leveragang local proxim-
Wy abrucieres i feature space [17].

4) hludiilayver Percepivon (MLFP) Nearal Metwork: 1 uses
a MLE neural network that comprses several fully con-
pected roimes of sequentially shimbking spes. The archatec-
ture consisis of three hidden layers comprsing 236, 138
and 4 neurons respectively, after which these lavers are
accompanied by Bel U activatson functions. With its Adam
aplimzer and categorcal eros-entropy hes, e trainmg 15
dine om the nerwork. To increase generalization and avoid
overfiting, Baich normalizaton and dropowt regulanzanon
i e [4].

51 Bi-L5TM: Bubirectional Long Short-Terim Memory net-
works, as an advanced recurrent architecture, incorporate
dual directional processing of sequential data, thereby maod-
eling long-range dependencies and contexiual cues more
effectsvely than comventional unadisectional BNMNs [10). The
tabile below represents a comparatave analyas of commonly
wsd machise leaming and deep learndng maodels for human
aclivily recogmition usieg Wi-Fi CS1 signals, haghlighing
their key charactensies, strengths, hmitations ee.: -

44. Evaluation Metrics

Evaluation seetnes are measures used bo asoess the perfor-
manee of a mdel by companng s predictons wath the
actual owtconses, For classafication tasks, common meirics
melude accuracy (the propormon of correct predictisons)
[1E], precasion {the proporiion of cormectly predicted pos-
vave anstances oul of all predscred posioves) [1), recall
(the proporisen of correctly predacted posatives outl of all
aciual posttaves) [ 19], and the Fl-score (harmonie mean of
precision and recall, useful for imbalanced datases) [9).

Table 1

Structural & perfarmance-ariented comparisam of ML hadels
Moded Fadel Training Boouracy CE.I Suit-

. | Type Time | Rance | ability
WM IE,:L‘“"“ Medium | 75-B5% | Maoderate

Ensembled

E""d:‘“ {Tree- Fast 80.90% | Good
ares Based)

Evaluation using these nwines has Been widely applied in
wirzleas sensmg and HAR Frameworks [20].
A shown in Table 1.

Table 2: Structural & performance-ofwated comparion af

ML Models
Model Bladel Traping | Accuracy| C51
Type Tume Bange Suitabal-
iy
5% Classical | Medum Ta-85% | Moderae
ML
Bandom | Ensemble | Fas R0 | Chosd
Forest (Tree-
Based)
EMNN lnstance Mo T-85% | Moderae
based { Lazvi
ML Feed Medmm | B0 | Wery
Forward 1o Hagh ool
Pewral
Metwork
Enhanced | Deep Be- | High B5-05% | Excellent
Bia- CUFT2nL
LSTM Merwork

5. RESULTS AND DISCUSSION

Adter applying the dataser on all the desenbed algorinhms
wi g0l the results in form of accuracy, precision, Fl-score
annd confusion matres. Below we have the descripiion abow
the working and paranseters wed i implementation for each
algoritlim:

5.1. Resulis

1y 5%M This classshier acloeved an overall accuracy of
QR 22%, mdscanng stromg performance m destinguishing lse-
tween the 2% human actvity classes. The UCT-HAR datasen
wird emploved o evaluate the effectivensss of a 5VM classa-
fier i manlnn-class aetviny recogmiten [ 21, The rw dana was
preprocessed by imputing mussang values with feature-wise
means and applying standard sormalization o ensare all
features comtribated equally during traming. The classifier
wih bmplemented wsang the Radial Bass Functon {(EBF)
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kermel, expressed as
Hlf:l...'rlll‘=t'xpl—r||.1:l—.1:|_I|zb in

wlach enables the model w0 map wpur features e a
higher-dimensional space and capture noo-lmear decigion
boundares [12]. The penalty parametes was sel o O =
1.0 balancing the trade-off between mazimizing the margin
ad mimdnsizing msckasafication errors, widle the kernel
coefficient was 481 10 p = scale adapiing antomatically w
the Feature space dimensaoiality, The oplmizaton problem
sollvid by the 5% M can be Foemulated as:

N
l 2
J'I'I'HI;”ELI” + Ef_,"l (21
- 1=l

subipect to the sofl neargin constrains:
plot dix)+ b= 1 — 5.5 =0 (3

Where g x, bas the pon-liear mappaing iduced by the kernel
ard £ are slack variables allowing controlled masclassifica-
ton. The resulting dection fuscuon 1 given by

M
Six) = signl ¥y Kix, x)+b) (4
1=
where @, are support vector weights and bois Oee baas erom.
Model evaluation was condueted using aceuracy, precidao,
Fl-score, and confusion matrix analydas, cnsuring a compes-
hexnaave performance assesansenl. These nesulis confirm hat,
willy carefully mned parameters, kernehzed SVMs provade
robsist nuoi-lnear decision beamdares well-suited for hamai
actviaty recognmon from CAIL dara

Confution Matrx - SYM
S50
L]
W
ie ]
100
— 0
2 1 i ] 4 ]
Predicted Labeed

Fig. 4: Accuracy and confuteen malnx for suppodl vweebor
machme

2y Romdons Forest Thas classifier achieved an accuracy of
G2.5%, demonstrating relable performance across all ac-
vvily classes. In thas approach dara preprocessing was per-
formed by impuning missing valoes with feature-wise means.

