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I. INTRODUCTION 

House price prediction is a difficult problem in real estate 

industry duetothemultiplefactorlikelocation,locality,area,size 

population,incomenumber of rooms, access to transportation & 

essentialfacilities.Traditionalvaluationmethodsrelyonmanual 

appraisalsorbasicstatisticaltechniques,whichareoftentime- 

consuming, inconsistent, and less accurate. This research proposes 

thedesignandimplementingAI&Mltechniques. -basedHouse 
PricePredictionSystemtoprovideadata-drivenandautomated 

Therealestatemarketplayamajorroleininfluencing 
economy,andaccuratepropertyvaluationisessentialfor buyers, 
sellers, investors, and real estate agencies. However, 
predictinghouse price is a difficult task because property 
valuesdependonmultiplefactorssuchaslocation,populationdensit
y,incomelevels,housingstructure,and 
nearbyfacilities.Oldvaluationtechniquesdependonmanual 

pricingsolution.ThesystemusesdatafromCaliforniahousingdatatsetappraisalorsimplestatisticaltechniques,whichoftenleadto 

totrainandevaluatethepredictivemodel.Datapreprocessing 

techniques such as data cleaning, handling missing values, feature 

scaling using Standard Scaler, and one-hot encoding of categorical 

variables are appliedto improvemodel performance.A stratified 

train-testsplitapproachisusedtoensurebalancedandreliable 

evaluationofthedataset.TheRandomForestRegressionalgorithm is 

implemented to capture complex relationships between housing 

featuresandpropertyprices.Modelperformanceisevaluatedusing 

standardregression Testing metrics to test the prediction and 

accuracy and error rate. Experimental results demonstrate that the 

proposed model achieves high predictive accuracy and effectively 

models complex real estate market patterns. The developed system 

provides a scalable, reliable, and practical solution that can assist 

buyers, sellers, real estatecompanies , and analysts in 
makinginformedpricing decisions. 
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inconsistentandinaccurateresult. 

WiththeadvancementofAI and other fields like 
MachineLearning,predictivemodelscananalyzelarge 
volumes of historical data and identify complex 
relationships 
betweenhousingfeaturesandpropertyprices.Machine 
learningtechniquesprovideautomated,scalable,anddata- 
Basedsolutionthatimprovesthepredictionaccuracycompare
d to traditional methods. 

This researchfocuses on designingand 
implementinga HousePricePredictionSystemby using 
AI and Ml techniques. The system uses the California 
Housing dataset 
andappliespreprocessingmethodssuchasdatacleaning, 
feature scaling, and encoding to prepare the data for 
model 
training.ARandomForestRegressionmodelisimplemente
d topredicthousepriceseffectively.Theproposedsystem 
aimstoprovideareliableandpracticalsolutionforreal estate 
price estimation. 

 

II. LITERATUREREVIEW 

Alot of studies have been done on house/ building 
price 
predictionusingstatisticalandmachinelearningapproaches
. Earlytechniques mainly focuses on tradition regression 
modelssuchasLinearRegression,whichprovidedbasic 
price prediction based on very few features although 
simple 
andeasytointerpret,thesemodelsoftenfailedtocapture 
complex non-linear relationships in housing data. 

WiththeenhancementwithtimeinMLtech,researcher
s began applying Decision Tree and Support Vector 
Machine (SVM) models for improved accuracy. These 
techniques 
showedbetterperformancecomparedtotraditionalstatisti
cal methods but sometimes suffered from overfitting or 
high computational complexity. 
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Recent studies have emphasized the use of ensemble 
learning techniques such as Random Forest and Gradient 
Boosting. These models combine multiple decision trees to 
improve prediction accuracy and reduce overfitting. 
Research findings indicate that ensemble methods generally 
outperform single-model approaches in real estate price 
prediction tasks. 

DespiteDespite these progress, there is a need for scalable, 

automated,&welltrainedsystemsthatcanefficientlyhandle real 

life housing datasets. This research builds upon previous data 

by implementing a random forest regression model 

withproperpreprocessingmethodsandstratifiedsampling 

togainreliableandclosesthousepricepredictions. 

 

III. METHODOLOGY 

This section explains the steps followed to design and 
implement the House Price Prediction system. 

