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Abstract—Facial emotion recognition is an important com
petent part in comprehending an individual’s mental state. It 
facilitateshuman-computerinteraction.However,manyCurrent 
Face++systemsforfacialemotionrecognitionhaveacloud
processing, which in turn leads to increased latency, privacy 
issues, and Issues with Reliability. The paper wil
Emotion-Aware Smart A mirror utilizing edge computing with a 
lightweightCon-EvolutionalNeuralNetworkisusedinrealtime 
facialemotionanalysisrecognition.Theproposedsystemisbased on 
embedded systems. including Raspberry Pi and ESP32
and is trained on FER 2013 dataset with seven emotions: Happy, 
Sad, Angry Neutral, Surprise, Fear, and Disgust. Preprocessing 
methods such as conversion to grayscale, normalization, and 
Harr Cascade- Faces detected using LBP are used for improved 
classification. Accuracy - Based on the detected emotion, the 
system generates individualized feedback, motivational quotes, 
and calming messages recommendations, and health tips. Some 
experimental results show in order for this proposed system to 
have reliable accuracy with low inference time, making it ideal 
forreal-timeanalysisofmentalstateSuchisanexampleof non
invasive tracking. The technique is privacy
effective,andsuitablefordeploymentineverydayenvironments.

 
Index Terms—Facial Emotion Recognition, 

Mirror, Convolution-al Neural Network, FER
Health Monitoring 

 
I. INTRODUCTION 

“Thehumanwell-beingofmentalbeingsisaprincipalpoint of”: 
This is a literal translation of the given French sentence 
arising from the total welfare of human beings, it stipulatesthe 
extent of emotional stability, health, or the extent pro
ductivity, decision-making capability, or social behavior. This 
scalding urbanization, on-line overworking pressure, work 
uncertainties, and change of lifestyles over the 
that have played an important role in improving the numberof 
stress, anxiety, and depressive cases among the persons of any 
age [11]. However, despite the fact that it has gainedmore 
significance, the importance of mental health remains 
neglected by the force of social stigma, ignorance, lack of 
direct observation systems [13]. 

Facial Expression Recognition in affective computing is 
viewedasoneofthemostpromisingareasofresearchor non
invasive manner of emotion analysis 3, 15. Innately, by 
usingthefacialexpressionofahumanbeing,itreveals
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individual’s mental state. It 

computerinteraction.However,manyCurrent 
Face++systemsforfacialemotionrecognitionhaveacloud-based 
processing, which in turn leads to increased latency, privacy 
issues, and Issues with Reliability. The paper will introduce an 

Aware Smart A mirror utilizing edge computing with a 
EvolutionalNeuralNetworkisusedinrealtime 

facialemotionanalysisrecognition.Theproposedsystemisbased on 
embedded systems. including Raspberry Pi and ESP32-CAM, 

trained on FER 2013 dataset with seven emotions: Happy, 
Sad, Angry Neutral, Surprise, Fear, and Disgust. Preprocessing 
methods such as conversion to grayscale, normalization, and 

Faces detected using LBP are used for improved 
Based on the detected emotion, the 
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and calming messages recommendations, and health tips. Some 
experimental results show in order for this proposed system to 
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environments. 
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ofmentalbeingsisaprincipalpoint of”: 
This is a literal translation of the given French sentence 

n beings, it stipulatesthe 
extent of emotional stability, health, or the extent pro- 

making capability, or social behavior. This 
line overworking pressure, work 

uncertainties, and change of lifestyles over the recent years 
that have played an important role in improving the numberof 
stress, anxiety, and depressive cases among the persons of any 
age [11]. However, despite the fact that it has gainedmore 
significance, the importance of mental health remains 

ted by the force of social stigma, ignorance, lack of 

Facial Expression Recognition in affective computing is 
viewedasoneofthemostpromisingareasofresearchor non-
invasive manner of emotion analysis 3, 15. Innately, by 

hefacialexpressionofahumanbeing,itrevealsinternal 

feelings for happiness, sadness, anger, surprise, fear, and 
disgust. According to studies in psychological aspects, such 
expressions occur through cultures and can be mentioned in 
other cultures to a large extent. Because of this universality, 
therefore, facial expressions have become a great medium for 
emotion detection. 

