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Abstract – The advent of the Internet of Things (IoT) technology has led to many transformative changes in retail inventory 

management. This has been achieved through the resolution of longstanding problems, including stockouts, overstocking and 

inefficiency in operations. This paper presents a robust IoT-based framework for smart inventory management which includes 

the use of Radio-Frequency Identification (RFID), Bluetooth Low Energy (BLE) beacons, weight sensors and machine learning 

algorithms for predictive analytics in conjunction with edge computing. The proposed approach provides real-time visibility on 

stock, automatic alert notifications of stock replenishments and demand forecasting with 99.35% accuracy in identifying 

products and response time of 8.66 seconds for notification delivery. Comparative study findings reveal that IoT-based systems 

provide inventory accuracy of more than 95% as opposed to 70-75% in case of manual and barcode-based systems. The proposed 

framework minimizes stockout rate by 23.5% and forecast error by 18.2% using multi-agent deep reinforcement learning 

technology. 
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I. INTRODUCTION  
 

Currently, the worldwide retail business is experiencing 

digital transformation, where the revenues are expected to 

surpass 30 trillion U.S. dollars by 2024 [1][6]. However, 

despite its importance from an economic standpoint, the 

aforementioned growth has increased the difficulties 

associated with managing inventories within retail supply 

chains [1][6]. Manual counting, audit, and barcode 

scanning are traditional ways that have been used by 

retailers to keep track of the goods in their possession 

[1][6]. However, the methods listed above are becoming 

increasingly impractical due to labor intensity, vulnerability 

to errors, and inability to provide real-time insight into the 

processes in question [1][6][10]. 

 

IoT is one of those innovations that can solve the problems 

of inventory management discussed earlier [1][2][6]. Being 

the basis of the digital transformation, IoT allows using 

sensors, RFID, and other connected devices to automate the 

process of gathering information and control inventory in 

real time [1][2][6]. Moreover, through the collaboration 

with AI, ML, edge computing, and blockchain, the 

efficiency of inventory management systems can be further 

boosted through prediction and automation of actions 

[1][6][8]. 

 

Empirical research on IoT-enabled inventory management 

has revealed the significant benefits [1][2][10]. Inventory 

management using RFID system ensures accuracy in 

inventory management that is greater than 95%, while 

accuracy in manual and barcode-based systems is only 70-

75% [1][10]. Financial implications are huge as well: 

according to McKinsey Global Institute, the use of IoT 

technologies can produce revenues ranging from $2.7 

trillion to $6.2 trillion per year in major sectors by 2025 [1]. 

Automatic inventory management decreases expenses for 

labor, prevents shortages of goods, increases supply chain 

responsiveness and leads to higher customer satisfaction 

rates because of decreased stockouts and rapid order 

fulfillment [1][2][6]. 

 

However, there are numerous difficulties associated with 

the use of IoT-enabled inventory management systems 
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[1][6][8]. Scalability problems, cybersecurity 

vulnerabilities, compatibility with existing systems and 

problems related to privacy protection are among the most 

significant issues that hamper the implementation of the 

approach in practice [1][6][8]. Moreover, implementation 

of IoT infrastructure requires significant investments and 

qualified specialists [1][6][8]. This paper discusses this 

issue and proposes an IoT-enabled smart inventory 

management solution [1][2][8]. 

 

The key contributions of this study include:  

 A four-layer architecture for an IOT system to manage 

retail inventory through the use of RFID, Bluetooth 

low energy, weights sensors, and edge computing 

[2][3][8] 

 A predictive analytics module using machine learning 

algorithms for demand forecasting and automatic 

replenishment [3][6][9] 

 Performance analysis with quantitative results showing 

considerable enhancements in inventory accuracy, 

response time, and cost efficiency [2][3][8] 

 Comparison of IOT systems with traditional methods 

of managing inventory [1][2][10] 

II. LITERATURE SURVEY 
 

Retail inventory management systems have undergone 

several improvements, which correspond to general 

technological advancements, from manual tracking to the 

development of intelligent automation systems [1][6][10]. 

Initial inventory management was completely manual and 

involved a lot of paperwork, which could lead to errors due 

to human factor [1][6][10]. Barcode system marked the 

beginning of automation by providing a fast way of 

capturing data through optical readers [1][10]. 

Nevertheless, barcodes involve line-of-sight reading, 

cannot identify particular items but only their classes, and 

require a significant human intervention [1][10]. 

