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Abstract: This research work evaluates an effective and smart way of syncing data between Salesforce and the latest 10T
platforms, with an emphasis on the uninterrupted inflow of sensor data from customer-connected assets into Salesforce to enable
intelligent maintenance decisions. The goal is to eliminate the distance between IoT operational worlds that is the environments
where data is produced in real time, and Salesforce's customer, asset and service management layers, which are dependent on
timely and accurate data to facilitate field teams and service operations. The synchronization method suggested is primarily
centered on event-driven data streaming; thus, it intends to utilize the technology of MQTT brokers, 10T hubs, middleware and
Salesforce APIs (such as platform events, streaming APIs and Apex-based upsert logic) to establish integration, normalization and
mapping of the device telemetry with a minimum of fuss. By correspondingly structuring 10T data to the asset and service models
of Salesforce, companies become capable of continuously tracking the condition of their equipment, detecting irregularities at an
early stage, and thus, having the ability to activate automated workflows comprising sending alert notifications, setting up service
appointments, creating cases, or issuing predictive maintenance recommendations. Such a connection gives the integration tools
not only the power to assuage the problems before they explode but also to help with forecasting which is data-driven and makes
use of analytics and Al tools available within Salesforce. These tools make the prediction of failures, the optimization of part
replacements and the improvement of SLA performance possible for the teams. In the end, the building of a reliable and scalable
loT-to-Salesforce synchronization pipeline gives companies the opportunity to depart from reactive service models and move
towards proactive and predictive asset management, which will not only lead to an improvement in customer experience and a
decrease in operational costs but also will be a source of continuous value from the connected products.
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1. Introduction
1.1. Background

In the last 10 years, the exponential growth of the Internet of Things (IoT) has changed the way companies monitor, manage,
and provide services to customer-owned assets. To name a few, industrial machines, smart appliances, connected vehicles, and
medical devices are loT-enabled machines that send telemetry continuously through sensors in the form of vast streams of data.
These data reveal how the equipment behaves under real-world conditions. These metrics—for example, temperature, vibration,
pressure, energy consumption, or fault codes, provide great potential to increase asset reliability, prolong the life of equipment, and
reduce the loss of time. Most companies, however, are only halfway to fully using operational sensor data in their CRM
environments, despite advances in 10T platforms, cloud services, and device connectivity.

Customer-facing teams such as service agents, field engineers, and account managers need timely insights most of the time to
understand asset health, foresee breakdowns, and schedule preventive service. Salesforce, one of the leading and most adopted
CRM ecosystems, is instrumental in the management of asset records, warranties, service work orders, and case workflows.
However, the information necessary for a truly proactive maintenance approach is not often found in Salesforce by default. Instead,
the critical 10T telemetry which is at the heart of the issue, is handwritten in operational systems or device management platforms,
in shadow, unable to be merged with the customer and service context that Salesforce holds. Therefore, companies fail to combine
real-time operational data with CRM insights to depict a comprehensive Customer 360 view of the products that are installed in
the field.
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Directly inputting 10T data into Salesforce can be a game-changer for understanding customer-level operations. In instances
where sensor telemetry is directly linked with Salesforce data, companies are enabled to watch the condition of their machinery in
real-time, stumble upon parts that wear out quickly, and even get the provision of interrupting alerts, service appointments, or
suggested actions automatically. This omnichannel transformation not only retains and casinos the customer experience but also
turns the classical emergency repair service model to a future-oriented and prediction-based one. On top of that, a sound
synchronization plan is the only way to make this dream come true, one that could account for high-volume 10T streaming data,
device telemetry to CRM asset structure mapping, and data consistency.

The above-mentioned cloud loT platforms (AWS loT Core, Azure 10T Hub, Google Cloud 10T) combined with industrial
device gateways, represent a perfect techno framework for device connection and message routing. On the other hand, Salesforce is
equipped with various integration mechanisms like Platform Events, Streaming APIs, and IoT middleware that can consume sensor
events. However, making these components work in tandem and achieving a dependable, very low latency synchronization
pipeline is still a tough nut to crack. The main task for companies in this respect is the smooth handling of the data journey from
instruments through cloud gateways and transformation layers to Salesforce, while ensuring each data point is not only accurate but
also enriched with context and correctly linked with the right asset record. The absence of such synchronization thus renders
predictive maintenance algorithms and automated service workflows inefficacious.

The requirement for consolidated and intelligent asset monitoring will escalate as the pace of 10T implementation quickens.
Manufacturers strive to be on top of fleets of machines scattered in different regions, utilities intend to obtain real-time insight into
their distributed infrastructures, and service companies wish to be freed from routine tasks while discovering the preventive ones of
customer failure through automation.

