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Abstract 
The continuous generation of telemetry data by Internet of Things deployments poses critical challenges for edge 
devices characterized by limited storage and constrained processing power. Frequent access to primary storage 
media increases latency and bandwidth utilization. While sophisticated predictive models exist, lightweight, low-
overhead solutions are prioritized in practical, medium-scale IoT edge environments. This paper evaluates the 
efficacy of the Least Recently Used cache replacement strategy, serving as a foundational baseline within a 
distributed IoT context. Empirical validation is essential, as longitudinal performance in real-world distributed 
settings often diverges from idealized simulations. This investigation, involving 20 environmental sensors linked 
to five Raspberry Pi edge servers over three months, assessed caching efficacy using request-hit and data-
volume-hit ratios. The LRU configuration achieved an average request-hit ratio of 82.73% and a data-volume-hit 
ratio of 90.90%. These results confirm that lightweight local caching provides a robust, practical storage-efficiency 
mechanism for medium-scale IoT systems, avoiding the overhead of complex synchronization or computationally 
intensive models. The findings underscore the utility of simple replacement heuristics in memory-constrained 
environments requiring minimized computational overhead. 
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1. Introduction 

The expansion of digital infrastructure exhibits a substantial correlation with the rapid 
deployment of Internet of Things (IoT) devices. Sensors, actuators, and microcontroller-
based nodes now collect physical-world information at high frequency, culminating in the 
generation of continuous telemetry streams for environmental monitoring and decision 
support. Although this data density increases monitoring resolution, it may also engender 
several practical challenges related to storage capacity, communication bandwidth, and 
response latency in edge environments[1]. Many early IoT implementations were 
predicated upon centralized cloud platforms for data ingestion and processing[2]. In high-
frequency sensing scenarios, however, the transmission of each reading to distant cloud 
infrastructure potentially augments propagation delay and transmission cost[1]. Edge 
computing responds to this limitation through the strategic relocation of selected storage 
and computation tasks in closer proximity to the data source, thereby reducing 
unnecessary backhaul traffic and improving response time for time-sensitive 
applications[3]. 
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Edge computing does not necessarily obviate the storage problem; rather, it shifts its 
manifestation. Local gateways and single-board computers are frequently predicated upon 
modest flash-based storage and limited processing resources. When such devices are 
compelled to undertake the repeated reading and writing of sensor logs, the system may 
experience input/output delays and accelerated storage-media wear. For this reason, low-
overhead data-management mechanisms are deemed imperative in resource-constrained 
Internet of Things and Named Data Networking (NDN)-oriented environments[4]. Caching 
constitutes a primary mechanism for the attenuation of repeated access to primary storage. 
By retaining frequently requested or recently accessed objects in a faster temporary layer, 
an edge server may serve repeated requests with diminished latency and reduced 
upstream traffic. The effectiveness of this approach depends on the replacement rule used 
when cache space becomes full, inasmuch as its criteria dictate which objects persist in 
availability and which are subjected to eviction[5]. 

Least Recently Used (LRU) is an established replacement policy based on temporal 
locality. The underlying assumption posits that recently accessed data exhibits a 
heightened probability of subsequent retrieval compared to data that has remained 
unaccessed over an extended duration. This characteristic suggests that LRU may be 
particularly advantageous for telemetry dashboards, where users frequently query current 
or recently generated records. It also often serves as a baseline against which more 
advanced replacement policies are evaluated[6]. Despite its simplicity, Least Recently 
Used (LRU) still necessitates validation under realistic operating periods. Short 
experiments may not represent daily access cycles, weekly fluctuations, and changes in 
user-request behavior. Distributed Internet of Things (IoT) systems may also exhibit spatial 
traffic differences because each edge server handles a different sensor cluster. Therefore, 
careful evaluation of local temporal cache stability under operational workloads is 
warranted in distributed IoT systems[7]. 

This paper delineates the application of LRU cache replacement within a distributed IoT 
network, which comprises twenty environmental sensors and five autonomous Raspberry 
Pi edge servers. The primary objective involves ascertaining whether autonomous local 
caching mechanisms can maintain elevated storage-efficiency levels throughout a three-
month observational duration. Furthermore, this investigation establishes a pragmatic 
baseline for determining the necessity of more intricate intelligent or cooperative caching 
mechanisms in comparable medium-scale IoT deployments. 