 

The Radio-Frequency Identification (RFID) technology is a 

step ahead from barcodes as it offers the capability to 

uniquely identify, track, and trace each product within the 

supply chain without needing any line-of-sight scanning 

[1][7][10]. An RFID scanner can read numerous tags at one 

time and hence reduces manpower needs for taking 

inventories [1][7][10]. It was found through an 

experimental comparative analysis that while a barcode 

scanner took 53 hours to scan 10,000 articles, an RFID 

system could scan them in just two hours [10]. RFID 

systems have proven effective in reducing the number of 

out-of-stock situations (16%) and shrinkage due to theft or 

losses [10]. 

 

However, IoT integration with RFID technology and others 

has resulted in the development of highly advanced 

inventory management techniques [1][2][6]. These include 

integration of RFID tags, Bluetooth Low Energy (BLE), 

weighing sensors, and computer vision to get real-time and 

continuous information on the availability of inventory at 

different checkpoints [1][2][6]. In recent research done by 

Rashid et al. (2025), advancements in IoT technology for 

inventory management have been discussed and explained 

in detail, focusing on the effectiveness that IoT has through 

its integration with AI, ML, and blockchain technology [1]. 

Applications using IoT technology and ML algorithms for 

smart shelves attain 99.35% accuracy in recognizing goods 

which need to be replenished, with an average response 

time of 8.66 seconds [3]. 

 

Machine learning models have been widely used in 

improving the inventory management process [6][9]. Yang 

et al. (2025) developed a framework for multi-agent deep 

reinforcement learning which combines demand 

forecasting and inventory management, providing 18.2% 

fewer forecast errors and 23.5% fewer stockouts than the 

existing best solutions [9]. Machine learning models work 

based on past sales data and live sensor data in order to 

predict demand, find patterns, and optimize product 

placement on shelves [6][9]. Studies conducted by 

Ioannidis (2025) show that AI systems provide compliance 

with planograms, prevent out-of-stocks, and generate 

personalized experiences [6]. 

 

With the implementation of edge computing, the challenges 

such as latency and bandwidth limitations associated with 

cloud-based architectures have been overcome [8]. Real-

time sensor fusion, anomaly detection, and decision-

making related to inventory replenishment can be carried 

out using autonomous edge intelligence systems, 

minimizing the dependence on the network and increasing 

the response time [8]. The usage of a lightweight 

blockchain ledger ensures decentralized, tamper-proof 

inventory auditing [8]. Recent studies on Adaptive Zone-

Aware IoT Mesh framework reveal inventory monitoring 

effectiveness of 91.75%, surpassing the performance of 

traditional solutions (65-85%), with 38% savings in 

bandwidth use and millisecond responses [8]. 

 

New technologies further increase the capabilities of 

inventory management powered by the Internet of Things 

[7]. With Ambient IoT, which uses passive battery-less 

BLE tags receiving power from ambient radio waves, 

continuous monitoring of temperature, humidity, motion, 

and light is possible, especially for perishable products and 

pharmaceutical supply chains [7]. Low-power wireless 

ESLs provide network connectivity of 98.51% and lifetime 

of batteries for more than five years [7]. Computer vision 

and deep learning methodologies tackle the problem of 

weakly supervised instance segmentation, surpassing 

existing techniques on benchmark datasets [6]. 

 

Even with all these developments, there is still much to be 

done in the field [1][6][8]. The security of IoT, its 

compatibility with other systems, and even regulation 

continue to pose major obstacles [1][6][8]. The cost and 

intricacy of implementing each type of system can be 

different and, although it may take a significant amount of 

money to set up, it will be worth it [1][6][8]. 
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III. PROPOSED METHODOLOGY 
 

System Architecture 

The IoT-enabled Smart Inventory Management System 

(SIRIMS) suggests using an architecture that consists of 

four layers. The main advantages of this architecture 

include high level of scalability, real-time processing, and 

integration with current retail systems. The four layers used 

by this system include the Physical Layer, Gateway Layer, 

Middleware Layer, and Application Layer. 

 

Physical Layer: The physical layer includes all hardware 

elements used to gather information about the state of 

products in the retail environment. RFID tags provide 

unique item-level identification of SKUs. BLE beacons 

help to determine the location and proximity of products. 

Weight sensors placed in smart shelves help to track the 

stock levels by measuring weight changes of items on the 

shelves. Environmental sensors help to measure the 

temperature and humidity. All physical devices used in this 

layer are developed in accordance with low-power 

requirements and use common communication protocols 

like MQTT and JSON-RPC. 

