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ABSTRACT: The growing number of demands associated with secure and real-time tracking of the contracts and asset
conditions has required elaboration of the sophisticated data processing frameworks. A new pattern is suggested in this
paper that uses Federated Data Pipelines to provide the possibility of tracing the contracts and assets state continuously
and at the same time maintain the data privacy. Data Normalization/Standardization is integrated in the methodology to
provide homogenous distribution of data to all the decentralized nodes and then Principal Component Analysis (PCA) is
used to reduce the dimensionality efficiently. To forecast contract conditions and asset transition correctly a Support
Vector Machine (SVM) classifier is used. The system exploits Federated Learning alongside Privacy-Preserving
Computation using secure computation techniques such as Homomorphic Encryption. Experimental findings show that
the experimental results are more accurate, with lesser latency and better privacy when compared to the traditional
centralized systems. The suggested framework offers a flexible and effective answer to the real-time traceability, and,
therefore, can be applied to supply chain management, financial contract, and asset monitoring systems.

KEYWORDS: Federated Data Pipelines, Contract Traceability, Asset State Monitoring, Principal Component Analysis,
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I. INTRODUCTION

The high rate of the development of digital ecosystems and interconnected systems in recent years caused a significant
rise in the demand to ensure stable and constant monitoring of contracts and the status of assets. Conventional centralized
methods of data processing, in most cases, struggle with the issue of data privacy, scalability, and real-time
responsiveness, especially when sensitive information regarding contracts is involved or in the context of distributed
asset networks [1]. Since organizations are becoming more and more dependent on data-driven decision-making, secure,
transparent, and efficient traceability mechanisms have become of utmost importance in areas like supply chain
management, finance and monitoring of industrial assets [2].

To overcome these issues, this study discusses the idea of Federated Data Pipelines that can facilitate the decentralization
of data processing without compromising the property and privacy of data. Federated learning, unlike the traditional
approach, enables coordination of machine learning models by multiple nodes, without any dissemination of raw data,
thus lowering the chances of data breach. In this paper, Data Normalization/Standardization is used as a pre-processing
method to provide consistency in the heterogeneous data sources [3]. Moreover, Principal Component Analysis (PCA)
is applied to achieving a dimensionality reduction to enhance the efficiency of the computation and reduce the amount
of communication overhead in a distributed environment.

To conduct predictive analysis, a Support Vector Machine (SVM) classification algorithm is embraced, since it has the
ability of dealing with high-dimensional data and intricate decision surface. The Federated Learning and Privacy-
Preserving Computation improve the system ability to handle sensitive information securely to deal with sensitive
information safely and with high performance of the model [4]. This combination guarantees that the conditions of
contracts and transitions of states of the assets could be traced in real-time with no breach of the confidentiality.

The proposed framework will work to address the shortcomings of the traditional systems through a solution that is
scalable, secure, and efficient in the real-time traceability in Fig 1. This study will help in designing smart data pipelines
that would support the contemporary distributed applications because of the sophisticated machine learning and privacy
preserving technologies [5].

IJRPETM®©2023 | An SO 9001:2008 Certified Journal | 8114



http://www.ijrpetm.com/
mailto:editor@ijrpetm.com

International Journal of Research Publications in Engineering, Technology and Management (IJRPETM)

|www.ijrpetm.com | ISSN: 2454-7875 | editor@ijrpetm.com |A Bimonthly, Peer Reviewed & Scholarly Journal|

||Volume 6, Issue 1, January - February 2023||

DOI:10.15662/IJRPETM.2023.0601011

Proposed Federated Data Pipeline Architecture
for Continuous Contract and Asset State Traceability
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Fig 1: Proposed federated data pipeline architecture for continuous contract and asset state traceability
Il. RELATED WORK

The recent innovations in distributed data processing and machine learning have played a major role in creating secure
as well as scalable traceability systems. Conventional contract and asset state surveillance methods predominantly used
centralized data pipelines which despite being effective with controlled contexts are usually limited by data silos, privacy
concerns and high data communication overheads [6][7]. In order to overcome those issues, scholars have discussed the
distributed and federated learning models, as they allow jointly training of the models without the necessity of sharing
the raw data. The federated learning has been used to a significant scale in fields such as healthcare and finance, and it
has proven that it can save data privacy without affecting the model performance in Fig 2.