2. Related Works 

The domain of cache management has evolved from rudimentary heuristic policies into 
sophisticated adaptive and learning-based methodologies. In general, replacement 
algorithms can be grouped into three categories: classical policies, hybrid or content-aware 
policies, and machine-learning-driven policies[8]. Each category presents a distinct trade-
off concerning implementation expenditure, adaptability, and projected hit ratio[9]. 

Classical cache algorithms constitute the foundation for the majority of replacement 
strategies. FIFO removes the earliest inserted object without evaluating how often or how 
recently it has been requested[10]. LFU may retain objects exhibiting high access counts; 
however, this retention could potentially prolong the presence of outdated popular objects, 
a phenomenon frequently termed cache pollution[11]. Comparative investigations suggest 
that algorithmic performance may fluctuate substantially contingent upon traffic 
characteristics and workload distribution[12], [13]. 

LRU endeavors to ameliorate certain inherent shortcomings by emphasizing recency, 
rather than cumulative frequency. Objects that have not been subject to a request for the 
most protracted duration are consequently evicted first, thereby enabling the cache's rapid 



 

responsiveness during shifts in access patterns; this property appears particularly suitable 
for numerous sensor applications, although LRU may still exhibit suboptimal performance 
when sequential scans displace objects that were recently accessed and remain useful 
[14]. Furthermore, emerging research into information-centric networking has explored 
application-specific architectures that operate independently of standard node or content 
properties, providing alternatives for disaster management or overlay caching scenarios 
[15]. Conversely, specialized studies indicate that while LRU performs robustly in scenarios 
valuing data freshness, alternative strategies like probabilistic caching may yield superior 
outcomes in specific IoT topologies by mitigating the redundancy inherent in persistent 
caching models [16]. Additionally, frequency-based models such as Least Frequently Used 
attempt to maximize hit rates by retaining highly popular items, though this approach is 
often computationally demanding because replacement operations cannot be executed in 
constant time [17]. Such computational overhead often renders frequency-based 
approaches impractical for line-speed operations in resource-constrained IoT gateways 
[18]. In contrast to these reactive techniques, newer proactive strategies attempt to 
calculate content popularity a priori or employ graph neural networks to determine optimal 
caching locations [19], [20].  

To advance beyond single-factor classical policies, several studies have proposed hybrid 
or content-aware approaches. ARC combines recency and frequency information, while 
other policies incorporate object size, content freshness, popularity, or network centrality 
into the eviction decision. Within Internet of Things (IoT) and Named Data Networking 
(NDN) contexts, cooperative cache pooling and other strategies have been proposed to 
enhance distributed cache performance [21]. These advanced methodologies aim to 
optimize cache hit ratios by dynamically adjusting to heterogeneous traffic patterns and 
varying content demands [22]. By integrating these multidimensional metrics, such 
frameworks better navigate the trade-offs between computational overhead and storage 
efficiency [17], [23]. Furthermore, the Adaptive Replacement Cache specifically addresses 
these trade-offs by utilizing a learning rule to dynamically balance recency and frequency 
components based on observed workloads. Despite these operational advantages, its 
adoption remains constrained in certain commercial environments due to proprietary 
licensing requirements that necessitate formal agreements with the developer. Building 
upon these foundational insights, researchers have sought to extend the adaptive 
paradigm through variants like the Adaptive Replacement Cache-Tempora, which attempts 
to mitigate fixed-license limitations while enhancing temporal precision [24].  

