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Introduction

Abstract

Physical-industry supply chains connect procurement, production, warehousing,
transportation and delivery, where demand fluctuations, inventory stagnation,
equipment waiting and route delays can spread across operating nodes and weaken
efficiency, cost control and response stability. A data-driven optimization frame-
work is developed around material flow, order flow, equipment flow, inventory
flow and delivery flow, integrating multi-source data capture, field-level validation,
predictive modelling, inventory segmentation and digital twin scheduling into a
closed-loop logic of data access, model judgement, field execution and metric feed-
back. Scenario-based comparison indicates that data-driven solutions can improve
demand forecast accuracy, inventory turnover, order cycle time, on-time delivery
and unit delivery cost by converting fragmented operational records into executable
decisions. Reliable implementation depends on embedding algorithmic outputs into
procurement planning, production scheduling, warehouse allocation, transportation
routing and exception handling, rather than treating analytics as an isolated report-
ing tool. The findings suggest that supply chain efficiency gains in physical indus-
tries rely on data quality, system interoperability, model interpretability and role-
based execution across operational nodes.
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Supply chain efficiency in physical industries is constantly reshaped by tangible operating boundaries: materials
occupy storage space, equipment requires changeover time, vehicles face route and delivery-window constraints, and
order changes quickly affect procurement, production and distribution rhythms. Large volumes of process data have
accumulated across supply chain systems in recent years, yet many enterprises still rely on after-event reporting and
experience-based scheduling. Transforming order, inventory, equipment, transportation and delivery data into exe-
cutable actions for forecasting, replenishment, production planning and dispatching has become a critical issue in
optimizing supply chain operations [1].

1. Operational Bottlenecks in Physical Supply Chains
1.1 Material Flow Constraints Define Efficiency Boundaries

Operational efficiency in physical-industry supply chains is first constrained by the movement of tangible materials,
including raw materials, work-in-process items, finished goods, critical spare parts, and in-transit inventory, all of
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which consume storage space, transport capacity, and production rhythm. When procurement arrivals are not syn-
chronized with production orders, material readiness declines and equipment waiting increases; when batch changes
occur too frequently, changeover preparation, quality rechecking, and warehouse relocation extend the order cycle;
when warehouse age, batch numbers, and location records are not updated in time, picking, verification, and dis-
patching may involve repeated handling. Waiting time, dwell time, storage occupancy, loading rate, and abnormal
stoppage frequency therefore become key indicators for identifying the efficiency boundaries of physical supply
chains [2].

1.2 Node Coordination Shapes Operational Output

Operational output in physical-industry supply chains is jointly shaped by suppliers, production planning, warechouse
management, logistics dispatching, and customer delivery, and any information delay at one node can alter the work-
ing rhythm of subsequent activities [3]. If order changes from the sales side are not transmitted to production planning
in time, work orders may still follow outdated demand signals, warehouses may prepare stock according to obsolete
inventory status, and logistics teams may face vehicle waiting, route detours, and empty returns due to missing de-
livery-window and loading information. Insufficient cross-node coordination eventually appears as delayed replen-
ishment, repeated schedule revisions, unbalanced inventory structure, and declining on-time delivery, turning local
delays into chain-wide operational volatility.

2. Data Architecture for Supply Chain Optimization
2.1 Multi-Source Data Rebuild Operational Records

A reliable data architecture begins with the conversion of field activities into traceable operational records across
procurement, production, warechousing, transportation, and delivery [4]. ERP order records, MES work orders, WMS
inventory files, TMS shipment logs, IoT sensor streams, and customer receipt data should be linked by stable identi-
fiers, including order ID, material code, batch number, supplier ID, equipment ID, warehouse location, vehicle ID,
timestamp, delivery status, and exception reason. In physical industries, each material receipt should retain batch,
weight, inspection status, and inbound time; each production order should record start time, equipment number,
changeover duration and defect quantity, and each shipment should preserve loading time, GPS trace, arrival time
and signature status, allowing fragmented operations to form a continuous supply chain ledger.