Because of the rapid development of computer vision and 
artificial intelligence, computers can learn about complicated 
patterns of the face and apply them to emotions. Precisely,the 
CNNs results have been outstanding in terms of mining a face 
image in terms of hierarchical detail features and mining 
features of the face image through emotion categorization 
tasks. For the first time, improvements enabled by FER
JAFFE, and AffectNet databases open quite new possibilities 
in the given area-as now it became possible to train deep 
learning models which may be called in order to mimic 
human-level performance in controlled environments.

 
II. RELATEDWORK

Facial Emotion Recognition (FER): The facial emotion 
recognition technique in computer vision/Artificial Intelli
gence/AffectiveComputingisaboomingresearchareaand a very 
dynamically developing field in face recognition [3], 
[15].Aconsiderableamountofdebatehasemergedinthepast 
decade on the proposals put forth concerning an improvement 
in the efficiency of emotion recognition systems and their 
implementation for practical tasks [2], [9]. Such proposals 
were drawn up based on existing machine learni
with manual/Handcrafted Features in machine learning todeep 
architectures with prospects of learning face patterns by 
themselves [3], [10]. 
The most prominent and efficient learning model used by 
Gudi et al. in identifying face expressions, a
topixels,isbasedonatechniquecalledaConvolutionalNeural 
Network,” explained Er et al. Moreover, deep learning neural 
networks were highlighted by Gudi et al. in their study to be 
able to represent relevant information in a face image with
relyingonahuman-generateddefinition,suchasHistogramof 
Oriented Gradients or Local Binary Patterns [4]. It is one of 
themodificationsinconventionalmethodsinlearning
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for face expressions up to end-to-end learning models in FE
systems in the deep learning revolution [10]. 

To overcome this challenge of real time performance, Jad
hav et al. suggested a real time framework for the CNN struc
tureoffacialemotionrecognitioninrealtimeusingFER
datasets [5]. They proposed a system with a simpler structure 
by reducing the parameters with or without a significantly 
negative impact on this competitive level of accuracy. They 
highlighted the critical role of requiring a good trade
accuracy and efficiency in light of this parti
where the performance of the real time emotion analysis is 
relevant, such as in a human computer interface system or a 
class room monitoring system being used in health evaluation 
[9]. They were completely reliant on computers with good 
processing capacity. 

However, the implementation of the emotion recognition 
model on edge devices was a topic of research among those 
with interest in this field. A face emotion recognition system 
withRaspberrybyCNNwasputforthbySethiandRoyashort while 
later in their research work [8]. They demonstrated in their 
work that with ample modelization, deep learning tasks 
canbeaccomplishedinlimiteddeviceswithadecentexecution 
time. 

III. PROPOSEDMETHODOLOGY

Themainobjectiveofthisstudyistodevelopandde
efficient, real-time facial emotion recognition system capable 
of operating on resource-constrained edge devices while 
achieving high accuracy and low latency [4], [9]. To achieve 
this, an effective processing pipeline is 
constructedbycombiningtraditionalcomputervisi
withalightweightdeeplearningmodel[3],[5].Inparticular, the 
proposed methodology seems computationally efficient, 
privacy-preserving,andsuitableforreal-timeimplementations, 
considering limitations and constraints of embedded devices 
like Raspberry Pi and ESP32-CAM [12], [13].

A. ImageAcquisition 

In this method, first, it is required to get a live feed of 
thevideos from the cameras attached to the smart mirror 
citesmartmirror2020.Forthispurpose,wehaveusedcamera 
modulesliketheRaspberryPiCameraModuleV2
cameramodulescouldbeESP32-CAM,asthismoduleis equipped 
with a camera. In order to implement this, we have 
usedamethod,Video Capture()providedbyOpenCV, 
whichgivesuscontinuousfeeds.Weareprocessingaround 10 to 
15 frames per second in this system This frame rate 
isoptimalasitcapturesenoughframestoberesponsivewhile 
minimizingthenumberofframesneededtobeprocessedto 
preventsystemoverload[4].Thisframerateisalsoappropriate 
forourneedssincefacialexpressionsdonottendtochange instantly 
[3]. Each of the frames is handled independently for the 
subsequent stages of processing. 

