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ARTICLE INFO ABSTRACT

Article History Blockchain-based applications often face scalability challenges due to high gas costs
Received on: March 05, 2026 associated with on-chain storage in the Ethereum network, particularly for systems requiring
Reviewed on: April 04, 2026 continuous audit logging. This study evaluates smart contract optimization strategies to
Accepted on: May 01, 2026 reduce gas consumption in a blockchain-based mobile reporting system for sexual violence
Published on: July 31, 2026 cases. An experimental approach was conducted by implementing four Solidity smart
Keywords: contract models—Baseline, Merkle Tree Aggregation, Storage Optimized (Packed Struct
Blockchain, and Enum Encoding), and Conditional Commit—and testing them under scenarios of 50,
Ethereum, 100, 500, and 1000 transactions using identical datasets. Gas consumption, transaction cost,
Smart Contract, latency, and execution time were analyzed using descriptive statistics and non-parametric
Optimization, tests. The results show that the baseline approach produced the highest gas consumption

(770,899,033 gas for 1,000 reports), while Storage Optimization reduced it to 177,566,016
gas and Merkle Tree Aggregation to 20,492,732 gas. The Conditional Commit method
achieved the lowest gas consumption at 4,308,404 gas with an execution time of 1.08
seconds compared to 143.72 seconds in the baseline. Statistical tests confirmed significant
differences among methods (Kruskal-Wallis H = 166.93, p < 0.01; Mann—Whitney p <
0.01), demonstrating that reducing on-chain transactions substantially improves gas
efficiency and scalability.
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I. INTRODUCTION

Gas Consumption.

Blockchain technology has rapidly evolved as a digital infrastructure that enables transparent, distributed, and immutable data
recording across various decentralized systems [1-5]. Among the numerous existing blockchain platforms, Ethereum has become one of
the most widely utilized due to its capability to execute smart contracts through the Ethereum Virtual Machine (EVM), enabling
developers to build decentralized applications (decentralized applications/DApps) with computational logic that can be publicly verified
[6-8]. Within the Ethereum ecosystem, every computational operation performed by a smart contract requires an execution fee known as
gas, which functions as a pricing mechanism for computational resources within the network [9-11]. This gas mechanism is designed to
prevent the abuse of network resources, such as denial-of-service (DoS) attacks, while simultaneously ensuring that each computational
operation is paid proportionally by the user who triggers it [12], [13]. Although the gas mechanism plays an essential role in maintaining
the security and stability of the Ethereum network, gas costs often become a significant barrier in the development of data-intensive
blockchain applications [14], [15].
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In particular, operations involving permanent data storage on the blockchain incur substantially higher costs compared to
ordinary computational operations [16], [17]. For instance, storage instructions such as SSTORE in Ethereum can consume up to 20,000
gas for the first non-zero value write, making it one of the most expensive operations in smart contract execution [18]. Ni ez al. (2025)
noted that large data volumes in blockchain applications introduce scalability challenges due to the high cost of on-chain storage [19].
This condition poses serious challenges for applications that require continuous data recording, as high transaction costs may limit the
scalability and operational sustainability of blockchain-based systems [20]. Various studies have also demonstrated that the majority of
gas consumption in Ethereum smart contracts originates from operations related to accessing and modifying permanent storage, thereby
making optimization of data storage structures an important factor in improving transaction cost efficiency in modern blockchain
applications [21], [22]. Several studies have attempted to identify factors that influence gas consumption in Ethereum smart contracts.
Empirical studies indicate that certain code implementation patterns in the Solidity programming language can result in higher gas
consumption due to the use of inefficient data structures or repeated execution of storage operations [23], [24]. Previous research has also
identified various code smells and design patterns that lead to gas inefficiency during smart contract execution [25]. In response to these
issues, several optimization techniques have been proposed, including the use of fixed-length data types, packing variables into a single
storage slot through variable packing techniques, and the application of static analysis to detect inefficient code patterns prior to the
deployment process [26-28]. The results of these approaches indicate that code-level optimization can significantly reduce gas
consumption without altering the functional logic of the implemented smart contract.

In addition to optimization at the code implementation level, another approach widely explored in the literature is reducing the
number of on-chain transactions through data aggregation mechanisms [29-31]. In this context, cryptographic structures such as Merkle
Trees are commonly used to summarize a collection of data into a single root hash value that is subsequently stored on the blockchain
[32], [33]. This approach enables data integrity to be preserved without requiring the entire dataset to be stored directly on the blockchain.
Park et al. (2022) designed an event-driven resource offloading solution in which DApp users only pay a predetermined minimal gas fee
while most computational tasks are executed on external servers with lower gas costs [34]. Through the use of Merkle proofs, the system
can verify the existence of a particular data element within a Merkle Tree structure with logarithmic complexity, making it highly efficient
for systems that require verification of large volumes of data. Data aggregation techniques such as transaction batching or threshold
commit mechanisms have also been proposed to reduce the frequency of transactions that need to be recorded on the blockchain, thereby
overall reducing gas consumption and improving the scalability of blockchain systems [35]. Nevertheless, several research gaps remain
that require further attention. Most previous studies focus solely on optimizing individual smart contracts without conducting a
comparative evaluation of multiple optimization strategies within a consistent experimental framework. Furthermore, many studies
evaluate optimization only at the code level without considering integration with data aggregation techniques or off-chain computation
simultaneously. Therefore, this study aims to conduct a comparative evaluation of various smart contract optimization techniques in
reducing gas consumption on the Ethereum network, particularly in the context of a mobile-based sexual violence reporting application
that utilizes blockchain as an audit trail mechanism. This research is expected to provide a more comprehensive understanding of efficient
smart contract design strategies and offer practical recommendations for developers in designing more scalable and cost-efficient
blockchain applications.