1.2. Challenges in Current Systems

Even though 10T technology has advanced significantly, organizations still encounter a handful of stubborn problems when
they try to unify loT telemetry with Salesforce. For instance, one of the major problems that still exists is the diversity of the loT
ecosystems, where the devices in the system use different protocols, data formats, security models, and connectivity standards. As
a result of such disparity, the uniformity of communication between MQTT-based sensors at the edge and industrial systems using
Modbus or OPC-UA has become impossible, which in turn affects the creation of standardized pipelines for CRM integration. It is
true that middleware layers serve to fill in these gaps, but due to device format inconsistencies, data has to be further processed
before it is accessible.

Latency is yet another big problem. Telemetry that is late for time-critical conditions like overheating or abnormal vibration
can be the cause of the difference between a failure that is averted and a failure that one has to respond to. Moreover, challenges in
data quality continue to haunt organizations. In some cases, 10T telemetry may be incomplete in that it only contains some data that
should have been sent, duplicated, corrupted, or out of order due to connectivity or device firmware raised issues.

Besides that, raw IoT telemetry to Salesforce’s asset model is another problem that has been approached but not yet solved.
loT-platforms usually differentiate devices through MAC addresses, serial numbers, or identifiers that are specific to the gateway,
whereas Salesforce works with Asset IDs, Account relationships, and service hierarchies. In the absence of an exact correlation,
sensor events may be unable to locate the customer asset in Salesforce to which they should be attached, hence losing the way for a
fragmented insight or inaccurate maintenance actions.

1.3. Problem Statement

Despite the fact that 10T platforms are the source of valuable live telemetry, 90% of companies don’t have any systematic
process of synchronizing this data with Salesforce in a contextual and actionable way. The fundamental issue is that the data from
10T sensors hardly ever gets to Salesforce in such a way that is compatible with its asset records, service workflows, and predictive
maintenance logic. The data stays purely as raw telemetry within the 10T device platforms or data lakes, and Salesforce keeps
running with delayed updates or information that has been entered manually. This gap makes it impossible for service teams to
monitor real-time asset health, picking up on early-warning signals, or creating by-themselves responses to critical events.

On top of that, the current integrations are in most cases plagued by issues such as fragmentation, latency, poor data quality,
and low correlation between loT identifiers and Salesforce assets. Consequently, enterprises are not able to use the native
automation, Al tools, or Customer 360 capabilities of Salesforce fully for predictive maintenance purposes. The absence of real-
time synchronization makes the killing of time reduction through downtime, automation of case creation, and optimization of field
service operations scarcely visible. Hence, a consolidated, scalable synchronization framework is necessary to connect loT
telemetry with the Salesforce service ecosystem.
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1.4. Motivation

Nowadays, businesses understand the necessity of departing from repair strategies that are purely reactive and instead adopt
maintenance models that are predictive and prevent issues from happening. The loT data is the source of insight that is necessary
for the prediction of a failure of a component, performance degradation, and detection of the abnormal conditions of the
equipment.

The connection also facilitates the implementation of the Customer 360 concept on a broader level by augmenting the CRM
data with real-time operational context. Getting to know the asset behavior in the field gives the companies the opportunity to offer
more tailored service, suggest the upgrades, prove the warranties and facilitate contract management. Moreover, it enhances SLA
compliance through timely intervention and accurate forecasting of service requirements.

Operationally, the harmonized loT—Salesforce data diminishes the manual monitoring that is done by people and the guessing
game that takes place during troubleshooting while it also increases the productivity of the field service teams. In the long run,
automated alerts, predictive work orders, and Al-driven recommendations contribute to the lowering of maintenance costs and the
increase of customer satisfaction. The reason why this is being done is to help organizations understand these benefits by setting up
a seamless, scalable, and reliable synchronization model between 10T platforms and Salesforce."

2. Literature Review
2.1. 1oT-CRM Convergence Trends

The value of 10T is essentially unimaginable without the binding of sensor data with business context i.e. customers, assets,
contracts, and service commitments, which is something on which both academic and industry works in recent years converge.
Research on 10T-CRM convergence reveals that the streaming of telemetry from the connected products into CRM systems may
create new personalization avenues, proactive service can be delivered, and the lifecycle management of customer assets can be
improved substantially. (MDPI) The study on the integration of smart devices with the CRM platform shows that the availability of
the real-time operational data can have a drastic effect on customer experience and, in turn, bring about context-aware interactions,
targeted recommendations, and predictive interventions rather than reactive support. (MDPI)

On the industry side, various whitepapers and technical blogs focusing on Salesforce believe that patterns of 10T integration
involve the feeding of device telemetry into Service Cloud, Field Service, or Data Cloud to enable functionalities such as
automated case creation, proactive maintenance scheduling, and enriched Customer 360 views. (GAGSTEK) These essays hold
that the combination of Salesforce’s workflow, analytics, and Al along with sensor streams from industrial machinery, vehicles,
and consumer devices might be compelling. The architect.salesforce.com article on event-driven architectures also supports this
idea by extending an invitation to users to be more asynchronous, use message-based patterns, and have loosely coupled
integrations for high-volume situations.