B. ImagePreprocessing 

Raw video video frames from the camera come with a 
lotofbackgroundandcolordatathatareirrelevantand
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this, an effective processing pipeline is 
constructedbycombiningtraditionalcomputervisiontechniques
withalightweightdeeplearningmodel[3],[5].Inparticular, the 
proposed methodology seems computationally efficient, 

timeimplementations, 
considering limitations and constraints of embedded devices 
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In this method, first, it is required to get a live feed of 
thevideos from the cameras attached to the smart mirror 
citesmartmirror2020.Forthispurpose,wehaveusedcamera 
modulesliketheRaspberryPiCameraModuleV2.Other 

CAM,asthismoduleis equipped 
with a camera. In order to implement this, we have 

providedbyOpenCV, 
whichgivesuscontinuousfeeds.Weareprocessingaround 10 to 

ame rate 
isoptimalasitcapturesenoughframestoberesponsivewhile 

offramesneededtobeprocessedto 
preventsystemoverload[4].Thisframerateisalsoappropriate 
forourneedssincefacialexpressionsdonottendtochange instantly 

andled independently for the 

Raw video video frames from the camera come with a 
lotofbackgroundandcolordatathatareirrelevantanddifferent 

typesof noise[3]. Allofthese elementscan affectrecognition 
accuracy and slow down the speed of processing. For this 
reason, we take a number of steps during preprocessing to 
remove and minimize the impact these elements have on the 
quality of the image data, so that we can provide CNN with 
high quality, consistent image data [5]. With these specifica
tions in mind, we have developed a preprocessing pipelinethat 
allows us to standardize and normalize the quality of all image 
data that we supply to our neural network. The three steps we 
perform in our pipeline are to conve
grayscale, normalize the image data, and standardize the pixel 
dimensions of the image data. All of these steps ensure that 
the data we supply to our neural network is homogeneous and 
allows for the efficient processing of the image da

 
C. HaarCascade-BasedFaceDetection

Oncewefinishwithpreprocessingthenextstepisdetecting 
faces.Sincewe’reonlyconcernedwiththefacialregionof the 
image, we won’t have to bother ourselves with the 
backgroundnoise;hence,theaccuracyoftherecognitionofthe 
emotion is precise with faster processing speeds [6]. For the 
classification of the image, we use an image classifier basedon 
the concept of the Haar Cascade Classifier. This classifieris an 
old concept but one that works well in the real worldwith 
machine learning [18]. This classifier uses basic image 
processingconceptsknownasHaarfeaturesandthensearches the 
images for the faces of people looking straight. Once the 
classifier detects the face, it draws a box, and the region of 
interest is segmented as shown in the
before we send it to the CNN for the classification of the 
emotions,thefaceimageisresizedto48

 
D. LightweightCNNFeatureExtraction

Our system incorporates an embedded simple CNN model, 
basedontheoriginalmodelbyLeNet[7].The
usetheLeNetmodelwasbasedonthefactthatitissimple, it has an 
acceptable number of parameters, it is efficient in resource
intensive devices, and it can perform classification.

 
E. ModelTrainingStrategy 

Hence, we have gone for the implementation of th
processfortheproposedCNNmodelbyconsideringthe 
datasetasFER-2013[2],whichhasthousandsoffeatures related to 
facial expressions categorized under seven different 
emotionalcategories.However,inthiscase,ourproposedloss 
function has been considered by implementing the categorical 
cross-entropy function along with Adam optimizer as follows 
Batch size is set to 32 throughout the experiments. Similarly, 
thenumberofiterationsrangesfrom40to60.Toavoid 
issuesrelatedtomemorizationofdatasetsbytheproposed CNN 
model, the technique of data augmentation was adopted 
byrotatingandflippingtheimagesalongwithzooming
shifting[5]. 
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F. OutputFeedbackMechanism 

Onceitisdetected,thesystemwillprovidefeedbackto the user 
in the form of motivational quotes, how to relax, or anything 
that is generally positive; all of these are dependent on what 
the user is ’feeling’ at that particular moment [11], [12]. 
Instead of just another emotion detection system, it turns out 
to be an emotional support system where the use
themselves involved with an intelligent system that responds 
to them on an emotional level. 

