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Abstract

Addressing the challenges of scarce measured data for Class 3—4 bridges and strong subjec-
tivity in manual assessments in bridge technical-condition evaluation, this study innova-
tively proposes a FastText+CNN evaluation model that integrates semantic features with
spatial pattern recognition. By constructing a hierarchical data structure of bridge scale
matrices using the analytic hierarchy process (AHP) and generating a balanced training set
encompassing Class 1-5 bridges through computational code, the model overcomes the
bottleneck of training under small-sample conditions. It employs N-Gram embeddings to
achieve semantic representation of defect feature combinations, combines one-dimensional
convolutional neural networks to capture cross-component spatial correlation patterns,
and utilizes hierarchical Softmax to optimize multi-classification efficiency. Experiments
show that the model achieves 92.4% accuracy on the test set, outperforming random forest
and multi-layer CNN models by 15.9% and 3.7%, respectively, with recognition rates for
Class 3-5 bridges rising to 85% and cross-entropy loss reduced to 0.36. Validated with data
from 30 actual bridges, the model maintains 92.3% accuracy and demonstrates the ability
to discover implicit patterns in cross-component defect chains, providing an intelligent
solution for bridge technical condition evaluation that combines semantic understanding
with spatial feature extraction.

Keywords: bridge engineering; concrete bridge; convolutional neural network; FastText;
technical condition

1. Introduction

China’s highway bridges now exceed one million in total, with nearly 84% being low-
grade bridges below Class 3 [1]. As service years increase, load standards rise, and material
performance degrades [2—4], the accuracy and timeliness of bridge technical-condition
evaluation have become critical for maintenance decision-making.

The current ‘Technical Condition Assessment Standard for Highway Bridges’ [5] em-
ploys the analytic hierarchy process (AHP) combined with manual inspection assessments,
presenting three major issues: (1) the difference in expert experience leads to the subjectivity
of the evaluation results; (2) scarce measured data for Class 3 and 4 bridges hinder data-
driven model development; and (3) traditional methods for latent defects and degradation
trends have limited predictive capability [6,7]. Therefore, intelligent evaluation methods
are urgently needed to support scientific maintenance management.
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Current solutions to mitigate human-factor impacts on bridge technical-condition eval-
uation mainly fall into two categories: one approach refines defect indicators [8], improves
the AHP [9,10], or introduces the gray theory [11] to enhance evaluation sensitivity through
standardized computational methods yet still fundamentally relies on expert experience
for weighting, making it difficult to eliminate subjective influences. The other replaces
human detection with emerging detection methods. V. Gattulli et al. [12] evaluated bridge
defects by combining robots and computer programs, but they could only replace manual
inspection of bridge defects and did not involve the final technical-condition assessment of
the bridge. T. Garbowski et al. [13] proposed a non-destructive inverse analysis method
using dynamic and static tests to identify stiffness and density changes in deteriorating
concrete bridges. M. di Prisco et al. [14] examined the limits and reliability of on-site
assessment methods and further combined visual inspection, monitoring arrays, and load
tests with numerical analysis to evaluate the structural condition and service capacity of
existing bridges. Previous studies mainly focused on single-bridge detection or parameter
identification, relying on physical tests or visual monitoring, with strong reliability but
limited scalability. This paper instead introduces NLP-inspired deep learning to mitigate
data scarcity and subjectivity, achieving automated, scalable condition grading through
semantic and spatial feature learning.

Based on the data-driven approach; by collecting or establishing large datasets to fit
the relationships within the data, a scientifically objective evaluation of bridge technical-
conditions can be achieved. Methods such as Markov chains [15] and Bayesian net-
works [16-19] are used to mine data patterns through machine-learning algorithms. How-
ever, due to the scarcity of real-world data samples for bridges in categories 34, existing
machine-learning models suffer from limited generalization capabilities. Furthermore, cur-
rent research has yet to achieve breakthrough solutions in areas such as feature engineering
and small-sample learning mechanisms.

For the identification of the hidden diseases of bridges and the prediction of functional
degradation trends, the latest research includes Crognale, M., et al. [20] who identify and
predict damage to infrastructure such as bridges through four different computer vision
programs. Zhu et al. [21] made a deterioration prediction model for highway bridges based
on the semi-Maldives stochastic process.

The existing research system has fully verified the scientific basis of the fusion method
of FastText and CNN: Hagq et al. [22] achieved 99.44% accuracy in agricultural image
classification through an 18-layer CNN architecture, proving that the convolutional layer
could effectively capture spatial local features; Bhatt et al. [23] pointed out that CNN’s
multipath design significantly improved the robustness of the model by solving the gradient
disappearance problem. The sub-word embedding mechanism of FastText was confirmed
by Raza et al. [24] to resolve the morphological features of protein sequences (Obama’s
n-gram decomposition) and successfully solve the challenge of unknown words. The
FastText-CNN-LSTM hybrid model designed by Hashmi et al. [25] achieves 99% accuracy
in fake news detection. Its interpretability analysis shows that the synergy between sub-
word embedding and the convolution kernel can accurately locate key semantic features.
This study inherits the essence of the above methodology, regards the scale information
of bridge technical condition as ‘pseudo text’, integrates shallow network FastText with
a convolutional neural network (CNN), and realizes the capture of deep information of
scale vectors by n-gram embedding and convolution operation. Finally, a FastText+CNN
model is proposed to provide new ideas and methods for the evaluation of concrete bridge
technical condition (Figure 1 is the development framework of this paper).
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Figure 1. Article structure.

