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Abstract

This study proposes an optimization model for bidding quotations of non-standard automation
projects based on historical financial data, aiming to address the subjectivity and instability inherent
in traditional pricing methods. Through data preprocessing, feature engineering, model selection,
and ensemble techniques, a multi-model collaborative prediction framework is constructed.
Combining the strengths of tree models, linear regression, and neural networks, the model employs
aresidual correction mechanism to refine prediction outcomes.Experimental results demonstrate that
the integrated model achieves superior pricing accuracy across projects of varying scales and process
categories, significantly enhancing quotation stability and reliability. This research provides a
feasible technical pathway for automating non-standard project quotations and holds strong
potential for engineering applications.
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1. Introduction

Bid pricing for non-standard automation projects remains a persistent challenge in engineering
project management. Due to high complexity and customization, traditional pricing methods often
rely heavily on experience, resulting in significant quotation deviations and unstable predictions. As
project scales continue to expand and process requirements diversify, manual estimation approaches
can no longer meet modern management demands [1]. To enhance quotation accuracy and mitigate
risks, this paper proposes a pricing optimization model based on historical financial data. Through
techniques including data preprocessing, feature engineering, and model fusion, it constructs an
automated pricing framework tailored to the characteristics of non-standard automation projects.
This framework effectively improves quotation precision for projects of varying scales and process
complexities, demonstrating strong engineering application value.

2. Research Background

Non-standard automation projects show significant differences in structure complexity, process
path, outsourcing ratio, and commissioning cycle, resulting in highly discrete historical financial data
with strong non-linear correlations. The cost structure is driven by the fluctuation of material prices,
the choice of process schemes, and the changes in the working hours. Inconsistent BOM granularity
and different outsourcing fee settlement cycles have further complicated the data modeling.The
method of quotation is based on accumulated experience and lacks a quantitative description of the
relationship between cost factors, resulting in frequent deviations at the quotation stage for projects
of different sizes [2]. Although machine learning can detect hidden patterns in heterogeneous data,
it is difficult to apply it to non-standardized projects. In order to improve generalization capabilities,
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we need more sophisticated feature engineering, data slicing modeling, and model ensemble
strategies.

3. Machine Learning-Based Bid Pricing Modeling Approach
3.1. Data Collection and Preprocessing

Data sources comprise historical financial systems, BOM lists, and subcontracting orders. Fields
for materials, labor, man-hours, and structural parameters are aligned by project dimension,
establishing multi-table mapping relationships via unified primary keys.As shown in Figure 1,
missing values are imputed using project-type-specific mean values or process interval interpolation.
Outliers are filtered based on quartile-based thresholding [3]. Quotation targets exhibit right-skewed
distributions, necessitating skewness correction via Box-Cox transformation:

A A%0 (1)

where Y represents the original quotation, and A s determined by maximum likelihood
estimation. Numeric features are standardized using Z-scores and predictions inverse-transformed
via Box-Cox

o (2

where* denotes the original feature, H represents the sample mean, and O indicates the standard
deviation. Field recoding and dimensionality alignment are performed on features from different
sources. K-means clustering is applied to slice similar items, using fixed initial seeds to ensure
reproducible partitions that may disrupt model training [4].After preprocessing, a structured input
matrix is generated and permanently incorporated into the model data version control system.
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Figure 1. Data Preprocessing Flowchart.

3.2. Feature Engineering

The feature system is constructed based on project scale parameters, cost drivers, and structural
attributes, following the sequence of categorical encoding, dimensionality alignment, and correlation
filtering. As shown in Figure 2, material-related dimensions first extract material proportion,
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outsourced processing ratio, and structural component geometric parameters; labor-related
dimensions generate labor-hour gradient coefficients and job composition ratios [5]. Project
complexity indices are calculated based on the number of primary structural nodes, number of
motion axes, and control unit scale:

C=an+pn, +yn, 3

n n .
where " represents the number of structural nodes, ™ denotes the number of motion axes, and

¢ indicates the number of control units. The coefficients are derived from historical regression
analysis. The schedule pressure index is constructed based on the difference between the planned
cycle and the empirical benchmark:

Where L represents the project planned cycle, and L, denotes the benchmark cycle for similar
projects. For continuous features, WOE binning enhances monotonicity; for cost features, ratio
normalization reduces scale effects; highly correlated variables are filtered using a 0.85 threshold,
retaining more explanatory factors. This ultimately forms the feature matrix input to the model [6].
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Figure 2. Feature Correlation Heatmap.

3.3. Model Algorithm Selection

The model architecture comprises linear regression, tree models, and lightweight neural
networks, capturing linear and nonlinear relationships among cost factors through differentiated
structures [7]. Linear regression serves for baseline alignment, with parameters solved via least
squares. XGBoost and LightGBM fit multidimensional interaction features using leaf node growth
strategies, with learning rate set at 0.05 and maximum depth fixed consistently at 6 to ensure unified
configuration.The MLP employs a two-layer hidden structure with 64 and 32 nodes respectively,
using ReLU activation functions and trained via the Adam optimizer. The primary loss function is
MAE to enhance robustness against large quotation fluctuations, defined as:

1 N
LMAE=;ZI:|yi =i 5)
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where 7 represents the actual quote and Vi denotes the predicted value. To enhance the model's
ability to capture small-scale projects, MAPE is employed as an auxiliary optimization objective:

100 &
Lyipe= 7 Z

i=1

yi=¥

Vi

(6)

The final output integrates multiple models through a Stacking architecture, utilizing a
secondary regressor to correct residuals and enhance generalization stability.

