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Abstract 

Under the backdrop of digital subsurface and intelligent field development, together with 
sustainable development planning, reliable and continuous well-log measurements are 
increasingly essential for reservoir evaluation and geological interpretation. Density 
(DEN) logging is critical for reservoir evaluation and geological interpretation, providing 
fundamental constraints for lithology/porosity-related assessment and integrated subsur-
face characterization. However, the DEN curve often contains missing intervals or distor-
tions caused by borehole conditions and tool/environmental interference. This study pro-
poses an RF–Transformer framework for DEN reconstruction that couples (i) Random-
Forest-based feature screening to suppress redundant or low-contribution channels and 
(ii) a Transformer encoder with mask-aware self-attention to capture both local fluctua-
tions and long-range depth dependencies. Experiments were conducted on logging data 
from nine vertical wells in the Lianggaoshan Formation (Sichuan Basin, China) with a 
unified sampling step of 0.125 m. Under a well-wise split protocol, RF–Transformer 
achieved RMSE = 0.0126 g/cm3, MAE = 0.0079 g/cm3, R2 = 0.9863, and r = 0.9932, outper-
forming Random Forest, Decision Tree, KNN, LightGBM, LightGBM–NN, and a base 
Transformer. The pass rate reached 92.86% under an error tolerance of ±0.02 g/cm3, 
demonstrating robust reconstruction in long missing sections and lithological transition 
zones. The proposed workflow provides an effective route for repairing density logs in 
complex reservoirs and for improving the continuity of multi-log interpretation. 

Keywords: well-log curve reconstruction; Random Forest; Transformer model;  
feature selection; reservoir evaluation; geological interpretation 
 

1. Introduction 
Well logs constitute the fundamental data source for petroleum geological interpre-

tation, reservoir evaluation [1,2], and three-dimensional geological modeling; therefore, 
their continuity and accuracy directly determine the reliability of derived geological pa-
rameters [3,4]. In deep and unconventional reservoir settings, key logs such as density, 
acoustic, and resistivity curves are often affected by missing intervals or distortions, 
whereas re-logging is frequently impractical from both engineering and economic 
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perspectives. Consequently, it is imperative to achieve high-accuracy curve reconstruction 
by leveraging the information contained in available logging measurements [5–7]. 

To address this problem, the methodological trajectory has evolved from traditional 
interpolation/regression approaches to machine-learning techniques and, more recently, 
deep-learning models. Early studies primarily relied on spline interpolation, kriging, and 
linear regression [8,9], in which missing logs were treated as smooth and locally correlated 
random fields for estimation [10]. Although these approaches (e.g., kernel ridge regres-
sion, KRR) are straightforward to implement, they often fail to recover high-frequency 
fluctuations and abrupt variations in thin interbeds, strongly heterogeneous formations, 
or carbonate fractured–vuggy reservoirs [11]. Subsequently, machine-learning models 
were introduced to identify key inputs that are most informative for the target curve [12]. 
For instance, Random Forest, owing to its ensemble nature, is robust in handling noisy, 
multi-source, and partially missing data and can provide uncertainty analysis [13], 
whereas support vector machines and kernel-based methods exhibit certain advantages 
in local-neighborhood prediction [14]. With the rapid expansion of deep learning in geo-
physics, more complex nonlinear modeling has become feasible [15]. One-dimensional 
convolutional neural networks (CNNs) have been applied to extract local patterns within 
depth neighborhoods [16], bidirectional recurrent structures (BiGRU and BiLSTM) have 
been used to capture forward–backward dependencies [17–20], and temporal convolu-
tional networks (TCNs) have also been demonstrated to be effective [21]. These methods 
establish nonlinear relationships among multiple log curves, improving the consistency 
of reconstructed results in both local details and overall trends. To overcome the limita-
tions of recurrent architectures on long sequences, Zeng proposed an attention–BiGRU 
framework [22] that successfully captures vertical correlations in logging sequences. Fur-
thermore, Liao introduced a multi-head self-attention mechanism [23] into density and 
sonic log reconstruction [24–26], enabling refined trend characterization in thin interbeds 
and complex reservoirs. 

Although existing studies have substantially improved the accuracy of log-curve re-
construction, three common challenges remain. First, many deep-learning models simply 
fuse all available logging channels at the input stage, without physically motivated prior 
feature selection; consequently, ineffective or low-contribution features may be amplified 
simultaneously, thereby impairing model convergence and cross-well generalization. Sec-
ond, although attention mechanisms can capture long-range dependencies, their model-
ing efficiency is still susceptible to interference from redundant channels when input-fea-
ture screening is absent. Third, due to differences in logging standards, tool replacement, 
and borehole-environment disturbances, multi-well datasets are prone to distribution 
shifts; this often leads to performance fluctuations in cross-well applications, and errors 
are more likely to be amplified in long missing intervals and at abrupt boundaries. 