But a considerable portion of the existing literature and vendor content still treats the benefits of conceptualizing and high-
level architectures as a primary focus, rather than the detailed synchronization strategies. A number of case studies are about 'real-
time' dashboards or alerts; however, they frequently avoid discussing the actual difficulties in mapping device identifiers to CRM
asset structures, handling noisy telemetry, and keeping low-latency data paths at a large scale. With the spread of 10T in areas such
as manufacturing, utilities, and service industries, the demand for concrete, repeatable patterns that can reliably and scalably
operationalize IoT-CRM convergence and be directly usable by service teams in tools like Salesforce is also on the rise.

2.2. Existing Integration Models

Nowadays, a range of integration models are in use to transfer the 10T data to business systems such as Salesforce. The most
conventional method is batch-oriented ETL. IoT data in this method is stored in data lakes or warehouses from where it is
periodically extracted, transformed, and loaded into CRM or analytics systems. However, the batch ETL method that is simple and
well-known introduces latency that can vary from minutes to days; thus, it is not appropriate for time-critical maintenance
decisions or the earliest stage of anomaly detection.

On the other hand, middleware-based synchronization is widely used in bigger companies. Integration platforms like
MuleSoft, Boomi, or Azure-based services coordinate the data flows from 10T hubs to Salesforce and other line-of-business
applications. These platforms bring in connectors, transformation tools, and monitoring capabilities, which facilitate handling of
different protocols and formats. Besides, middleware, when combined with 10T hubs (e.g., Azure 10T Hub) or device gateways,
can not only centralize data routing but also execute business rules before events get to Salesforce. However, the disadvantage is
that there is added complexity and possibly higher latency if the flows are not event-first fashion.
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Direct API-based integration entails the use of Salesforce REST or Bulk APIs for pushing or pulling data from IoT platforms.
This method is usually implemented in a limited-scale situation or a proof of concept. Even though it is simple, direct integration
can become very fragile if there are a large number of events, and therefore it may require cautious throttling, retry logic, and
mapping layers within custom microservices.

2.3. Research Gaps Identified
Combining the different pieces of research mentioned above uncovers several gaps that are relevant to this study.

The first one is that, although the convergence of 10T and CRM is generally acknowledged to be of great significance, hardly
any studies have focused on the real-time synchronization of 10T telemetry with CRM environments such as Salesforce. A great
number of studies discuss the integration in a conceptual manner or through batch and periodic updates, which are not sufficient for
time-sensitive predictive maintenance scenarios that require sub-minute or almost real-time responsiveness. (MDPI)

Secondly, the majority of predictive maintenance models are detached from the asset models in CRM. They provide the
necessary information through alerts to maintenance dashboards or OT systems but do not always create a single asset view that
links every sensor event or prediction to a specific customer, contract, and installed asset record in Salesforce. (LevelShift) This
separation hampers the capability of service teams to act on the predictions as they are integrated into their main workflow tools
and it also diminishes the potential of a real Customer 360 view that encompasses operational health.

Thirdly, although the use of Kafka, MQTT, and Salesforce Platform Events in event-driven architectures is becoming more
popular in technical blogs and vendor guidance, there is very little that can be said in terms of an academic-style analysis of the
low-latency IoT — Salesforce pipelines specifically designed for asset maintenance. (confluent.io) There are still many questions
surrounding data modeling, identifier correlation, quality assurance, back-pressure handling, and governance for these pipelines

that have not been sufficiently addressed in the literature.

Table 1: Literature Review Summary on 10oT-CRM Integration and Predictive Maintenance

Author(s) Focus Area Key Contribution Relevance to This Study
Kaur (2020) Al & ML in Discusses embedding ML models Supports predictive maintenance and
Salesforce into Salesforce workflows Einstein-based insights

Slama et al. (2015)

Enterprise loT
Architecture

Provides best practices for scalable
10T systems

Foundational concepts for 10T ingestion
and integration layers

Lemos (2020) Infrastructure Combines monitoring tools with Demonstrates operational data flowing
Monitoring Salesforce Einstein into CRM intelligence
Bazzani Bl for Sales & Customer data management and Highlights importance of contextual
Marketing analytics techniques data for CRM decisions
Villalobos Rodriguez Time-Series Data Manages industrial time-series data Relevant for sensor telemetry handling
(2020) Management streams and preprocessing
Ahmed et al. (2019) loT Service Taxonomy and challenges in loT Identifies service-layer gaps addressed
Management service systems by Salesforce integration

Misra et al. (2020)

0T + Al Applications

Al-driven analytics on loT data

Supports ML-based anomaly detection
and RUL prediction

Marr (2017)