 

A. DatasetCollection 

The California housing dataset is used as training and 

testing.Thedatasethavevariousfeaturessuchasmedian 

income, housing age, total rooms, combined bedrooms 

,population,households,andlocationrelateddatapoint 

B. Data Preprocessing 

• Rawdatacleanedthoroughpreparationpriorto 

model training. 

• Missingvaluesarehandledthroughappropriatemethods. 

• 
Featurescalingisdoneutilizingastandardscalerto 
normalize numerical data.

 
Categoricalvariablesarechangedusingonehot 

• 
encoding.

 

 

C. Train-TestSplit 

The dataset is broken into testing and training sets by 

stradifiedsamplingtomaintainbalancedatadistribution 

D. ModelSelection 

Randomforestregressionisusedasthemain prediction 

model because it can handle non 

straightrelationshipsandreducetheamountofoverfitting. 

E. ModelTraining 

Themodelistrainedusingthespecialiseddataset 

torememberandidentifypatternsbetweeninputfeatures and 

house price. 
F. ModelEvaluation 

The final trained model is tested using the testing set 

data.Performancemetricssuchascorrectnessandrate of 

error are used to measure accuracy. 

 

IV. SYSTEMARCHITECTURE 

TheHousePricePredictionsystemfollowspathofstructured work 

consisting of front, backend, and ML components. 

 

A. DataInputLayer 

Usersgivesinputdetailssuchasarea,numberofroom, 

location related factors, and other features related to 

property through the application interface. 

B. DataProcessingLayer 

IInputdataisthencleanedandpreprocessedusingthe same 

method applied during training of the model. 

Feature scaling & encoding are done to convert 

unprocessedinpu-tintocleanmodeltunedformat. 

C. MachineLearningModelLayer 

Theprocesseddataisthentransfferedtothecompleted Random 

Forest Regression model. 

Themodelcheckstheinputfeaturesandtryto guess 

the estimated house price. 

D. OutputLayer 

Thepredictedpriceisshowntotheuserbytheapplication interface. 

The system ensures automated, scalable, and fast -

prediction techniques by adding preprocessing and 

prediction steps inside the application backend. 
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• Distributedtrainingextensions 

• Deploymentoncloud-basedinfrastructure 

Thismakesthesystemadaptabletolarge-scalerealestate datasets. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

V. DATAENGINEERINGAND PIPELINEDESIGN 

A modular preprocessingpipeline was constructed using 
Scikit-learn’sPipelineandColumnTransformerarchitecture. 
This design ensures consistent transformation of both 
training and inference data. 

Thenumericalattributesundergo: 

• Median-basedimputation 

• Z-scorenormalizationusingStandardScaler 

The categorical attribute (ocean_proximity) is 
transformed using OneHotEncoder with 
handle_unknown="ignore" to prevent runtime errors during 
inference. 

Thepipelinearchitectureguarantees: 

• Reproducibilityoftransformations 

• Preventionofdataleakage 

• Seamless deploymentintegration 

• Consistency between training and real-time 
prediction 

By encapsulating preprocessing and feature transformation 
steps into a single serialized object, the system eliminates 
discrepancies between training and inference phases. 

 

VI. SCALABILITYANALYSIS 

RandomForestmodelsareinherentlyparallelizablesince 
individual decision trees are trained independently. 

Asdatasetsizeincreases: 

• Trainingtimescaleslinearlywithnumberoftrees 

• Memoryusageincreaseswithmodelcomplexity 

• Inferencetimeremainsefficientduetoaveraging 
mechanism 

The system architecture supports scalability improvements 
by enabling: 

• Increaseinnumberofestimators 
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VII. COMPARISONWITH 

TRADITIONALVALUATIONMETH

ODS 

Traditionalpropertyvaluationrelieson manual 
appraisal techniques, expert judgment, and limited 
statistical tools. These approaches are: 

• Time-consuming 

• Subjective 

• Inconsistentacrossevaluators 

The proposedmachinelearning-basedsystemprovides: 

• Objectivepricing 

• Consistentoutput 

• Automatedscalability 

• Data-drivendecisionsupport 

While manual methods incorporate domain 
intuition, machine learning models offer repeatable 
and statistically grounded estimations. 

 

VIII. RESULTSANDANALYSIS 

TheperformanceoftheHousePricePredictionsystemi
s evaluated using the testing dataset after model 
training. 