Recent scholarship has increasingly investigated intelligent cache replacement. LeCaR, 
Hawkeye, reinforcement-learned replacement, graph-neural-network caching, and 
reinforcement-learning edge caching, employ learning mechanisms to predict replacement 
decisions under complex workloads [25], [26].  Consequently, selecting an optimal cache 
strategy necessitates balancing algorithmic sophistication against the inherent hardware 
limitations of edge infrastructure [27]. Moreover, as cache replacement transitions toward 
distributed environments, researchers must weigh the reduced synchronization overhead 
of approximate counting methods, such as Count-Min Sketch, against the inherent 
accuracy loss in frequency tracking [28]. Furthermore, the computational overhead 
associated with maintaining precise frequency counts in algorithms like LFU remains a 
significant barrier for resource-constrained nodes, often necessitating trade-offs between 
implementation complexity and performance efficiency [29]. Additionally, current literature 
indicates that reinforcement learning-based caching frameworks often struggle with 
effective coordination in highly dynamic network environments, frequently requiring 
substantial training data to achieve convergence with LSTM[30].  

√𝑓𝑡 = 𝜎 (𝑊𝑓[
ℎ𝑡−1

𝑥𝑡
] + 𝑏𝑓) (1) 



 

where: 

• 𝑓𝑡  : forget gate activation at time step 𝑡, 

• 𝜎(⋅): sigmoid activation function, 

• 𝑊𝑓  : forget gate weight matrix, 

• ℎ𝑡−1: hidden state from the previous time step, 

• 𝑥𝑡  : input vector at time step 𝑡, 

• 𝑏𝑓: bias vector, 

• [
ℎ𝑡−1

𝑥𝑡
]: concatenation of the previous hidden state and the current input. 

• 𝑖𝑡  : input gate activation at time step 𝑡, 
In equation (1), the forget gate utilizes a sigmoid activation to delineate the extent to 

which previous hidden-state information is retained. Although LSTM-based cache 
replacement has been investigated, these calculations typically necessitate repeated 
matrix operations, which can increase processing overhead on constrained edge hardware 
[31]. 

Similarly, the input gate is formulated to decide which new temporal information the 
memory network needs to retain: 

√𝑖𝑡 = 𝜎  (𝑊𝑖 [
ℎ𝑡−1

𝑥𝑡
] + 𝑏𝑖) (2) 

The main limitation of neural replacement methods in this context pertains not to 
theoretical accuracy but to deployment cost. A Raspberry Pi or similar micro-edge server 
may possess limited thermal headroom and floating-point capacity. Should every telemetry 
request necessitate additional predictive computation, the cache controller may, in turn, 
consume a portion of the latency savings it is intended to provide. This observed trade-off 
thus suggests the necessity for lightweight baselines prior to the adoption of ponderous 
intelligent cache-management systems[32]. 

The research gap addressed in this paper is therefore a practical imperative: the 
characterization of the long-term behavior of simple local Least Recently Used (LRU) 
caching is deemed essential before engineers introduce neural prediction engines or 
cluster-wide cache coordination. Distributed caching can improve performance, but it also 
adds synchronization traffic and administrative complexity[33]. A well-tested LRU baseline 
appears to be of considerable value for cost-benefit comparison in resource-constrained 
IoT networks. Consequently, this study quantifies the performance thresholds of heuristic 
policies to determine whether such lightweight mechanisms provide sufficient utility for 
modern edge-assisted architectures [34]. By empirically assessing these heuristics against 
long-term sensor telemetry, we provide a performance ceiling that informs whether the 
overhead of complex, sequence-aware models—such as LSTMs or Transformers—offers 
a justifiable improvement in cache hit ratios for specific IoT deployments [35], [36]. 

3. Proposed Method 

The proposed methodology was designed to represent a medium-scale distributed IoT 
architecture. Rather than relying on a centralized cloud-only arrangement, the experimental 
design mandated the placement of cache management at the edge layer. Each edge node 
operated independently, thereby facilitating the evaluation of local cache behavior without 
the concomitant introduction of inter-server coordination overhead. 

 
 
 



 

3.1. Physical System Architecture 
The physical system used a three-tier structure. The first tier consisted of 20 DHT11 

temperature and humidity sensors, which were connected to ESP8266 microcontroller 
interfaces. Each ESP8266 unit digitized environmental readings and transmitted the 
resulting payloads through the local wireless network. The second tier consisted of five 
Raspberry Pi mini-servers, serving as data collectors and local proxy-cache nodes. The 20 
sensors were divided evenly into five groups; consequently, each Raspberry Pi 
accommodated four ESP8266 sensor units. The third tier included the client interface and 
Thingspeak dashboard, where users accessed temperature and humidity information 
asynchronously. 