The Random Forest was aenplensented wath 100 decigien
trees {n_estimaters = 1HD and a fxed random sace of 42
for reproducibilaty. & Rasdons Fooest constmacts an ensemble
of decision rees, each waied on a bootap sample of the
traming data with randem featuse selecuon ot gvery split,
teereby meducing correlation among rees and enbancung
geperalzanon. For an mspun sample x, the final prediciion
1s deternmned by majority voling across all mees:

_5'=m¢ldr|.|'ill.'|:r..|'=].1 ..... T 51

where & (x) denotes the output of the 1™ decision tree and
T 15 1he 1otal number of wees. Each decasion e withan the

ensemble determines as splis based on an impanty nseasure
swCl as the Gan index, given by

K

G=1-3 g, i)
]

where pg s the proportion of samples belonging woclass k
al a nodde. Alernatively, splits can be guaded by Information
Ciann (LG, whach guantifies the reducton in entropy after o
splai:

n,
¥ Bl by,

TG0 Ay = M- 0]
e ¥ odwen] A

wihere H{[¥) 15 the emropy of the dataser Y, and £, 5 the
subset of [ when attnbute A takes value v The overall pee-

dictive power of the Bandom Forest can also be formalszed

as he ﬂxﬁwhﬂl recluction i classilication errar:

Caorlusion Matnx - Random Forest

True Libel

2540

Hiil

Predected label

Fig. 5: Accuracy and confusion matrx for Random Forest

-

. ]

E== f{fixy= ¥ (3
F T i 2 )

Where [ s the indicaior funciion. The rwsed Bandom
Foresr was evaluated using accuracy, precision, Fl-scone,
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and confusion matrx analysis, providmg a well-rounded
assesansenl of predictive performance. The resulis nghlight
that ensemble-based models ke Bandom Fosest aclieve
ligh robusiness by combaning the strengths of mulisple weak
brarners, making them haghly effecuve for complex tasks
such as lwman scivity recogmilsom.

3 Kenearest neighbours This classifier achieved an ovesall
aceuracy of BRO2%, indwcating reasonable performance but
slighaly loawver than otser models. The K-Mearest Neaghibors
(EMMY algontlm was employed for acuvity recogmition us-
mng the UCTHAR dataser, with preprocessing steps meluding
passing value imputation and feature scaling. The classifier
was implemented with k = 5 peanest peighbors, classafying
each tesn instance based oo the majorly class among s five
clogesr wrainmg samples. The similanty berween two dara
points x, and x ; is computed usang the Evclidean distance:

(9p

n.l'[.a:,..a:_,'l:

Where n denotes the number of features, x,, is the m'™
feature of wstance amd x d5 the correspomding feature
of matarce x,. The classafication decizion 15 then mmde by
pajorly voting over the nearest peighbors:

x)=mode|w |x, € Nyix )}, {16

Where Ny{x, ) represents the et of nearest peighbors of x,.
In weighted variants of KWNM. closer nesghhors are glven
lugher impertance using weights defined as:

1
=— i1}

. ﬂll:."."...'l.'l,:l+lt'

Where ¢ 0% a small constant 1o avold division by zeso. For this
mmplementation, te unwenghied version was used, ensuring
all selected peighbors contribute equally. Model evalua-
Bom was carfsed ol usig sccuracy, peecision, Fl-soore,
and confusion maris, demonsratng that KNN effectively
capiwres local nedghborhood sructre i data amd provides
competiinve resulls for actvity classification tasks,

41 Mulilaver Perceptron Model This model achieved an
aceuracy of 95 11%, showing strong capabilicy in capluring
pn-linear relatonships between feances. For thas exper-
penl, a Multlayer Perceptron classifier was smgpdenszined
b perforon buman activity recogniion on the UCT HAR
dataser. The input feamres were standardized o 2ero mean
and wnat varnee before traning. The neural nevwork con-
sisted of o sngle ladden layer watl L0 peurons, trained
wsding the Adan optimizer with a maximiam of 300 iterations
and a regularization parameter of @ = 107 Bach newron
compites 3 weaghted sum of the inpuis followed by a non-
hnear activation fasction, The forwand propagation through
a hadden Layer can be expressed as Equation {12}

il = Jrl:“.-l.'-xln'—]li-b'" {12}

Wihere W and B0 represent the weight malris and bias
vector of layer I ="~ 1 the input from the previous laver,
and f{] 15 the acuvation funciion (Rel U in this case )