Data Strategy

Monetization of big data and 10T

Aligns with value extraction from loT-
CRM synchronization

Ravulavaru (2018)

End-to-End loT
Solutions

Practical 10T implementation patterns

Supports gateway-to-cloud-to-
enterprise flow

Mohamed (2019)

0T Cloud Analytics

Cloud storage and analytics for loT

Underpins cloud-based streaming and
processing layers

Dhingra et al. (2020) Industrial loT loT analytics in regulated industries Relevant to predictive maintenance
Analytics pipelines
Padmavathi et al. loT & Big Data Data visualization and decision- Supports dashboarding and insights in
(2020) Analytics making Salesforce
Abdelmaboud et al. loT Service Open research challenges in loT Justifies need for real-time CRM
Challenges services synchronization

Stackowiak (2019)

Azure 10T Hub

Device ingestion and cloud routing

Matches case study implementation
(Azure 10T Hub)

Ramakrishnan &
Gaur (2019)

loT in Manufacturing

loT adoption in industrial
environments

Directly applicable to asset monitoring
use case
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3. Proposed Methodology
3.1. System Architecture Overview

The proposed architecture sets up a seamless pipeline that essentially traces the journey of 10T sensor data from the physical
asset level through various layers edge gateway, 10T platform, stream-processing middleware, and finally Salesforce where it is
converted into actionable data for service teams. The system is designed to be modular, thus it can support devices of different
types, cloud platforms, and enterprise workflows without any problem.

The pipeline takes off from 0T sensors that are implanted in customer assets. These sensors keep on collecting telemetry such
as temperature, humidity, vibration, voltage, usage cycles, or fault codes. As raw device data is usually noisy, unstructured, or of
high-frequency, it is not directly used but passed through a local gateway or an edge device that is responsible for doing some basic
filtering, protocol translation, batching, and device authentication. The gateway is the means through which the operational
hardware connects to the secure cloud ingestion points.

The data is moved from the gateway to a cloud-based IoT platform (AWS loT Core, Azure 1oT Hub, GCP loT Core
replaceable solutions, or a vendor-specific device cloud). Such platforms take care of wide-scale ingestion, device registry, routing
rules, message persistence, and integration with cloud-native processing services.

When the telemetry is sent to the cloud, the middleware or the event streaming layer is there to process and enrich it. This
layer could be implemented by the use of Apache Kafka as a durable streaming pipeline, Apache Spark/Flink for real-time stream
analytics, or platform-native services like Azure Stream Analytics or AWS Lambda. Middleware is tasked with transforming
device events from their original form into the one required by Salesforce as well as ensuring that sensor 1Ds are properly linked to
the Salesforce asset records.

The last part is about taking the sensor events that have been enriched and putting them into Salesforce by using event-driven
patterns like Platform Events, Change Data Capture, or Streaming APIs. The data is either put into custom objects or is linked with
the existing asset records within Salesforce. Predictive maintenance engines, whether they are created within the middleware layer
or on some external machine learning platforms, send their predictions back to Salesforce, thus service teams get the opportunity to
take preemptive action.

Sensors  Gateway |loT Hub Kafka/ Salesforce
Middleware
OHAH & oo

Figure 1: End-to-End loT-Salesforce Architecture

Table 2: loT-Salesforce Integration Technology Stack

Layer Technologies Used Purpose

Device Layer

loT Sensors (Temperature, Vibration,
Pressure)

Collect real-time telemetry from customer assets

Edge/Gateway Layer

Edge Gateway, TinyML, Protocol
Translators

Filtering, aggregation, compression, device
authentication

Communication Layer

MQTT, AMQP, CoAP

Lightweight, reliable telemetry transmission

Cloud loT Platform

Azure 1oT Hub / AWS loT Core / GCP
Pub/Sub

Device registry, secure ingestion, message routing

Streaming & Middleware
Layer

Apache Kafka, MuleSoft, Spark/Flink

Event streaming, transformation, enrichment,
anomaly detection

Salesforce Integration Layer

Platform Events, Streaming API, Apex
REST

Asynchronous ingestion of 10T events into Salesforce

CRM & Service Layer

Salesforce Asset, Case, FSL, Flows

Asset monitoring, case creation, maintenance
automation

Analytics & Al Layer

Einstein Al, External ML Models

Predictive maintenance, anomaly scoring, RUL
estimation
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3.2. 10T Data Acquisition Layer

The acquisition layer is the first and typically the most complicated part of a system because it goes directly with the physical
devices. This layer is responsible for obtaining the data, performing local edge processing, authenticating devices, and handling
faults prior to moving the data further into the pipeline. Sensors installed in the equipment generate the continuous telemetry, and
the sampling frequencies depend on the use cases. Vibration may be high-frequency data that is produced every second, while
temperature readings could be taken every minute, and error codes may only be triggered when certain thresholds are crossed.

