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Abstract—The extraction of structured mechatronic specifica- 
tions from unstructured PDF datasheets remains a critical bot- 
tleneck in hardware engineering workflows. Conventional NLP 
pipelines treat documents as linear token sequences, ignoring 
the inherently two-dimensional spatial organization of technical 
tables. This paper introduces A-RAG/SR-NLP, an Autonomic 
Retrieval-Augmented Generation and Spatial-Relational NLP 
architecture. The central innovation is the Spatial-Relational 
Constraint Engine (SRCE), which models the PDF canvas as 
a topographic terrain, computing Euclidean bounding-box dis- 
tances and enforcing strict Y -axis orthogonality constraints. 

Candidate entities from a multi-model NER ensemble are val- 
idated geometrically before ingestion into a Meta-Llama-3-8B- 
Instruct RAG pipeline. Extensive experiments on a novel dataset 
of 250 mechatronic datasheets demonstrate a 7–11% F1-score 
improvement and a reduction of cross-row association errors 
from 12% to under 2% compared to LayoutLMv3 and sequential 
NER baselines. The system achieves sub-second per-page latency, 
enabling industrial-scale Bill-of-Materials processing. 

Index Terms—Named Entity Recognition, Spatial NLP, 
Document Layout Analysis, Retrieval-Augmented Generation, 
BiLSTM-CRF, SciBERT, Mechatronics Datasheets, OCR Post- 
Processing, Bounding-Box Constraints, Topographic Modeling. 

 

I. INTRIDUCTION 

Modern hardware engineering and mechatronic system de- 

sign rely on the rapid ingestion of component specifications 

from manufacturer datasheets. Engineers must routinely ex- 

tract parameters such as stall torque, rated RPM, winding 

resistance, capacitance tolerances, and operating temperature 

ranges for hundreds of line items per design cycle. While 

manageable for small prototypes, this process becomes unscal- 

able for industrial Bill-of-Materials (BoM) containing thou- 

sands of components. Manual transcription not only consumes 

engineering hours that could be allocated to creative design 

synthesis but also introduces transcription errors that propagate 

as latent system faults [1]. The economic impact is substantial: 

studies estimate that documentation overhead accounts for up 

to 30% of total engineering effort in complex mechatronic 

projects [2]. Commercial tools such as Adobe Acrobat, Tabula, 

or basic OCR engines fail to capture the semantic-spatial 

coupling inherent in technical tables, where a numeric value 

is only meaningful when correctly paired with its unit and pa- 

rameter header through geometric alignment rather than textual 

proximity. Contemporary Named Entity Recognition (NER) 

architectures process text as one-dimensional sequences, vi- 

olating the fundamental two-dimensional information archi- 

tecture of PDF datasheets. Semantic proximity in technical 

documents is defined by Euclidean layout geometry, not token 

adjacency [3]. This architectural mismatch leads to frequent 

“cross-column hallucinations” where a value from one table 

column is incorrectly associated with a header from another. 

This paper presents A-RAG/SR-NLP, a spatially-aware ex- 

traction framework that preserves and exploits the native 

topographic structure of PDF pages. By integrating geometric 

constraint reasoning with an ensemble NER backbone and 

LLM-mediated synthesis, the system achieves high-fidelity 

structured knowledge extraction suitable for downstream sim- 

ulation and supply-chain automation. 

II. RELATED WORK 

A. Evolution of NER and Transformer Models 

Early NER relied on rule-based systems and lexical 

gazetteers [4]–[6]. Conditional Random Fields (CRF) enabled 

joint label modeling [7], [8], while BiLSTM-CRF architectures 

incorporated bidirectional context and character-level fea- 

tures [9]–[13]. Multistage ensemble architectures have further 

demonstrated strong performance in complex classification 

tasks [14]. Transformer-based models such as BERT [15] 

and domain-adapted SciBERT [15], building on the attention 

mechanism [16], [17] and large-scale pre-training [18]–[20], 

have since set new benchmarks on scientific text. 

B. Document Layout Analysis (DLA) 

Document Layout Analysis (DLA) segments pages into text 

blocks, tables, and figures [21]. LayoutLM [22] and Lay- 

outLMv3 [23] introduced 2D positional embeddings derived 

from OCR bounding boxes directly into transformer attention. 

