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Abstract 
Completion reports are central to the oil and gas exploration and development 
process, in which formation names serve as fundamental entities for geological 
modeling and reserve calculation. However, general-purpose Chinese named 
entity recognition (NER) tools do not include formation names as an entity 
type, and the petroleum domain lacks Chinese corpus annotation at the se-
quence labeling level. Based on the World Oil Outlook 2026 (WOO 2026) pub-
lished by OPEC, this study employs AntConc frequency analysis and KH 
Coder co-occurrence network analysis to design data-driven annotation rules, 
and completes independent annotation and adjudication review through Doc-
cano. The results show that the fully-featured conditional random field (CRF) 
model combined with rule-based post-processing achieves an F1 score signifi-
cantly superior to the rule-based baseline. This provides foundational re-
sources and methodological references for Chinese information extraction in 
the petroleum domain.  
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1. Introduction 

According to the World Oil Outlook 2026 (WOO 2026) published by OPEC, oil 
remains the largest single source of energy [1]. In sustained high-intensity explo-
ration and development activities, completion reports serve as the core technical 
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documents recording drilling geological information, carrying key geological data 
such as stratigraphic division, lithological description, and well logging interpre-
tation. Among them, formation names are fundamental entities linking geological 
modeling, reserve estimation, and inter-well correlation; their accurate recogni-
tion and structured extraction are of significant importance for digital oilfield 
construction and geological knowledge graph development. However, the auto-
matic recognition of formation names faces multiple challenges. First, the entity 
type system of general-purpose NER tools is primarily oriented toward general 
categories such as person names, place names, and organization names, and does 
not include formation names as a domain-specific entity type. Second, formation 
names exhibit the phenomenon of concurrent use of three types of variants—full 
names, abbreviations, and codes—in text, which increases the difficulty of recog-
nition. Furthermore, NER corpus annotation in the Chinese petroleum domain 
remains insufficient, which is unfavorable for the training and evaluation of su-
pervised learning models. 

Based on the above, this paper primarily investigates the following questions: 
1) How to construct the annotated corpus for formation names in completion re-
ports; 2) How to design data-driven annotation guidelines based on frequency 
analysis and co-occurrence network analysis, directly mapping linguistic feature 
discoveries to annotation rules; 3) To verify the effectiveness of the constructed 
corpus through systematic comparison between a domain CRF model and rule-
based methods, along with feature ablation experiments. 

2. Development and Research Status of NER Technology 
2.1. NER Development Background 

Named entity recognition (NER) technology has undergone an evolutionary pro-
cess from statistical models to deep learning. Conditional random fields (CRF), as 
a traditional sequence labeling method, model the dependencies of label sequences 
through global normalization and can achieve good recognition performance 
when feature engineering is sufficient [2]. The subsequently proposed BiLSTM-
CRF model utilizes bidirectional long short-term memory networks to automati-
cally extract contextual features, reducing the reliance on manual feature selection 
[3]. In recent years, NER performance has been further enhanced through large-
scale corpus pre-training to obtain rich linguistic knowledge representations [4]. 
These all belong to the sequence labeling paradigm, with CRF as the methodolog-
ical starting point of this paradigm, holding a foundational position in the devel-
opment of NER technology. 

2.2. NER Research Status 

Currently, BioBERT in the biomedical domain and LegalNER in the legal domain 
have achieved remarkable success by constructing domain-specific annotated cor-
pora to drive specialized models [5]. In the petroleum domain, a limited number 
of information extraction studies targeting geological texts have been published 
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in English literature [6], primarily focusing on pattern matching for entities such 
as well names and depths [7]. Natural language processing research on petroleum 
texts has mainly focused on terminology form or basic construction. By construct-
ing an annotated corpus for formation names in completion reports, this paper 
provides additional practical references for NER sequence labeling in the petro-
leum geology domain and simultaneously improves the research efficiency for 
such texts. 