Acquisition methods must not only take into consideration the sampling intervals and the configured thresholds but also
include adaptive reporting mechanisms that reduce transmission when the system is stable in order to avoid downstream systems
being overloaded.

Edge processing is crucial in data filtering, transformation, and optimization before the data is uploaded to the cloud. Some of
these processes are noise filtering that eliminates noise caused by electrical interference or sensor drift and aggregation that
summarizes the readings by minimum, maximum, or average values over the defined intervals. The compression method employed
reduces the size of the data, making it simpler to transfer over limited bandwidth networks. Edge devices can also be programmed
with local rules to trigger immediate safety actions like shutting down the equipment when the critical thresholds are exceeded. In
the case of advanced edge computing units, they could even be used to run lightweight machine learning models (TinyML) to help
in early anomaly detection and thus reduce the cloud processing that is unnecessary.

Moreover, dealing with device identity and authentication is the other basic part of the acquisition layer. A unique registration
of each device using identifiers such as a serial number, MAC address, or UUID is a must. Authentication is promoted through the
use of X.509 certificates or secure token mechanisms; thus, only the trusted devices are the ones allowed to send telemetry. Identity
requirements are further solidified through the access control policies implemented at the gateway or 10T platform.

3.3. Data Transmission & Middleware Layer

The data which is collected and processed at the edge has to be sent to the cloud in a safe and effective manner. Usually, this is
done by using lightweight loT communication protocols that are specially made for small and constrained devices. Among them,
MQTT, a publish—subscribe protocol which is specially optimized for real-time telemetry, is the one which is the most widely used
because it has very little overhead and also can be easily supported by both gateways and brokers. On the other hand, AMQP can
be used for more complicated workflows as it offers features such as guaranteed message delivery and advanced routing. The
structure of CoAP is similar to that of REST, and it is very efficient in request-response communications, which makes it an ideal
protocol for devices that are powered by batteries and need to be very efficient. By using these protocols, it is possible to have
reliable and scalable communication that is compatible with different kinds of 10T environments.

When messages from devices are sent from the edge, they are delivered to the 10T platform which serves as the central
message router and policy engine. The AWS loT Core makes use of a rules engine to automatically route telemetry to services
such as Lambda, Kinesis, or S3. The Azure IoT Hub is a bi-directional communication hub which also keeps digital device twins
and sends events to services like Event Hubs. Kafka-based architectures are usually the preferred option of those companies that
want to have full control of the streaming infrastructure and at the same time manage the scalability on their own. Google Cloud
loT patterns that are based on Pub/Sub can achieve very fast data ingestion through the use of custom gateways. These platforms
are the means through which the world is connected to the devices and is able to do the data enrichment and transformation.

To change the raw telemetry into business-friendly events, the middleware layer has to leverage streaming-processing
technologies. Apache Spark Streaming has the capability of micro-batch processing and can be used for large-scale analytics
whereas Apache Flink can be used for real-time, low-latency data pipelines. Serverless tools such as AWS Lambda or Azure
Stream Analytics can help that situation in which event processing is carried out by means of a set of rules and little or no
infrastructure is required. Some of the processing tasks that are commonly performed involve standardizing units of measurement,
adding timestamps or device identifiers, enriching messages with the metadata of assets, recognizing anomalies at real time, and
building composite events, for instance, the recognition of a critical situation when both vibration and temperature readings go up
at the same time. Later on, the middleware arranges the last payload to be in conformity with Salesforce Platform Event schemas or
with custom object structures, thus allowing the seamless ingestion and workflow execution within Salesforce.

3.4. Integration with Salesforce

One of the major functions of the conversion of raw telemetry to actionable service intelligence is the integration with
Salesforce. Even though the Salesforce 10T Cloud has been retired, similar functions can still be performed by using a combination
of Platform Events, Change Data Capture (CDC), Streaming APIs, External Objects through Salesforce Connect, and custom
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REST endpoints created in Apex. In essence, these components offer asynchronous, scalable channels for 10T data intake and real-
time monitoring across the interconnected systems.

Platform Events are the key element of the event-driven architecture through which the high-volume, enriched 10T messages
publishing in Salesforce is done in a reliable manner. Events containing device identifiers, telemetry values, timestamps, severity
levels & related asset metadata are pushed by middleware systems. Salesforce Flows or Apex triggers can be used to consume
these events for the automatic generation of notifications, cases, or work orders; thus, the process of critical operational signals is
quick. Also, CDC acts as a bridge by allowing changes made in Salesforce to be reflected in the IoT platforms. For example, if the
device settings need to be changed based on the customer configurations, it will be done dynamically.

Streaming APIs give the least delay in the communication between the external systems and thus can be perfectly used for
real-time dashboards or any kind of the alerting mechanisms which require continuous updates. When near-real-time visibility is
required at most in a scenario where data should not be stored in Salesforce, External Objects together with Salesforce Connect are
the only way by which the referencing of external databases directly through OData or custom connectors can be done efficiently.