The Random Forest Regression model successfully 
learns complex relationships between housing features 
and property prices. 

The dataset is evaluated using standard regression 
performance metrics such as Mean Absolute Error 
(MAE), Root Mean Square Error (RMSE), and R² 
Score. 

The model demonstrates high predictive accuracy 
compared to traditional regression approaches. 

Stratified train-test splitting ensures balanced 
evaluation and improves reliability of the results. 

The results indicate that ensemble learning 
techniques providebetterperformanceinhandlingnon-
linearandmulti- feature housing data. 

Thevalueswhichwerepredictedactuallyalignedwithth

e real world data and the prices. 

 

In complete manner , the analysis ensures that the model 

s actuallyisperforminggoodpredictionandcanlaterbeused 

and scaled up. 
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predictionssuitableforpracticalrealestateapplications. 

 
 

B.PREPROCESSINGPIPELINESTRUCTURE 

A robust preprocessing pipeline was constructed to 
handlenumericaland categoricaldataseparately. Numerical 
features underwent median imputation followed by Z-score 
standardization. 

 

 

C.MODELCONFIGURATION 

 

 

 

D.DEPLOYMENTANDINFERENCE 

TABLE IV:APPLICATION CAPABILITIES 
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A.DATASETANDSTRATIFIEDSPLIT 

Inthisimplementation,astratifiedshufflesplittechniqueis 

usedsothatthedistributionoftheincome_catfeaturestays 

almost the same in both the training and testing datasets. 

Thisensuresthatbothsetsproperlyrepresenttheoriginaldata. 

Because of this, the chances of sampling bias are reduced, 

which usually happens when we use a simple random split 

without paying attention to how the data is distributed. 
 

 

 
 

IX. LIMITATIONS 

Although the proposed House Price Prediction system shows 

good predictive performance, there are still some 

limitationsthatcanaffecthowwellitworksinreal
-
world situations. 

First,themodelistrainedonlyontheCalifornia 

housingdataset.Duetothis,thepredictionsaremostly 

suitable for that region and may not give accurate results 

for other states or countries where economic and 

demographic conditions are different. 

Second,thedatasetdoesnotincludemanyimportant 

reallifefactorssuchasinterestrates,employmenttrends, inflation, 

government housing policies, crime rate 

,schoolquality,andtheconditionoftheproperty.Sincethese 

factorsplayamajorroleinactualhousepricing,theirabsence can 

reduce the model’s accuracy when used in 

practicalscenarios. 
 
 

Third,theRandomForestmodelisusedwithmostly 

default hyperparameters and has not gone through 

deeptuning.Eventhoughitgivesgoodperformance, 

applying advanced techniques like Grid Search or 

BayesianOptimizationcouldfurtherimprovetheprediction 

accuracy. 

Fourth,thesystemdoesnotconsidertime-basedanalysis. 

Housepriceschangeovertimeduetoeconomicoconditions and 

seasonal demand, but since the datasethas no time related 

features, the model cannot capture these trends. 

Fifth, although stratified sampling is applied based on 

income categories, there remains a possibility of minor 
distribution bias in unseen real-world data. 

Finally, the current system focuses solely on 
numerical price prediction and does not provide 
explainability insights for end users. While Random 
Forest provides feature importance, advanced 
interpretability techniques such as SHAP or LIME are not 
implemented. 

 

X. CONCLUSION 

This project presents a House Price Prediction system 

using 

machinelearningtechniques.Withproperdatapreprocessing 

and the Random Forest Regression algorithm, the model is 

able to learn important patterns from the housing dataset. 

Stratifiedsamplingandfeaturescalingalsoimprovethe 

reliability of predictions. 

 

Theresultsshowthatthemodelachievesgoodaccuracy and 

performs better than basic traditional methods.I 

t provides a scalable and data-driven approach for real 

estate prediction. 
- 

Overall,theprojectshowsthatmachinelearningca-n 

improvebothaccuracyandefficiencyinhouseprice 

estimation, making it useful for buyers, sellers, and 

professionals. 

FUTURESCOPE 

 

Usereal-timehousingdatatoimproveaccuracy 

Apply advanced models like Neural Networks 

Add location-based visualization (heatmaps) 

Deploy as web or mobile application 

Includemoreexternalfactorslikeeconomictrends 

 

Retrainmodelregularlywithupdateddata 
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