The remainder of this paper is organized as follows: Section 2 details the FastText+CNN
architecture; Section 3 describes data generation and experimental design; Section 4 presents
results and analysis; and Section 5 discusses implications and conclusions.

2. FastText+CNN Model Principles and Implementation
2.1. Basic Principles of FastText

FastText is an efficient text processing framework developed by Facebook Al Research,
primarily used for text classification and word vector generation [26]. Its core idea is to sig-
nificantly improve the model’s handling of low-frequency and out-of-vocabulary words by
capturing local features and hierarchical classification optimization, while greatly reducing
computational complexity in large-scale classification tasks [27]. The two main mechanisms
within FastText are the n-gram language model and the hierarchical Softmax classifier.
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2.1.1. N-Gram Language Model

N-gram is a method used by FastText to capture local features. As the pre-input
processor of FastText, the combined features generated by n-gram constitute the basic raw
material for FastText word embedding. In essence, n-gram is a text modeling technique that
captures language rules by counting the co-occurrence frequency of adjacent N words or
characters. For example, in the evaluation of bridge technical conditions, we may encounter
specific professional terms such as ‘U11-3 crack width exceeds 0.3 mm and is accompanied
by water seepage’. This phrase contains a specific description of the disease of the upper
bearing members.

In the n-gram model, the phrase can be decomposed into multiple subsequences
(i.e., n-gram). Suppose n = 3. Then, the possible 3-grams include [‘U11’, ‘11-, *-3", ‘grade 3’,
‘crack’, ‘crack’, ‘crack width’, “‘width’, ‘degree of excess’, ‘excess 0’, ‘0.3’, ‘0.3 m’, ‘3 mm’,
‘mm and’, ‘and’, ‘accompanied by’, ‘seepage’, ‘seepage’, ‘water present’, ‘phenomenon’]
and so on. Each n-gram is regarded as an independent feature and processed according to
its frequency of occurrence in the text. This method enables even specific phrases that have
not appeared in the training data to be effectively represented by their components.

Combining the large number theorem and the Markov hypothesis, the n-gram model
considers that the probability of a word is only related to the n — 1 words in front of it
(the probability calculation is shown in Equation (1)). This means that when analyzing the
above disease descriptions, n-grams such as ‘U11” and “11-3’ can help the model understand
the meaning of the entire phrase, even if the entire phrase does not appear directly in the
training set. In this way, n-gram not only enhances the model’s ability to understand limited
datasets, especially when dealing with the scarcity of measured data such as 3—4 bridges
but also improves the ability to identify hidden disease patterns.

p(wn|w}) = P(w?)l - count(w?)l .
P(w’f ) Count(wT )

In Equation (1): wj represents a continuous word sequence wy, wa, w3, . .., Wy (e.g., 3-g:
w1, wo, w3); count (wf) denotes the total occurrence count of this word sequence in the
corpus; and count (w?‘l): the occurrence count of the subsequence composed of the first
n — 1 words.

2.1.2. Hierarchical Softmax

Hierarchical Softmax is FastText’s efficient classification technique for the output layer,
addressing the performance bottleneck of traditional Softmax in large-scale classification
tasks [28]. Its core idea organizes categories into a tree structure, transforming global
probability calculations into layer-wise cumulative multiplication of path probabilities.
The tree structure typically employs a Huffman Tree, assigning encoding paths based on
category frequency. High-frequency categories are closer to the root node (shorter paths),
while low-frequency categories reside in deeper layers (longer paths), achieving effective
dimensionality reduction from |n| to log|n|.

An example is given to illustrate the working process of layered Softmax:

The technical condition evaluation scale of a bridge’s secondary components includes
1-4 four scale grades [5] (the description of the bridge technical condition corresponding to
the evaluation scale is shown in Table 1), and the frequency of 1-4 four scale grades is 10, 5,
4, and 3 times, respectively.
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Table 1. Evaluation scale of technical condition of bridge secondary components.

Technical Condition Assessment Scale Description of Bridge Technical Conditions

1 type New state, function in good condition or good function, materials
have mild defects, pollution, etc.

2 types Medium defect or contamination
The material has serious defects, and the function is reduced.

3 types Further deterioration will not be conducive to the main components
and affect normal traffic.
Materials have serious defects, loss of function should be reduced,

4 types seriously affect normal traffic or there is no original setting, and the

survey needs to be supplemented.

Figure 2 fully demonstrates the Huffman Tree construction process, with the final
encoding sequences being: Scale 1 — 0, Scale 2 — 10, Scale 3 — 111, Scale 4 — 110. Red
numbers in the figure represent encoding results, while black numbers indicate the original
weight distribution of each scale.

10~ 5~ 4 - 3

(Scal (Scal (Scal (Scal 10

s 1) 2) 3)~ 4} (Scal
1

Origin Forest

Y

@

First Merge

Huffman Tree The Final Coding Form

Figure 2. Huffman coding process.