II. MATERIALS AND METHODS

This study employs an experimental approach to evaluate the effectiveness of algorithm optimization techniques in Solidity
smart contracts within a blockchain-based mobile application system for reporting sexual violence, with the overall research workflow
presented systematically in Figure 1. The research stages begin with a literature review, followed by a system architecture analysis to
identify the characteristics of the application as well as the weaknesses of the baseline smart contract, which stores all report data entirely
on-chain using the string data type, resulting in high gas consumption due to inefficient storage structures. Based on these findings, three
optimization techniques were designed, namely Merkle Tree Aggregation, Storage Optimization through Packed Struct and Enum
Encoding, and Conditional Commit. The implementation phase includes the development of four smart contracts, consisting of one
baseline and three optimized versions using Solidity version 0.8.19 on the Ethereum (ETH) blockchain network, which are subsequently
tested under scenarios of 50, 100, 500, and 1000 transactions with identical datasets to maintain the consistency and validity of the
comparison.

‘ Baseline | | Merkle Tree |

‘ Storage Optimized | |C0nditiuna| Commit |

. Mobile Application Gas Cost Problem Optimization
Literature Study = System Analysis |dentification Algorithm Design
Conclusion alnd L—{Comparative Analysis ¢ Data Collection (Gas, Smart Contr‘l'act

Recommendations Cost, Latency) Implementation

Figure 1: Research Flow.
Source: Authors, (2026).
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I1.1 SYSTEM OVERVIEW

The proposed system is a Flutter-based mobile application platform for reporting and monitoring cases of sexual violence within
a university environment, utilizing the Ethereum blockchain to ensure data integrity and an immutable audit trail. Complete report data
are stored off-chain using Google Firestore as a cloud-based NoSQL database, while integrity hashes and critical action logs are recorded
on-chain through a smart contract to ensure transparency, security, and independent verification [36], [37], [38]. The system involves four
main stakeholders with different roles and access rights as summarized in Table 1, while the main interface page of the application, which
functions as the user access gateway, is shown in Figure 2.

Table 1: System Stakeholders and Users.

Stakeholder Role Feature Access

Student or member of the academic community who reports an incident of violence, either as a direct

Reporter Victim or a witness. Reporting form, status tracking
Admin System manager responsible for receiving, processing, and following up on reports. Admin panel, monitoring, report
management, notifications
Psychologist Professional personnel who provide psychological evaluation and assistance to victims. Psychologist notes, consultation schedule|

Blockchain | Automated component that records every important action to the Ethereum smart contract as an immutable
System audit trail.

Hash recording, integrity verification

Source: Authors, (2026).
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Figure 2: Main Interface of the Mobile Application for Reporting Sexual Violence.
Source: Authors, (2026).

I1.2 SYSTEM ARCHITECTURE

The system is designed using a layered architecture approach consisting of three main layers. The first layer is the Presentation
Layer based on Flutter with the Dart language, which is responsible for managing the user interface in the mobile application, including
a multi-step reporting form, a report status tracking page, and a monitoring dashboard. The second layer is the Backend-as-a-Service
Layer that utilizes Firebase, including authentication through Firebase Authentication, storage of complete report data off-chain in Cloud
Firestore, as well as business logic and blockchain integration through Cloud Functions for Firebase based on Node.js to perform data
validation, hash generation, and transaction submission to the Ethereum network. The third layer is the Blockchain Layer which functions
to store integrity hashes, important metadata, and an immutable audit trail through smart contracts developed using Solidity, with all
interactions conducted through a Web3 RPC provider [39], [40], while the overall structure and interaction flow between layers are
comprehensively visualized in Figure 3.

Presentation Layer — Flutter (Dart)

Flutter Mobile Application

Monitoring Dashboard

| Report Status Page |

Multi-Step Reporting Form

‘ Al Chatbot |

Backend-as-a-Service — Firebase

Ropart Data {aff-chain) -4
Cloud Firestore (Database) Cloud Functions (Node.js)
Status Update

Firebase Authentication |

Blockchain Layer — Ethereum

Y

. Smart Contract
Web3 RPC Provider H (Solcity 0.8.19) H Blackchain |

Figure 3: System Architecture Diagram.
Source: Authors, (2026).

I1.3 REPORTING SYSTEM WORKFLOW

The reporting system workflow is designed to ensure data consistency, processing security, and blockchain-based recording
integrity, and also serves as the basis for evaluating gas fee efficiency because each on-chain transaction directly contributes to gas
consumption. The process begins with the completion of a multi-step form by the reporter in the mobile application, followed by advanced
validation, input sanitization, generation of a unique report code, and storage of the data as the main document in the off-chain database.
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Subsequently, the system generates a SHA-256 hash deterministically from the report data and sends it to the smart contract to
be recorded as an audit log entry on the blockchain [41-43]. The transaction produces a receipt containing txHash, gasUsed, and
blockNumber, which is then referenced back in the report document as an audit trail before the final response is sent to the application.
The interaction flow among system components is shown in Figure 4, while the types of critical actions recorded on the blockchain and
serving as the main sources of gas consumption are summarized in Table 2.