IV. SYSTEMARCHITECTURE 

Our proposed system includes various hardware compo
nents, computer vision, and deep learning technologies with 
the objective of creating a complete and efficient Emotion 
AwareSmartMirrorforthedetectionandrecognitionof the 
emotions of the users [12], [13]. The modularity of the 
proposedsystemcouldbeutilizedforthedeploymentof the model 
at any desired location [12]. Each part of thesy
unique role to play, and therefore, when all the components of 
the modular system are functioning optimally, the 
development of the complete system’s capability for the 
detection of the emotions of the users is enabled.

• SensingLayer:Thislayeriswherethedatais
• Processing Layer: This is essentially where all 

heavy lifting” happens – the” com 
• Application Layer:Thislayerisresponsiblefordisplay

ingemotion-basedfeedbackandvisualizationtotheuser.

By separating things this way, we end up w
that’s clean, modular, and much easier to maintain.

A. HardwareArchitecture 

Thewholesystemisthenplacedbehindaone-wayreflective 
mirror. Out front, it just looks like any other variety of mirror 
fare—not fancy. But behind the mirror, all the wire i
hidden and ready to go. 

Here’swhatwe’reworkingwithintermsofhardware:
1) Raspberry Pi / ESP32-CAM: This module is the sys

tem’s main processing component and handles the following 
responsibilities: Camera interfacing, running the CNN model, 
image preprocessing, executing the emotion recognition algo
rithmandcontrollingoutputtodisplays.TheRaspberryPi is 
chosen for its reasonable processing power and ability torun 
Linux and Python, which allows for easy integration of 
OpenCVanddeeplearning,TensorFlowandKeras,fusion[4], 
[12]. 

2) Camera Module:The camera module is placed above the 
mirror or behind it, and may be a Raspberry Pi Camera 
Module V2 or a USB camera. Its main purpose is to recordthe 
face of the person using the mirror at all times [12]. The 
camera is adjusted to capture a wide and frontal perspectiveto 
ensure precise face detection. 

3) Display Unit (LCD/LED Monitor): 
LCD/LEDdisplayismountedbehindtheone-waymirror to 
present Detected emotion, Date and time, Motivational quotes, 
Mental wellness suggestions 
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wayreflective 
mirror. Out front, it just looks like any other variety of mirror 

not fancy. But behind the mirror, all the wire is neatly 

hardware: 
This module is the sys- 

tem’s main processing component and handles the following 
responsibilities: Camera interfacing, running the CNN model, 

preprocessing, executing the emotion recognition algo- 
rithmandcontrollingoutputtodisplays.TheRaspberryPi is 
chosen for its reasonable processing power and ability torun 
Linux and Python, which allows for easy integration of 

wandKeras,fusion[4], 

The camera module is placed above the 
mirror or behind it, and may be a Raspberry Pi Camera 
Module V2 or a USB camera. Its main purpose is to recordthe 
face of the person using the mirror at all times [12]. The 

ra is adjusted to capture a wide and frontal perspectiveto 

Display Unit (LCD/LED Monitor): A compact 
waymirror to 

present Detected emotion, Date and time, Motivational quotes, 

4) Power Supply: The entire system is powered using a 
standard 5V supply, which can be a wall adapter or even a 
portable power bank. Since the system is not power hungry, 
you can leave it on all day without concerns about the 
electricitybill[13].Withallthesecomponents,youcreate an 
inexpensive, compact, and efficient system for making the 
smart mirror a reality. 

B. SoftwareArchitecture 

We have structured the software component into a number 
of discrete but interconnected modules, each responsible f
different part of the system. The entire system is constructedin 
Python and uses OpenCV and TensorFlow/Keras, which isa 
software stack that is quite suitable for this type of project. We 
will go through each of these in the following sections.