Fig. 1 presents the complete system layout, including the sensor tier, the Raspberry Pi 
edge-cache tier, and the monitoring dashboard tier. 

 

 
Fig. 1. The three-tier Internet of Things (IoT) physical architecture comprising the 20 

DHT11 sensors (Tier One); the five Raspberry Pi edge servers, which function as local 
cache proxies (Tier Two); and the cloud dashboard (Tier Three). 

 
Table 1. System Architecture and Component Allocation 

Tier Component Quantity / 
Configuration 

Function in the Study 

Tier 1 DHT11 sensors 
+ ESP8266 
microcontrollers 

20 sensor nodes; 4 
sensors assigned to 
each edge server 

Generation of temperature-humidity 
telemetry and transmission of 
packets through the local wireless 
network 

Tier 2 Raspberry Pi 
edge servers 

5 independent mini 
servers; 10 GB 
cache capacity per 
server 

Reception of sensor traffic, storage 
of local cache objects, and 
execution of LRU eviction logic 

Tier 3 Client 
dashboard / 
Thingspeak 
interface 

Asynchronous user-
access layer 

Visualization of current and 
historical telemetry data requested 
by clients 

Cache 
layer 

apt-cacher-ng 
and LRU 
daemon 

Independent local 
proxy on every 
Raspberry Pi 

Interception of repeated requests 
and eviction of the least recently 
used objects upon storage 
saturation 

 
3.2. Cache Replacement Logic Model 

The implementation of the caching process appears to have been undertaken 



 

independently across each discrete Raspberry Pi unit. The proxy layer utilized apt-cacher-
ng, the reconfiguration of which from its initial package-caching function facilitated the 
proficient handling of sensor-data request traffic.  The eviction rule, which is predicated 
upon temporal locality, governs cache object removal. Let Cmax(j) denote the maximum 
cache capacity of edge server j. In this experiment, each Raspberry Pi was allocated 10 
GB of cache space, thereby endowing the five-node cluster with an aggregate temporary 
storage capacity of 50 GB. 

A background script named lru_cache_algorithm.sh effectuated continuous monitoring 
of the cache directory. The cached-object set is defined as 𝑆 =  {𝑂1, 𝑂2, . . . , 𝑂𝑛}. For every 

object Oi, the system records a last-access timestamp T(Oi), which is updated whenever 
the object is read or written. Upon the receipt of each incoming request, the system 
compares the utilized cache capacity, Cused, against the predetermined maximum 
allowable capacity, Cmax. When Cused exceeds Cmax, indicating a saturated condition 
within the cache, the eviction process commences with the identification of the object with 
the oldest access timestamp. 

Fig. 2 delineates the decision sequence employed by the LRU eviction mechanism when 
the temporary storage layer attains its capacity limit. 

 

 
Fig. 2. Flowchart illustrating the LRU cache eviction logic when the temporary storage 

capacity (Cused > Cmax) is saturated. 
 

The object selected for removal is formally identified by the minimization operation in (3). 

√𝑂𝑒𝑣𝑖𝑐𝑡 = arg min Oi ∈ S 𝑇(𝑂𝑖) (3) 

where: 

• 𝑂𝑒𝑣𝑖𝑐𝑡  : object selected for eviction, 

• 𝑆 : set of objects currently stored in the cache, 

• 𝑂𝑖  : the 𝑖-th cached object, 

• 𝑇(𝑂𝑖): timestamp of the most recent access to object 𝑂𝑖 , 
• arg 𝑚𝑖𝑛: returns the object with the smallest (oldest) access timestamp. 

 
where 𝑇 represents the chronologically earliest recorded access among all cached entities. 

This selection strategy effectively prioritizes data with higher temporal locality, assuming 
that recently requested sensor packets are statistically more likely to be retrieved by the 
client interface in the immediate future.  
 



 

After the object with the minimum timestamp is identified, the eradication of that object 
and its associated files proceeds until a reduction of Cused to a state less than or equal to 
Cmax is achieved. This deterministic procedure maintains the cache within its prescribed 
capacity limits while necessitating only minimal computational expenditure. 