2.2 Data Quality Validation Stabilizes Model Input

Predictive and scheduling models depend on disciplined data input, while duplicated codes, inconsistent units, miss-
ing status fields, delayed timestamps, stock-record gaps and vague exception descriptions can distort demand, inven-
tory, capacity and delivery-risk judgement. Data validation should set measurable thresholds, such as a completeness
rate above 98%, key-field accuracy above 97%, order-status synchronization within 15 minutes, stock-record vari-
ance below 1% and exception review within 24 hours. A practical validation routine may follow data capture checking,
field cleaning, master-data matching and exception backfilling, so that analytical models receive stable inputs and
planners avoid repeated manual verification or inaccurate dispatching decisions [5].

2.3 Platform Integration Builds Operational Visibility

Platform integration should connect ERP, MES, WMS, TMS, IoT sensors and customer order portals into a shared
operational view covering order fulfilment, inventory structure, equipment load, in-transit status, delivery windows
and exception alerts [6]. For high-frequency operations, order status can be refreshed every 5 to 15 minutes, vehicle
location every 1 to 5 minutes, equipment signals at the minute or second level, and critical alerts within 10 minutes
after abnormal events are detected. As shown in Figure 1, the architecture links the Data Sources Layer, Data Gov-
ernance Layer, Analytics Layer, Execution Layer, and Feedback Layer into a closed loop, turning system integration
into visible signals for scheduling, replenishment, allocation, routing, and exception handling.
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1. Data Sources Layer
ERP | MES | wMs | TMs Lo Sensors | Customer Orders

v data flow

2. Data Governance Layer

Cleaning ‘ Coding ‘ Timestamp Alignment ‘ Quality Validation

v data flow

3. Analytics Layer
Demand Forecasting ‘ Inventory Classification | Capacity Scheduling | Risk Warning
5 feedback
v data flow ; -

4. Execution Layer

Procurement Adjustment Production Scheduling ‘ Warehouse Allocation Logistics Routing
v data flow
5. Feedback Layer ]
OTD ‘ Inventory Turnover ‘ Capacity Utilization ‘ Cycle Time | Unit Delivery Cost

Figure 1. Data-driven closed-loop architecture for supply chain efficiency optimization.
3. Data-Driven Pathways and Application Validation
3.1 Demand Forecasting Aligns Supply Rhythm

Demand forecasting should first place order, material, and delivery data under a unified forecasting scope, covering
SKU code, historical order volume, customer purchasing frequency, outbound quantity over the latest 12 weeks,
transportation lead time, stockout count, and price fluctuation range. Planning teams may generate rolling forecasts
at daily, weekly, and monthly levels: daily forecasts support shipment batching and shortage alerts, weekly forecasts
coordinate purchasing orders and capacity reservation, while monthly forecasts guide supplier preparation and equip-
ment-load planning. When predicted demand for the coming two weeks rises by more than 20% or forecast error
exceeds 15% for two consecutive periods, the system should trigger manual review and planning adjustment [7].

In an industrial component manufacturing scenario, 24 months of order data and 12 weeks of delivery records are
used to forecast high-volatility SKUs with an XGBoost model and stable-cycle materials with exponential smoothing,
and the results are written directly into procurement, production, and warehouse dashboards. If the predicted demand
for Class A connectors increases from 860 units to 1,040 units over the next 14 days, procurement staff lock supplier
lead time in advance, production planners move forward work orders with material readiness above 95%, warehouse
teams reserve matching locations, and logistics dispatchers allocate vehicles according to customer delivery windows,
allowing forecast outputs to enter material preparation, scheduling, picking and shipment operations.

3.2 Inventory Segmentation Reduces Idle Stock

Inventory segmentation should begin with a classification scope based on material attributes, placing raw materials,
work-in-process items, finished goods, critical spare parts, and in-transit inventory under five indicators: turnover
speed, supplier lead time, value density, batch life, and production criticality. For high-frequency materials, safety
stock may be calculated from the average daily consumption over the latest 8 to 12 weeks, using the formula of daily
average consumption multiplied by supplier lead time and a fluctuation coefficient, with the coefficient generally set
between 1.15 and 1.35. Low-frequency materials should shift to order-triggered replenishment, SKUs without
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consumption for 90 consecutive days should be removed from automatic replenishment, and critical spare parts
should retain a minimum reserve based on mean time between failures, repair duration and supplier lead time [8].