Confusion Matrix - KNN
=00
| 0
. 400
] g
-
pi= )
‘_-
100
-s_a
- u
@ 1 | 1 4 5
Predictiod kabel

Fig. 6: Accuracy ad confusion malrix for K-nearesl
nedglalsours

The final predection 12 obtaned wsing the softmax outpu
laver:
exp(=h
wE
Er-I expl 2.}
Where 2, denotes the ogn for class o and K is the wal

mumaber of activaly classes, The network paramestens ane
optimized by minumezing the cross-entropy loss:

N K
L==3% 2 vulozi (14)
il kel

(13

Withs ¥, represemtung te troe Label e one-lbot form. Maodel
perfomsance was assessed wsing accuracy, precision, Fl-
soome, and confusion matnx visusalizadon, confirmmg the
capability of neural serworks 10 lears complex non-lmear
mappings berween sensor signals and human actvines.

5 Enhanced Bidisectional Loag Shor-Term Memory: We
proposed an Enbasced Ba-LSTM moddel for human activity
recogniiion wang Wik CS1 daa, Baw CS1 sequences are
normalized and augmented via jatering, scaling, lme warp-
ing. amd mdxup o mprove generalization. Lecal emparal
fzatures are first extracted using residual TN blocks, fol-
losved by badirectional LETH Layers that capilure long-range
dependencies. A temporal atiention mechansm lkiglhiliglis
informative tme steps, producing a comext-aware represen-
o, wlich 18 then classafied through dense layers with
dropout and a softmax oupar, The modeld i3 trassed witl cat-
egorical cross-entropy and label smoothing, enploying e-
ther a cosase decay restart schedulbe or Reduce LBOnPlacean
for adaptive learmng rate contral, along wih early stopping
W presemt overfitiing, Ths architeciire efficiently misdels
comples spatiotemporal pattems in CS1data, achieving high
accuracy m human activity recogniion. In this implemen-
o, 3 hybeid deep learing architeciore was designed



by combining convolutienal layers, residual connections,
badirectional LSThs, and remporal atention. This model
aums o caplure both local Beature panerns from signals and
lomg-termn dependencies across tme, whale atention ensures
that the most informatve segments are emphasized during
classaficaton, Residual Learning To ensure stable gradieat

Aow and avoad vamshing gradients, sesidual conpecions
were used:

Hixy= Fix. W1+ x (1%

Here F(x W nepresents the owput of stacked convelution
amd pormalizacion layers, whabe the mpat = 15 directly added
as a shorrcut. Thas allows the nerwork 1o preserve anginal
informmation while bearming wansformations,

hccuracys 85086 |
Caorfusicn Matrix - Meural Nebtwork (MLP)Y

104

Pregucied Labesl

Fig. 7: Accuracy and confusien matrix for nearal network
(oultplayer perceplion model)

Tempoeal Anenvon Mechanism Inspead of reating all
neesteps egqually, te medel applies anention o oweight
imiportant emporal features:

T
xple)
u'l.=:tL.r=zulhr (16
E.;-j explegh =1

Where b, i3 the hidden state af imeseep 1, o, 0% e learmed im-
peortanee seore, and ¢ 14 the final contexl veclor representing
the scuvity. Thes engures that key sagnal sepnsenis conteibuate
more 1o the decision.

Cosine Annealing Learming Bate To oplimize traning sla-
bality, a cosine decay with restarts strategy 15 wsed for the
learmang raw:

! T
M = Howin + ?“rnm = R )L 1 + cor| -?r;” (17
Where m, 15 the karmng rate ab terabion 1 T is the

curre irumng step, and 115 the restart perwod. This
eviehic behavior prevents premature convergence. Evaluation

Metries Standard classificatson metrici-aecuracy, precision,
recall. and Fl-acome were wsed, as described earlser in the
methodology secton. Thes: metncs evaluate the model’s
robusisess in differentianng berween human activibies.

P Lol

Fig. 8: Accuracy and confusion melris Budirectonal LSTM

5.2, Performance Comparison

This section represents the evaluation resulls computed
over dafferent machome leaming meodels, Tle resulis are
suiniarszed as Table 3.