4. Experimental Setup 

The experiment was conducted over 90 days to evaluate the long-term performance of 

the LRU cache under realistic IoT workloads. Twenty DHT11 sensors collected 

environmental data every 20 seconds, generating approximately 7.78 million telemetry 

records (388.8 MB). User requests included both real-time sensor queries and historical 

visualization requests, providing a representative workload for assessing cache efficiency 

under continuous data generation and repeated access patterns. 

 

Table 2.  Experimental Workload and Observation Configuration 

Parameter Value Used in the 

Study 

Research Relevance 

Observation 

period 

90 calendar days / 3 

months 

This period may facilitate the capture of 

longitudinal cache adaptation, thereby extending 

beyond a short-term test window. 

Number of 

sensors 

20 DHT11 

environmental 

sensors 

This configuration ostensibly represents a 

medium-scale distributed IoT sensor matrix. 

Edge servers 5 Raspberry Pi units This distribution may allocate processing and 

storage loads across independent edge nodes. 

Sensor-to-

server 

allocation 

4 sensors per edge 

server 

This allocation tends to create balanced local 

traffic for each cache proxy. 

Sampling 

interval 

Every 20 seconds This interval is posited to generate continuous 

high-frequency telemetry. 

Measurements 

per day 

86,400 records 

across all sensors 

This volume appears to produce repeated time-

series requests, which are suitable for cache 

evaluation. 

Total 

telemetry 

points 

Approximately 

7,776,000 records 

This substantial volume of data may provide a 

longitudinal dataset for stability analysis. 

Average 

payload size 

50 bytes per record This parameter may establish the requisite 

empirical baseline for the validation of cache 

efficiency findings against the total generated 

system load. 

 
The performance evaluation compared two operating profiles: a baseline system without 
caching and an LRU-based proxy caching system deployed on five Raspberry Pi edge 
servers. Daily telemetry collected from apt-cacher-ng logs, including HTTP requests, 
response codes, and data volume, was used to calculate the Request Hit Ratio and Data 
Volume Hit Ratio. These metrics measured the effectiveness of LRU caching in serving 
requests locally, reducing network backhaul traffic, and improving edge-layer efficiency.  
 
 
 
 



 

The evaluation focused on two primary metrics: 

● Request Hit Ratio: delineated as the proportion of client requests successfully 

fulfilled directly by the proxy cache, thereby avoiding retrieval from the primary 

storage layer. This metric, therefore, may serve as a critical indication of the edge 

layer's efficacy in minimizing user-perceived latency and reducing its reliance on 

backhaul transmission. 

● Data Volume Hit Ratio: This metric is defined as the percentage of the total 

requested data volume, measured in megabytes satisfied by the local cache rather 

than necessitating retrieval from the upstream or primary storage layer. This metric, 

accordingly, may function as a key indication of bandwidth efficiency and backhaul 

transmission reduction, thereby offering a more precise evaluation of network load 

mitigation than request-based metrics alone. 

 

Table 3. Evaluation Metrics Used for Cache Efficiency Analysis 

Metric Formula / 

Calculation Basis 

Interpretation 

Request Hit 

Ratio (%) 

(cache-served 

requests / total 

requests) × 100 

Measurement of the proportion of user requests 

resolved without recourse to the primary 

repository 

Request 

Miss Ratio 

(%) 

(cache-missed 

requests / total 

requests) × 100 

Indication of the frequency with which the 

system accesses primary storage or effects 

upstream retrieval 

Data Volume 

Hit Ratio (%) 

(data volume served 

from cache / total 

requested data 

volume) × 100 

Quantification of bandwidth and storage-load 

reduction, particularly through the application of 

megabyte-weighted traffic analysis 

Data Volume 

Miss Ratio 

(%) 

(data volume missed / 

total requested data 

volume) × 100 

Representation of residual traffic that remains 

unabsorbed by the cache layer 

Improvement 

(percentage 

points) 

LRU average - 

baseline average 

Elucidation of the direct performance 

enhancement provided by Least Recently Used 

(LRU) relative to the non-cached baseline 

5. Result and Analysis 

The log analysis derived from the five Raspberry Pi nodes may elucidate the temporal 

cache behavior under medium-scale Internet of Things (IoT) workload conditions. 