 

Gateway Layer: The Gateway Layer enables edge 

computing that pre-processes the raw sensor data before 

sending it to the cloud. The Azure IoT Edge Server acts as 

a Gateway Device, which has enough computational power 

to process the data, detect anomalies and raise alerts 

immediately. The Gateway Layer works with various 

communication protocols such as MQTT Protocol, which is 

used to transfer lightweight telemetry to ensure reliable data 

delivery even in constrained bandwidth conditions. 

Dynamic zone aware mesh networking protocols adapt to 

sensor cluster formation on-the-fly according to the 

inventory density and flow. 

 

Middleware Layer: The Middleware Layer aggregates, 

normalizes, and stores data in cloud-based repositories. The 

Azure IoT Central provides a complete Solution 

Development Platform for device connection, 

configuration, and management. The Ingress Data Pipelines 

perform raw telemetry processing from the gateway devices 

along with transformation and enrichment algorithm 

operations. The historical data is stored in the Blob Storage 

repository for long-term data analytics and machine 

learning model training. 

 

Application Layer: The highest layer provides business 

intelligence and business functionality via user-friendly 

dashboards and integration with line-of-business 

applications. Real-time dashboard for inventory 

visualization shows the current stock quantities, the 

position of gateways, number of tags used, and the status of 

inventory across various store locations. Services that 

leverage machine learning algorithms to predict demand 

and make replenishment recommendations based on the 

analysis of trends from historical data and real-time 

information. Webhook and API services allow integration 

with existing ERP and order management systems. 

Data Acquisition and Telemetry Processing 

Inventory monitoring uses a multi-modal sensing strategy 

to facilitate a comprehensive level of inventory monitoring. 

Unique RFID tags are used to send item IDs through radio 

frequencies to RFID scanners; passive RFID tags use the 

energy provided by the scanner to function, and no batteries 

are required for operation. BLE beacons use packet data 

sent out periodically for location and motion detection. 

Shelf weight sensors provide continuous weight 

measurement per shelf, detecting changes that indicate 

stockouts or restocks. 

 

Telemetry data is sent over JSON-RPC 2.0 using the MQTT 

communication protocol. Multiple data streams can be 

processed simultaneously with the help of timestamp-based 

correlation. Data processing at edge gateways filters noise, 

detects anomalies, and aggregates telemetry into events 

such as rapid shelf weight reduction together with RFID 

tags disappearance indicating stockout. 

 

Algorithm 1: Multi-Sensor Data Fusion for Inventory 

Event Detection 

Input:  

  - RFID_Stream(t): Continuous RFID tag readings with 

timestamps 

  - BLE_Stream(t): BLE beacon proximity data with 

signal strength (RSSI) 

  - Weight_Stream(t): Smart shelf weight measurements 

(kg) 

  - Env_Stream(t): Temperature and humidity readings 

  - Δt: Sliding window duration (default: 5 seconds) 

  - θ_weight: Weight change threshold (default: 0.05 kg) 

  - θ_rssi: RSSI proximity threshold (default: -65 dBm) 

 

Output: 

  - Inventory_Event: {event_type, item_id, location, 

timestamp, confidence_score} 

 

Procedure: 

1.  Initialize sliding_window_buffer ← empty queue of 

size N 

2.  Initialize event_queue ← empty list for confirmed 

events 

3.  Initialize item_inventory_map ← dictionary for 

current stock levels 

 

4.  while system_running do 

5.      // Step 1: Collect synchronous readings from all 

sensors 

6.      rfid_data ← read_RFID_readers() 

7.      ble_data ← read_BLE_beacons() 

8.      weight_data ← read_weight_sensors() 

9.      env_data ← read_environment_sensors() 

10.      

11.     // Step 2: Timestamp alignment and 

synchronization 

12.     t_current ← get_current_timestamp() 

13.     aligned_data ← align_timestamps(rfid_data, 

ble_data, weight_data, t_current, Δt) 

14.      
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15.     // Step 3: Weight-based event detection 

16.     for each shelf s in weight_data do 

17.         ΔW ← |weight_current(s) - weight_previous(s)| 

18.         if ΔW > θ_weight then 

19.             // Weight change detected - possible restock 

or removal 

20.             weight_event ← create_weight_event(s, ΔW, 

t_current) 

21.             

sliding_window_buffer.enqueue(weight_event) 

22.         end if 

23.     end for 

24.      