3. Corpus Construction and Annotation 
3.1. Corpus Source and Linguistic Feature Analysis 

This study selected major chapters of WOO 2026 and desensitized completion 
reports as the original corpus, with a total scale of approximately 120,000 charac-
ters. To systematically reveal the distribution patterns and semantic associations 
of formation names in text, AntConc and KH Coder were employed for frequency 
analysis and co-occurrence network analysis, respectively. The AntConc fre-
quency analysis results showed that formation names frequently appear near verbs 
such as “drilled into”, “encountered”, and “drilled to”, forming a significant verb-
noun collocation pattern. The KH Coder co-occurrence network analysis further 
revealed close semantic associations between formation names and terms such as 
“thickness”, “depth”, “lithology”, and “age”. In the co-occurrence network, for-
mation name nodes and the aforementioned term nodes form high-weight edge 
connections, constituting a semantic cluster centered on formation names with 
geological attribute descriptions on the periphery. This structural feature has di-
rect guiding significance for boundary rule design. 

Specifically, the corpus comprises 42 desensitized completion reports (3560 
sentences) and 8 major chapters from WOO 2026 (676 sentences), totaling 50 
documents and 4236 sentences. WOO chapters were included as supplementary 
training material because the report contains standardized petroleum terminol-
ogy, geological formation descriptions, and stratigraphic references across multi-
ple basins and regions, providing a formal technical register comparable to com-
pletion reports. Additionally, the WOO text introduces diverse linguistic contexts 
for formation name variants—including full names, abbreviations, and codes—
that may not be fully represented in the available completion reports alone, thereby 
enriching the lexical and contextual coverage of the training data. 

3.2. Annotation Scheme 

Based on the linguistic feature analysis results, this study developed an entity an-
notation scheme for formation names. Nominal expressions in the report text re-
ferring to specific lithostratigraphic units are covered, encompassing four hierar-
chical levels: Formation, Member, Submember, and Bed. The annotation adopts 
the BIO tagging scheme, with the entity type labeled as “FORM” (Formation). At 
the morphological level, formation names follow the formation rule of “[place 
name/rock name] + [Formation/Member/Submember/Bed] + [sequence num-
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ber]”, and exhibit three types of variants: full names, abbreviations, and codes; in 
terms of boundary rules, complete hierarchical names are labeled as single enti-
ties; in terms of disambiguation, distinguishing between geological ages and for-
mation names is the primary challenge. When expressions such as “Paleogene” 
are collocated with verbs such as “drilled into” and “encountered”, they are clas-
sified as formation name entities; when collocated with verbs or nouns such as 
“deposition” and “depositional period”, they are classified as geological ages and 
are not annotated. 

To illustrate the BIO annotation scheme for each variant type, the following 
examples demonstrate the intended entity boundaries: 1) Full name: e.g., “Guantao 
Formation”, tagged as B-FORM (Guantao) I-FORM (Formation), where the en-
tire multi-token expression is labeled as a single entity; 2) Abbreviation: e.g., “Sha-
3 Member”, tagged as B-FORM (Sha) I-FORM (-) I-FORM (3) I-FORM (Mem-
ber), where the hierarchical suffix and sequence number are included within the 
entity boundary; 3) Code: e.g., “Ng”, tagged as B-FORM (Ng), where the compact 
alphanumeric string is labeled as a single-token entity. 

3.3. Annotation Process and Statistics 

The annotation work was conducted on the Doccano platform, with independent 
annotation performed by master’s students with backgrounds in geology and lin-
guistics, and quality control overseen by supervisors from the same disciplines. 
The annotation process comprised four stages: pilot annotation, guideline revi-
sion, formal annotation, and consistency verification. The pilot annotation stage 
was conducted on 10 reports, and after revising the annotation guidelines based 
on disagreement cases, the full-scale formal annotation was carried out. Annota-
tion consistency was evaluated using Cohen’s Kappa coefficient, with the Kappa 
value of the two annotators during the formal annotation stage being 0.87, reach-
ing a high level of agreement (Kappa ≥ 0.81), indicating that the annotation guide-
lines possess good operability and reliability. The corpus statistics are shown in 
Table 1. 
 