In summary, the FastText model introduces a sub-word embedding mechanism by de-
composing vocabulary into finer-grained character sequence combinations (i.e., n-grams),
thereby addressing traditional word vector models’ limitations in representing out-of-
vocabulary words and morphologically complex languages. Simultaneously, for classifica-
tion tasks with massive categories, FastText employs Hierarchical SoftMax as a replacement.

2.2. CNN Role in Feature Extraction

In the evaluation of the technical condition of the bridge in this paper, CNN acts on
the scale matrix and captures local spatio-temporal patterns through convolution kernel
scanning: identifying cross-component disease associations in the spatial dimension (such
as the symbiotic relationship between the main beam crack and the bridge deck damage),
detecting nonlinear deterioration trends in the time dimension (such as the risk signal
that the annual growth rate of the crack width exceeds 10%), and fusing with the global
semantic features of FastText to form a multi-level expression. For example, after n-gram
decomposition, the semantic information of the term ‘U11-3 crack width exceeds 0.3 mm
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and is accompanied by water seepage’ is effectively embedded into the model. Then, CNN
further extracts the deep mode of local disease combination on this basis. For example,
CNN finds the cross-component propagation chain of ‘main beam crack — pier inclination
— bearing displacement” and dynamically adjusts the classification decision in combination
with the standard weight, so that the misjudgment rate of 34 types of bridges is reduced
and the comprehensive judgment from local anomaly to global risk is realized.

2.3. FastText+CNN Model Architecture

The FastText+CNN model architecture shown in Figure 3 follows the workflow of
‘scaling matrix textualization — n-gram embedding — lightweight convolution — fully
connected classification’, achieving intelligent assessment of bridge technical conditions.
Its core innovation lies in combining natural language processing techniques (FastText)
with lightweight deep learning (CNN), preserving semantic relevance while enhancing
local feature extraction through convolutional operations.

X122 INPUE V... el
\\ed‘o‘. - b EClo, + Model overall architecture
R\ Ttm eddlngl 73, . r
Y o2 - -~ Lg, g input layer :input(1000, 1)
¥ £ (-DiMensjo,, Vo A
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! 1
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! |
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| embedding_1:(10,002, 4000) !
| embedding 210,002, 4000) |
| embedding 3:(10,002, 4000) |
! embedding_4:(10,002, 4000) !
: Convolution layer : 1
| conv1:(4000+4, 8000) |
: Fully connected layer : :
I fc1:(8000, 512) |
| fc2: (512, 5) !
: Output layer :output(5, 1) ]

Hidden Layer

Input Layer

Figure 3. Schematic diagram of model architecture.

Explanation of the overall architecture diagram of the model:

(1) Input layer (dimension 1000, 1):

Receive the scale matrix data of the technical condition of the bridge. The inspection
data for each bridge is encoded as a 1000-dimensional vector representing the scale score
and disease combination characteristics of each component.

(2) The embedding layer contains four independent embedding branches (each branch
dimension is 10,002 and 4000). The technical details of this layer are as follows:

N-gram feature extraction: each embedding layer performs an n-gram segmentation
of the input scale matrix with different granularities to capture the co-deterioration mode
of adjacent parts; Huffman coding optimization: Huffman tree is used to short-code
high-frequency scales to reduce the amount of sparse data computation and improve the
embedding efficiency; and output splicing: the output splicing of the four embedded
branches is a matrix of (4000*4, 1), with a total dimension of 16,000 dimensions, and
multi-scale semantic features are retained.

(3) One-dimensional convolutional layer: The high-dimensional features output of
the embedding layer is mapped to the low-dimensional semantic space, i.e., the input
(16,000, 1) — the output (8000, 1). Multiple convolutional kernels slide across the scale
sequence to extract the deep patterns of local disease combinations.
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(4) Fully connected layer:

Layer 1 (fcl): The high-dimensional (8000) features output by the convolutional layer
are mapped to the low-dimensional (512) semantic space, and the global degradation pat-
terns (such as uniform degradation of the whole bridge or local concentrated degradation)
are extracted.

Layer 2 (fc2): The feature (512) is mapped to a five-dimensional vector (corresponding
to the technical condition of the bridge of classes 1-5), and the probability distribution is
output through SoftMax.

(5) Output layer (dimensions 5, 1):

Output the final classification results (categories 1-5) of the technical condition of the
bridge and select the category with the highest probability as the prediction result.

Note: The output layer of the model maps the five-dimensional features of the fully
connected layer (fc2) to the categorical probability distribution of the technical condition
of the bridge by the SoftMax function. In order to quantify the difference between the
prediction result and the real label, this paper uses the cross-entropy loss function as the
optimization objective, and its mathematical form is as follows:

Aloss = _%ZnNzl tylog(f(BAxy)) )

(6) Cross-entropy loss function: N is the total number of bridge samples participating
in training and is the SoftMax activation function; the model output is converted into a
probability distribution; the normalized characteristics of the input index of the nth bridge
sample is the one-hot coding of the real technical condition level of the n th bridge sample
(such as five types of bridges corresponding to [0,0,0,0,1]); and A and B are weight matrices,
which are obtained by iterative algorithm model.