Here’swhatwe’reworkingwithonthesoftware

• CameraInterfaceModule 
• FaceDetectionModule 
• ImagePreprocessingModule 
• CNN-BasedEmotionClassification
• FeedbackDisplayModule 
• SystemControlModule 

C. CameraInterfaceModule 

Modules of the interfaces of the camera handle 
munication with the camera’s hardware and maintain the 
operation of the live video stream citesmartmirror2020. To 
obtainaconstantvideostream,weutilizetheOpenCVmethod 
Video Capture()[4].This module maintains the constant 
capture of video stream image frames, holding the frame rate 
to approximately 10–15 FPS [4], and sends these frames tothe 
next module to obtain face detection, while also managing the 
disconnection of the camera and/or other software bugs. 
Without this module, the system would lose the 
stream data in real time. 

D. FaceDetectionModule 

Inthiscase,theframeswillbeprocessedforthepresenceof faces 
next. To do this, we will use a Haar Cascade Classifier. This is 
one of the most respected approaches for frontal face 
detection.Thisisamulti-levelanalysistechniqueusedforface 
detection and critical features of the face, like the eyes, nose, 
and mouth, etc. In case there are many faces in an image, one 
of them will be chosen which has the largest bounding box, 
andthisislikelythemainuserfacingthemirror.Next,afterthe face 
detection process is over, the image will be divided into the 
ROI and then pass through the pre
technique reduces the amount of data the CNN must handle, 
which significantly increases speed. [12].

E. Image Preprocessing Module 

After facial ROIs are extracted, we apply several prepro
cessing techniques to prepare them for the CNN [5]. These 
stepsincludethefollowing:convertingimagestograyscale[3], 
resizingimagesto48×48pixels[2],normalizingpixelvalues 
tofallwithinthe[0,1]range[10],andnoisefiltering,
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is optional [3]. These techniques increase the consistency of 
the input data and the accuracy of the emotion recognition 
classification. 

F. EmotionClassificationModule(CNNModel)

This device uses a light CNN model we created from the 
FER-2013 dataset as the model’s brain. It identifies facial 
structures,identifiesemotionalrecognitionpatterns,andclassi
fiesfacesintooneofsevenemotionalcategories.Unlikelarger 
models such as VGG or ResNet, our model has less layersand 
parameters, which means it can operate on edge devices 
without the use of a GPU [?], [7]. We keep the model on the 
device and load it on system start to get emotion labels along 
with confidence levels for the frames processed.

G. FeedbackDisplayModule 

Oncewedetermineyouremotion,thatinformationissentto the 
feedback display module, which determines what to show on 
the mirror. Based on your feelings, the system may display a 
motivational quote, a suggestion to relax, or a wellness tip. 
This small feature enhances the experience and transformsthe 
mirror into something that actually interacts with your mood. 
[11], [12]. 

Herearesomeexamplesofwhatyoumightsee:
• Happy:“Keepthegoodmoodgoing!” 
• Sad: “Everythingwillbeokay.Stayhopeful”
• Angry:“pause,takeadeepbreathandcalmdown
• Fear:“Youaresafe” 
• Neutral:“Stayfocusedandpositive” 

 
Fig.1.ArchitectureoftheproposedEmotion-AwareSmartMirror

 
V. EXPERIMENTALRESULTS

In this section, the authors have explained the design, 
methodology, variables, results, and their implications with 
reference to their Emotion Aware Smart Mirror [12]. Keeping 
thefactorssuchasprecision,time,andedgecomputing 
inview,intheexperimentscarriedoutbytheauthors,

evaluationoftheusabilityoftheproposedsystemhasbeen 
performed.[7], [13] 

Wedesignedourevaluationtoanswerafewkey

• HowaccurateisourCNNmodelinclassifyingemo
[7]? 
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is optional [3]. These techniques increase the consistency of 
the input data and the accuracy of the emotion recognition 

Model) 

uses a light CNN model we created from the 
2013 dataset as the model’s brain. It identifies facial 

structures,identifiesemotionalrecognitionpatterns,andclassi- 
fiesfacesintooneofsevenemotionalcategories.Unlikelarger 

del has less layersand 
parameters, which means it can operate on edge devices 

], [7]. We keep the model on the 
device and load it on system start to get emotion labels along 
with confidence levels for the frames processed. 