Table 1. Annotation corpus statistics. 

Statistical Item Value 

Number of reports 50 

Total sentences 4236 

Total entities 5847 

Number of full-name variants (proportion) 2105 (36.0%) 

Number of abbreviation variants (proportion) 2631 (45.0%) 

Number of code variants (proportion) 1111 (19.0%) 

Cohen’s Kappa 0.87 

Training set/Validation set/Test set 3389/424/423 
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Cohen’s Kappa was calculated at the character level, comparing the BIO tags 
assigned by each annotator on a character-by-character basis across the entire an-
notated text. The coefficient was computed before adjudication—that is, on the 
raw independent annotations prior to consensus resolution—thereby reflecting 
the genuine inter-annotator agreement and providing a conservative estimate of 
annotation reliability. 

4. Models and Experiments 
4.1. Model Setup 

This study selected conditional random fields (CRF++) as the domain NER 
model. CRF models the conditional probability of a given observation sequence 
and label sequence, effectively capturing dependencies between labels; NER can 
achieve good recognition performance only when feature engineering is sufficient. 
The reason for choosing CRF over deep learning models is that this study focuses 
on verifying the effectiveness of the corpus, and CRF, as a lightweight statistical 
model, can be trained without a GPU; the entire process can proceed smoothly by 
simply setting up a complete experimental workflow. 

The CRF feature template includes four types of features: 1) character-level fea-
tures, including the current character and two characters before and after it; 2) 
part-of-speech features, extracting the POS tag of the current word based on word 
segmentation results; 3) contextual window features, covering combination fea-
tures of two characters before and after; 4) domain dictionary features, construct-
ing binary features based on the full names, abbreviations, and code tables of for-
mation names, indicating whether the current character belongs to a known for-
mation name. Additionally, a rule-based baseline model was set as the compara-
tive lower bound. The rule-based baseline adopts a combination of regular expres-
sions and formation name dictionary matching, implemented through Python 
scripts without requiring additional software dependencies. The formation-name 
dictionary used for domain dictionary features was constructed exclusively from 
the training set annotations. No entities from the validation or test sets were in-
cluded in the dictionary, and no external resources (e.g., published stratigraphic 
lexicons or databases) were used during dictionary construction. This design en-
sures that the dictionary features reflect only the knowledge available during train-
ing, ruling out evaluation leakage. 

4.2. Experimental Setup 

The evaluation metrics adopted entity-level precision (P), recall (R), and F1 score. 
Precision is defined as the ratio of correctly identified entities to the total number 
of entities output by the model, recall is defined as the ratio of correctly identified 
entities to the total number of annotated entities, and the F1 score is the harmonic 
mean of the two. The experimental environment was CRF++ 0.58, running on a 
standard CPU without GPU acceleration. The test set was used for final perfor-
mance evaluation, and the validation set was used for feature template tuning. 
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The training, validation, and test sets were split at the report level rather than 
at the sentence level. Specifically, all sentences from a given completion report or 
WOO chapter were assigned to the same subset. This report-level split prevents 
similar wording patterns and repeated formation names from appearing across 
different sets, thereby avoiding data leakage and providing a more realistic evalu-
ation of the model’s generalization ability to unseen reports. The recognition per-
formance of each model is shown in Table 2. The rule-based baseline model 
achieved an F1 score of 74.8%, with its precision (82.3%) higher than its recall 
(68.5%), mainly because dictionary matching tends to exactly match full-name 
and abbreviation variants but has insufficient coverage for informal descriptions 
and nested structures. The CRF basic feature model (character-level + POS fea-
tures) achieved an improved F1 score of 82.1%, an increase of 7.3 percentage 
points over the rule-based baseline, verifying the adaptability of statistical learning 
to variant diversity. 
 
Table 2. Recognition performance comparison of each model (%). 