Aggregated results accumulated over three months facilitate the delineation of the initial 

warm-up stage from stabilized cache operation; this separation is often deemed crucial for 

comprehensive evaluation. 

 

5.1 Baseline Database Performance Without Optimization 

To quantify the performance gains enabled by the edge-caching architecture, the initial 

evaluation phase systematically contrasted the distributed twenty-sensor infrastructure 

against a baseline configuration devoid of proxy-cache intervention. This approach 

establishes a critical performance benchmark, allowing for the precise isolation of efficiency 

improvements directly attributable to the Least Recently Used (LRU)-driven proxy 

implementation. Table 4 presents an aggregate comparison between this baseline 

condition and the LRU-enabled experimental configuration. 



 

 

Table 4. Comparative Evaluation of Cache Efficiency: Longitudinal Impact of Least 

Recently Used (LRU)-Optimized Edge Caching 

Time 

Peri

od 

 Cach

ing 

Scen

ario 

Reque

st Hit 

Perce

ntage 

Reque

st 

Miss 

Perce

ntage 

Tota

l 

Req

uest 

Cou

nt 

Data 

Hit 

Volum

e 

(Megab

ytes) 

Data 

Hit 

Perce

ntage 

Data 

Miss 

Volum

e 

(Megab

ytes) 

Data 

Miss 

Perce

ntage 

Total 

Data 

Volum

e 

(Megab

ytes) 

Thre

e-

Mon

th 

Aver

age 

 No 

Cach

ing 

22.50 77.50 906,

000 

516.00 10.50 4,410.0

0 

89.50 4,926.0

0 

Mon

th 1 

 Least 

Rece

ntly 

Used 

(LRU

) 

Cach

ing 

78.80 21.20 304,

000 

1,515.0

0 

88.50 201.50 11.50 1,716.5

0 

Mon

th 2 

 Least 

Rece

ntly 

Used 

(LRU

) 

Cach

ing 

85.50 14.50 299,

000 

1,598.0

0 

92.80 124.20 7.20 1,722.2

0 

Mon

th 3 

 Least 

Rece

ntly 

Used 

(LRU

) 

Cach

ing 

83.90 16.10 303,

000 

1,565.0

0 

91.60 143.30 8.40 1,708.3

0 

Thre

e-

Mon

th 

Aver

age 

 Least 

Rece

ntly 

Used 

(LRU

) 

Cach

ing 

82.73 17.27 906,

000 

4,678.0

0 

90.90 448.00 9.10 5,126.0

0 

 

These results demonstrate the limitations of conventional database querying for 

repetitive IoT workloads. The baseline results suggest the substantial operational 

expenditure inherent in the operation of an edge IoT system devoid of cache protection. 

The three-month average Request Miss value reached 77.50%, suggesting that the 

majority of user requests necessitated access to the primary storage layer; concurrently, at 

the data-volume level, misses reached 89.50%, which corresponds to 4,410 MB of retrieval 

from either upstream or primary storage. 



 

 

5.2 Post-Implementation Algorithmic Performance Impact 

After enabling the LRU layer across all edge servers, the performance profile appears to 

have undergone substantial alteration. During the three-month observation, the average 

Request Hit Ratio reached 82.73%, while the average Data Volume Hit Ratio reached 

90.90%. Quantitatively, 4,678 MB of the 5,126 MB requested data volume could be 

attributed predominantly to the cache layer. 