Oncewedetermineyouremotion,thatinformationissentto the 
feedback display module, which determines what to show on 
the mirror. Based on your feelings, the system may display a 
motivational quote, a suggestion to relax, or a wellness tip. 

small feature enhances the experience and transformsthe 
mirror into something that actually interacts with your mood. 

see: 

hopeful” 
down” 

• Can the system keep up in real-
ware [13]? 

• Howgoodarethepredictionswhentheconditionsare not 
ideal [3]? 

• Isthisthingactuallypracticalfortherealworld

A. ExperimentalSetup 

Theexperimentalconfigurationusedforevaluatingthe proposed 
system is described below. 

1) HardwareEnvironment: 

• Processor:RaspberryPi4ModelB(4GBRAM)
• Camera: Raspberry Pi Camera Module V2 / USB Web

cam [12] 
• Display:LCDmonitormountedbehinda

[12] 
• PowerSupply:5V,2.5A 
• OperatingSystem:RaspbianOS

2) SoftwareEnvironment: 

• ProgrammingLanguage:Python
• LibrariesUsed: 

– OpenCV[3] 
– TensorFlowandKeras[10] 
– NumPyandPandas 
– Matplotlib 

• Dataset:FER-2013[6] 
• DevelopmentPlatform:JupyterNotebook,

Terminal 

Next, the CNN model was trained using a separate GPU 
platform; thus, the model was implemented for testing using 
the Raspberry Pi platform in real-time [7].

B. PerformanceMetrics 

To evaluate the effectiveness of the proposed system, stan
dard classification metrics were employed [5].

1) Accuracy:Accuracymeasurestheoverallcorrectnessof the 
model and is defined as: 

Accuracy= 
TP

TP+TN
2) Precision:Precisionrepresentstheproportionofcor

predicted positive samples: 

AwareSmartMirrorSystem Precision =  
TP 

TP+

RESULTS 
In this section, the authors have explained the design, 

variables, results, and their implications with 
reference to their Emotion Aware Smart Mirror [12]. Keeping 
thefactorssuchasprecision,time,andedgecomputing 
inview,intheexperimentscarriedoutbytheauthors,an 

3) Recall:Recallmeasurestheproportionofactualpositive
samples correctly identified: 

Recall= 
TP

TP+
4) F1-Score:The F1-score is the harmonic mean of preci

sion and recall: 

evaluationoftheusabilityoftheproposedsystemhasbeen F1-score=2×Precision×
Precision

Wedesignedourevaluationtoanswerafewkeyquestions: 

HowaccurateisourCNNmodelinclassifyingemo- tions [5], 
These metrics ensure that system evaluation is not limitedto 

accuracy alone but also considers consistency 
between false positives and false negatives [10].
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-time on embedded hard- 

Howgoodarethepredictionswhentheconditionsare not 

Isthisthingactuallypracticalfortherealworld[12]? 

Theexperimentalconfigurationusedforevaluatingthe proposed 

:RaspberryPi4ModelB(4GBRAM)[7] 
: Raspberry Pi Camera Module V2 / USB Web- 

:LCDmonitormountedbehindaone-waymirror 

:RaspbianOS(Linux) 

:Python3.8 

:JupyterNotebook,RaspberryPi 

Next, the CNN model was trained using a separate GPU 
platform; thus, the model was implemented for testing using 

time [7]. 

To evaluate the effectiveness of the proposed system, stan- 
dard classification metrics were employed [5]. 