Model Precision (P) Recall (R) F1 

Rule-based baseline (regex + dictionary) 82.3 68.5 74.8 

CRF++ (basic feature template) 85.1 79.3 82.1 

CRF++ (full features + domain dictionary) 88.6 84.7 86.6 

CRF++ + rule-based post-processing 87.9 86.2 87.0 

 
After incorporating domain dictionary features and the full contextual window, 

the F1 score of the CRF model further improved to 86.6%, an increase of 4.5 per-
centage points over the basic feature model. The recall improvement was particu-
larly significant (from 79.3% to 84.7%), indicating that domain dictionary features 
effectively covered code variants and low-frequency abbreviation variants. The in-
troduction of the rule-based post-processing module brought the F1 score to 
87.0%, with recall improving to 86.2%, but precision decreased slightly (from 
88.6% to 87.9%), due to a small number of false matches introduced by code reg-
ular expression matching. 

The ablation experiment results are as follows: after removing domain diction-
ary features, the F1 score decreased by 3.8 percentage points (86.6% → 82.8%), 
indicating that the domain dictionary is the highest-contributing feature module; 
reducing the contextual window from ± 2 to ± 1 resulted in a 1.7 percentage point 
decrease in F1 score (86.6% → 84.9%), suggesting that a larger contextual window 
helps capture boundary information of nested structures; removing the rule-based 
post-processing module resulted in a 0.4 percentage point decrease in F1 score 
(87.0% → 86.6%), with this module’s main contribution being the supplementa-
tion of code recall. All feature modules positively contribute to model perfor-
mance. 
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4.3. Experimental Results 

The classification and statistical results of errors made by the fully-featured CRF 
model on the test set are as follows: boundary truncation is the highest-proportion 
error type (28%), typically manifesting as truncating “the lower submember of the 
Sha-3 Member” to “the Sha-3 Member”, omitting the hierarchical suffix. The root 
cause of this error lies in the complexity of nested structures—when multiple hi-
erarchical suffixes appear consecutively, the CRF’s label transition probability 
tends to prematurely terminate entity annotation at the higher hierarchical level. 
Missed recall of informal descriptions accounts for 19%, primarily involving cases 
where reports use colloquial or non-standard expressions to refer to formations, 
such as “the upper Sha-3” and “the lower Guantao Formation”; such expressions 
do not strictly follow standard stratigraphic naming conventions, resulting in the 
domain dictionary being unable to cover them. Lithology mislabeled as formation 
names accounts for 15%, with typical errors being the mislabeling of lithological 
terms such as “sandstone” and “limestone” as formation entities, primarily occur-
ring in contexts where lithological names and formation names are morphologi-
cally similar. Unrecognized codes account for 11%, concentrated on non-standard 
codes with low frequency of use. The remaining errors account for 27%, including 
inconsistent annotation boundaries, compound entity splitting errors, and others. 

5. Conclusions 

This study addressed the problem of automatic recognition of formation names 
in completion reports, completing three tasks: corpus construction, annotation 
guideline design, and model comparison verification. It provides additional refer-
ence pathways for corpus annotation and linguistic analysis of geological texts. 
Through this corpus construction and NER model comparison, the main conclu-
sions are as follows: 

First, this study constructed the annotated corpus for formation names in com-
pletion reports, covering three types of variants: full names, abbreviations, and 
codes. The annotation consistency Cohen’s Kappa reached 0.87, verifying the op-
erability of the annotation guidelines and the reliability of the corpus. Second, 
based on AntConc frequency analysis and KH Coder co-occurrence network anal-
ysis, the verb collocation distribution and semantic association patterns of for-
mation names were revealed, and data-driven annotation guidelines were de-
signed accordingly. Linguistic feature analysis findings were directly mapped to 
CRF feature templates, forming a closed-loop methodology of “analysis-annota-
tion-modeling.” Third, the fully-featured CRF model combined with rule-based 
post-processing achieved an F1 score of 87.0%, an improvement of 12.2 percent-
age points over the rule-based baseline. The ablation experiments verified the ef-
fectiveness of domain dictionary features (contributing 3.8 percentage points) and 
contextual window features (contributing 1.7 percentage points). Error analysis 
showed that boundary truncation (28%) and missed recall of informal descrip-
tions (19%) are the primary error types.  
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