To address these limitations, this study proposes an RF-Transformer framework that 
integrates Random Forest and Transformer for high-accuracy reconstruction of the DEN 
curve. Specifically, Random Forest is employed to evaluate variable importance and to 
screen/rank an informative feature subset; the resulting feature sequence is then fed into 
the Transformer, where self-attention captures both near-depth details and cross-interval 
trends, enabling robust characterization of density-variation patterns. Overall, this work 
achieves high-precision DEN log reconstruction by unifying Random-Forest-based fea-
ture selection with Transformer-based sequence modeling, which also supports sustaina-
ble development in digital subsurface and intelligent field development by improving log 
continuity for more reliable reservoir evaluation and reducing avoidable re-logging or 
repeated operational interventions caused by poor data quality, thereby enhancing oper-
ational efficiency and minimizing unnecessary resource consumption. 
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2. Methods 
2.1. Overall Architecture 

For the DEN curve reconstruction task characterized by the coexistence of missing 
intervals and localized distortions, an interpretable workflow is established, consisting of 
preprocessing, RF-based feature screening, Transformer-based sequence modeling, and 
regression output. Multiple conventional logging curves together with a missingness 
mask are used as inputs; after unified resampling and normalization, the RF module is 
applied to select an informative feature subset and reduce the input dimensionality. The 
screened feature sequence is then fed into the Transformer encoder to learn multi-scale 
correlations along the depth direction, and finally, a regression head outputs continuous 
density values (Figure 1). 
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Figure 1. Overall workflow of RF-Transformer for density log reconstruction: preprocessing—RF 
screening—Transformer modeling—regression output. DEN denotes the density log (g/cm3); depth 
is in m. RF denotes Random Forest. 

After the basic preprocessing, the multi-source logging inputs are first fed into the 
Random-Forest-based feature-screening module to establish an integrated workflow in-
cluding feature-importance evaluation, subset determination, and channel re-encoding. 
In this study, 20 logging channels are initially provided to the Random Forest for feature 
screening: CALX, DEVI, AZIM, AC, SP, CALY, CAL, LLD, LLS, GR, RFOC, RILM, RT, 
CILD, GRSL, K, KTH, TH, U, and CNL. Based on the RF importance ranking and the OOB-
error stabilization criterion, the final retained subset is determined as K = 6, i.e., CNL, AC, 
CAL, AZIM, GR, and SP, which are used as the inputs to the Transformer encoder. In this 
way, without introducing any linearity assumptions, a feature subset with higher rele-
vance to the density curve, richer mutual information, and lower redundancy can be se-
lected. For channels containing complete-interval missingness or local anomalies, dedi-
cated marker values and a mask vector are employed to record their positions; combined 
with the RF model’s insensitivity to missing values, this strategy enables automatic dis-
crimination between usable information and invalid information, thereby avoiding 
changes to the original sample distribution caused by imputation or deletion. Further-
more, once the RF subset is constructed, a mapping table from original channel indices to 
encoded channel indices is generated; subsequently, the Transformer interacts only with 
this mapping table, which markedly compresses the input dimensionality and constrains 
the input length and scale across different wells within a controllable range. 
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After the RF feature subset is constructed, the selected logging-feature sequence, to-
gether with the depth-wise missingness mask, is jointly fed into the Transformer-based 
encoding module to achieve unified modeling of multi-scale correlations along the depth 
axis and abrupt interlayer transition patterns. First, the screened feature sequence is line-
arly projected into a unified high-dimensional representation space, and a learnable posi-
tional encoding is added to each depth location to explicitly represent the depth order. On 
this basis, the encoder employs a multi-head self-attention mechanism to simultaneously 
model short-range dependencies among adjacent layers and long-range constraints across 
intervals, thereby capturing both local abrupt variations in thin interbeds and the back-
ground trend in thick layers within the same network. Each encoder layer follows the 
standard architecture of multi-head attention–position-wise feed-forward network (Posi-
tion-wise FFN)–residual connection–layer normalization, which enhances nonlinear rep-
resentation capacity while maintaining training stability in deep networks. Moreover, to 
accommodate the objective existence of numerous masked positions in logging data, the 
correlations associated with masked locations are set to extremely small values before the 
attention softmax, preventing the model from allocating attention to data that were not 
measured. A lightweight regression head is then appended at the network end to output 
continuous values of the target curve. Transformer is adopted instead of BiLSTM or TCN-
BiGRU because, in multi-well and multi-block joint training, the sequence length often 
increases multiplicatively, and the attention mechanism provides superior efficiency for 
long-sequence representation and cross-sample sharing [5]. Considering engineering de-
ployability [27,28], the output side simultaneously computes MAE, RMSE, and structure-
similarity–type metrics to distinguish between two error types—numerically close but 
morphologically distorted versus morphologically consistent but locally shifted—and 
these objectives are jointly optimized in a weighted manner during training. Overall, the 
unified data pathway of “RF screening followed by Transformer encoding” improves the 
stability of cross-well generalization and the controllability of field deployment by reduc-
ing ineffective dimensions and redundant noise. 

2.2. Random-Forest Feature Screening and Subset Construction 

To prevent attention dispersion and unstable generalization caused by high-dimen-
sional redundant inputs, Random Forest is employed as an input-side denoising and com-
pression module. A regression forest is trained to obtain a feature-importance ranking, 
and the subset size is determined by the convergence of the out-of-bag (OOB) error as a 
function of the number of retained features. The resulting subset is designed to simulta-
neously satisfy three criteria—importance, informational complementarity, and cross-
well availability (Figure 2). For channels with missing measurements, fixed marker values 
are used in combination with a mask to record their locations, thereby ensuring that the 
original sample distribution is not altered. 
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Figure 2. Workflow of RF feature-importance evaluation and feature-subset construction. The input 
consists of multiple conventional logging curves, and the output is a feature subset ranked by im-
portance. 

In terms of sample representation, the original input is denoted as 𝐷 = {(𝑥௜ ,𝑦௜)}௜ୀଵே  (1)

where 𝑁 is the number of depth-sampling points; 𝑥௜ ∈ Rெ is the vector composed of 𝑀 
observed logging channels at the 𝑖-th depth point; and 𝑦௜ is the scalar target curve value 
to be reconstructed at the same depth point. 