 

Table 5. Derived Performance Improvement of LRU Caching Against the Baseline 
Indicator Baseline: No 

Caching 

LRU 3-

Month 

Average 

Change / Interpretation 

Request 

Hits (%) 

22.50 82.73 +60.23 percentage points; the observed 

increase may indicate substantial caching of 

repeated queries by the cache 

Request 

Misses (%) 

77.50 17.27 -60.23 percentage points; primary storage 

access appears to have been substantially 

reduced 

Data Hits 

(%) 

10.50 90.90 +80.40 percentage points; the majority of the 

requested data volume appears to have been 

serviced by proxy caching 

Data Misses 

(%) 

89.50 9.10 -80.40 percentage points; upstream/primary 

retrieval volume appears to have been 

minimized 

Data Hits 

(MB) 

516.00 4,678.00 +4,162.00 MB; this magnitude of data 

provisioning appears to originate from the cache 

layer 

Data Misses 

(MB) 

4,410.00 448.00 -3,962.00 MB; the cessation of retrieval from the 

primary layer appears evident 

 

Fig. 3 delineates the monthly fluctuations of request-hit and data-volume-hit ratios 

subsequent to the activation of LRU caching. 

 

 
Fig. 3. Graph comparing the Request Hit Ratio and Data Volume Hit Ratio over the 

three-month observation period, thereby demonstrating the adaptation and stabilization 

phases. 

 



 

Table 4 demonstrates the month-by-month results of the cache adaptation process. In 

Month 1, the request-hit ratio reached 78.80% because the cache started empty and 

required a warm-up period to accumulate frequently requested objects. During this stage, 

many requests resulted in compulsory cache misses before the objects were stored. In 

Month 2, the request-hit ratio increased to 85.50%, indicating that the cache had stabilized. 

The LRU policy effectively retained frequently accessed dashboard objects while removing 

less frequently used sensor logs, demonstrating that temporal locality enabled the cache 

to adapt to changing workloads without manual intervention. 

The findings additionally reveal a disparity between the two-hit metrics. The three-month 

Data Volume Hit Ratio was 90.90%, while the Request Hit Ratio was 82.73%. This 

phenomenon suggests that larger requested objects were more prone to being served from 

cache than would be inferred solely from the total number of individual requests. The three-

month evaluation confirms that the LRU caching algorithm maintains stable performance 

after the initial adaptation stage, achieving an average Data Volume Hit Ratio of 90.90%. 

This result demonstrates the effectiveness of LRU in reducing repeated database access 

under continuous IoT workloads. The high cache efficiency also reduces flash storage wear 

by serving over 90% of requested data from the proxy cache. 

6. Conclusion 

This paper evaluated the long-term performance of the Least Recently Used (LRU) 
cache replacement algorithm in a distributed IoT edge-computing environment. We 
implemented the proposed architecture using 20 environmental sensors and five 
Raspberry Pi edge servers, and we conducted a continuous 90-day evaluation to capture 
realistic operational behavior. Unlike short-term experiments, the extended observation 
period allowed us to assess cache adaptation, workload evolution, and system stability 
under continuous telemetry generation. Throughout the evaluation, the system processed 
approximately 7.7 million sensor records, providing a comprehensive dataset for analyzing 
cache performance in a practical edge-computing scenario. 

The experimental results demonstrate that the LRU-based proxy cache effectively 
maintains high storage efficiency after the initial cache warm-up period. The proposed 
system achieved an average Data Volume Hit Ratio of 90.90%, indicating that most 
requested telemetry data were served directly from the edge cache instead of the primary 
database. This outcome significantly reduced repeated database access, lowered storage 
I/O activity, and improved data retrieval efficiency while maintaining stable performance 
throughout the three-month observation period. Furthermore, the decentralized 
architecture enabled each edge server to manage its own cached data independently, 
eliminating the need for complex cache synchronization or centralized coordination while 
still delivering consistent caching performance. 

Therefore, this paper demonstrates that lightweight local LRU caching provides a 
practical, scalable, and computationally efficient baseline for medium-scale distributed IoT 
deployments. The proposed approach achieves high storage efficiency without relying on 
artificial intelligence, cooperative caching, or cluster-wide cache synchronization, thereby 
reducing implementation complexity and computational overhead. These findings suggest 
that simple temporal replacement policies remain highly effective for many edge-computing 
applications with localized telemetry workloads. Future research should compare the 
proposed approach with more advanced cache replacement algorithms, including Least 
Frequently Used (LFU), Adaptive Replacement Cache (ARC), Position-based Self-
adaptive Filtering (PoSiF), reinforcement learning-based caching, and graph neural 
network-based caching under identical IoT workloads to further improve cache 
performance and adaptability. 
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