Rapartar (Fiutier) Cloud Funations

Sead repont data fomData)

R ‘

Blockchain (Ganachs)
Vakdte and sanaizs input

Genarate raportCode (PPIPT-KI0OGOK)

‘Compute SHA-Z56 hash (dataHash)
Sz

P e -
e

addLog{repaniCosde, ackonType, datsiash, dataPayioad, actoeRoks)
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Response: reperiCare, status, (xHash

Figure 4: Sequence Diagram of Report Logging to Blockchain.
Source: Authors, (2026).

Table 2: Types of Actions Recorded on Blockchain.

Action Type Trigger Actor Description
CREATE User submits form USER New report created; data hash recorded on blockchain.
UPDATE ADMIN Admin updates status ADMIN Report status change recorded as audit trail.
NOTE_PSYCHOLOGIST|Psychologist writes notelPSYCHOLOGIST| Psychological evaluation note hashed and recorded.
FEEDBACK Feedback submitted | USER/ADMIN Feedback on case handling recorded.
DISPUTE Objection submitted USER Reporter objection recorded as formal evidence.

Source: Authors, (2026).
11.4 SMART CONTRACT DESIGN

The baseline smart contract design in this study functions as the core mechanism for recording an immutable audit trail on the
Ethereum network while simultaneously serving as the experimental control to identify sources of gas inefficiency and to compare the
proposed optimization techniques. The contract is developed using Solidity with a storage scheme based on dynamic arrays and mappings
to support chronological recording and per-report indexing [44], [45]. The primary data structure, AuditLog, represents a single activity
entry containing the report identity, action type, integrity hash, complete data payload, timestamp, sender address, and actor role, as shown
in Algorithm 1.

pragma solidity 0.8.19;
contract BaselineReporting {
struct AuditLog {
uint256 id; string reportCode; string actionType; string dataHash, string dataPayload; uint256 timestamp; address actor, string actorRole;
}
AuditLog[] public logs; mapping(string => uint256(]) public logsByReport;
event LogAdded(uint256 indexed id, string reportCode, string actionType, address actor, uint256 timestamp);

/

Algorithm 1: Structure of AuditLog in BaselineReporting Smart Contract.
Source: Authors, (2026).

The AuditLog structure is designed by considering the storage characteristics of Ethereum, where fixed types such as uint256
and address each occupy one 32-byte slot, whereas dynamic types such as string store the data length in the main slot and the actual
content in separate storage slots. Each write or modification of a value in storage triggers an SSTORE (Storage Store) operation, which
is an instruction that stores data into the permanent blockchain storage and represents one of the most gas-expensive operations.
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Consequently, the use of several large string fields such as dataPayload and dataHash increases the number of slots utilized and
enlarges gas consumption. The detailed storage characteristics of each field are presented in Table 3.

Table 3: Storage Characteristics of AuditLog Fields in Solidity.

Field |Solidity Type| Storage Characteristics Description
id uint256 Fixed 32 bytes (1 slot) Sequential auto-generated ID
reportCode string Dynamic (>32 bytes) Report code, e.g., "PPKPT-100042" (13 bytes)
actionType string Dynamic (>32 bytes) Action type, e.g., "CREATE" (6 bytes)
dataHash string Dynamic (>32 bytes) SHA-256 hash in hexadecimal string (64 characters)
dataPayload string Dynamic (hundreds of bytes) |Complete JSON report data (~500—1000 characters)
timestamp uint256 Fixed 32 bytes (1 slot) Automatic block timestamp
actor address |20 bytes (stored in 32-byte slot) Ethereum address of transaction sender
actorRole string Dynamic (>32 bytes) Actor role, e.g., "ADMIN" (5 bytes)

Source: Authors, (2026).

Architecturally, the logs array is used to maintain chronological recording in an append-only manner, while the logsByReport
mapping functions as a reportCode-based index to access the report history directly without full iteration. Each invocation of the addLog()
function adds a new entry to both structures and emits an event as an external recording mechanism, so that within a single transaction
several storage write operations occur that directly contribute to gas consumption. The implementation of this function is shown in
Algorithm 2.

function addLog( string memory _reportCode, string memory _actionType, string memory _dataHash, string memory _dataPayload, string memory _actorRole)
public {
uint256 newld = logs.length;
AuditLog memory newLog = AuditLog({id: newld, reportCode: _reportCode, actionType: _actionType, dataHash: _dataHash, dataPayload: _dataPayload,
timestamp: block.timestamp, actor: msg.sender, actorRole: _actorRole});
logs.push(newLog), logsByReport[ reportCode].push(newld); emit LogAdded(newld, reportCode, actionType, msg.sender, block.timestamp); }

Algorithm 2: addLog Function Implementation in Smart Contract.
Source: Authors, (2026).

I1.5 SMART CONTRACT ALGORITHM OPTIMIZATION METHODS

A comparative framework was designed to evaluate three optimization techniques against the baseline design by emphasizing
differences in algorithmic characteristics that affect execution efficiency and the intensity of on-chain interactions. Four approaches were
directly tested in a consistently controlled environment, so that the resulting performance variations fully reflect the data management
strategies and transaction recording patterns implemented by each algorithm. Measurements were conducted automatically during the
execution process and analyzed using descriptive statistics to obtain objective and measurable comparisons, while the structure of the
experimental variables is summarized in Table 4.