For channels with complete-interval missingness, dedicated marker values are as-
signed, and their locations are recorded using a mask vector 𝑚௜, so that fields that do not 
participate in node splitting can be explicitly identified. During RF training, to make the 
feature-importance ranking better aligned with logging physics, a well-wise sampling and 
cross-well aggregation strategy is adopted: within each well, the depth order of samples 
is preserved to avoid disrupting stratigraphic continuity; across wells, samples are then 
randomly drawn to ensure that the training set covers diverse lithologies, different tool 
combinations, and multi-period logging operations [29]. With this design, the forest can 
exploit within-well local variations at split nodes while also learning, from inter-well dif-
ferences, which curves behave as stable inputs in the study area. After training, RF pro-
vides each input log with an average split-gain (or Gini-importance) score. Based on these 
scores, a feature subset 𝑆 ⊆ {1, … ,𝑀} is selected in descending order of importance, and 
the corresponding screened observation at the 𝑖-th depth point is denoted as 𝑥௜(ௌ). In prac-
tice, the subset is not constructed by simply taking the top-k features; instead, three prin-
ciples are jointly considered: (i) importance must exceed a threshold; (ii) physically com-
plementary information is prioritized while redundancy is suppressed; and (iii) cross-well 
availability is incorporated to prevent curves present only in a few wells from dominating 
the modeling, thereby ensuring usability for cross-well applications. This dual constraint 
of importance and availability was explicitly proposed in a 2025 GAN-based sequence-
imputation benchmark [30] to mitigate the overfitting of high-order deep models to rare 
channels. 

RF subset construction yields a mapping table from the original channel indices to 
the encoded channel indices, and the subsequent Transformer interacts only with this 
mapping table. Compared with directly feeding all channels into the attention network, 
this design markedly reduces the input dimensionality, allowing the attention computa-
tion to focus on features that are truly relevant to the target curve; meanwhile, it constrains 
the input length across different wells within a controllable range. Unlike kernel ridge 
regression, which performs kernel mapping only in the function space, the proposed strat-
egy performs a physically meaningful denoising and compression step in the feature 
space in advance. 

2.3. Transformer-Based Sequence Representation and Reconstruction Regression 

The compact well-log feature sequence screened by RF, together with the depth-wise 
missingness mask, is jointly used as the input and fed into the Transformer encoder, so as 
to achieve unified modeling of multi-scale correlations along the depth direction and in-
terlayer abrupt-transition patterns (Figure 3). 
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Figure 3. Multi-scale correlation modeling along the depth sequence and the density-regression out-
put architecture of the Transformer encoder. The encoder is composed of multi-head self-attention 
and a feed-forward network to learn depth-direction correlations; the output is the reconstructed 
DEN result (g/cm3). 

The RF-screened feature sequence is first linearly projected into a unified 𝑑-dimen-
sional vector space 𝑧௜ = 𝑊௘𝑥௜(ௌ) + 𝑏௘ (2)

Here, 𝑊௘ is the learnable weight matrix that maps the feature subset into the model 
hidden space; 𝑏௘ is the corresponding bias vector; and 𝑧௜ denotes the representation of 
the 𝑖-th depth point in the unified vector space. 

To enable the model to recognize the depth order, a positional encoding is added to 
each depth point. Considering that logging depth is continuous and that the depth ranges 
vary substantially across wells, a learnable positional encoding is adopted instead of a 
fixed sinusoidal encoding, which is more suitable for automatically adapting to different 
depth intervals in cross-well training. The resulting input sequence is ℎ௜(଴) = 𝑧௜ + 𝑝௜ (3)

Here, 𝑝௜ is the learnable positional vector at the 𝑖-th depth location, and ℎ௜଴ is the 
input representation of the encoder at layer 0 after incorporating positional information. 

Each encoder layer adopts the standard multi-head self-attention mechanism [31]. 
For the first head at layer 𝑙, the attention output is computed as 𝐴𝑡𝑡𝑛(𝑄,𝐾,𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ቆ𝑄𝐾்ඥ𝑑௞ቇ𝑉 (4)

Here, the query, key, and value matrices are obtained by linear projections of the 
previous-layer output: 𝑄 = 𝐻(௟ିଵ)𝑊ொ ,𝐾 = 𝐻(௟ିଵ)𝑊௞ ,𝑉 = 𝐻(௟ିଵ)𝑊௏ ,𝐻(௟ିଵ). 

Where 𝐻൫𝑙−1൯denotes the encoder output of the (𝑙−1)-th layer. Multi-head attention 
concatenates multiple heads computed in parallel and then restores the representation to 
the original dimensionality through a linear layer. This design allows the model to simul-
taneously focus on lithological transition points, mud-filtrate-contamination-sensitive in-
tervals, and locations that are physically highly correlated with the target curve, thereby 
recovering both the macroscopic trend and fine-scale fluctuations within a single recon-
structed curve. Compared with RNN-based structures, this attention-only encoding does 
not suffer from sequential dependence [32], enabling efficient processing of long-interval 
data and parallel training on samples from multiple wells within the same mini-batch; 
moreover, within the previously reported large-model framework for well-log reconstruc-
tion, it has been shown to achieve improved cross-well generalization without increasing 
the parameter count [5]. 
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After each self-attention sublayer, a position-wise feed-forward network (Position-
wise FFN) is appended, formulated as FFN(𝑥) = 𝑚𝑎𝑥(0, 𝑥𝑊ଵ + 𝑏ଵ)𝑊ଶ + 𝑏ଶ (5)

Here, 𝑥 is the input vector at each position; 𝑊ଵ and 𝑏ଵ are the parameters of the 
first linear layer; 𝑊ଶ and 𝑏ଶ are the parameters of the second linear layer; and 𝑑௙௙ de-
notes the intermediate dimensionality of the feed-forward sublayer. 