In an industrial equipment supply scenario, a warehouse first classifies 2,800 SKUs into Class A high-frequency
materials, Class B periodic materials and Class C low-frequency materials. Class A accounts for 18% of total SKUs
but contributes nearly 72% of outbound frequency, so daily rolling replenishment and forward storage locations are
assigned; Class B follows weekly replenishment calibration, and items aged over 90 days enter a review list; Class C
generates purchase requests only after orders are confirmed, while materials aged over 180 days move into substitute
use, maintenance consumption or disposal assessment. Inventory turnover, stockout rate, obsolete-stock ratio and
location utilization are tracked together, allowing the inventory strategy to guide replenishment, issuing, relocation
and clearance actions.

3.3 Digital Twin Scheduling Shortens Delivery Cycles

Digital twin scheduling should place supplier lead time, line takt time, changeover duration, material readiness, ware-
house capacity, vehicle loading rate, route distance and customer delivery windows into a shared virtual operating
model, allowing each order to be simulated from receipt and scheduling to material preparation, outbound handling
and final delivery. In an industrial manufacturing scenario, the model may set key line takt time at 45 to 60 seconds
per unit, changeover duration at 35 to 50 minutes, material readiness threshold at 95%, minimum vehicle loading rate
at 85%, and delivery-window deviation within +30 minutes, before generating alternative schedules for equipment
downtime, material delay, warehouse congestion and route diversion. Dispatchers do not rank orders only by due
date, but compare order cycle time, equipment utilization, warehouse workload, and delivery cost to select the option
with the lowest combined delay risk [9].

In an industrial pump-and-valve component manufacturing scenario, a group of urgent orders arrives during a peak
delivery week, while baseline planning continues with the original schedule, causing concentrated changeovers on
two lines, accumulated semi-finished items awaiting inspection, and vehicle queues at loading bays. The data-driven
mode first simulates three options in the twin model: prioritizing orders with material readiness above 95%, adjusting
the changeover sequence of two production lines, and shifting part of the shipment to a regional warehouse closer to
customers, with abnormal results written back to the production and transportation dashboards. As shown in Table 1,
the scenario-based comparison indicates that digital twin scheduling, combined with forecasting and inventory strat-
egies, improves forecast accuracy, order cycle time, on-time delivery, and emergency shipment control.

Table 1. Comparative indicators before and after data-driven optimization

Indicator Baseline planning mode Data-driven mode Change
Demand forecast accuracy 72.4% 86.8% +14.4 pp
Inventory turnover rate 5.6 times/year 7.3 times/year +30.4%
Average order cycle time 9.8 days 7.1 days -27.6%
On-time delivery rate 84.5% 93.2% +8.7 pp
Equipment utilization rate 68.9% 76.4% +7.5 pp
Emergency shipment ratio 12.6% 7.4% -41.3%
Unit delivery cost 100.0 index 91.5 index -8.5%

4. Conclusion

Optimizing supply chain efficiency in physical industries requires data to be embedded into the continuous operating
chain of orders, materials, equipment, inventory, and delivery, so that forecasting outputs, inventory rules, and digital
twin schedules are converted into field actions such as supplier lead-time locking, work-order sequencing, storage-
location reservation, vehicle matching, and exception feedback. Multi-source data access builds the operational ledger,
quality validation stabilizes model input, platform integration strengthens node visibility, and the scenario-based
comparison further indicates improvement potential in forecast accuracy, inventory turnover, order cycle time, on-
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time delivery and unit delivery cost. Future application should reinforce field standards, system interoperability,
model explanation and role-based execution, while longer-period enterprise data should be introduced to calibrate
optimization effects across industry contexts, product complexity levels and supply chain tiers.
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