Table 4: Experimental Variable Design.

Variable Type Variable Description
Independent | Smart contract algorithm type |4 levels: Baseline, Merkle Tree, Storage Optimized, Conditional Commit|
Gas Used Total gas units consumed per transaction
Gas Cost (ETH) Transaction cost in ETH
Dependent - PSP
Latency Transaction execution time in milliseconds
Number of on-chain transactions Total transactions submitted to blockchain
Control Report data Identical for all algorithms (deterministic input)
Compiler Solidity 0.8.19

Source: Authors, (2026).
11.5.1 Algorithm 1: Baseline — Individual Storage (Naive)

The baseline algorithm represents the simplest approach, in which each critical action generates a single on-chain transaction
that directly records the entire report data individually. For each report, the system computes a SHA-256 hash as an integrity marker,
constructs a complete JSON representation, and then sends all these parameters to the addLog() function in the smart contract. Because
each report is processed and stored separately without aggregation or data structure compression, the number of transactions increases
proportionally with the number of processed reports; therefore, this approach serves as the primary benchmark for measuring the
efficiency of subsequent optimization techniques. The logical flow of the process is illustrated in Algorithm 3.

Input: A set of reports totaling n

QOutput: A list of transaction receipts

1. Retrieve one report from the dataset

2. Compute the SHA-256 hash of the report content as an integrity marker

3. Construct the report data in a complete JSON format

4. Send all information (report code, action type, hash, payload, actor role) to the smart contract
5. Wait until the transaction is confirmed on the blockchain and then store the transaction receipt
6. Repeat steps 1—6 until all n reports have been processed

Algorithm 3: Algorithm: BaselineReporting.
Source: Authors, (2026).
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Computationally, the number of generated transactions is linear with respect to the number of reports, resulting in a complexity
of 0O(n), where n denotes the total number of processed reports. No aggregation or optimization mechanisms are implemented outside
the contract; therefore, all interaction and storage costs are borne directly by individual transactions. The total gas consumption for
processing n reports is formulated in Equation (1):

n
Cbaseline = Z(Gbase + Gcalldata,i + Gstorage,i) (1)
i=1

Which can be approximately simplified into Equation (2):

Cbaseline ~nX Cpertx (2)

In this formulation, Cpqse1ine represents the total gas consumed for all reports. The component G, represents the fixed base cost
of transaction execution. The component G 4144t denotes the cost resulting from transmitting the parameters of the i-th transaction,
which is influenced by the size of the transmitted data. Meanwhile, Ggtorqge,; TEpresents the permanent storage cost of the i-th transaction
through the SSTORE operation, which has a high value because it involves writing data to blockchain storage. Furthermore, Cpp,,
represents the estimated average gas cost for a single individual transaction in the baseline approach.

11.5.2 Algorithm 2: Transaction Aggregation via Merkle Tree

This approach reduces the number of on-chain transactions by grouping several reports into a single batch, and then storing only
one representative hash value in the form of a Merkle Root in the smart contract [46], [47]. With this strategy, the number of transactions
decreases from n (as in the baseline) to [n/B], where B denotes the batch size. Each batch is represented by the BatchCommit structure
as shown in Algorithm 4, which stores the batch identity, the Merkle Root value, the number of reports, the range of report indices, the
recording timestamp, and the address of the commitment sender. The aggregation procedure is illustrated in Algorithm 5 The Merkle Tree
construction process is performed in a bottom-up manner, as illustrated in Algorithm 4.

struct BatchCommit { uint256 batchld; bytes32 merkleRoot; uint256 reportCount; uint256 fromIndex; uint256 tolndex; uint256 timestamp,; address committer; }

Algorithm 4: BatchCommit Structure in MerkleAggregation Contract.
Source: Authors, (2026).

Input: n reports and batch size B
QOutput: List of batch transaction receipts

1. Determine the number of batches based on the total reports and the batch size
2. For each batch:
a. Retrieve a group of reports according to its index range
b. Convert each report into a hash (using KECCAK-256 over the report content)
c. Arrange all hashes into a Merkle Tree structure
d. Compute the root value of the tree (Merkle Root)
e. Send the Merkle Root along with batch metadata to the smart contract through the commitBatch function
- Wait for transaction confirmation and store the transaction receipt
3. Return all batch transaction receipts

Algorithm 5: Algorithm: MerkleAggregation.
Source: Authors, (2026).

Input: List of report hashes in one batch
QOutput: A single Merkle Root value

1. Arrange all report hashes as the lowest level

2. Pair two adjacent hashes, then concatenate and hash them again to form a parent hash
3. If the number of elements is odd, duplicate the last hash to maintain pairing

4. Repeat the merging process until only one hash remains at the top

5. The final hash becomes the Merkle Root

Algorithm 6: Merkle Tree Construction Algorithm.
Source: Authors, (2026).