The middleware layer takes the 10T telemetry and converts it into data that is understandable by Salesforce and therefore can
be used directly in the system. The transformations include aligning with schema, normalizing data types, enriching metadata, and
creating new calculations such as “TemperatureDeviation” or “StressIndex.” These changes ensure that the data coming in fits the
Salesforce object model seamlessly and at the same time, the quality of the data remains consistent.

Properly mapping the assets to the sensors is the main thing, for it to be guaranteed that every telemetry event is linked to the
right asset in Salesforce. It is done using a Device Registry that associates the sensor IDs with the specific Asset IDs and is
supported by a Normalization Table, which reconciles various device identifiers. A hierarchy-based model is employed for
complicated machines having different types of sensors like the pumps which measure temperature, pressure, and vibration. Thus,
it ensures accurate mapping as well as reliable attribution of the events that are coming from different asset records.

Algorithm 1: Event-Driven 10T Telemetry Processing
Input: 10T telemetry stream

Output: Salesforce Platform Event

1. Receive telemetry from MQTT broker

2. Validate device identity

3. Normalize sensor values

4. Map deviceld — Salesforce Assetld

5. Compute anomaly score

6. Publish Platform Event

3.5. Predictive Maintenance Engine

The predictive maintenance module evolved raw telemetry from the connected devices into understandable machine health
through a multi-layer ML pipeline that starts with continuous data ingestion from loT streams. Data arriving are being
preprocessed to clean, normalize, and standardize the reading, after which it is passed to feature engineering. After features are
created, computer model versions are educated and set in motion, thus enabling instant forecasting. The generated predictions are
finally introduced into Salesforce, from where they can be used to bring about the changes in the service department.

Feature engineering is instrumental in uncovering the patterns hidden in the sensor data. Typical features are temperature
gradients, vibration spectral signatures, pressure anomalies, deviations in duty-cycle patterns, and rolling averages taken over the
moving windows. The system might also use the anomaly scores that are generated by the specially designed ML models and
compute the remaining useful life (RUL) to be able to predict the failures. These invented features are what the models base their
performance on.

Model inference follows streaming data directly and can actually be done at different levels depending on the need for latency
and computing power. Middleware platforms such as Spark or Flink could be the place where inference is done for large-scale
centralized processing. Local inference may be carried out by edge devices in a situation when a low-latency action is necessary,
whereas cloud ML platforms like AWS SageMaker, Azure ML, and Google Vertex Al are there to offer support for high-capacity,
scalable inference workflows. The system does not only create service alerts automatically when the risk is high but it also
recommends preventive maintenance actions and triggers the subsequent workflows in Salesforce.

128



Rupesh Shiramalla / IJAIBDCMS, 2(3), 122-132, 2021

Predictions and insights are being kept in Salesforce with the help of the structures that are designed to facilitate operational
decision-making. Custom “Asset Health” objects may be used for recording time-series health metrics, while Field Service
Lightning (FSL) Maintenance Plans can be the place where predictive signals are integrated into maintenance schedules. Native Al
capabilities, for instance, Einstein Prediction Service, are an additional source of intelligence for surfacing insights. The integration
here allows service teams to follow the trends in equipment health in a proactive manner, thus they are able to plan maintenance
optimally and avoid breakdowns before they happen.

4. Case Study
4.1. Organizational Background

The company, which is the subject of this case study, is a manufacturing company of a medium size that makes industrial
pumping solutions that are used in water treatment plants, chemical processing facilities, and large agricultural irrigation systems.
Their equipment is used at customer sites that are spread out in different locations and are usually in harsh or remote environments
where manual inspections take a long time and are expensive. However, the organization was still very much dependent on
scheduled maintenance cycles and customer-reported issues despite the fact that they made this investment in sensors because the
sensor data were trapped in a silo within an 10T operations portal and there was no obvious link to Salesforce, which is the place
where service agents and field engineers work and manage customer accounts, assets, and service cases. The company decided to
integrate 10T intelligence with its CRM workflows as customer demand for proactive support kept on increasing.

4.2. Problem Context

The company was escalating a series of challenges caused by the complexity of their equipment and the growing demands of
their enterprise customers. Service agents lacked real-time access to the asset health status, and field technicians frequently arrived
at the site without any knowledge of the equipment issues. So, the time taken to resolve the problem was extended, new parts were
replaced without necessity, and the team was solving problems as they appeared instead of doing proper preventive maintenance.

Moreover, customers were complaining about the quality of service, which was not up to their expectations, as well as the
missed SLA commitments and late response times. The company, in spite of having installed IoT sensors, was not able to
transform live telemetry into efficient service intervention, as it had a disconnected loT data pipeline from Salesforce Asset
records.