Accuracymeasurestheoverallcorrectnessof the 

TP+TN 

TN+FP+FN 
(1) 

Precisionrepresentstheproportionofcor- rectly 

TP 
+FP 

(2) 

Recallmeasurestheproportionofactualpositive 

TP 
(3) 

+FN 
score is the harmonic mean of preci- 

×Recall 

Precision+Recall 
(4) 

These metrics ensure that system evaluation is not limitedto 
accuracy alone but also considers consistency and balance 
between false positives and false negatives [10]. 
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Fig.2.Trainingandvalidationaccuracyandlossversus

 
 

C. ModelTrainingResults 

The CNN model was trained for 50 epochs on the FER
2013datasetusingdataaugmentationtechniques[5].Thefinal 
trainingandvalidationperformanceissummarizedinTable

 
TABLEI 

TRAININGANDVALIDATIONRESULTS
 

Metric Value
TrainingAccuracy(%) 92.6 
ValidationAccuracy(%) 88.4 
TrainingLoss 0.31 

ValidationLoss0.45 
 

1) Observations: 
• Both training and validation accuracy improved steadily 

with each epoch. 
• Validationperformanceindicatedgoodgeneralizationca

pability [7]. 
• Minor overfitting was observed after 45 epochs and was 

mitigated using dropout and early stopping [5].
• Dataaugmentationimprovedrobustnessunderrea

conditions [3]. 
These results demonstrate that the proposed lightweight 

CNN effectively learns and distinguishes between different 
facial expressions [7]. 

D. Real-TimeTestingResults 

After training, the model was deployed on the Raspberry Pi 
and tested in real-time using the smart mirror interface [12]. 
Multiple volunteers were asked to stand in front of the mirror 
and express different emotions naturally. 

1) ProcessingSpeed: 
• MeanFrameRate:12–15FPS[13] 
• AveragePredictionTimeperFrame:80–100
Theseresultsconfirmthatthesystemiscapableofreal

operation without noticeable latency [13]. 

E. EnvironmentalPerformanceAnalysis 

Thesystemwastestedundervaryinglightingconditionsand 
backgroundenvironments.Despitethesevariations,themodel 
demonstrated stable performance, indicating good generaliza
tion ability in real-life scenarios [3]. 
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iques[5].Thefinal 

trainingandvalidationperformanceissummarizedinTableI. 

ESULTS 

Value 
 
 
 

accuracy improved steadily 

Validationperformanceindicatedgoodgeneralizationca- 

Minor overfitting was observed after 45 epochs and was 
mitigated using dropout and early stopping [5]. 
Dataaugmentationimprovedrobustnessunderreal-world 

These results demonstrate that the proposed lightweight 
CNN effectively learns and distinguishes between different 

After training, the model was deployed on the Raspberry Pi 
time using the smart mirror interface [12]. 

Multiple volunteers were asked to stand in front of the mirror 

100ms 
firmthatthesystemiscapableofreal-time 

Thesystemwastestedundervaryinglightingconditionsand 
backgroundenvironments.Despitethesevariations,themodel 

dicating good generaliza- 

TABLEII 
REAL-TIMEEMOTIONRECOGNITION

 
Emotion Accuracy
Happy 
Sad 
Angry 
Neutral 
Surprise 
Fear 
Disgust 
AverageAccuracy 

 
 
 

F. ComparisonwithExistingSystems 

 
TABLEIII 

COMPARISONWITHEXISTING
 

Model Dataset Accuracy
VGG16 FER-2013 92
ResNet50 FER-2013 94
StandardCNN FER-2013 85

ProposedModel FER-2013 89
 

Althoughdeepermodelsachievehigheraccuracy,their
putational complexity makes them unsuitable for embedded 
platforms [10]. The proposed model provides the best balance 
between accuracy and efficiency for edge AI applications [7], 
[13]. 

G. UserExperienceEvaluation 

A small-scale user study was conducted 
mirror system [12]. Participants reported that the system is 
simple and easy to use and Emotion detection is fast and 
accurate and motivational feedback is helpful and engaging 
andnoprivacyconcernswereobservedduetocomplete on
processing [13]. These observations confirm thatthe system 
satisfies both technical and user-centric design objectives [12].

H. Discussion 

Based on the experimental results, the proposed Emotion
Aware Smart Mirror system is Highly accurate, Computa
tionally efficient, Capable of real-time processing, Privacy
preserving, Suitable for daily real-world applications. By exe
cutingallcomputationsontheedgedeviceusingalightweight 
CNN, the system overcomes the limitations of cloud
approaches [13]. Although the accuracy is slightly lower than 
thatofheavydeeplearningmodels,theadvantagesintermsof 
privacy, cost, and deployment feasibility significantly outweigh 
this limitation. 