From a complexity perspective, constructing a Merkle Tree for a batch containing m reports requires O(m log m) because hashes
are organized hierarchically from the leaf level to the root. With a fixed batch size B, the total off-chain computation for n reports becomes
O (n log B). Meanwhile, on the on-chain side, the number of transactions decreases to O(n/B), thereby reducing the frequency of global
blockchain state writes proportionally to the batch size. The membership of a report within a batch is verified using a Merkle Proof as
shown in Algorithm 7, by reconstructing the hash path from the leaf to the root using proof elements, and then comparing the final result
with the Merkle Root stored in the contract. If both values are identical, the report is proven to be valid as part of the corresponding batch.
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function verifyReport( bytes32[] memory _proof, bytes32 _leaf, uint256 _batchld)
public view returns (bool valid) {
bytes32 computedRoot = _leaf;
Sfor (uint256 i = 0; i < _proof.length; i++) {
bytes32 proofElement = _proof{i];
if (computedRoot <= proofElement) { computedRoot = keccak256(abi.encodePacked(computedRoot, proofElement)); }
else { computedRoot = keccak256(abi.encodePacked(proofElement, computedRoot)); }
} return computedRoot == batches[ batchld].merkleRoot;

}

Algorithm 7: verifyReport Function for Merkle Proof Validation.
Source: Authors, (2026).

The total gas cost for the aggregation approach is formulated in Equation (3):

n
Crmerkle = [E] X CStOl”eruot 3)

Approximately, when n is much larger than B, the total cost can be expressed as Equation (4):

n
Cmerkle ~ g X Cstoremot (4)

In these equations, Cp.rke represents the total gas cost for processing n reports using aggregation. The variable n denotes the
number of reports and B represents the batch size. The component Cytope,,,, Tepresents the average cost of storing a single Merkle Root
into the smart contract, including the overhead of executing the commitBatch function and the permanent storage operations within the
BatchCommit structure. Theoretically, when B > 1, gas consumption decreases significantly because only a single fixed-size hash is
recorded per batch. However, this efficiency introduces additional off-chain computation and requires a Merkle Proof-based verification
mechanism when individual verification is needed. This trade-off between gas reduction and verification complexity is analyzed in the
experimental stage.

11.5.3 Algorithm 3. Storage Optimization (Packed Struct + Enum Encoding)

This approach reduces gas consumption not by decreasing the number of transactions, but by compacting the representation of
data stored in each transaction [48]. Dynamic data types such as string are replaced with more efficient fixed-length and numeric types:
categorical attributes are encoded as "uint8", while identifiers and hashes are represented as "bytes32’. Nine "uint8" fields are then packed
into a single "uint128" variable using bitwise operations, allowing multiple attributes to share a single 32-byte storage slot. The optimized
structure is shown in AlgorithmS.

| struct PackedAuditLog { bytes32 reportCode; bytes32 dataHash; uint256 timestamp,; address actor; uint128 packedEnums; } |
Algorithm 8: PackedAuditLog Structure in StorageOptimized Smart Contract.
Source: Authors, (2026).

The number of transactions remains linear with respect to the number of reports O(n), but each entry uses fewer storage slots
compared with a dynamic string-based representation. The four primary components (‘reportCode’, "dataHash", “timestamp", and ‘actor")
occupy individual slots, while nine categorical attributes share a single slot through "uint128", thereby reducing the per-transaction cost
constant. The total gas cost is formulated in Equation (5):

n

_ fixed optimized
Cpacked = Z (Gbase + Gealldata,i Gstorage,i ) ®)]
i=1

Which can be approximately simplified into Equation (6):

- optimized
Cpacked ~nX CpertX (6)

In this formulation, C,4ckeq Tepresents the total gas cost for n reports with the optimized structure. The component G, still
fixed

calldata,; INdicates a lower calldata cost because all parameters use fixed-length types.

represents the base transaction cost. The value G

Goptimized

Meanwhile, G000

represents the reduced SSTORE operation cost due to the elimination of dynamic storage allocation and the

Coptimized

implementation of a storage packing mechanism. Furthermore, Cper,» is the estimated average cost per transaction after the data

structure optimization is applied.
11.5.4 Algorithm 4: Conditional Commit (Threshold-Based Batching)

This approach implements an off-chain buffering mechanism, in which reports are not immediately submitted to the blockchain
but are first accumulated until a specified threshold value is reached [49], [50]. Once the number of reports in the buffer meets this
threshold, the system submits a single commit transaction that records an aggregated hash representing all reports within the batch.
Consequently, the number of on-chain transactions is reduced proportionally to the threshold value applied.
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The metadata for each batch is recorded in the BatchRecord structure as illustrated in Algorithm 9, which contains the batch
identifier, the aggregated hash, the number of reports included, the range of report identifiers, the threshold value applied at the time of
commit, the recording timestamp, and the address of the transaction sender.

struct BatchRecord {
uint256 batchld; bytes32 batchHash, uint256 reportCount; uint256 fromld; uint256 told; uint256 threshold; uint256 timestamp, address committer, }

Algorithm 9: BatchRecord Structure in Conditional Commit Smart Contract.
Source: Authors, (2026).

The initial threshold value is configured through the contract constructor as shown in Algorithm 10, which assigns the contract
owner, initializes the total number of committed reports, and stores the initial threshold value as a system control parameter.

constructor(uint256 _initialThreshold) { owner = msg.sender; totalReportsCommitted = 0; currentThreshold = _initialThreshold; }

Algorithm 10: Constructor for Initial Threshold Configuration.
Source: Authors, (2026).

The procedural flow of the commit mechanism is presented in Algorithm 12.

Input: n reports and threshold value T
Qutput: List of commit transaction proofs
1. Prepare an empty buffer to store report hashes
2. For each report:
a. Compute the report hash as an integrity marker
b. Store the hash in the buffer
c. If the number of elements in the buffer reaches T:
- Concatenate all hashes in the buffer
- Compute a single aggregated hash from the concatenated data
- Submit the aggregated hash together with batch metadata to the smart contract
- Wait for transaction confirmation and store the transaction proof and then clear the buffer
3. After all reports have been processed, if any elements remain in the buffer, perform a final commit
4. Return all transaction proofs

Algorithm 12: Conditional Commit Procedure.
Source: Authors, (2026).