4.3. Implementation Details

In order to meet these difficulties, the firm put into effect an integrated loT-Salesforce interaction architecture that was
centered on event-driven principles. The overhaul was device-level: 10T sensors were installed on each pump to measure vibration
frequency, acceleration, and localized temperature. These sensors sent data every few minutes to an on-premises gateway, which
conducted a preliminary filtering to remove noise and compress data packets. The gateway logged in through certificate-based
security and sent messages over MQTT to the organization's cloud 10T platform.

The firm decided to use a cloud IoT hub Azure 10T Hub in this case as the ingestion layer. 10T Hub performed device identity
verification, stored device twin metadata, and forwarded telemetry to the processors waiting downstream. Routing rules directed
extremely frequent vibration data to an Apache Kafka cluster for stream processing, while infrequent temperature readings were
stored in a warm storage layer for later analysis.

After that, the team brought Kafka and MuleSoft together. MuleSoft acted as the transformation gateway to Salesforce.
MuleSoft mapped fields to Salesforce Platform Event schemas, ensured idempotency, API limits enforcement, and final payload
formatting. The events were published to a custom "Pump_Health_Event __e" Platform Event in Salesforce.

Automations took control after events came into Salesforce. A Flow was triggered whenever a high-severity health event was
published. The system, according to the anomaly type, would update the relevant Asset record with the latest operational metrics
and put a "Health Alert" flag on the asset. Where immediate action was necessary, the Flow would, without human intervention,
create a maintenance Work Order in Field Service Lightning (FSL) and assign the closest available technician to it by using geo-
based scheduling.
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Figure 2: Case Study Operational Workflow

4.4. Outcomes Achieved

The combination led to big changes across the company's operations, finances, and interactions with customers. In fact, one of
the most significant improvements was that issues started to be detected incredibly faster than before. Instead of having to wait for
customer complaints or inspections that are scheduled, service teams are now receiving in real-time notifications of any
abnormalities in vibrations or temperature as soon as those readings are unusual. Most of the time the delay between the time when
the anomaly is detected and the issuance of the alert has been reduced from several hours to less than two minutes.

Through the execution of proactive measures and predictive planning, the organization was able to realize 25-40% reductions
in unplanned downtime at their customers’ locations within the first year of implementation. Maintenance teams were no longer
stuck in a scenario where they had to rely solely on fixed service intervals or guesswork. What they did instead was to utilize the
accurate loT-driven insights to deal with issues even at the stages that were not yet advanced. Apart from that, it improved asset
availability and deepened the components' shelf life.

SLAs compliance improved considerably due to the integration as well. The company was scheduling in a smarter way
through FSL, and it was also able to detect the wear and tear of the components earlier. As a result, the business was meeting or
exceeding more than 95% of its contractual response time commitments, which is a major jump from what it was doing before.
Predictive maintenance data supported reducing the frequency of service visits and MTTR was shortened, hence leading to
consistently higher performance metrics.

The program, in the end, also translated into a net positive effect on relationships with customers. The most immediate way
that real-time asset dashboards, automated alerts, and proactive maintenance suggestions could help a customer was by delivering
technical reliability assurance. Tests performed post-implementation pointed out a very strong customer satisfaction trend which
directly correlated loyalty and trust in the manufacturer's ability to ensure uptime. As a result, a few customers decided to renew
their service contracts after experiencing the benefits of loT—Salesforce integration firsthand.

5. Results and Discussion
5.1. Quantitative Metrics

One of the biggest upgrades was the reduction of the total time span or end-to-end latency, which was the time from the
generation of a sensor event to the consumption of the event inside Salesforce. Before integration, the reliance was on traditional
batch exports and manual service updates, and delays were from 30 minutes to several hours. After the implementation of the real-
time pipeline utilizing Kafka and Platform Events, the latency was less than 2 minutes for anomaly detection events and 10-15
seconds for standard telemetry updates, data volume dependent. This advancement matters a lot because, by nature, predictive
maintenance is very sensitive to time that is, the prevention of minor anomalies turning into major failures can only be done if the
intervention is done early enough.

The accuracy of the predictive maintenance model integrated into the workflow was another very important metric. Employing
the vibration and temperature telemetry, the model garnered the anomaly detection accuracy measure in the range of 88-92%, with
the determining factors being the frequency of equipment calibration and the quality of raw sensor inputs. Predictions of remaining
useful life (RUL) demonstrated mean absolute error (MAE) of 8-12%, a value which is considered good for industrial equipment
where exact degradation patterns may differ from one set of operating conditions to another. Edge filtering and data cleaning in
Kafka streams were some of the factors that contributed to these metrics, as they ensured that model inference was not distorted by
noise, spikes, and incomplete data.
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Table 3: Predictive Model Performance & System Metrics