These results demonstrate the feasibility of deploying the 
proposed system in homes, offices, 
institutions [12]. 

VI. CONCLUSIONANDFUTURE

We describe the construction of a Emotion
Mirror that can analyze how you feel via facial emotion 
recognition and edge AI without sending your data anywhere. 
Ourgoalwastobuildsomethingthatislowcost,secure,
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ECOGNITIONACCURACY 

Accuracy(%) 
93 
89 
87 
90 
91 
84 
85 
89 

 

XISTINGMODELS 

Accuracy(%) EdgeCompatible 
92 No 
94 No 
85 Yes 
89 Yes  

Althoughdeepermodelsachievehigheraccuracy,theircom- 
putational complexity makes them unsuitable for embedded 
platforms [10]. The proposed model provides the best balance 
between accuracy and efficiency for edge AI applications [7], 

scale user study was conducted using the smart 
mirror system [12]. Participants reported that the system is 
simple and easy to use and Emotion detection is fast and 
accurate and motivational feedback is helpful and engaging 
andnoprivacyconcernswereobservedduetocomplete on-device 

ing [13]. These observations confirm thatthe system 
centric design objectives [12]. 

Based on the experimental results, the proposed Emotion- 
Aware Smart Mirror system is Highly accurate, Computa- 

time processing, Privacy- 
world applications. By exe- 

cutingallcomputationsontheedgedeviceusingalightweight 
CNN, the system overcomes the limitations of cloud-based 

racy is slightly lower than 
thatofheavydeeplearningmodels,theadvantagesintermsof 
privacy, cost, and deployment feasibility significantly outweigh 

These results demonstrate the feasibility of deploying the 
 hospitals, and educational 

UTUREWORK 

We describe the construction of a Emotion-Aware Smart 
Mirror that can analyze how you feel via facial emotion 
recognition and edge AI without sending your data anywhere. 

buildsomethingthatislowcost,secure,and 
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Fig.3.Inferencetimeperframeontheedgedevice

 

 
serves a real purpose to assist your mental health. We are 
pleased to report that our lightweight CNN, trained on the 
FER-2013dataset,achievesapproximately89.8%accuracyon 
real world testing. For a system that runs on a Raspberry Pi, 
that is quite impressive. It demonstrates that you don’t require 
apowerfulGPUorcloudserversforemotionrecognition; all you 
need is a brilliant approach to the construction and 
optimization of your model. 

We take pride in everything being done directly on the 
device. No cloud. No data leaving your home. Your infor
mation stays secure, responses are instant, and the device 
worksoffline.Thiskindofprivacyisespeciallyimportant in 
sensitive environments like hospitals, therapy offices, and 
homes. But we went beyond privacy. The mirror does more 
thansenseemotion,itreactstoit.Ifthemirrordetects 
you’refeelingdown,itwilldisplaypositivecontentsuch as a 
motivational quote, peaceful message, or encouraging 
suggestion. The mirror seeks to give its users a more genuine, 
positive experience. 

 
A.FutureWork 

Thereisstillplentyofroomtogrow.Wewanttoexplore a few 
different directions next. For example, we could poten
branch out from just facial expression detection, and integrate 
additional forms of measurement, like heart rate, voice 
modulation, or even body language. The 
combinationofthesefactorswouldbeabletoreachawholenewleve
l of understanding regarding an individual’s true emotional 
state.TheintegrationofaMAX30102heartratesensoror a voice 
analysis sensor could be a game changer in thisregard. 
Another example is that there are more recent, state
deep learning models that could potentially be more effective 
and less resource intensive than those that we are currently 
utilizing for example MobileNet, EfficientNet, or even Vision 
Transformers. These models have been created with 
portability in mind and should enhance our accuracy while 
still maintaining speed. Now, picture if the mirror could have 
a conversation with you. Utilizing some NLP, it could 
recommendbreathingexercisesifyou’reanxiousorhave
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positiveconversationwithyouifyou’refeelinglow.That would be 
phenomenal! 
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