From a computational perspective, each report is processed only once to generate its hash, resulting in an off-chain complexity
of O(n). However, the number of on-chain transactions decreases to O(n/T), where T denotes the threshold value. Experimental evaluation
for n = 1000 reports under several threshold values is presented in Table 5, demonstrating that increasing T reduces transaction
frequency but increases commit latency, since reports must wait until the buffer reaches the defined threshold.

Table 5: Evaluated Threshold Parameters.

Threshold|On-chain Transactions (n=1000)|Reduction Ratio Characteristics
5 200 5:1 More frequent commits with relatively low latency
10 100 10:1 Balanced trade-off between gas savings and responsiveness|
25 40 25:1 High gas savings
50 20 50:1 Maximum gas savings with higher commit latency

Source: Authors, (2026).

The total gas cost is formulated in Equation (7):

n
Ceonditional = [?] X Ceommit (7)

If n is significantly larger than T, the total cost can be approximated as shown in Equation (8):

Cconditi ~=XC i
conditional T commit (8)

In these expressions, C.onaitiona Tepresents the total gas cost required to process n reports using the threshold-based mechanism.
The variable n denotes the number of reports, T represents the threshold value per batch, and C,ynmir corresponds to the average gas cost
of a single commit transaction that records an aggregated hash on the blockchain. The optimal threshold value is determined by calculating
the effective gas per report, defined as the ratio between the total gas consumed and the number of processed reports. The value of T that
produces the lowest average cost is selected as the optimal configuration, while also considering the trade-off between gas efficiency and
increased commit latency.
III. RESULTS AND DISCUSSIONS

This chapter presents the performance evaluation results of various gas fee optimization approaches in the implementation of
smart contracts for a blockchain-based sexual violence reporting system. The dataset used in the experiment consists of 1,000 simulated
reports with an attribute structure as shown in Table 6, representing various report characteristics such as victim type, level of concern,
incident location, and system action metadata. The experiments were conducted using a CPU-only computational environment without
GPU acceleration, with hardware specifications consisting of an AMD Ryzen 5 6600H (12 CPUs) processor operating at approximately
3.3 GHz and 16 GB of RAM.
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In this evaluation scenario, the Conditional Commit approach was implemented using a batching mechanism with a threshold of
50 reports, where a commit to the blockchain is executed once the number of reports in the buffer reaches the defined threshold.
Subsequently, the performance of the Baseline, Merkle Tree Aggregation, Storage Optimized, and Conditional Commit methods was
analyzed based on several key metrics, namely total gas consumption, transaction cost (ETH), transaction latency, and system execution
time, across various report quantity scenarios.

Table 6: Sample Structure of Sexual Violence Reporting Dataset Used in Experiments.
Ringkasan
No Report | Status Korban Tingkat | Gender| Pelaku |Tanggal| Lokasi | Lokasi| Kejadian | Usia Disabilitas Jenis |Action| Actor | Email
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Source: Authors, (2026).

The experimental results demonstrate clear performance differences between the baseline approach and the three proposed
optimization methods in terms of gas consumption, transaction cost, latency, and execution time. As shown in Table 7, the baseline
method consistently produces the highest gas consumption across all report quantity scenarios. The total gas increases from 38,430,050
gas for 50 reports to 770,899,033 gas for 1,000 reports, exhibiting a nearly linear growth pattern as the number of reports increases. This
condition occurs because each report is processed as an independent on-chain transaction and stores several data fields in the smart
contract storage. In the Ethereum Virtual Machine (EVM)), storage write operations through the SSTORE instruction incur relatively high
gas costs, particularly when the stored data has large size or uses dynamic data types. Consequently, as the number of processed reports
increases, the number of storage operations also increases proportionally, directly affecting the total gas consumption and transaction
cost. Statistical analysis using the Kruskal-Wallis test indicates that the differences between methods in the gas per transaction metric are
significant across all scenarios; for example, in the 100-report scenario, a value of H = 166.93 with p < 0.01 was obtained.The Merkle
Tree Aggregation method demonstrates a substantial reduction in gas consumption compared with the baseline. In this approach, multiple
reports are first combined off-chain to form a Merkle Tree structure, after which only the Merkle Root value is recorded on the blockchain
through a single commit transaction.

Through this mechanism, the number of on-chain transactions is reduced because a single transaction can represent multiple
reports simultaneously. Data in Table 7 show that the total gas required for 1,000 reports reaches only 20,492,732 gas, which is
significantly lower than the baseline. The Mann—Whitney test also indicates that the difference in gas consumption between the baseline
and the Merkle Tree method is statistically significant across various scenarios; for instance, in the 500-report scenario, p < 0.01. The
reduction in the number of transactions also contributes to lower latency and execution time, since fewer transactions need to be processed
and confirmed by the blockchain network. The Storage Optimized approach reduces gas consumption through modifications to the data
structure stored within the smart contract. This method replaces dynamic data types such as string with fixed-length types such as bytes32
and utilizes storage packing techniques to reduce the number of storage slots used. This optimization decreases the cost of data writing
because fewer storage slots need to be updated. Experimental results indicate that the total gas consumption in the 1,000-report scenario
is 177,566,016 gas, which is lower than the baseline but still higher than aggregation-based methods. Statistical testing also shows that
the difference between the baseline and Storage Optimized approaches is significant in nearly all scenarios; for example, in the 100-report
scenario, p < 0.01. This outcome arises from the characteristic of the method that continues to process each report as an individual
transaction, resulting in the number of transactions still increasing linearly with the number of reports.