Metric Model / Component Before After (Deployed) Remarks
(Baseline)
Anomaly Detection Vibration + 60-70% 88-92% Improved with real-time
Accuracy Temperature Model (heuristic) telemetry and noise filtering
Remaining Useful Life RUL Regression N/A 8-12% Rolling-window feature
(RUL) MAE Model engineering applied
End-to-End Latency Telemetry — 30 min — < 2 min (anomaly), 10— Kafka + Platform Events
Salesforce Pipeline several hours 15 s (telemetry) architecture
SLA Compliance Rate Service Contracts ~70% > 95% Geo-based dispatch and
automated workflows

5.2. Qualitative Observations

Beyond the quantitative improvements, the real-time synchronization pipeline had a range of qualitative benefits for the
service teams, asset managers, and customer-facing stakeholders. One of the major improvements observed was the improvement
in transparency by a large factor. As a result of live asset health data being readily available within Salesforce, service teams were
always in the know about how equipment performed in the field. Instead of waiting for customer complaints or reports that lacked
immediacy, technicians could now catch the trends, like escalating vibration levels or temperature changes, as they happened.
Furthermore, the capability of seeing the past data along with the live telemetry enabled the technicians to be more accurate in their
issue diagnosis and to be more ready for the call-out with the correct tools and parts.

Likewise, asset managers went through a significant change in the quality of their decision-making as well. Maintenance
planning was mostly done by following fixed schedules or using one's gut feeling, which often resulted in at least double situations:
preventive maintenance was carried out unnecessarily and on the other hand, cases of early intervention were missed. With the help
of predictive insights that are now a part of the Salesforce Asset records, managers had the ability to plan the next action for the
service based on severity levels, anomaly trends, and RUL predictions. It allowed for a more data-driven approach to the allocation
of resources, thus the spare parts inventory, the technicians’ routes, and the service contract commitments were at an optimal level
again.

The customer point of view, therefore, to the customer perspective, the stakeholders' feedback indicated an increase in trust
and satisfaction. Customers were fond of the real-time alerts, proactive maintenance recommendations, and the transparency
Experience Cloud dashboards provided. Via these, customers were able to view asset health through interactive visuals, which
undeniably helped them make better operational decisions; for instance, they could adjust the machine loads more effectively or
schedule the downtime windows in a more intelligent way. The transition from reactive troubleshooting to predictive service
bought the manufacturer more credibility as a partner who is committed to maximizing uptime and equipment performance.

6. Conclusion and Future Scope
6.1. Summary of Findings

Service teams acquire a never-before-seen insight into the state of the equipment as it changes by the direct streaming of the
sensor data into Salesforce and associating it with the asset records. Consequently, it becomes possible to carry out exact
maintenance thus, the method of rigidly executing the maintenance that is based on the schedule turns into intelligence-driven
interventions that happen, at the right time, for the right assets, and as a result of an actual usage and performance trend.

It was the implementation of an event-driven architecture that made it possible, in fact, to achieve these results. The
organization made the most of low-latency ingestion through MQTT, Kafka, and Salesforce Platform Events which was a way out
of the limitations of batch ETL, thus, they could provide continuous, synchronized updates that not only shorten response times but
also give rise to proactive workflows. The durability of the system facilitated by buffering, throttling, and idempotent event
handling guarantees that the delivery is always safe even when the network or the platform is unstable.

One of the key factors that enhanced asset reliability was the use of predictive maintenance models. By using real-time data to
analyze vibration, temperature, and other sensor signatures, the machine learning models achieved accurate anomaly detection, and
furthermore, they could give quite reliable estimates of the component life that is remaining. When these predictions are surfaced
within Salesforce, the service teams get the power to intervene early, stop the chain of failures, and facilitate the maintenance
work. In essence, the combined architecture has brought about the measurable downtime reduction, SLA performance
improvement, and customer trust enhancement; thus, it is a strong confirmation of the seamless IoT-CRM synchronization.
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6.2. Future Scope

Several groundbreaking technologies, for example, generative Al, can eventually make processes like root cause analysis fully
automated. They can even analyze telemetry patterns, compare them with the historical incidents, and write explanations as well as
the next steps right in Salesforce. Also, the digital twins which are the virtual models of the real-world assets can be combined up
to the deepest level with service records, giving the team a highly interactive and simulated understanding of the equipment
operation.

Additionally, the neighborhood situation gets detected and then a decision is made on the dispatch of field service technicians
without needing a human to step in is one more exciting prospect. Compliance-heavy industries may find blockchain-based audit
trails handy in providing cause-and-effect-linked, tamper-proof records of sensor data, maintenance activities, and service
outcomes.

Furthermore, as 10T deployment scales, the sector will require more solid 10T-CRM interoperability norms that facilitate
effortless connectivity cutting across sensors, platforms, and CRM systems. When taken together, these improvements will be the
next big step towards a close-to-complete autonomous and data-driven asset management ecosystem of organizations.
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