3. Bridge Technical-Condition Data Construction and
Experimental Design

3.1. Dataset Preparation

In fact, samples of Class 3 and 4 bridges are extremely scarce, while Class 5 bridges
are even rarer. Direct use of field measurement data would lead to severe data imbalance
(e.g., Class 1-2 bridges constituting the vast majority), making it difficult for models to
learn features of Class 3-5 bridges and resulting in poor prediction performance. To
address this data imbalance, this study generates datasets by coding bridge technical-
condition calculations based on the analytic hierarchy process from the “Technical Condition
Assessment Standard for Highway Bridges’ [5] and the computational workflow in the
literature [29]. Bridges are divided into 16 computational components and four hierarchical
levels for calculation, with the detailed structure shown in Figure 4. First, the condition of
bridge components is calculated based on their individual status and quantity, followed by
computing the structural-level condition from component-level results, ultimately deriving
the final technical condition of the bridge structure.

The dataset was generated through balanced sampling, producing simulated data
for 1000 bridges (200 per class 1-5) to ensure equitable distribution. An 8:2 ratio split
created training (800 bridges) and test sets (200 bridges) for model training and parameter
tuning. Validation was performed using inspection report data from 30 beam bridges in
Shanxi Province.
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Figure 4. Schematic structure of the technical condition of the bridge.

3.2. Comparative Models and Experimental Protocol

To evaluate the efficiency of the FastText+CNN model proposed in this paper, com-
mon classification algorithms—namely, the Random Forest model and CNN model—are
established for comparison. The Random Forest code is implemented using the open-
source framework sklearn, while the convolutional neural network and the proposed
FastText+CNN model is developed using Facebook’s open-source neural network frame-
work PyTorch 2.1.0.

Random Forest is an ensemble learning method used for solving classification and
regression problems. It improves model performance and generalization capability by
constructing multiple decision trees and combining them [30]. Adopting the concept of

‘collective intelligence’, Random Forest aggregates multiple weak learners to produce a

strong learner [31]. In this paper, the Random Forest Classifier function in the sklearn
library is used to classify the sample data and labels, the optimal parameters of the model
are determined by random search in the sklearn library, then the grid search is used to
accurately find the optimal parameters, and the main optimized parameters are shown
in Table 2.

Table 2. Main parameters of the Random Forest algorithm model.

Parameter Optimized Scope
Number of decision trees (103,000)
Maximum depth of decision tree (10,100)
The minimum number of samples required for internal
L (1100)
node splitting
The minimum number of samples required for leaf nodes (1100)
Candidate ways of feature selection ['sqrt’, ‘log2’],
Whether to enable self-sampling [True, False]

The standard of segmentation features ['gini’, ‘entropy’]
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CNN models are widely used in a variety of classification tasks [32,33]. This paper
mainly predicts the scale data and technical condition label data of bridge technical condi-
tion. Considering that the bridge defect-propagation chain usually spans three adjacent
components (such as girder crack — bridge deck damage — bearing displacement), a
convolution kernel of size 3 is selected to capture this mode optimally. The number of
convolutional layers is from 1 to 6, and the corresponding number of fully connected layers
and convolutional layers is the same. The separate CNN model architecture is shown
in Figure 5.

Input Layer
Dimensions: 1000 x 1
Data: Normalized disease score of bridge components
(36-dimensional
indicators such as X11-X36)
Convolutional Layers
Number of convolution kernels: 16
Nucleus size: 3 x 1 (3-nucleus captures cross-member
disease chains).
Step: 1 (swipe by element).

Pooling Layers
Type: MaxPooling
Pooling size: 2 x 1 (50% of the compressed feature

dimension).

Step size: 2 (non-overlapping sampling).
Fully-Connected Layers

fcl dimension: 512

fc2 dimension: 5

Hidden Layer

Input Layer / Output Layer

Activation function: SoftMax (generates five types of
probability distributions).
Loss function: cross-entropy (defined by equation (2)).

Figure 5. CNN model architecture diagram.

The accuracy range of the training set and the verification set is shown in Figure 5.

From the above Figure 6a, it can be seen that the accuracy change trend of the 1-6 layer
convolution model in the training set is similar, but when the convolution layer is 6 layers,
the accuracy of the training set is as low as 60% or even 20%, and the change trend with the
increase in the number of training rounds is dramatic. From the verification set, it can be
seen that the test rate of the six-layer convolution neural network is stable at 62.5%, with
almost no fluctuation. It can be explained that the training of the six-layer neural network
is likely to be too simple, and there is an underfitting phenomenon. Therefore, it shows
that a higher number of convolution layers does not result in higher model accuracy.
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(b) Schematic representation of the accuracy of the validation process.

Figure 6. Schematic representation of the accuracy of convolutional neural network.
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The optimization process for standalone CNN reveals that neither too few nor too
many convolutional layers are ideal—insufficient layers under-extract sample features,
while excessive layers cause underfitting. Thus, the proposed FastText+CNN model tenta-
tively adopts 1-3 convolutional layers for optimization. Initial tuning focuses on n-gram
quantity (excluding convolutional layers), followed by adding convolutional layers to the
best-performing model for final optimization. Figure 6b confirms that one convolutional
layer yields optimal results; hence, the FastText+CNN model ultimately uses one layer. Key
optimization steps are illustrated in Figure 7.
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Figure 7. Schematic diagram of model accuracy.