Table 7: Total Gas Consumption, Transaction Cost (ETH), Latency, and Execution Time for Each Scenario (50, 100, 500, and 1000)

and Optimization Method.

Scenario Method Total Gas |Total Cost (ETH)|Total Latency (ms)|Total Exec Time (s)
Baseline 38,430,050 0.77 7066.71 7.07
50 Merkle Tree 1,042,788 0.02 271.20 0.27
Storage Optimized | 9,303,068 0.19 2004.89 2.00
Conditional Commit| 196,487 0.00 44.49 0.04
Baseline 76,792,122 1.54 14685.12 14.69
100 Merkle Tree 2,048,288 0.04 453.85 0.45
Storage Optimized | 17,756,628 0.36 4121.87 4.12
Conditional Commit| 412,886 0.01 118.53 0.12
Baseline 384,231,209 7.68 71282.51 71.28
500 Merkle Tree 10,492,592 0.21 2315.19 2.32
Storage Optimized | 91,348,056 1.83 21870.83 21.87

Page 623


mailto:korban0@gmail.com
mailto:korban0@gmail.com
mailto:korban0@gmail.com
mailto:pelapor999@student.ac.id
mailto:pelapor999@student.ac.id
mailto:pelapor999@student.ac.id

ITEGAM-JETIA, Manaus, v.12 n.60, p.615-628 June-August, 2026.

Scenario| Method Total Gas (Total Cost (ETH)|Total Latency (ms)|Total Exec Time (s)
Conditional Commit| 2,144,174 0.04 524.33 0.52
Baseline 770,899,033 15.42 143722.60 143.72
1000 Merkle Tree 20,492,732 0.41 4640.03 4.64
Storage Optimized [177,566,016 3.55 45480.59 45.48
Conditional Commit| 4,308,404 0.09 1077.91 1.08

Source: Authors, (2026).

Table 8: Per-Transaction Average Gas Usage, Cost (ETH), Latency, and Execution Time (Mean + Standard Deviation) Across Methods

and Scenarios.

Scenario Method Average Gas/Tx Average Cost ETH Average Latency (ms) Average Exec Time/Tx (s)
Baseline 768,601 + 15,724 0.02 +0.00 141.33 £17.78 0.14+£0.02
50 Merkle Tree 208,558 + 11,409 0.00 £ 0.00 54.24 £22.42 0.05+0.02
Storage Optimized 186,061 + 397 0.00 +0.00 40.10 £3.99 0.04 +£0.00
Conditional Commit 196,487 =0 0.00 +0.00 44.49 + 0.00 0.04 £ 0.00
Baseline 767,921 £ 13,418 0.02 +£0.00 146.85+19.23 0.15+0.02
100 Merkle Tree 204,829 + 9,347 0.00 £ 0.00 45.38 +6.87 0.05+0.01
Storage Optimized 177,566 + 8,592 0.00 +0.00 41.22+6.13 0.04 +£0.01
Conditional Commit 206,443 + 14,080 0.00 £ 0.00 59.27 £ 35.62 0.06 +0.04
Baseline 768,462 + 13,373 0.02 +£0.00 142.57 £ 14.89 0.14+0.01
500 Merkle Tree 209,852 + 8,177 0.00 + 0.00 46.30 +7.38 0.05+0.01
Storage Optimized 182,696 £ 6,847 0.00 +0.00 43.74 £7.28 0.04 +£0.01
Conditional Commit 214,417 + 6,300 0.00 £+ 0.00 52.43 £538 0.05+0.01
Baseline 770,899 + 14,891 0.02 +0.00 143.72 £12.31 0.14+0.01
1000 Merkle Tree 204,927 + 9,020 0.00 £ 0.00 46.40 +9.39 0.05+0.01
Storage Optimized 177,566 + 8,554 0.00 +0.00 4548 £6.14 0.05+0.01
Conditional Commit 215,420 + 4,456 0.00 + 0.00 53.90+4.51 0.05 +0.00

Source: Authors, (2026).

The Conditional Commit method produces the lowest total gas consumption among all evaluated approaches. This mechanism
collects several reports within a buffer until a specified threshold is reached before performing a commit to the blockchain. Each commit
stores an aggregated hash representing a batch of reports, enabling a single transaction to record multiple reports simultaneously. By
reducing the frequency of on-chain transactions, this method significantly decreases overall gas consumption and shortens the system
execution time. In the 1,000-report scenario, the total gas consumption is 4,308,404 gas with an execution time of approximately 1.08
seconds, which is substantially lower than the baseline that requires 143.72 seconds. Statistical testing results also indicate that latency
differences among methods are significant; for instance, in the 100-report scenario, a value of H = 159.70 with p < 0.01 was obtained,
demonstrating that reducing the number of transactions has a substantial impact on improving the efficiency of blockchain system
performance. The average per-transaction metric analysis in Table 8 provides additional insights into the execution characteristics of each
method. The baseline approach exhibits an average gas consumption of approximately 768,000 to 770,000 gas per transaction, with
relatively small variation across scenarios, indicating that the transaction operation structure remains relatively consistent. The Merkle
Tree method reduces this average value to approximately 204,000 to 209,000 gas, because the transaction only stores batch metadata and
the Merkle Root. The Storage Optimized approach produces an average of approximately 177,000 to 186,000 gas per transaction as a
result of improved storage structure efficiency. The Conditional Commit method has an average of approximately 196,000 to 215,000
gas per transaction, slightly higher than Storage Optimized because each commit transaction stores additional metadata; however, the
significantly smaller number of transactions ensures that the overall system gas consumption remains low.