This structure acts independently at each depth location to enhance nonlinear repre-
sentation capacity. Residual connections and layer normalization are placed after the at-
tention and FFN sublayers, respectively, to stabilize deep training as network depth in-
creases and to mitigate gradient vanishing on long sequences. To accommodate the objec-
tive presence of numerous masked positions in well-log data, the correlations associated 
with masked locations are set to extremely small values before the attention softmax [33], 
preventing the model from allocating attention to unmeasured data; this is consistent with 
the masking strategy adopted by Han in log super-resolution [34] to address erroneous 
alignment in low-resolution intervals. 

Transformer encoding yields a high-dimensional representation of the entire well in-
terval; therefore, a regression head is required to project it back into the scalar space of the 
target curve. In practice, the regression head can be implemented using a one- or two-
layer fully connected network 𝑦ො = 𝑊௢ℎ௜(௅) + 𝑏௢ (6)

Here, ℎ௜௅ denotes the output representation of the encoder at the 𝐿-th layer for the 𝑖-th depth position; 𝑊௥ and 𝑏௥ are the weight matrix and bias term of the linear regres-
sion head, respectively; and 𝑦ො௜ is the predicted scalar value of the target curve at this 
depth position. 

During training, the objective function is dominated by MAE and is supplemented 
with MSE or the Huber loss to enhance robustness against outliers 

ℒ = 𝜆ଵ 1𝑁෍|𝑦పෝ − 𝑦௜| +ே
௜ୀଵ 𝜆ଶ 1𝑁෍(𝑦పෝ − 𝑦௜)ଶே

௜ୀଵ  (7)

Here, 𝑦ො௜ denotes the model prediction at the 𝑖-th depth position, 𝑦௜ is the corre-
sponding ground-truth target value, and 𝜆ଵ, 𝜆ଶ ≥ 0are the weighting coefficients for the 
two loss terms. 

If integration with a GAN- or CGAN-based imputation framework is required, the 
Transformer output can be treated as a prior input to the generator. In this way, the phys-
ical interpretability of RF-Transformer is retained, while the distribution-fitting capability 
of generative models under small-sample conditions can also be leveraged. This joint 
strategy is consistent with the latest sequence-based GAN well-log imputation studies 
[35]; however, in the present framework, sequence-feature learning is moved upstream to 
the Transformer, and the generator is mainly responsible for fine-detail correction and 
uncertainty representation. 

3. Experiments 
3.1. Experimental Setup 

Model training and validation were conducted on a high-performance workstation 
oriented to petroleum data processing (Table 1), equipped with a multi-core CPU, large-
capacity memory, and an NVIDIA GPU with large VRAM, so as to support parallel slicing 
of long multi-well sequences and the associated self-attention computation. The algo-
rithms were implemented uniformly in Python 3.10: deep-learning components were de-
veloped in PyTorch 2.3, whereas ensemble baselines such as Random Forest and 
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LightGBM were implemented using scikit-learn; NumPy and Pandas were used for data 
ingestion, depth registration, and missing-interval marking; and Matplotlib 3.9 was used 
for visualization. A fixed random seed was adopted to ensure reproducibility, and logs 
and model weights were written to a local SSD to reduce I/O-induced variability. Prior to 
modeling, all input curves were normalized using either min–max (0–1) scaling or Z-score 
standardization to stabilize gradients and eliminate dimensional inconsistency. 

Table 1. Experimental environment configuration. 

Module Specification/Version 
CPU 16-core x86_64 (≥2.5 GHz) 

Memory 64 GB DDR4 
GPU NVIDIA RTX 4090, 24 GB VRAM 

Storage 2 TB NVMe SSD 
Operating system Ubuntu 22.04 LTS 

Python 3.10 
PyTorch 2.3 

CUDA/cuDNN 12.1/9 

Major libraries 
NumPy 1.26; SciPy 1.11; Pandas 2.2;  

scikit-learn 1.4; Matplotlib 3.9 

3.2. Dataset 

The experimental data were collected from development well-logging records of the 
Lianggaoshan Formation, China. This block is characterized by a high logging complete-
ness, diverse curve types, and frequent vertical facies/lithological transitions, which can 
fully expose typical issues such as unstable correlations among multi-source logs, com-
plete-curve absence over local intervals, and inconsistency in standards between old and 
new wells—consistent with practical experience reported in multi-curve joint digitization 
and completion studies [36–38]. The dataset comprises 9 vertical wells with a unified sam-
pling step of 0.125 m, and the compiled dataset contains 3012 depth samples spanning 
3680.250–4056.625 m (total span: 376.375 m). The interpretation label includes six lithol-
ogy-based categories (IDs 1–6) with proportions of 17.37%, 15.78%, 16.81%, 10.59%, 
12.09%, and 27.37%, respectively. Along depth, 49 category transitions are observed (i.e., 
50 contiguous lithology segments), indicating frequent lithological alternations within the 
studied interval. Depth registration was performed using the main interval depth as the 
reference, and quality flags were assigned to tool-change sections, cased-hole sections, 
and intervals with severe borehole enlargement; the flagged points were excluded from 
loss computation. The full raw candidate set contains 20 logging channels. After RF 
screening, only the RF-retained subset (K = 6; CNL, AC, CAL, AZIM, GR, and SP) was 
used as the input to the Transformer encoder, and the density log DEN was selected as 
the reconstruction target because it is sensitive to reservoir evaluation and is prone to dis-
continuities under the influence of borehole conditions, invasion effects, and instrument 
drift. 