Table 3: Evaluation reswlis for selected ML owxlels

Bl Accuracy | Precision | Becall Fl1-
S

AT | 529 w2 1% O1.8% Ol g

Random | 92.5% 91.5% 01.2% 91.3%

Fares

KHM HE.0Y L bt BRI BB

MLP HEIL% 43.3% 01.9% QAR

Eibapced| 9542% 05.5% Q5 4% 05A%

Bi-

LETM

In the proposed framework, the sequence modeling stage i3
performed using Bi-LSTM lavers, which effecuvely caprure
temporal dependencses tn C51 agnals by processng mdor-
enation froo bogl pass amd future contests, This bdirectbenal
eicdeling proves crucial for human acovey recognition, as
actvity patterns often depemsd on signal variations across
entire tme wainbows, By integrating dropout mechaniams o
reduce overfimung and coupling tee Be-LSTM outpurs witl a
tenporal attention mechand o the model selectively emplia-
sipes the most wformatve segments of the seguence. Tlais
combdnation enables robust feamre representanon, leading
o improved classificanon performance, with te propesed
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archatecture achieving an sccuracy of approximately 95-96%
o CS1-based buman actvary recogaiion tasks.

5.5 Confusion Matrix Analysis

The confusion mateix for e Enhanced Bi-LSTM musdel
reveals that while the msdel peforms reasonably swell on
dynamie activities such as Walking, Walking Upsiairs, and
Walkirg Downstars, i sriggles 10 distungwish between
stalie activities like Sunng and Srancding. These two activi-
ties generale very simiar signal paneris in the CS1 dara due
o mimimal body movement, leading 1o overlappimg featare
representalions. As a result, the model 15 often msclassafied
berween them. This indicares that the Br-LSTM maodel.
m s cwrrent configuranon, lwcks sufficient discrminative
power for stavc postares and requires further oplmiza-
von i terms of sequence modeling, fzature enhancement,
o lrainkng paramelers 0 improve s clas-wise accurcy.

Acouracy (%), Preciion, Recall and Fl-score
T ' o O EREsT

[ 2]

e WL iwai e iim

e
i i
¥ pirie
(SE S Y
e

Fig. ¥: Performance metrics of Algonthmns an the
UCI-HAR dataset

g -

54. Practical Considerations

The Mululaver Perceptron neural network presents a prac-
veal balance between classification accuracy and congpu-
tatioial efficiency. While o does nol achieve the lnghest
accuracy among all tested models (compared o Enhanced
Ba-LSTA Y, it snll perforins sagidficantly better than wradi-
vonal classafiers 1 modeling non-bnear relationships witlin
e feature space. Die 1o ats relalively stimple architectuee
and feedforwand nature-witlour the recurremt overhesd of
seguence modeling-MLEP requires fewer computatsonal re-
souroes, less memory, and shorer inference tnme. These
atiributes ensure that it fins the plafeem well where s
resolce requirements are low, e, either mobabe devices,
enhedded sysems. or edpe computing wndts where real-tume
computing 15 required. In contrast, the classical machine
bearnang models-pariicularly the Ramdom Forest classibier-
are nal anly computanonally efficient buar also lnghly iner-
pretable, Random Forests ane endembles of decisaon tees
which soranfy feamres recursavely, and the sigmibcance of
Ul features may be measured siradglitforwardly. It facilizaies
an explanation that helps the pracitsoners 0 kaow what
predetermines the decision of classification, what feamres
are continbuting the most 10 the predictions., and correct-
mgfdebugging of te prospective misclassificanon. More-
over, Random Forears are generally easy 1o ke in lecims of

hy perparameters, and they are resistant o overfiime, whach
means that they are a safe defaull algesithm w apply w
HAR tasks, where Liotle ratnding data 15 available or the data
% sy, All i all, these models offer versanle solutsmns
baszd om the apphication bratations: MLEF offers modesately
difficult, deplovable ar the edges, but could use beter ac-
curacy, whle Random Forest offers fast and inperpretable
applecations, ether in the protolyping phass or low-laency
Sy slEm.

6. CONCLUSION AND FUTURE WORK

Wi appleed different algorithms on the UCI-HAR dataser o
Bl i ot thar o these algonthas are responding for clas-
afication of different actnvites represented in the daraset.

The classic machae learmng algosithngs ke support vector
machase 15 giving signaficamly good result. In the same
winy slandarnd deeg learning model ke multilayer perceplion
model also giving bener performance. Butthe deep learing
imodel Enhanced Bi-LSTM has given the best sesulis ull
e Dt normalizanon and angmentation, local wmparal
fzature extraction with CHN blocks and then applyving this
dbarta on dense layered architeciure of Bi-LETH has mproved
the effictency amd performsance of Bi-LSTM algorubhm. 5o
basically, s observed, of we add some mose layers for
preprocessing of data on a layered deep learnimg archatecture
ke Ba-LETM 50 it may enhance the performance of e
algarithim which would cutperform the performance of atler
models. In the fumre work the focus would be on preparing
the dataset by capluring 0 from Wi signals and ereating
a sensor-less and contact-less svatens o detect the himan
activites by Wi-Fi.
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