25.     // Step 4: RFID-based item identification 

26.     for each tag t in rfid_data do 

27.         if tag_status(t) changed since last reading then 

28.             rfid_event ← create_rfid_event(t, tag_status(t), 

t_current, location) 

29.             sliding_window_buffer.enqueue(rfid_event) 

30.         end if 

31.     end for 

32.      

33.     // Step 5: BLE-based proximity validation 

34.     for each beacon b in ble_data do 

35.         if RSSI(b) < θ_rssi then 

36.             // Item in close proximity to beacon 

37.             ble_event ← create_ble_event(b, RSSI(b), 

t_current) 

38.             sliding_window_buffer.enqueue(ble_event) 

39.         end if 

40.     end for 

41.      

42.     // Step 6: Multi-modal data fusion using temporal 

correlation 

43.     fused_events ← [] 

44.     for each event_group in 

group_by_time(sliding_window_buffer, Δt) do 

45.         // Correlation analysis across sensor modalities 

46.         weight_change ← 

extract_weight_change(event_group) 

47.         rfid_changes ← extract_rfid_tags(event_group) 

48.         ble_proximity ← 

extract_ble_proximity(event_group) 

49.          

50.         // Apply fusion rules with confidence scoring 

51.         if weight_change exists AND rfid_changes non-

empty then 

52.             // High confidence: Weight change matches 

RFID movement 

53.             confidence ← 0.95 

54.             event_type ← 

determine_event_type(weight_change, rfid_changes) 

55.             fused_event ← 

create_fused_event(event_type, rfid_changes,  

56.                                              ble_proximity, confidence) 

57.         else if rfid_changes non-empty AND 

ble_proximity exists then 

58.             // Medium confidence: RFID with location 

validation 

59.             confidence ← 0.85 

60.             event_type ← 

determine_event_type(rfid_changes) 

61.             fused_event ← 

create_fused_event(event_type, rfid_changes, 

62.                                              location_from_ble, 

confidence) 

63.         else if weight_change exists AND no 

rfid_changes then 

64.             // Low confidence: Weight change without 

item identification 

65.             confidence ← 0.60 

66.             event_type ← 

"SUSPICIOUS_WEIGHT_CHANGE" 

67.             fused_event ← 

create_fused_event(event_type, null, null, confidence) 

68.         end if 

69.          

70.         fused_events.append(fused_event) 

71.     end for 

72.      

73.     // Step 7: Publish confirmed inventory events 

74.     for each event in fused_events do 

75.         if event.confidence ≥ 0.70 then 

76.             publish_to_event_bus(event) 

77.             update_inventory_state(event) 

78.             event_queue.enqueue(event) 

79.         else 

80.             flag_for_manual_review(event) 

81.         end if 

82.     end for 

83.      

84.     // Step 8: Update inventory map 

85.     for each confirmed event in event_queue do 

86.         if event.event_type = "ITEM_ADDED" then 

87.             item_inventory_map[event.item_id] ← 

item_inventory_map.get(event.item_id, 0) + 1 

88.         else if event.event_type = "ITEM_REMOVED" 

then 

89.             item_inventory_map[event.item_id] ← max(0, 

item_inventory_map.get(event.item_id, 0) - 1) 

90.         end if 

91.     end for 

92.      

93.     // Step 9: Clear processed events from buffer 

94.     sliding_window_buffer.clear_processed() 

95.      

96.     // Step 10: Wait for next sampling interval 

97.     sleep(sampling_interval) 

98.  end while 

99.   

100. return event_queue, item_inventory_map 

 

Machine Learning for Predictive Analytics 

The machine learning algorithms act as the brain behind the 

entire system by converting the telemetry data into 

intelligent insights. Forecasting is done using sequence-

based transformers that learn complicated patterns within 

the past sales data, promotional impact, and seasonality. 

This model combines real-time data from the sensors 

including weather data from temperature and humidity 
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sensors, increasing the accuracy of the prediction during 

promotions and seasonal changes. 

 

Inventory management is done using multi-agent deep 

reinforcement learning algorithms for coordinating 

inventory planning within the supply chain. Multi-agents 

work at different hierarchical layers such as individual 

stores, distribution centers, and suppliers allowing 

collaboration in optimizing inventory while reducing costs 

of storing and shortage risk. 

 

Regarding shelf refilling, the system uses classification 

methods that have achieved 99.35% accuracy in 

determining the items that need refilling, even under 

circumstances where similar attributes exist between items. 