This study adopts a well-wise split protocol to evaluate cross-well generalization. 
Specifically, 6 wells are used for training, 1 well is used for validation (hyperparameter 
selection and early stopping), and the remaining 2 wells are used for testing. Under the 
unified sampling step of 0.125 m, the compiled dataset contains 3012 depth samples in 
total, with approximately 2008/335/669 samples in the training/validation/testing splits, 
respectively. 
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3.3. Evaluation Metrics 

Because the present task is inherently a regression-type reconstruction along a depth 
sequence, the focus is not on classification accuracy but on whether the correct curve mor-
phology can be recovered at the correct depth positions with sufficient dimensional accu-
racy. Therefore, the evaluation system is primarily based on continuous metrics, comple-
mented by an engineering-oriented pass-rate metric that is more intuitive for field use. 
First, the root mean square error (RMSE) and mean absolute error (MAE) are used to 
quantify the overall dimensional deviation between the reconstructed and ground-truth 
density curves 

RMSE = ඩ1𝑁෍(𝑦௧ − 𝑦௧ෝ )ଶே
௧ୀଵ , MAE = 1𝑁෍| 𝑦௧ − 𝑦௧ෝ  |ே

௧ୀଵ  (8)

Here, 𝑁 is the number of sampling points; 𝑦௧ is the ground-truth density value at 
depth index 𝑡; and 𝑦ො௧ is the reconstructed value at the same depth. 

Next, the coefficient of determination 𝑅ଶ and the Pearson correlation coefficient 𝑟 
are introduced to assess whether the model truly learns the depth-dependent trend of the 
curve rather than merely producing a smoothed interpolation. When 𝑟 > 0.9  while 
RMSE remains relatively large, it often indicates that the model still exhibits insufficient 
dimensional tracking in intervals with strong abrupt variations; this phenomenon is most 
evident in oil–water transition zones, deep high-pressure mudstone sections, and inter-
vals with rapid borehole-diameter changes. When metrics are computed as 

𝑅ଶ = 1 − ∑ (𝑦௧ − 𝑦௧ෝ )ଶே௧ୀଵ∑ (𝑦௧ − 𝑦ത)ଶே௧ୀଵ , 𝑟 = ∑ (𝑦௧ − 𝑦ത)൫𝑦௧ෝ − 𝑦ො൯ே௧ୀଵඥ∑ (𝑦௧ − 𝑦ത)ଶே௧ୀଵ  ට∑ ൫𝑦௧ෝ − 𝑦ො൯ଶே௧ୀଵ  (9)

where 𝑦̄ is the full-well mean of the ground-truth density curve and 𝑦ො‾ is the mean of the 
reconstructed curve. 

Finally, an engineering-threshold pass rate is reported to reflect the proportion of 
depth points that can be directly used for interpretation under a prescribed error toler-
ance. In summary, a combined system of continuous error and consistency metrics is 
adopted—RMSE and MAE for dimensional deviation, and 𝑅ଶ  and 𝑟  for trend con-
sistency—together with a threshold-based pass rate to quantify the effective depth cover-
age for practical use. 

4. Results and Discussion 
4.1. Overall Accuracy and Trend Consistency 

Under a unified data split, preprocessing procedure, and evaluation protocol, the re-
construction performance of RF-Transformer is systematically compared with multiple 
algorithms, including Random Forest, Decision-Tree, KNN, LightGBM-NN, Base-Trans-
former, and LightGBM (Table 2). 
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Table 2. Performance comparison of density-curve reconstruction across different models (RMSE, 
MAE, 𝑅ଶ, Pearson 𝑟, and pass rates under error thresholds). The underlined values indicate the 
best results. 

Model RMSE MAE R2 Pearson r Within 
±0.02 

Within 
±0.05 

RF-Transformer 0.0126 0.0079 0.9863 0.9932 92.86 99.34 
Random Forest [12] 0.0154 0.0103 0.9796 0.9899 87.42 98.84 
Decision-Tree [30] 0.0219 0.0149 0.9585 0.9791 74.97 96.38 

KNN [7] 0.0252 0.0179 0.9453 0.9724 67.56 95.29 
LightGBM-NN [39] 0.0264 0.0199 0.9399 0.9709 61.39 93.92 

Base-Transformer [26] 0.0305 0.0219 0.9196 0.9590 57.90 92.23 
LightGBM [40] 0.0315 0.0233 0.9142 0.9671 53.85 90.67 

From the numerical metrics, RF-Transformer achieves the best or near-best perfor-
mance across all evaluation criteria. Its RMSE is 0.0126, and MAE is 0.0079 (Figure 4), with 𝑅2 = 0.9863 and Pearson 𝑟 = 0.9932; the proportions of depth points with errors con-
trolled within ±0.02 g/cm3 [41] and ±0.05 g/cm3 reach 92.862% and 99.336%, respectively. 
Compared with the best-performing conventional baseline, RF-Transformer reduces 
RMSE from 0.0154 to 0.0126 and MAE from 0.0103 to 0.0079, while 𝑅ଶ and 𝑟 increase 
from 0.9796 and 0.9899 to 0.9863 and 0.9932, respectively. These results indicate that, while 
maintaining robustness, introducing long-sequence modeling can further compress the 
overall error and improve the consistency of depth-dependent trends. Taking the com-
monly used engineering threshold of ±0.02 g/cm3 as an example, RF-Transformer in-
creases the coverage by approximately 5.4% relative to Random Forest and by nearly 39% 
relative to LightGBM. In terms of deployability, typical baseline models can complete sin-
gle-well inference in ~30 s, while the proposed RF-Transformer takes ~1 min under the 
same protocol. Although slightly slower, this latency is still acceptable for practical single-
well density reconstruction. 