4. Results and Discussion
4.1. Analysis of Three Model Training Results

Based on the three model experimental schemes in Section 3.2, the training results of
the three models on the simulated dataset and test set were obtained. Performance metrics

for each model were calculated based on these results, as detailed in Table 3. Analysis of
Table 3 reveals the following:

Table 3. Training results and comparison of simulated data.

Evaluation Index Random Forest CNN (Three Layers) FastText+CNN
Training set accuracy 89.2% 95.1% 97.8%
Accuracy of test set 76.5% 88.7% 92.4%
Cross-entropy loss (training set A1) 0. 63 0.32 0.18
Cross-entropy loss (test set Ay) 1.07 0.55 0.36
Over-fitting degree (Ajpss = A1 — Ap) +0.44 +0.23 +0.18
Average identification of 3-5 types of bridges 0.53 0.74 0.85
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According to analysis of Table 3, we can obtain the following:

(1) Model-accuracy ranking (FastText+CNN > CNN > Random Forest): The Fast-
Text+CNN model achieved 92.4% test set accuracy with a cross-entropy loss of 0.36, signifi-
cantly outperforming other models. This validates the joint modeling advantages of the
embedding layer (n-gram feature combination) + convolutional layer.

(2) Overtfitting control: The Random Forest model showed the highest overfitting
degree (+0.44), indicating its tendency to memorize ‘noise’ in training data. FastText+CNN,
through generalized feature representation in the embedding layer, exhibited the lowest
overfitting (+0.18), demonstrating optimal alignment between simulated data generation
rules and model architecture.

(3) Feature interaction capability: FastText+CNN’s embedding layer explicitly learns
feature combinations (e.g., joint effects of crack width and humidity), improving average
bridge recognition by 27% for 3-5 bridge types (compared with CNN). Random Forest
relies solely on feature importance ranking (e.g., X;1 being most important) and cannot
model nonlinear interaction effects.

4.2. Validation Results with Real-Bridge Data

Building upon the optimal model above, validation was performed using 30 sets of
real-bridge data from Shanxi Province. Key calculation results are shown in Table 4 below.

Table 4. Model comparison results.

Model Test Set Accuracy/% Training Time/min Peak Memory
FastText+CNN 92.3 13 45 GB
Random Forest 85.1 14 32 GB

CNN (three layers) 89.2 12 18 GB

Table 4’s real-bridge data validation reveals resource consumption differences among
the three models when trained on an AMD5950x: Random Forest required 14 min training
time with 32 GB peak memory usage due to parallel generation of multiple deep decision
trees; the 3-layer CNN took 12 min with 18 GB GPU memory usage, achieving the highest
efficiency through Tesla P40’s parallel computing; FastText+CNN required 13 min for
training with 45 GB peak memory usage, becoming the memory bottleneck due to high-
dimensional embedding matrices and fully connected layer parameters.

Through the training results of the three models in Section 4.1 and the verification of
the real bridge, it can be found that the model proposed in this paper has high accuracy,
high computational efficiency, and significant advantages compared with the common
machine learning models. Based on the analysis of Section 4.1, we will further explore:

(1) Accuracy and Generalization Capability: Random Forest performs moderately on
the training set but shows significant decline on the test set and real-world data, particularly
in recognizing five types of bridges, indicating its limited modeling capability for high-
dimensional discrete features and nonlinear relationships. CNN improves test set accuracy
by 12. 2% through convolutional layers extracting local spatial features and yet still
exhibits an 8.1% precision loss on real-world data, reflecting the impact of distribution
differences between simulated and measured data on generalization. FastText+CNN
effectively captures feature combination semantics (e.g., ‘crack width + humidity” joint
influence) via n-gram embedding layers, with only a 0.1% error gap between test and
real-world data, validating the effectiveness of the simulated data generation method.

(2) Overfitting and Robustness: For Random Forest, high-dimensional sparse features
cause individual trees to overfit noise, and despite limiting tree depth, poor generalization
remains challenging to avoid. For CNN, regularization mitigates overfitting, but perfor-
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mance degradation persists due to local feature distribution disparities between simulated
and real-world data. For FastText+CNN, embedding layer pretraining enhances model
robustness to feature combinations, yielding the smallest error on real-world data [34].

(3) Feature Processing Capability: Random Forest relies on manual feature engineering
and cannot automatically extract high-order feature combinations, with high memory
consumption when handling high-dimensional sparse features. CNN directly processes
numerical features but requires additional encoding for discrete binned features, potentially
losing semantic information. FastText+CNN maps discrete features to continuous vectors
via embedding layers, preserving semantic relevance [27], while 1D convolutional layers
extract cross-feature-dimensional local patterns, outperforming the other two models in
feature processing.

Overall, CNN strikes a balance between computational efficiency and resource usage.
FastText+CNN, though memory-intensive, achieves optimal accuracy, whereas Random
Forest’s practicality is limited by inefficient feature processing.