The formulas for restocking thresholds are solved using 

optimization techniques that involve M/G/1 queuing 

models considering time-varying demand and multiple 

items. The machine learning models are continually 

updated using historical data. 

 

Automated Alert and Replenishment Workflow 

The automated alert system provides quick alerts to retail 

employees through mobile applications and dashboards. In 

case the stock goes below expected demand level, the 

system sends out alerts with a priority score that is 

determined by the risk of stock-out and the importance of 

an item. On average, the alert response time is kept under 

10 seconds to make sure that alerts are delivered promptly. 

The alerts include relevant data regarding required stock 

amounts, location of products, and optimal timing for 

replenishment according to demand forecasts. 

 

The replenishment process is also integrated with the 

vendor managed inventory (VMI), creating automatic 

purchase orders as soon as certain levels of stock are 

reached. For perishable products, their expiry date is taken 

into account to prioritize their replenishment. 

 

IV. ANALYSIS AND DISCUSSION 
 

Performance Evaluation 

Evaluation of the suggested model was done through 

quantitative evaluation based on three parameters: 

inventory accuracy, response time, and cost-efficiency, in 

different retail situations. Comparison was made for five 

inventory management models: manual, barcode-based, 

RFID-based, IoT-based, and AI-empowered IoT systems. 

 
Figure 1: Inventory Accuracy Comparison Across Five 

System Types 

The empirical findings show that there is a definite 

sequence of improvement in terms of inventory accuracy 

starting from manual, barcode systems, and IoT systems. 

The accuracy of manual systems is around 73% owing to 

the presence of human errors and lack of real-time 

information. On the other hand, the accuracy of the barcode 

system is somewhat improved at 78% and suffers from line-

of-sight constraints and the need for manual intervention. 

RFID systems ensure an accuracy of 91% using automated 

bulk scanning facilities. 

  

 
Figure 2: Stockout Rate Reduction Through IoT 

Implementation 

 

The stockout rate demonstrates considerable improvements 

from using IoT technology. The initial manual approach 

faces 100% baseline stockout rate. Using RFID technology 

results in stockout rate reductions of up to 16%-84% of 

baseline. IoT system integrated with real-time monitoring 

and alerts helps reduce stockouts down to 71% of baseline. 

The best result in terms of stockout reduction is achieved 

using AI-powered IoT with multi-agent reinforcement 

learning for demand forecasting to 65% of baseline, which 

is 23.5% lower than current state-of-the-art baselines. 

  

 
Figure 3: System Response Time Comparison 

 

In the study of response time, the main benefit of edge 

computing can be noted for real-time inventory 

management. The manual system needs around 120 

minutes for stock-out detection using the method of 

counting periodically. In barcode systems, the time taken 

for stock-out detection is 45 minutes by scanning faster but 

still needs human involvement. In RFID systems, the 

detection takes place in nearly real-time, which is 5 minutes 

by scanning automatically. In cloud-based IoT, the 

notifications are sent in 15 seconds, whereas in edge 

computing-enabled IoT systems, the average response time 

is 8.66 seconds. 
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 Figure 4: Cost-Benefit Analysis Across System Types 

 

The cost benefit analysis shows that although IoT and AI-

based systems entail greater upfront costs, their operational 

value is high. Manual system has the lowest technology 

investment costs but entails the highest operational costs in 

the future due to errors and inefficiencies. RFID system 

needs readers, antennas, and networking infrastructure with 

the cost of implementation of around $400k; however, its 

net present value (NPV) is positive because of lower labor 

costs and reduced stockouts. The IoT and AI system needs 

extra money to be invested in cloud infrastructure, data 

science, and algorithms training with the cost of 

implementation of $600k-$800k. Nevertheless, this system 

provides maximum business value by means of 

optimization and automation with operational savings of 

$500k-$750k over five years. 

 

### 4.2 Comparative Analysis 

Table 1: Comparative Analysis of Inventory Management System Characteristics 

Feature Manual Barcode RFID IoT-Enabled AI-Enhanced IoT 

Inventory Accuracy 70-75% 75-80% 85-95% >95% >98% 

Real-Time Visibility No Limited Yes Yes Yes 

Labor Requirements High Medium Low Minimal Minimal 

Implementation Cost Low Low-Medium Medium-High High Very High 

Scalability Poor Limited Excellent Excellent Excellent 

Response Time Hours Minutes Seconds Sub-10 sec <1 sec 

Predictive Capability None None None Basic Advanced 

Integration Ease High Medium Medium Complex Very Complex 

Long-term ROI Negative Low High Very High Highest 

As seen in the comparative analysis above, each type of 

inventory tracking solution is characterized by its unique 

advantages and disadvantages. Manual and barcode 

systems have easy integration and low cost requirements 

but lack accuracy, visibility, and long-term gains. RFID 

technology allows for accurate and scalable systems but 

involves high costs for infrastructure development. Finally, 

IoT and AI-supported solutions have better accuracy, real-

time visibility, and forecasting possibilities and thus should 

be used by retailers that have complicated logistics and high 

turnover. 