 

Figure 4. Comparison of DEN reconstruction errors (MAE and RMSE) between RF-Transformer and 
baseline models. MAE and RMSE are in g/cm3; smaller values indicate lower reconstruction error. 

From the perspective of overall trends, all models are able to follow the dominant 
variation direction of the density curve (Figure 5). However, their differences become pro-
nounced in intervals with frequent oscillations induced by thin interbeds: Random-Forest-
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based models tend to exhibit step-like behavior or overly smoothed responses near local 
extrema, whereas sequence models place greater emphasis on continuity along the depth 
direction. In comparison, RF-Transformer reproduces peak–trough locations, turning-
point slopes, and weak high-frequency perturbations more consistently with the meas-
ured curve; meanwhile, it does not introduce excessive oscillations in intervals with 
strong local noise. 

Although the RF-Transformer demonstrates strong performance on the Liang-
gaoshan Formation dataset, its accuracy may degrade when transferred to other basins or 
formations due to domain shift in both geology and acquisition conditions. Typical failure 
cases include (i) different lithofacies assemblages and diagenetic trends that alter the rela-
tionship between density and auxiliary logs (e.g., shale content, pore-fluid type, and com-
paction regime), (ii) changes in borehole environment and tool calibration (mud system, 
borehole enlargement, standoff, and logging standards) that distort the measured re-
sponses, and (iii) trajectory-related and structural complexities that introduce non-station-
ary depth dependencies. Importantly, the RF screening step is domain-dependent: the re-
tained feature subset is not guaranteed to remain unchanged across fields. While our final 
subset is fixed as K = 6 (CNL, AC, CAL, AZIM, GR, and SP) for the studied dataset, dif-
ferent geological contexts may yield a different importance ranking and thus a different 
optimal subset. To assess and improve transferability, we recommend (1) conducting 
leave-one-field/leave-one-area validation when multi-field data are available, (2) re-run-
ning RF screening on the target domain to regenerate the selected subset and its mapping, 
(3) performing lightweight fine-tuning of the Transformer using a small labeled interval 
from the target area, and (4) aligning normalization and quality-control rules with the 
target acquisition standard. 

 

Figure 5. Overlay comparison between the measured density curve and the reconstructed results 
over the full well interval, illustrating overall trend consistency and deviation levels; used to com-
pare trend consistency and bias across different models over the entire depth range. 
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4.2. Input-Feature Correlation Analysis Supporting RF Screening 

To further explain—at the input level—why the proposed model can stably recon-
struct DEN and to provide a verifiable basis for the subsequent RF-based feature screen-
ing, the correlation structure among the input features is analyzed. This structure reflects 
the informational complementarity among different logs, and it also reveals the degree of 
redundancy as well as potential pathways through which noise may propagate. Note that 
the correlation analysis is performed over the raw candidate channels to illustrate redun-
dancy/complementarity, whereas the Transformer receives only the RF-retained subset as 
inputs. 

As indicated by the correlation matrix (Figure 6), DEN exhibits stable and relatively 
strong correlations with several inputs, while a pronounced multicollinearity structure is 
also present. Specifically, DEN shows strong negative correlations with CNL, AC, and 
CAL, with the absolute correlation coefficients approaching or exceeding 0.85; moreover, 
DEN varies consistently with borehole-size-related variables such as CAL, CALX, and 
CALY. This suggests that porosity responses, acoustic responses, and borehole-environ-
ment variations jointly control the dominant sources of density-measurement fluctua-
tions. In contrast, DEN shows moderate positive correlations with trajectory/attitude var-
iables (e.g., AZIM and DEVI) and natural gamma indicators (e.g., GR and GRSL), imply-
ing that wellbore trajectory and lithological information provide auxiliary constraints on 
density variations. If all channels are directly fed into the model without screening, the 
network will simultaneously receive multiple near-duplicate information groups, which 
not only increases dimensionality and training instability but may also amplify the influ-
ence of borehole or tool effects on attention allocation, thereby weakening cross-well gen-
eralization. 

 

Figure 6. Pearson−𝑟 correlation heatmap among multiple well−log curves. 

Univariate scatter fitting further corroborates the above findings (Figure 7) and re-
veals pronounced differences in the explanatory strength of individual inputs with re-
spect to DEN. Specifically, the goodness-of-fit between DEN and CNL, AC, and CAL 
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reaches 𝑅ଶ = 0.7932 , 0.7021, and 0.6147, respectively, and all exhibit clear negative 
trends, indicating that porosity response and acoustic slowness provide the most direct 
constraints on density, while borehole-size variations can introduce systematic biases 
through environmental effects. In contrast, GR shows only a moderate association with 
DEN (𝑅2 = 0.4180), whereas the linear explanatory power of LLS and LLD is weak (𝑅2 ൎ0.0847 and 0.0732, respectively). This reflects the fact that resistivity is jointly controlled 
by multiple coupled factors—such as fluid properties, invasion, and clay content—so a 
monotonic linear constraint on DEN is not stable. These discrepancies imply that DEN 
reconstruction should not rely on a single strongly correlated channel; instead, high-con-
tribution features should be retained while collinearity redundancy and weakly constrain-
ing channels should be suppressed to avoid noise-driven model behavior. 