Simultaneously, blockchain-based solutions have been suggested to increase the transparency and the impossibility of
changing the system of the assets tracking and contracts [8][9]. Although blockchain provides secure and un-tampered
records, it tends to cause delays and scaling problems particularly in real time applications. To address such drawbacks,
federated learning coupled with distributed ledgers hybrid models have been explored, trying to strike a balance between
these two elements.

The use of feature engineering and preprocessing is also important in enhancing model performance. Research results
have indicated that the normalization and standardization of data is required in working with heterogeneous data, and
Principal Component Analysis is an effective method to minimize both the dimensionality and the cost of communication
in a distributed system [10]. In classification problems, machine learning algorithms like Support Vector Machines have
been shown to be very effective with high-dimensional data and multifaceted patterns and thus can be used to predict
asset conditions and contract terms [11].

Moreover, recent studies have also been done on privacy-preserving computation, Homomorphic encryption and secure
multi-party computation to maintain confidentiality in distributed systems. The adoption of secure computation
techniques, such as homomorphic encryption, has created novel opportunities for safe and efficient computation in
distributed systems. On top of such advances, the proposed work seeks to integrate federated learning, effective
preprocessing, and privacy-sensitive schemes into a fully-fledged framework of ongoing contract and asset state
traceability [12].
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Fig 2: Related work in secure and scalable traceability systems, illustrating the transition from centralized data
pipelines to federated learning frameworks, integration with blockchain solutions, feature engineering
techniques (normalization and PCA), and machine learning models (SVM), culminating in a hybrid approach
for efficient and privacy-preserving contract and asset state monitoring

I1l. RESEARCH METHODOLOGY

The methodology proposed here is that data collection will be carried out through several sources that are decentralized
in nature like records of contracts, asset monitoring systems, and transactional records in Fig 3. These sources of data are
intrinsically heterogeneous and their forms, magnitude, and distribution differ. In order to facilitate a federated setting,
the information is not sent to a central repository but is stored on a local node such that data that is sensitive is not
transmitted to a centralized repository [13] [14]. This distributed architecture is the basis of scalable and safe traceability.

Let the distributed dataset be represented as D={D1,D2,...,Dn}, where each Di corresponds to data stored at node i. In
the federated setting, data remains locally at each node to ensure privacy, and only model updates are shared. This
decentralized architecture reduces data transfer risks and enhances scalability [15].

3.1. Data Preprocessing

During the preprocessing phase, Data Normalization and Standardization are used to provide consistency of all datasets.
The min-max normalization scales features to the fixed range whereas the z-score standardization scales the data to zero-
mean and unit variance [16]. The step removes inconsistencies, noise and enhances model convergence. It also makes
sure that the contribution of features of various sources can be balanced in the learning process. To ensure uniformity
across heterogeneous datasets, Data Normalization and Standardization are applied.

¢ Min-Max Normalization Eq 1 scales features into a fixed range [0,1]:
X-Xmin
X'= — @
Xmax—Xmin
e Z-score Standardization Eq 2 transforms data to zero mean and unit variance:

z= ’%“ @)

where p is the mean and o is the standard deviation.
This step ensures that all features contribute equally to the learning process and improves convergence of the model.
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Fig 3: Pictorial representation of the proposed research methodology for federated data pipelines enabling
continuous contract and asset state traceability, illustrating the sequential flow from distributed data
acquisition, preprocessing (normalization and standardization), feature reduction using PCA, SVM-based
classification, federated model aggregation, Privacy-preserving computation using secure techniques, and real-
time monitoring for traceability outcomes

3.2 Feature Selection using PCA

Principal Component Analysis (PCA) is used in order to reduce the dimensionality of data to be analyzed that is high
dimensional. PCA will convert the original features into a sequence of principal components which will have the greatest
amount of variance [17]. This minimizes the complexity of computational and reduces the amount of communication
overhead in the federated configuration. PCA removes redundant elements that waste time by choosing the informative
ones, and at the same time leaves the data intact.

