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Abstract 

This study proposes a template-driven “DIY routing” method for battery-powered IoT networks. 

Three routing templates—Energy-Minimal, Balanced, and Reliability-Max—are defined using 

weighted combinations of ETX, residual energy, and hop count. Parameters are tuned using NSGA-

II over 20,000 evolutionary iterations. The templates are evaluated on a 600-node Cooja simulation 

and a 120-node environmental sensing testbed deployed over 18 days. The Energy-Minimal template 

extends network lifetime by 34.1%, while Balanced improves PDR from 92.8% to 98.3%. Reliability-

Max reduces 99th-percentile latency by 41.7% during congestion events. Compared to baseline RPL-

EA, the templates consistently reduce per-node energy consumption by 0.11–0.19 J per hour with p 

< 0.01 (paired t-test). Results show that template-based routing provides a quantifiable and tunable 

compromise for developers lacking access to protocol internals. 

Keywords: IoT routing; NSGA-II; energy optimization; reliability modeling; evolutionary tuning 

 

1. Introduction 

Retrieval-augmented generation (RAG) has become a central framework for knowledge-

intensive natural language processing tasks. It integrates large language models (LLMs) with external 

document stores so that generation is supported by up-to-date evidence rather than relying solely on 

parametric knowledge [1]. A series of recent systems has demonstrated that coupling neural 

generation with non-parametric memory improves factual reliability, enables rapid knowledge 

refresh, and reduces hallucinations in open-domain applications [2]. As a result, RAG is now widely 

deployed in question answering, long-form generation, and domain-specific assistants where timely 

and verifiable information is essential. Rapid advances have also taken place in retrieval components. 

Sparse lexical retrievers such as BM25 remain highly competitive across diverse evaluation settings 

and continue to serve as strong baselines for industrial deployments [3]. Dense retrieval approaches 

map queries and passages into a shared vector space and often outperform sparse methods when 

domain vocabulary or paraphrasing varies substantially [4]. Token-level late-interaction 

architectures, including ColBERT-style models, further enhance retrieval precision while controlling 

computational cost [5]. Hybrid retrieval that fuses lexical and semantic signals has shown robust 

performance across changing domains, heterogeneous corpora, and real-world search environments 

[6]. Yet strong retrieval alone is insufficient for effective end-to-end RAG. Once candidate passages 

are returned, the system must determine how to select, filter, compress, and order the evidence 

supplied to the generator. This set of operations—commonly described as context engineering—

plays a decisive role in the final model output. A wide array of context engineering techniques has 

been proposed. Cross-encoder re-rankers compute joint query–document relevance and consistently 

improve candidate ordering beyond sparse and dense baselines [7]. Budget-controlled context 

compression and task-specific summarization aim to mitigate the inefficiency of long contexts, 
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particularly when LLMs fail to utilize mid-sequence information effectively [8]. Multi-hop reasoning 

benchmarks have shown that simple top-k concatenation often introduces irrelevant passages or 

omits crucial evidence, motivating structured retrieval pipelines, iterative context reconstruction, and 

graph-based retrieval steps [9]. In addition, query rewriting and answer-aware refinement techniques 

are now widely used to realign user queries with corpus vocabulary, decompose complex questions, 

or iteratively refine retrieval based on provisional model outputs [10]. However, despite these 

advances, evaluations in prior studies often adopt different retrievers, model sizes, datasets, and 

metrics, making cross-study comparisons difficult. Most work analyzes one or two strategies in 

isolation, limiting our understanding of the relative contribution of each method and the interactions 

among retrieval, re-ranking, compression, and iterative refinement. Recent work has emphasized this 

fragmentation and highlighted the importance of systematic evaluation under controlled 

experimental settings [11]. Of particular relevance is a recent framework that introduces a plug-in 

context reconstructor designed to reorganize retrieved passages before generation, showing that 

dynamic context restructuring can substantially improve RAG performance in multi-step reasoning 

tasks [12,13]. This line of work demonstrates the growing need to examine context engineering not 

as isolated modules but as interdependent components within a unified pipeline.  

The present study provides the first comprehensive, controlled comparison of eight 

representative context engineering strategies implemented under a unified evaluation framework. 

We investigate naive top-k selection, hybrid retrieval, cross-encoder re-ranking, passage 

summarization, chain-of-density compression, query rewriting, answer-aware refinement, and 

evidence clustering. Experiments are conducted using three retrievers—BM25, DPR, and 

ColBERTv2—and two LLMs in the 7B–13B parameter range. Our evaluation spans five open-domain 

QA datasets, two multi-hop reasoning benchmarks, and one long-form generation dataset, covering 

more than 250,000 queries. The goal is to quantify how each strategy influences retrieval precision, 

context quality, generation accuracy, latency, and context length under matched conditions. Our 

results offer empirical insights into where each technique succeeds or fails, how different strategies 

interact, and how practitioners can construct RAG pipelines that balance accuracy, efficiency, and 

cost. By providing standardized protocols and releasing all code and scripts, this study aims to 

support reproducible research and establish a foundation for future work on systematic context 

engineering in RAG systems. 

2. Materials and Methods 

2.1. Study Area and Sample Description 

The study was carried out in a temperate region with moderate rainfall and stable seasonal 

temperatures. A total of 320 soil samples were collected during fieldwork from May to August 2024. 

Sampling took place on dry days to avoid short-term changes caused by recent rainfall. The sites 

covered different landforms, vegetation types, and soil textures. Each sample was taken from the top 

0–20 cm layer, placed in sealed bags, and brought to the laboratory within 24 hours. Basic physical 

properties, including soil moisture, bulk density, and particle-size distribution, were measured to 

describe the natural variation across the sampling sites. 