 

Figure 7. Scatter relationships and linear fits between DEN and key input curves, reporting the cor-
relation strength and the trend direction. 

4.3. Local-Interval Detail Fidelity and Abrupt-Boundary Tracking 

After the overall metrics and the input-correlation structure have been validated, the 
model’s detail fidelity at fine-scale stratigraphic sequences must be further examined. This 
is because the engineering usability of a density curve often depends on whether high-
frequency fluctuations in thin interbeds, sharp spike-and-fall behaviors, and the phase 
alignment and amplitude recovery at abrupt boundaries can be accurately reproduced, 
rather than merely achieving a low full-well average error. 

In the local-interval comparison (Figure 8), all models are able to follow the dominant 
variation direction of the density curve; however, their differences become pronounced in 
intervals with frequent oscillations induced by thin interbeds. Near local extrema, Ran-
dom-Forest-based models are more prone to step-like or overly smoothed responses: the 
peak–trough amplitudes at certain depth points are compressed, and the slopes at turning 
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points tend to become blunted. In contrast, sequence models emphasize continuity along 
the depth direction and are more sensitive to phase consistency of high-frequency pertur-
bations; therefore, they show advantages in reproducing peak–trough positions and 
small-amplitude fluctuations. Across the column-wise comparison, RF-Transformer 
matches the measured curve more closely in terms of peak–trough locations, turning-
point slopes, and weak high-frequency perturbations; meanwhile, it is less likely to intro-
duce excessive oscillations in noisy intervals, thereby achieving more stable detail fidelity 
in thin-interbedded sections. 

 

Figure 8. Overlay comparison of density curves in the enlarged interval (3846–3892 m), illustrating 
the tracking performance at abrupt boundaries and peak–trough locations. 

Further multi-model overlays over the interval shown in Figure 9 enable a more di-
rect assessment of detail fidelity and abrupt-boundary tracking among different models. 
Overall, all models can reproduce the dominant DEN trend; however, marked discrepan-
cies are observed at high-frequency oscillations induced by thin interbeds and at local 
abrupt transitions. Random Forest, Decision Tree, and LightGBM exhibit, at certain peak–
trough positions, either amplitude compression or small-scale jitters caused by local over-
fitting, leading to visible deviations from the measured curve around turning points. Base 
Transformer places greater emphasis on sequence smoothness and thus produces rela-
tively stable overall trends, but they tend to flatten sharp peaks, show insufficient rebound 
at troughs, or exhibit slight phase lag at steep boundaries, thereby reducing the resolution 
of fine-scale layer interfaces. By contrast, RF-Transformer achieves a higher overlap with 
the measured curve at most depth points: it preserves boundary alignment while retain-
ing thin-bed oscillation amplitudes without introducing additional oscillations, demon-
strating a more stable advantage in tracking local details and abrupt boundaries. 
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Figure 9. Overlay comparison of the measured DEN curve and reconstructions from multiple mod-
els over 3750–3850 m. 

4.4. Prediction Consistency and Statistical Distribution of Errors 

A single average error is insufficient to characterize model reliability across different 
density ranges, stratigraphic assemblages, and abnormal borehole conditions. Therefore, 
prediction consistency, the shape of the error distribution, threshold-coverage efficiency, 
and stratified residual structures are further analyzed to ensure that the conclusions are 
both statistically robust and engineering-interpretable. 

From the perspective of prediction consistency, the cross-plot relationship between 
predicted and measured values can directly verify whether the dimensional mapping re-
mains stable over the full range. The scatter cloud of RF-Transformer generally forms a 
relatively compact band along the 1:1 reference line (Figure 10), indicating that the model 
does not merely reproduce local trends through smoothed interpolation but instead main-
tains consistent amplitude characterization across different density levels. The limited de-
viations are mainly concentrated in extreme ranges or in sample segments with the most 
drastic variations. Such dispersion is typically associated with abrupt boundaries, bore-
hole-environment perturbations, and imbalanced sample proportions; nevertheless, the 
overall convergent pattern still supports its cross-interval prediction consistency. 

Error-distribution statistics further characterize the robustness of this consistency at 
an engineering scale. RF-Transformer exhibits a lower median absolute error, a narrower 
interquartile range, and a more strongly suppressed long tail (Figure 11), indicating that 
errors are more concentrated across most depth points and that the proportion of outliers 
is lower. Correspondingly, its cumulative distribution function rises faster in the small-
error region (Figure 12), implying that more sample points can be covered under the same 
error threshold. Consistent with the numerical metrics, under the unified evaluation pro-
tocol across the nine wells, RF-Transformer achieves RMSE = 0.0126 g/cm3 and MAE = 
0.0079 g/cm3; moreover, the pass rates under ∣ 𝑦ො − 𝑦 ∣൑ 0.02 g/cm3 and ∣ 𝑦ො − 𝑦 ∣൑
0.05g/cm3 reach 92.862% and 99.336%, respectively, demonstrating that the overall con-
vergence of the error distribution and the advantage in threshold coverage hold simulta-
neously. 
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Figure 10. Cross−plot of RF−Transformer predictions versus measured values. 

 

Figure 11. Comparison of the statistical distributions of absolute density-reconstruction errors 
among different models. The absolute error is ∣ predicted− measured ∣(g/cm3); the box indicates 
the interquartile range, and the center line indicates the median. 