3.4. Model Construction Framework

The overall architecture comprises an input layer, feature selection layer, base model ensemble
layer, and residual correction layer, as shown in Figure 3. The input layer receives structural
parameters, cost factors, and derived features. The feature selection layer filters redundant variables
based on SHAP weights and correlation thresholds, while performing monotonic binning on
continuous features[8] .The base model ensemble layer comprises parallel linear regression, XGBoost,
LightGBM, and MLP models. Each model independently optimizes on a unified training set,
producing intermediate predictions. The fusion layer employs a stacking-based weighted fusion

scheme:
V= z w [, (x)
kel (7)
Ji(x) represents the output of the kth model, while We denotes the fusion weight learned

through a meta-learner within the stacking process, satisfying simultaneously that 2=l . To
mitigate tail distribution fluctuations, the residual correction layer constructs a lightweight regression

model to perform quadratic fitting on the residual "=Y=Y  The correction term is then
y final = y +r

of varying scales and enhancing robustness [9].

superimposed onto the final prediction as , enabling differentiated fitting for projects
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Figure 3. Overall Model Framework.

4. Experimental Design and Results Analysis
4.1. Experimental Dataset

The experimental dataset consists of 812 non-standard automation projects completed over the
past five years, covering installation, transport, inspection, and flexible tooling. Stratified sampling
by process category ensured balanced cost structures. Forty-two cost and structural components were
collected, and preprocessing yielded 28 standardized features, 74.1% of which were continuous. The
data were split into 70%, 20%, and 10% subsets, with related projects grouped by shared identifiers
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to prevent leakage. All samples underwent Box-Cox transformation and Z-score normalization
before being stored in a versioned data warehouse for model training access [10].

4.2. Model Training Process

Model training followed a unified parameter management scheme. Base models were trained
on the training set, with hyperparameter search and early stopping performed on the validation set.
XGBoost used a 0.05 learning rate, max depth of 6, and 0.8 subsampling; LightGBM adopted 31
leaves, a depth limit of 6, and a 0.7 feature sampling ratio. The MLP employed a 64-32 hidden
structure with ReLU activation and Adam (learning rate le-3). Validation-based early stopping
(patience = 50) ensured stable convergence. As shown in Figure 4, tree models stabilized around 120
iterations, while the MLP converged near 180. Checkpoints with the lowest validation MAE were
retained for ensemble integration to maintain consistent optimization across models.
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Figure 4. Model Training Convergence Curve.

4.3. Performance Evaluation Metrics

To assess the accuracy and stability of bid prediction, a four-measure evaluation system was
used, which consisted of MAE, RMSE, MAPE, and R 2. MAE is a measure of absolute error, which is
suitable for situations where there are large quotation ranges in non-standard projects; RMSE is
sensitive to fluctuations in large projects, which reveals model bias in high-cost segments; MAPE
evaluates relative errors, focusing on predicting the stability of small projects; R 2 reflects the ability
of the model to adapt to changes in cost structure. In the process of evaluation, the measure is
calculated separately for each project size, and the right side is evaluated separately to guarantee the
robustness of the model in the extreme cost area. Residual distribution statistics are also introduced
to help identify possible systemic bias in errors, and to ensure consistency across the model.

4.4. Experimental Results

To validate model effectiveness, performance comparisons were conducted on the test set for
each base model and the ensemble model. Evaluation results are shown in Table 1. The table indicates
that the tree model outperforms the linear model in terms of MAE and RMSE, while the ensemble
model achieves the best performance across all four metrics. This demonstrates that the multi-model
structure effectively mitigates the impact of structural differences between project types.
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Table 1. Performance Comparison of Different Models.
Model MAE (RMB 10,000) RMSE (RMB MAPE (%) R?
10,000)
Linear Regression 18.42 31.27 12.8 0.76
XGBoost 11.63 22.11 7.6 0.89
LightGBM 11.21 21.05 7.2 0.9
MLP 13.54 24.83 9.1 0.87
Stacking Fusion (Ours) 9.62 18.94 6.5 0.93

Table 1 demonstrates that the fusion model exhibits significantly reduced volatility in high-cost
zones, with RMSE improvement outperforming individual models, indicating the residual correction
module enhances tail distribution performance. To further validate model fitting, Figure 5 displays
the scatter plot distribution of predicted versus actual values.Scatter points predominantly cluster
near 45°, with deviations concentrated in projects spanning extreme process ranges, indicating high
reliability across typical intervals. Analysis of scatter density reveals a slight upward bias in the high-
value project segment, consistent with the RMSE differences in Table 1.

Figure 6 presents the error distribution histogram. Errors cluster within the [-1500, 1500] ten-
thousand yuan range, exhibiting a short right tail, indicating that residual correction effectively
mitigates the accumulation of large errors. The column distribution shows good symmetry with no
observable systematic bias, demonstrating that the fusion model achieves stable output across
different scale intervals.
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Figure 5. Scatter Plot of Predicted vs. Actual Values.
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Figure 6. Fixed-test-set error distribution box plot.
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5. Conclusion

In this paper, a data-driven pricing system based on historical finance data is proposed to solve
the problem of bidding and pricing in non-standard automation projects. From data preprocessing,
characteristic structure, model choice, and fusion prediction, the system formalizes heterogeneous
cost factors into structured representations that quantitatively capture project complexity, schedule
pressure, and cost composition. Through the integration of tree, linear, and neural networks, it
achieves robust fitting performance for various project types. Combined with a residual correction
mechanism, it reduces tail bias caused by extreme cost fluctuations. Overall results show that
constructing a multi-model integrated quotation framework for non-standard automation scenarios
provides more stable prediction performance in highly discrete cost environments, forming an
expandable engineering-based pricing methodology system while offering a scalable foundation for
continuous model evolution driven by incremental data accumulation and adaptive algorithm
optimization, enabling broader applicability across diverse project categories.

CCS CONCEPTS: Information systems ~ Data management systems ~ Database design and models.
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