4.3. Empirical Analysis of the Stability of the Evaluation Method

In order to quantify the degree of interference of subjective factors in the evaluation
process, we introduce the standard deviation index (o) to objectively quantify the subjective
fluctuations caused by human factors. The specific practice is as follows: 12 bridges out of
30 bridges in Shanxi Province are selected, and the AHP method, the AHP-TFN method [35]
(triangular fuzzy number dynamic weight) and the FastText+CNN model (at this time, the
model output node is changed to 1, and the linear activation function is used to output
continuous scores) are used for five rounds of independent evaluation. In each round
of evaluation, the same disease dataset is executed by different experts/models, and the
standard deviation of each bridge sample in three ways is calculated according to the
results of five evaluation scores.

Firstly, taking Yanshigou Bridge (bridge No.8), one of the 12 bridges, as an example,
the basic disease situation is explained, as shown in Table 5 below:

Based on the actual bridge disease situation in Table 5 above, the average AHP score
is 87.6, the average TFN-AHP score is 87.3, and the average FastText+CNN score is 81.25.
Under the three scoring modes, the final bridge technical-condition evaluation of Yanshigou
Bridge results in a type 2 bridge.

Similarly, based on the actual disease conditions of 12 bridges, the three models of AHP,
TEN-AHP and FastText+CNN were used for five independent scores, and the standard
deviation was calculated according to the five scores. The results are shown in Figure 8.

As shown in histogram 8, the standard deviation of the three evaluation modes is
obtained from the five scores of the single bridge, and the AHP method > the AHP-TFN
method > the FastText+CNN model. This represents five independent evaluations of the
technical status of the same bridge under the measured data of the same bridge. The
standard deviation obtained by the FastText+CNN model is about 0.03. The low value is
due to the fact that there is no human interference in the evaluation of the whole process.
Therefore, the standard difference obtained is the smallest. The only 0.03 is actually the
difference from the measured data of the five independent bridges. The standard deviation
of the AHP method and the AHP-TFN method is v large, which shows that in the process
of five independent evaluations, each expert has different values for the conversion and
weight of the measured data, which is bound to have a great relationship with human
experience, which brings greater subjectivity, resulting in a large difference in the results
of the five evaluations. According to the evaluation results of all 12 bridges, the variance
fluctuation in the FastText+CNN model in 12 bridges, which is basically maintained at
about 0.03, is very small. It can still be explained that the stability of FastText+CNN model
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evaluation is not affected by different bridges and human factors. The variance fluctuation
in the AHP method and the AHP-TFN method in the 12 bridges cannot be ignored. If
the 12 evaluation scales are similar, the standard deviation must be not much different.
It shows that the evaluation of the five experts under the measured data of different
bridges cannot maintain the same evaluation scale, which is also a major manifestation of
human subjectivity.

Table 5. Basic diseases of Yanshigou Bridge (more details can be found in Appendix A).

Floor System Diseases

A Bridge deck pavement: no obvious adverse disease

B Road and bridge connection part: no obvious bad disease

C Guardrails and sidewalks: no obvious adverse disease

D Expansion device: expansion joints have problems such as anchorage zone defects, transverse cracks, miscellaneous

soil filling, and so on
¥

22yl

Cracks and spalling areas of concrete in anchorage zoneis Expansion joint miscellaneous soil filling and cracks

less than 10%. caused unevenness; the difference is less than 1 cm.
Upper structure disease

A Main beam: There are problems such as longitudinal cracks, peeling off angles, and empty holes.

/3 [ LR A1)

Flaking off angle, area < 0.5 m?. Holes and holes.

Longitudinal crack width
<5mm.
B Bridge deck: There are problems such as honeycomb surface, peeling-off angle, water seepage, and transverse cracks
in wet joints.
C Diaphragm: There are problems such as peeling-off corners, empty holes, and mesh cracks.
D Bearing: There is a void phenomenon, and the right bearing has problems such as aging, deterioration, and cracking.
Substructure disease
A Pier or abutment: pier and cap are basically intact
B Pier foundation: The pier foundation has no obvious disease.
Subsidiary structural disease
A Drainage system: water pipe, water tank: flawed
B Wing wall, ear wall: no obvious disease
C Cone slope, slope protection: no obvious disease
D Other Auxiliary Facilities: no obvious adverse disease
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In general, in the whole process of bridge technical-condition assessment, human
subjectivity may occur in two parts: one is the use of manual observation in the measured
data of the bridge, and the other is the evaluation calculation process. If it is artificial
measured data, it is obvious that, in the above three models, it is impossible to eliminate
human subjectivity in this aspect, but in the evaluation and calculation process, manual
intervention can be completely avoided in the FastText+CNN model, although it cannot
be avoided in the other two methods. If the data is measured by the machine, the Fast-
Text+CNN model will completely avoid human subjectivity, while the other two methods
are obviously still unable to avoid it.

I AHP
[ JTFN-APH
0.20 N FastText+CNN
8015
g
g
<
>
=
s 0.10
=
=]
<
17
0.05
0.00

o 1 2 3 4 5 6 7
bringe

9 10 11 12

Figure 8. Evaluation method stability spatial distribution.