o — Scetarion 50 Repoits Latency Distribution — Scanatio: 100 Rey

Figure 4: Boxplot of Transaction Latency Distribution (ms) Across Optimization Methods.
Source: Authors, (2026).
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Figure 5: Boxplot of Gas Consumption Distribution per Transaction Across Optimization Methods.
Source: Authors, (2026).

The distribution of transaction latency visualized in Figure 4 shows distinct performance patterns among the evaluated methods.
The baseline approach exhibits a median latency of approximately 140—145 ms with a wider interquartile range compared to the other
methods, indicating relatively higher variability in execution time. This variation is associated with the larger calldata size and the greater
number of storage operations performed in each transaction. The Merkle Tree and Storage Optimized methods demonstrate lower median
latency values in the range of approximately 40—-46 ms, with more concentrated distributions, reflecting lighter transaction execution
processes. The Conditional Commit approach has a slightly higher median latency than these two methods, around 52—54 ms, yet it
remains lower than the baseline and shows relatively small variation as the number of batches increases. The distribution of gas
consumption per transaction presented in Figure indicates that the baseline method has the highest median value, approximately 766
thousand to 767 thousand gas. The Merkle Tree method reduces this value to approximately 205 thousand to 213 thousand gas per
transaction, whereas the Storage Optimized approach shows a median of approximately 177 thousand to 186 thousand gas with relatively
small variation. The Conditional Commit method has a median of approximately 196 thousand to 216 thousand gas, reflecting the storage
of batch metadata within each commit transaction. The baseline approach shows a value of approximately 768 thousand gas per report
across all scenarios, while Storage Optimized reduces it to approximately 177 thousand to 186 thousand gas. The Merkle Tree method
produces a consumption of around 20 thousand gas per report because the transaction cost is distributed across all reports within a batch.
The Conditional Commit approach demonstrates the lowest value, approximately 3,930 to 4,308 gas per report, since a single commit
transaction represents multiple reports simultaneously.

This study provides an empirical contribution to the understanding of factors influencing the efficiency of blockchain-based
reporting systems. By comparing several optimization approaches across different report quantity scenarios, the study demonstrates that
strategies aimed at reducing the number of on-chain transactions can produce a greater impact on gas efficiency than data structure
optimization alone. The evaluation conducted through metrics such as total gas consumption, average per-transaction metrics, and
performance distribution analysis offers a more comprehensive overview of the performance characteristics of each method. This study
has several limitations, primarily related to gas costs on the Ethereum network. Although the proposed optimization techniques
significantly reduce gas consumption compared to the baseline approach, blockchain transaction costs remain relatively high, particularly
as the number of reports increases. Furthermore, the experiments were conducted in a controlled testing environment, which does not
fully represent the dynamic conditions of public blockchain networks, such as gas price fluctuations and transaction congestion levels.
The evaluation in this study also focuses on primary metrics such as gas consumption, transaction cost, latency, and execution time, while
other aspects that may influence cost efficiency, such as off-chain computation overhead and batch management, have not yet been
analyzed in depth. Future research may explore more adaptive optimization strategies to mitigate the impact of high gas costs. One
potential approach is the implementation of adaptive batching, which dynamically adjusts batch size or commit timing based on network
conditions and gas prices. In addition, integration with layer-2 scaling solutions, such as rollups or sidechains, may further reduce
transaction costs significantly [51]. Further evaluation on public blockchain networks with varying gas price conditions is necessary to
obtain a more realistic understanding of system performance in real-world implementations.

IV. CONCLUSIONS

This study evaluated several smart contract optimization strategies to reduce gas consumption in a blockchain-based mobile
reporting system for sexual violence cases on the Ethereum network. The findings indicate that the efficiency of blockchain applications
is strongly influenced by how data storage and transaction submission are designed. Approaches that store detailed information directly
on-chain result in high computational costs due to intensive storage operations, whereas strategies that minimize storage usage or reduce
the frequency of on-chain transactions significantly improve scalability. In particular, aggregation and threshold-based batching
mechanisms enable multiple reports to be represented through compact cryptographic commitments while preserving data integrity.
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Scientifically, this research contributes a comparative experimental framework that integrates storage-level optimization,
cryptographic aggregation, and transaction batching within a single evaluation environment, providing empirical evidence on how
different design strategies affect gas efficiency and execution performance. Practically, the results provide guidance for developers and
system architects in designing blockchain-based audit logging systems that remain economically feasible on public blockchain
infrastructures. Nevertheless, the study is limited to experiments conducted in a controlled environment and focuses primarily on gas
efficiency metrics without evaluating broader aspects such as security trade-offs or real network variability. Future studies should examine
adaptive batching mechanisms, cross-platform blockchain implementations, and security implications of off-chain aggregation to further
improve the scalability and reliability of decentralized reporting systems.
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