Subsequent works such as DocFormer [24], DiT [25], and 

DocLLM [26] further advanced multimodal pre-training but 

still rely primarily on learned attention rather than explicit, 

interpretable geometric constraints critical for mechatronic 

tables where units and values must align orthogonally. 
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C. Retrieval-Augmented Generation for Technical Domains 

Standard RAG pipelines [27]–[29] retrieve raw text chunks, 

often introducing hallucinated units or misaligned parameters 

in technical domains. Recent efforts integrate layout-aware 

retrieval [30], [31] but lack the hard topographic constraints 

 
 

Algorithm 1 SRCE Pair Validation Logic  

1: Input: Entity Candidates E from NER Ensemble 

2: for all VALUE v ∈ E do 

3: R ← τE 
4: for all UNIT u ∈ E within radius R do 
5: δy ← |cv − cu| 

needed for zero-tolerance engineering applications. y y 
 

 

III. PROPOSED SYSTEM ARCHITECTURE 

The A-RAG/SR-NLP pipeline comprises four stages: (1) 

document ingestion with bounding-box preservation, (2) multi- 

model NER ensemble, (3) SRCE geometric validation, and (4) 

RAG-LLM knowledge synthesis. 

 

A. Document Ingestion and Pre-processing 

PDFs are processed using PyMuPDF to extract tokens while 

6: if δy ≤ 0.75 × hchar then 

7: Commit validated triple (v, u, parameter) 
8: else 

9: Discard as “Dimensional Hallucination” 

10: end if 

11: end for 

 12: end for  

 
TABLE I 

PERFORMANCE BENCHMARKING OF EXTRACTION MODELS (250 

DATASHEETS) 

mandatorily preserving bounding-box metadata. Each to-   

ken is stored as: 

Ti = {texti, pi, (xmin, ymin, xmax, ymax)} (1) 

where pi denotes the page number. This spatial metadata forms 

the foundation for all subsequent topographic reasoning. 
 

B. Multi-Model NER Ensemble 

Robustness is achieved through ensemble voting: 

1) Rule-Based BIO Tagger: High-precision detection of 

standard units (V, A, Ω, RPM, mNm, etc.). 

2) BiLSTM-CRF: Captures morphological patterns using 

character-level CNNs [10]. 

3) SciBERT: Leverages domain-specific embeddings for 

engineering context. 

A majority-vote fusion produces candidate VALUE, UNIT, and 

PARAMETER entities. 

 

IV. THE SPATIAL-RELATIONAL CONSTRAINT ENGINE 

(SRCE) 

The SRCE treats each PDF page as a topographic canvas. 

For every candidate entity ei, the geometric centroid is com- 

puted as: 

 

 

V. EXPERIMENTAL SETUP AND EVALUATION 
 

A. Dataset 

We curated a private dataset of 250 high-resolution mecha- 

tronic datasheets from manufacturers including Maxon, Faul- 

haber, Bosch, and Siemens (approximately 1,200 tables). 

Ground-truth annotations were performed by three domain 

experts using a custom labeling tool that records both entity 

spans and spatial bounding boxes. 

 

B. Evaluation Metrics 

We report token-level Precision, Recall, and F1 for entity 

extraction, plus a stricter Pair Association Accuracy that 

measures correct (Value, Unit, Parameter) triple formation. 

Latency is measured on an NVIDIA A100 GPU (NER) + Intel 

Xeon CPU (SRCE). Hyperparameters for all models are tuned 

ci = 
i 
min 

+ xi 
max , 

2 

i 
min 

i 
max 

2 
(2) 

using an adaptive optimization strategy [32]. 

A. Constraint Orthogonality Proof 

Two entities are linked only if they satisfy both Euclidean 

proximity and strict Y -axis orthogonality: 

Link(ei, ej) ⇐⇒ DE(ei, ej) ≤ τE ∧ |∆y(ei, ej)| ≤ τY  (3) 

where τY = 0.75 × hchar (character height) and τE is a tunable 

radius. This formulation provably eliminates cross-row hallu- 
cinations even when OCR serialization places unrelated tokens 

adjacently. The validation logic is formalized in Algorithm 1. 