4.4. Discussion

In summary, Random Forest is an ensemble method based on decision trees, CNN

is a convolutional neural network adept at processing spatial data, and FastText+CNN

combines word embeddings with convolutional layers, making it suitable for text or

sequential data. Each model has its strengths and weaknesses, as analyzed in Table 6.

Table 6. Comparison of model advantages and disadvantages.

Model Advantage Inferiority
(1) It is difficult to capture the nonlinear
Random (1) No feature standardization; (2) strong relationship between features;
Forest anti-overfitting ability; (3) high (2) high-dimensional sparse data is inefficient;
interpretability (feature importance ranking). (3) cross-entropy loss cannot be
directly optimized.
(1) Automatic extraction of local features; 8; ;npl;'-niii;fgsfsir;iiir:/silton(sc, onvolution
CNN (three layers)  (2) end-to-end training support; (3) gradient kern}e,})sizg number of la ers)'y(3) ability of
stability when optimizing cross-entropy loss. feature corélbination mod}:eling’ is limitezll.
(1) Explicit modeling featu‘rej comb'ina'tior.l (1) High computational complexity (large
FastText (N-Gram embedding); (.2) jornt optl‘mlz.ahon number of embedded matrix parameters);
+CNN of cross-entropy loss to improve minority (2) embedded layer needs to be pre-trained;

class recognition; (3) adaptation to
high-dimensional sparse input.

(3) large computing resource consumption.
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Based on the above analysis of the three models and the real-bridge validation results
in Section 4.2, the FastText+CNN model demonstrates superior predictive performance for
complex bridge technical condition assessments compared with the other two common
classification models. Its accuracy is primarily ensured by the synergistic effects of the
following core components:

(1) Input feature engineering: The 36-dimensional bridge indicators (X11~X36) cover
critical defect features such as cracks and settlement. Their normalization processing
eliminates unit differences, preventing model bias toward high-value features (e.g., bearing
displacement magnitudes being significantly larger than crack widths).

(2) Semantic modeling of n-gram embedding layer: By mapping discretized binning
features to 4000-dimensional dense vectors, it explicitly learns semantic relationships of
feature combinations [36], enabling the model to capture implicit patterns of ‘cross-indicator
pathogenic chains.

(3) Local pattern extraction by 1D convolutional layer: The convolutional kernel slides
along feature dimensions to extract local spatial patterns of adjacent indicators. Its kernel
size needs to balance fine-grained feature capture with long-range dependency learning.

(4) Gradient orientation of cross-entropy loss function: Through backpropagation, the
loss function drives joint optimization of the embedding matrix (A) and convolutional
weights (B). Its gradient formula ensures effective gradients even in SoftMax output satura-
tion zones (e.g., when dangerous bridge probability p; — 1), avoiding gradient vanishing
issues inherent in traditional mean squared error.

5. Conclusions

Aiming at the key problems such as the scarcity of 34 types of samples and the strong
subjectivity of manual evaluation in the evaluation of bridge technical conditions, this
study proposes an innovative solution that integrates natural language processing and deep
learning (scheme summary is shown in Figure 8). By optimizing the FastText model, after
the input data is operated by the embedded layer, a convolutional layer is added to help
the algorithm model extract deeper information, a model architecture suitable for bridge
technical condition prediction (FastText+CNN) is obtained, and the following conclusions
are achieved:

(1) Using the analytic hierarchy process to construct bridge condition calculation codes
generated balanced training datasets containing Class 1-5 bridges. This effectively
resolves the insufficient generalization capability of machine-learning models caused
by scarce Class 3—4 bridge data in practical engineering, providing reliable data
support for infrastructure assessment under small-sample conditions.

(2) The proposed FastText+CNN hybrid model transforms bridge-scaling matrices into
text-like sequences through n-gram feature reconstruction, achieving deep feature
extraction via single-layer convolutional networks [37]. This design significantly
enhances latent defect pattern recognition while preserving FastText’s semantic ad-
vantages, achieving 92. 4% test accuracy—outperforming traditional Random Forest
and CNN models.

(3) Compared with traditional manual evaluation methods, the FastText+CNN model
eliminates subjective biases caused by human experience variations and identifies
latent defect combination patterns undetectable by manual inspection.

(4) Engineering Practice Effectiveness: In validation tests using data from 30 actual
bridges in Shanxi Province, the model achieved an accuracy rate of 92.3%, representing
improvements of 7.2% and 3.1% over Random Forest and CNN models, respectively.
This research establishes a novel ‘feature semanticization + lightweight deep learning’
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evaluation framework, providing a technically innovative and practically viable
solution for whole-life-cycle bridge maintenance.