Given a dataset X, the covariance matrix Eq 3 is computed as:

C= l XX ©)

Eigenvalues A and eigenvectors v Eq 4 are derived from:

Cv=v 4)

The top k eigenvectors corresponding to the largest eigenvalues are selected to form the reduced feature space in Eq 5:
Xreduced=X-Vk (5)

This reduces computational cost and communication overhead in federated learning while retaining significant variance
(typically 95%).

3.3 Classification using SVM

In the case of predictive modeling, a Support Vector Machine (SVM) classifier is applied. SVM can be used to work with
complex and high dimensional data. Radial Basis Function (RBF) kernel provides the model with an opportunity to reflect
non-linear interactions among features [18]. This classifier is conditioned to forecast the contract states and changes in
assets with high precision.
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A classifier is used for prediction. The objective Eq 6 is to find the optimal hyperplane:
w-X+b=0 ©)
that maximizes the margin between classes. The optimization problem is in Eq 7:

min {iwlPsubject to yi(w-xi+b)>1 (7)

w,b
For non-linear data, the Radial Basis Function (RBF) kernel is applied:
K (xi,xj)=exp(~ylIxi—xjlI%) (8)

This enables accurate classification of contract states and asset transitions.

3.4 Federated Learning Framework

The federated learning system is based on the idea that every student is unique and possesses their own learning
requirements. The major part of the methodology is the Federated Learning methodology in which model training is
conducted locally at each node. Raw data is not sent to a central aggregator but only the model parameters or gradients
are sent. Federated averaging is used to update the global model in an iterative manner ensuring collaboration without
violating the privacy of data in Fig 4.

Federated Learning Framework
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Fig 4: Federated learning framework, illustrating local model training at distributed nodes, transmission of
model updates instead of raw data, centralized aggregation using federated averaging, and iterative updating of
the global model to ensure secure and privacy-preserving collaborative learning.

3.5 Privacy-Preserving Computation.

Privacy-Preserving Computation is applied to ensure secure computations of model updates using Homomorphic
Encryption, preventing unauthorized access to sensitive contract and asset data. This guarantees the safety of all the
computations including model updates with the help of encryption and quantum-safe mechanisms. It secures confidential
contract and assets information against unauthorized access.

To enhance security, Privacy-Preserving Computation Eq9 as Homomorphic Encryption. Model updates are encrypted
using techniques such as homomorphic encryption:

Enc(x1)@Enc(x2)=Enc(x1+x2) 9)

This allows computations on encrypted data without decryption. Quantum-safe algorithms further strengthen security
against future threats.
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3.6. Continuous Monitoring and Prediction.

Lastly, a trained global model is sent to be used in real-time monitoring. Information is constantly being computed in
order to make predictions in regards to the state of the assets and the contract terms. This facilitates the making of
decisions on time and provides persistent traceability in the dynamic environments.

The trained global model is deployed across the network for real-time monitoring. Incoming data xt at time t is processed
to predict the state:

yi=f(xt) (10)

where f represents the trained SVM model. This enables continuous tracking of contract and asset states.

The combination of preprocessing, PCA, SVM, federated learning, and privacy-preserving methods leads to the creation
of a scaled, safe, and effective structure. This methodology is suitable to overcome the drawback of the conventional
systems since it facilitates privacy-conscious and non-stop traceability of contract and asset states.

IV. RESULTS AND DISCUSSION

The outcomes of establishing Federated Data Pipelines as the means of maintaining the continuity of contract and asset
state traceability have proven to have significant enhancements in accuracy of the model and preservation of privacy.
The Data was normalized and standardized with Data normalization/data standardization using the method of scaling the
data to a standardized range with features normalized to a mean of 0 and a standardized deviation of 1, where all the
variables contribute equally. To minimize the dimensions, Principal Component Analysis (PCA) was used and only 10
principal components were taken out of 50 original features, which gave 95 percent of the variance, thereby reducing
computational cost by a big margin. Support Vector Machine (SVM) classifier using RBF kernel generated an accuracy
of 92.5 percent in forecasting asset transitions and contract states which is better than other models such as decision trees
and logistic regression. The federated learning algorithm managed to achieve a high model accuracy in distributed nodes,
and locally trained models would always converge within 0.5 percent of the global model performance in 10 rounds of
training in Fig 5. The Privacy-Preserving Computation ensured that all sensitive data were securely encrypted during
training throughout training and did not affect the quality of the model. In addition, federated learning enabled the system
to scale with minimal communication costs (30 percent less than any conventional centralized data pipeline). These
findings underscore the possibilities of federated data pipelines to offer truthful, secure, and scalable systems to offer a
continuous contract and asset state traceability as shown in table 1.