 

Some important observations can be made based on the 

conducted research. Firstly, IoT-enabled systems have 

accuracy exceeding 95%, whereas traditional systems allow 

for just 70–75%. In addition, out-of-stock situations 

decrease by 16% due to constant visibility and warnings. 

The higher technological capabilities of IoT and AI 

solutions result in their more complicated implementation 

taking from weeks to months. 

Discussion 

From empirical studies, there is clear evidence that the 

proposed IoT-based smart inventory management system 

holds a great transformational potential in regard to retail 

supply chain. First, real-time visibility is a key advantage of 

the system, which will enable retailers to transition from 

being reactive in managing inventory to proactive. 

 

The implementation of machine learning algorithms makes 

predictions possible, which in turn make it possible for the 

system to forecast demand and make replenishment 

decisions that help minimize stockouts and overstocking in 

stores. Multi-agent deep reinforcement learning algorithms 

work best especially in situations of promotional events and 

seasons that pose a challenge to traditional methods. The 

23.5% decrease in the rate of stockouts means greater sales 

and customer satisfaction. 

 

Lastly, edge computing helps tackle the problem of latency 

and bandwidth challenges in cloud-based systems by 
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facilitating local processing of the collected data, thus 

providing millisecond-level response. 

 

There are, however, a number of issues that need to be 

solved in order to promote adoption on a larger scale. 

Security is an issue, as IoT devices themselves are 

vulnerable to being targeted by hackers. Integration with 

blockchain technology is a promising approach to creating 

untamperable, auditable inventory databases. There are 

issues related to interoperability with older IT systems, as a 

gradual transition is needed and special middleware will 

have to be developed to facilitate the process. Initial costs 

of implementing the IoT technology can prove prohibitive 

for small and mid-sized retail chains. 

 

V. CONCLUSION 
 

In this paper, an extensive IoT-enabled smart inventory 

management system which tackles major challenges faced 

by contemporary supply chains has been introduced. The 

four-layer structure consisting of Physical, Gateway, 

Middleware, and Application layers makes use of RFID, 

BLE beacons, weight sensor technology, environmental 

sensors along with edge computing and predictive analytics 

powered by machine learning algorithms.  

 

As per the quantitative analysis results, IoT-based systems 

ensure inventory accuracy of more than 95% whereas 

traditional inventory management systems based on manual 

processes or barcodes can only provide up to 70–75%. The 

multi-agent deep reinforcement learning frameworks 

minimize the risk of stockouts by 23.5% and decrease the 

forecast errors by 18.2% compared to the best practices. 

With the help of edge computing, the response time reaches 

milliseconds with 38% bandwidth savings, and the 

automated smart shelf applications provide 99.35% of the 

accuracy rate of product recognition with the average 

notification response time equal to 8.66 seconds. 

 

This research has important implications for both retail 

professionals and researchers. For professionals, the 

findings of this research provide valuable insights regarding 

technology adoption decisions, and particularly the balance 

between system capability and implementation needs. The 

comparative analysis framework allows for assessment of 

inventory management choices from the perspective of 

operational environment, company size, and financial 

capacity. 

 

This study presents several possible avenues of future 

research for the scientific community. One is to implement 

ambient IoT technologies for condition monitoring of the 

products to help in minimizing wastage and ensuring the 

quality of the product. IoT networks that are supported by 

5G technologies will be capable of decreasing the lag time 

as well as increasing the number of devices, thereby 

providing innovative solutions like real-time video analysis 

of the planogram adherence. The need for developing 

standardized cybersecurity frameworks and implementing 

blockchain technology to ensure reliable record keeping 

will become essential for tackling cybersecurity issues. 

 

In summary, IoT-based smart inventory management is a 

revolutionary concept for retail supply chain management 

that converts traditional inventory data into intelligent data. 

The suggested system offers an efficient approach for 

retailers to reduce inventory cost and minimize losses while 

increasing customer satisfaction. 
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