The application of CNN tools in bridge assessment and monitoring has already been
well established. In contrast, the use of FastText in this domain is more limited, since it was
originally designed for general text classification rather than engineering or technical data
analysis. Nevertheless, FastText offers unique strengths in the semantic modeling of bridge
defect descriptions, making it a valuable complement to CNNs in addressing the linguistic
and descriptive aspects of bridge condition evaluation. We acknowledge this limitation,
and in our future research, we plan to conduct a more in-depth investigation of FastText,
with the aim of refining its applicability and enhancing its integration into bridge-condition
evaluation. The current limitation highlights the need for future research to explore FastText
in greater depth, with the goal of improving its applicability and advancing its integration
into the evaluation of bridge conditions.
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Appendix A
Appendix A.1. Overview of the Basic Situation of Yanshigou Bridge

The bridge is located in K5 + 937 of Lvliang Ring Expressway. The whole bridge
adopts the standard of two-way, two-lane expressway. The design load is Highway-I.
The total length of the bridge is 408.0 m, the net width of the bridge deck is 24.5 m, and
the net height under the bridge is 25.201 m. It is a conventional bridge with reinforced
concrete railings. The bridge structure is 10.40 m prefabricated prestressed concrete T-beam
(continuous), with five pieces of transverse arrangement for each span, and the bearing is a
rubber bearing. The appearance of the bridge is shown in Figure Al.
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(d)
Figure Al. Appearance of Yanshigou bridge: (a) nameplate of Yanshigou Bridge; (b) Yanshigou
bridge facade; (c) overview of area under Yanshigou bridge; (d) Yanshigou bridge deck.

Appendix A.2. Bridge Diseases
Appendix A.2.1. Bridge Deck, Guardrail, and Sidewalk Diseases

There is no obvious bad disease on the left and right deck pavement of the bridge.
There is no sidewalk on the left and right sides of the bridge, and there is no obvious disease
in the guardrail.

@ (b)

Figure A2. Disease observation of deck pavement, guardrail, and sidewalk: (a) deck pavement has

no disease; (b) guardrail and sidewalk have no disease.

Appendix A.2.2. Telescopic Device

There are problems such as anchorage zone defects, transverse cracks, and miscella-
neous soil filling in the left and right widths of the bridge.
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(b)

Figure A3. Disease observation of telescopic device: (a) defects in anchorage zone of expansion joint
device, slight damage of concrete, cracks, and area of < 10%, scale 2; (b) expansion joint miscellaneous
soil filling and cracks caused unevenness, the difference is less than 1 cm, scale 2.

Appendix A.2.3. Bridge Road Connection Part

There is no obvious disease at the connection part of the left and right spans of
the bridge.

Appendix A.2.4. Diseases of Superstructure

Both the left and right main girders of the bridge have problems such as longitudinal
cracks, peeling-off angles, and empty holes. See Figure A4a—c.

At the bridge deck bottom, the wet joints of the left and right decks of the bridge have
problems such as honeycomb surface, peeling-off angle, water seepage, and transverse
cracks. See Figure A4d-g.

The left and right diaphragms of the bridge have problems such as peeling-off angles,
hollow holes, and mesh cracks. See Figure A4h—j.

The left bearing of the bridge has the phenomenon of separation, and the right bearing
has problems of aging, deterioration, and cracking. See Figure A4k.

Figure A4. Cont.
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Figure A4. Cont.
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Figure A4. Disease observation of main beam: (a) longitudinal cracks at the bottom of the main
girder (a small number of minor cracks in the main girder of <5 mm, the crack width is not exceeded,
the single area is <1.0 m?, the scale is 2); (b) the spalling angle of the flange plate of the main girder
(local concrete spalling, and the single area of <0.5 m? scale is 2); (¢) main-beam cavity (local concrete
holes, and single area <0.5 m? scale is 2); (d) honeycomb pockmarked surface at wet joint (there is a
large area of honeycomb pockmarked surface, and the cumulative area is less than or equal to 50% of
the component area, the scale is 2); (e) spalling-off angle at wet joints (local concrete spalling occurs
and the single area is <0.5 square meters, the scale is 2); (f) wet joint seepage (joint-filler leakage and
leakage area of >20% of the whole seam scale is 4); (g) wet seam mesh cracks (single area of mesh
cracks of <20% of component area is 2); (h) diaphragm peeling-off angle (single area <0.5 m? scale is
2); (i) diaphragm void hole (local concrete void and single area of <0.5 m? scale is 2); (j) diaphragm
mesh cracks (mesh crack single area of <1.0 m?, scale is 2); (k) left bearing void (void phenomenon
appears, scale is 4); (1) right bearing void (void phenomenon, scale of 4); (m,n): bearing aging
deterioration, cracking (surface dirt cracks, and the crack length is greater than the corresponding
side length of 10%).

Appendix A.2.5. Diseases of Substructure

The piers and caps of the left and right piers of the bridge are basically intact. Caps
are basically intact.
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(b)

Figure A5. Disease observation of piers and caps: (a) pier body is basically intact; (b) caps are
basically intact.

Appendix A.2.6. Diseases of Subsidiary Structural

Drainage system. The left and right discharge pipes and water diversion troughs of
the bridge have defects. Fewer discharge pipes, diversion tanks, and drainage holes are
blocked; the number is <5%, and the scale is 2.

Figure A6. Disease observation of drainpipe and diversion tank.
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Riverbed and regulating structures have no riverbed and regulating structures.
The wing wall and ear wall of the bridge have no obvious diseases. See Figure A7.
The bridge cone slope and slope protection have no obvious diseases.

Figure A8. Cone slope and slope protection are basically intact.

Lighting, signs, and other ancillary facilities. There is no lighting system on the left
and right sides of the bridge (a large number of lighting facilities are missing, the number
of >20% is scale 4), and there are no obvious adverse diseases in other ancillary facilities
such as bridge signs.
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