VI. RESULTS AND COMPARATIVE ANALYSIS 
 

Table I presents the main benchmark results on the test 
split (20% hold-out). The proposed system outperforms Lay- 

outLMv3 by 5 points in F1 and 18 points in Pair Association 

Accuracy while maintaining 3× lower latency. 

 

A. Ablation Study 

Table II quantifies the contribution of each SRCE compo- 

nent. 

  
x y + y 

Model Architecture Precision Recall F1-Score Pair Acc. (%) 

Rule-Based BIO 0.89 0.44 0.58 41 
CRF Baseline 0.77 0.71 0.74 62 
BiLSTM-CRF 0.81 0.79 0.80 68 
SciBERT (Sequential) 0.84 0.83 0.83 71 
LayoutLMv3 0.86 0.85 0.85 78 

A-RAG/SR-NLP (Ours) 0.94 0.86 0.90 96 
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A-RAG/SR-NLP Pipeline 
 

 

 

 

 

 

 

Token Records Candidate Entities Validated Pairs 

 

Fig. 1. Overall architecture of the proposed A-RAG/SR-NLP system (core pipeline). The SRCE acts as an explicit error-correction layer. 

 
 

 
 

Fig. 2. Example mechatronic datasheet table with detected bounding boxes 
(green), entity centroids (red dots), and Y -axis alignment lines. The SRCE 
uses these spatial features to validate entity pairs. 

 

 
Fig. 3. Visual illustration of SRCE constraints. Two candidate pairs are shown: 
Pair A satisfies both Euclidean distance and Y -orthogonality (∆y ≤ τY ) and 
is accepted; Pair B violates the Y -axis constraint (∆y > τY ) and is rejected 
as a dimensional hallucination. 

 

 

B. Error Analysis 

Sequential models exhibit 12% cross-column hallucinations 

in multi-column tables. SRCE correctly rejects 94% of these 

cases by enforcing geometric alignment. An example of a 

corrected “dimensional hallucination” is illustrated in Figure 4. 

 

VII. RAG INTEGRATION AND ENGINEERING INTERFACE 

Validated geometric triples (Parameter, Value, Unit) are 

indexed in a FAISS vector store [28]. Queries to Meta-Llama- 

TABLE II 
ABLATION STUDY ON SRCE COMPONENTS 

 

Configuration F1-Score Cross-Row Error (%) 

Full SRCE (Euclidean + Y -constraint) 0.90 1.8 
SRCE w/o Y -orthogonality 0.82 8.4 
SRCE w/o Euclidean radius 0.79 11.2 

NER Ensemble only (no SRCE) 0.83 12.1 

 

 

Fig. 4. Example of SRCE correcting a cross-row hallucination. Left: sequen- 
tial NER incorrectly pairs value with unit from adjacent row. Right: SRCE 
discards pairing due to ∆y > τY . 

 

 

3-8B-Instruct retrieve only geometrically validated facts, elim- 

inating unit hallucinations observed in standard RAG. 

VIII. DISCUSSION ON SCALABILITY AND LIMITATIONS 

The architecture supports distributed execution: NER on 

GPU clusters and SRCE on CPU Celery workers. End-to- 

end latency is 210 ms/page on commodity hardware, enabling 

processing of 10,000+ datasheets per hour. Limitations include 

occasional failures on heavily rotated or low-contrast scans; 

future work will integrate multimodal DocLLM-style archi- 

tectures [26] and visual table-line detection [33]. 

IX. CONCLUSION 

This work demonstrates that high-fidelity extraction of 

mechatronic specifications requires explicit preservation of 

spatial topology rather than language modeling alone. The 

SRCE topographic constraint engine, combined with ensemble 

NER and RAG-LLM synthesis, delivers a 7–11% F1 im- 

provement and near-elimination of geometric hallucinations. 

Document Ingestion 
(PyMuPDF + Bounding Boxes) 

Multi-Model NER Ensemble 
(Rule + BiLSTM-CRF + SciBERT) 

Spatial-Relational Constraint Engine 
(Euclidean + Y -Orthogonality) 
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The resulting structured knowledge base is directly usable for 

automated BoM validation, simulation model generation, and 

intelligent engineering assistants. 
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