In addition to the overall distribution, the residual structure across different interpre-
tation categories can further reveal whether the sources of error exhibit stratigraphic de-
pendence. The residual dispersion increases noticeably in certain categories (Figure 13), 
indicating that, under specific lithological combinations, the input logs provide weaker or 
more unstable constraints on DEN; consequently, variance is more readily amplified, 
forming the major contributing intervals to long-tail risk. This observation is consistent 
with the previously identified category-dependent differences in input correlations, and 
it further suggests that category priors or stratified modeling strategies could be intro-
duced in subsequent work to further compress the residual dispersion for specific catego-
ries without sacrificing overall consistency, thereby improving transferability across strat-
igraphic scenarios and enhancing risk controllability. 
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Figure 12. Comparison of the cumulative distribution functions of absolute errors among different 
models. The x−axis is ∣ predicted− measured ∣(g/cm3), and the y−axis is the cumulative proportion; 
vertical lines denote the preset error-threshold references. 

 

Figure 13. Residual distribution of density reconstruction across different interpretation categories. 
The residual is defined as 𝑦ො − 𝑦(g/cm3); each category summarizes the dispersion characteristics of 
residuals to evaluate category-dependent reconstruction stability. 

Recent studies have demonstrated that sequence models enhanced by attention 
mechanisms can substantially improve the recovery of depth-wise dependencies, espe-
cially when the reconstruction needs to preserve both local fluctuations and longer-range 
correlations. For example, attention-augmented architectures combining temporal convo-
lution and bidirectional recurrence have been further strengthened by introducing lithol-
ogy indicators as physical constraints, which help stabilize density reconstruction under 
complex stratigraphic settings and borehole enlargement effects (e.g., TCN–BiGRU with 
multi-head self-attention and lithology constraints) [23]. In contrast, our results indicate 
that a complementary improvement can be achieved by addressing the “input-side” issue 
before sequence learning: Random-Forest screening suppresses redundant/low-contribu-
tion channels and fixes an informative subset, while the mask-aware Transformer focuses 
its attention budget on measured positions and depth-consistent patterns. This design 
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rationale aligns with the general observation that feature selection and redundancy con-
trol can improve robustness and reduce unnecessary variance amplification in well-log 
prediction tasks [13], and it provides a practical route to stabilize attention allocation when 
multi-log inputs exhibit strong multicollinearity and acquisition-dependent noise. 

At the same time, the literature also highlights that generalization remains sensitive 
to domain shift and that the “best” input set may vary across fields. Therefore, the RF-
selected subset reported in this study should be interpreted as dataset-specific rather than 
universally fixed; in a new basin or formation, re-running feature screening and recali-
brating the mapping is recommended prior to deployment. Moreover, recent generative 
imputation frameworks (e.g., sequence-based GANs) suggest a viable pathway to repre-
sent distributional uncertainty and recover plausible variability under limited observa-
tions [30]. Consistent with uncertainty-aware RF imputation practices that use prediction 
intervals to quantify confidence along depth [13], a key future direction is to augment RF–
Transformer with uncertainty quantification (e.g., prediction intervals or calibrated un-
certainty scores) and domain adaptation/fine-tuning using small labeled intervals from 
the target area, so that long-tail errors and category-dependent dispersion can be further 
compressed while improving transferability across operational conditions. 

5. Conclusions 
This study addresses density (DEN) log discontinuities induced by borehole condi-

tions and tool/environmental interference by proposing an RF–Transformer workflow 
that combines Random-Forest-based feature screening with a mask-aware Transformer 
encoder for depth-sequence reconstruction. Using nine vertical wells (0.125 m sampling) 
under a well-wise split protocol, the method delivers accurate and trend-consistent DEN 
reconstruction, improving density-log continuity for multi-log interpretation in complex 
reservoirs. 

Across all compared models, RF–Transformer achieves the best overall performance 
with RMSE = 0.0126 g/cm3, MAE = 0.0079 g/cm3, R² = 0.9863, and r = 0.9932, and a pass rate 
of 92.862% within ±0.02 g/cm3. The reconstructed curve better preserves phase and ampli-
tude in intervals with thin interbeds and abrupt spike–fallback patterns, benefiting from 
RF de-redundancy and mask-constrained attention that strengthens long-range structure 
while avoiding attention to unmeasured positions. 

Several limitations remain. The RF-selected input subset is domain-dependent and 
may change across basins, lithofacies, or acquisition standards. Residual dispersion is cat-
egory-dependent (Figure 13), implying higher variance in more heterogeneous lithologies 
and frequent transition zones, and transferability may degrade under geological and bore-
hole-condition shifts. 

Future work will focus on improving transferability and compressing long-tail errors 
via lithology-aware (stratified) modeling, category priors, and domain adaptation, to-
gether with stricter cross-block validation and uncertainty quantification to better control 
prediction risk under varying operational conditions. 
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Abbreviations 

DEN Density log (bulk density) 
CNL Compensated neutron log 
AC Acoustic/Sonic slowness log 
CAL Caliper log 
CALX Caliper log (X-direction component) 
CALY Caliper log (Y-direction component) 
GR Gamma ray log 
GRSL Gamma ray (auxiliary) 
SP Spontaneous potential log 
LLD Deep laterolog resistivity (deep resistivity channel) 
LLS Shallow laterolog resistivity (shallow resistivity channel) 
RT True formation resistivity 
RILM Resistivity channel 
RFOC Resistivity-related channel  
CILD Resistivity-related channel 
AZIM Azimuth (wellbore/tool azimuth) 
DEVI Deviation (well deviation angle) 
K Potassium (spectral gamma-related channel) 
TH Thorium (spectral gamma-related channel) 
U Uranium (spectral gamma-related channel) 
KTH Spectral gamma-related channel  
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