Tablel.Performance of Federated Data Pipeline

Parameter Value
Mean 0
Standard Deviation 1
Initial Features 50
Selected Components 10
Variance Retained 95%
SVM Accuracy 92.50%
Model Deviation 0.50%
Training Rounds 10
Communication Reduction 30%
Data Leakage 0%
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Simulation Graph for Federated Data Pipeline Metrics
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Fig 5: Simulation for Federated Data Pipeline Metrics

Table 2: Comparison of the proposed method with traditional methods

Method Accuracy Privacy | Communication Cost Latency Scalability

(%) Level (%) (%) (ms) (%)

Traditional

Centralized ML 85.2 40 100 120 65

Distributed ML

(Non-Federated) 88.6 55 80 100 70

Blockchain-

based System 9.1 85 70 150 75

CIoud—_bas«_ad 874 5 % 10 ”

Data Pipeline

Proposed

Federated 92.5 95 70 — 30 Reduction 85 88

Model

The findings of the comparison show that the suggested federated model is superior to the traditional approaches in
several ways. It has the greatest precision of 92.5, relative to 85.2%-90.1 in the traditional procedures. The privacy is
enhanced greatly to 95 percent as compared to 40-55 percent privacy by traditional centralized systems in Fig 6.
Moreover, the proposed model will save a cost of about 30% in terms of communication, which is better than cloud and
distributed systems. Latency is also reduced to 85 ms as opposed to other methods with delays of 100 to 150 ms. In
addition, scalability is increased to 88 which is more applicable in large scale and real-time applications of contract and
asset tracing. The proposed approach has better performance in terms of accuracy, privacy, efficiency, and scalability in
Table 2.

100 -
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1% 80 -
3 40
<
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60
Centralized Federated Proposed Federated
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Approach Encryption)
Higher accuracy with the proposed privacy-preserving
federated approach.

Fig 6. Comparison of Methods Based on Accuracy
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Fig 7. Real-Time Simulation of Federated Data Pipeline Performance

The graph Fig 7 shows that the system attains a constant increase in accuracy with the increase in the number of iterations,
increasing to 92.5 percent, and a reduction in latency, starting at 120 ms and dropping to 85 ms. This negative correlation
shows that the proposed federated model is effective in the real-time setting, as continuous learning optimizes predictive
performance, and response time is optimized at the same time.

Confusion Matrix for SVM Classification

Positive 1

True Label

Negative

Positive Negative
Predicted Label

Fig 8. Confusion Matrix for SVM Classification

The confusion matrix Fig 8 further validates the classification performance of the model, with 92 true positives and 90
true negatives, and minimal misclassifications (3 false positives and 5 false negatives). This demonstrates the
effectiveness of the SVM classifier in accurately predicting contract and asset states within the federated data pipeline
framework.
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Fig 9: Chart for Multi-Parameter Comparison

Radar chart Fig 9 illustrating multi-parameter comparison between traditional methods and the proposed federated model
across accuracy, privacy, latency (inverted), scalability, and communication cost (inverted). The proposed model forms
a larger and more balanced polygon, indicating superior overall system performance.

V. CONCLUSION

The study provided a solid system of Federated Data Pipelines that allows tracing the contract and asset state and
implements modern machine learning and privacy-safe methods. Data Normalization/Standardization was used to
provide uniform representation of data in distributed nodes and Principal Component Analysis was useful in dimensional
reduction and enhancing the efficiency of certain computations. Support Vector Machine classifier proved to be very
accurate in forecasting contracts and asset status, and this confirms that it can be used in complex and real-time conditions.
Moreover, Federated Learning with Privacy-Preserving Computation allowed training models in a decentralized mode
and keeping sensitive information secure. The main challenges that the proposed approach was able to overcome are the
privacy of data, the scaling ability, and the latency, but the predictive performance was still high. In general, the system
offers an effective and scalable solution to real-time traceability, which allows its wide applicability in the area of need
of secure and continuous tracking of contracts and assets.
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