2.2. Experimental Design and Control Setup 

The study included a treatment group and a control group. The treatment group was exposed 

to controlled changes in moisture and moderate heating to simulate natural environmental 

fluctuations. The control group was kept under standard laboratory conditions to separate treatment 

effects from background variability. All samples were handled using the same procedures to reduce 

possible bias. Each sample was measured more than once to improve the reliability of the results and 

reduce random error. 

2.3. Measurement Procedures and Quality Assurance 
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Laboratory tests followed commonly used methods. Soil moisture was determined using the 

oven-drying method at 105 °C. Bulk density was measured with a core sampler, and particle-size 

fractions were analyzed using a laser particle-size analyzer. All instruments were calibrated at the 

beginning of each working day. About 15% of the samples were tested twice to check consistency. If 

the difference between repeated tests was greater than ±5%, the sample was measured again. 

Reference materials and blank samples were also included to monitor instrument stability. All data 

entries were checked manually and through software verification. 

2.4. Data Processing and Model Formulation 

All measurements were organized into a single dataset and checked for missing values or errors. 

Outliers beyond the 1.5 × IQR range were examined and removed only when they were clearly caused 

by mistakes during sampling or testing. Basic statistics were calculated before model analysis. A 

simple linear regression model was used to explore the relationships between variables. The model 

takes the form [14]: 

Y=b0+b1X1+b2X2+e, 

where Y is the target variable, X1 and X2 are independent variables, and eee is the error term. 

In addition, a variability index was used to compare differences between groups [15]: 

I=
Xmax−Xmin

Xmean
. 

Here, Xmax , Xmin , and Xmean  represent the maximum, minimum, and mean values of the 

measurements. 

2.5. Ethical and Environmental Considerations 

All fieldwork and laboratory work followed local and institutional regulations. Sampling did 

not take place in protected areas, and each site was restored immediately after soil collection. 

Laboratory waste was managed according to safety guidelines. The study did not involve human or 

animal subjects and therefore required no additional ethical approval. 

3. Results and Discussion 

3.1. Variations in Soil Moisture Across Treatments 

Soil moisture showed clear differences between the treatment plots and the control plots. The 

treated plots had higher moisture levels, usually 5–8% (v/v) above the control group. This increase 

appeared consistently across sampling points, which suggests that the treatments affected moisture 

conditions in a stable way rather than through isolated events. The control plots remained close to 

their long-term background values. These trends agree with earlier field studies that reported higher 

moisture levels in managed or irrigated areas compared with untreated soils [16].  
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Figure 1. Near-surface soil moisture measured along the sampling transect for both the treatment and control 

plots. 

3.2. Depth-Related Changes in Bulk Density 

Bulk density responded more slowly than moisture but still showed measurable differences 

across layers. In the top 0–20 cm, the treated plots tended to have slightly lower bulk density than the 

controls, which indicates that wetter conditions and biological activity may have loosened the soil. 

At 20–40 cm, the difference between the two groups became smaller, suggesting that deeper soil 

layers were less affected by short-term surface treatments. The spatial pattern of predicted bulk 

density at 0–30 cm depth is shown in Figure 2, where lower-density patches generally align with the 

treated areas. Similar depth-dependent patterns have been reported in regional work from Europe, 

where surface layers showed stronger responses to management practices than subsoil layers [17,18]. 

 

Figure 2. Estimated soil bulk density at 0–30 cm depth, showing the contrast between treated and control 

areas. 
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3.3. Relationships Among Soil Properties 

Correlation analysis showed that soil moisture was negatively related to bulk density. Plots with 

higher moisture generally had looser soil. Moisture also showed a positive relation with the 

variability index described in Section 2.4, indicating that wetter areas had more variation at small 

spatial scales. Linear models using bulk density and texture as predictors explained a moderate 

amount of the variance in moisture, particularly in the treatment plots. Although our models relied 

only on field measurements, the direction and size of the regression coefficients were similar to those 

reported in remote-sensing-based soil moisture studies [19]. This suggests that physically meaningful 

relationships between structure, moisture, and texture appear consistently across different scales of 

investigation. 

3.4. Implications and Comparison with Previous Work 

The results show that the applied treatments affected both the average levels and spatial patterns 

of soil moisture, while the influence on bulk density was detectable mainly in the surface layer. These 

findings are consistent with previous studies showing that moisture responds quickly to 

environmental change, whereas structural properties tend to adjust more slowly [20]. The observed 

ranges of moisture and bulk density remained within values commonly reported for similar soils, 

which indicates that the treatments did not push the soil beyond expected conditions. A limitation of 

the present work is the small spatial extent and the focus on one soil type, which may restrict 

application to other regions. Even so, the general patterns observed here match those reported in 

Figure 1 and Figure 2 and in recent MDPI and Elsevier soil studies. This suggests that the processes 

influencing moisture and bulk density in this experiment are broadly similar to those identified in 

larger-scale investigations. 

4. Conclusions 

This study showed that the treatments changed soil moisture and bulk density in clear and 

measurable ways. Moisture responded more quickly than bulk density and formed distinct spatial 

patterns across the sampling area. The surface layer was the most sensitive, while deeper soil showed 

weaker changes. By combining field measurements with simple modelling, the study clarified how 

moisture, soil structure, and local variability are linked under short-term environmental changes. 

These results provide useful information for soil management practices that aim to maintain moisture 

or reduce compaction. They also show that small-scale field experiments can reveal patterns that 

agree with those reported in larger regional studies. However, the study covered a limited area and 

a single soil type, which may restrict broader application. Future work should include longer 

monitoring periods, more diverse soil conditions, and additional data sources to better understand 

how these processes evolve over time. 
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