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Figure 1 The calculation process of ISSA algorithm optimization
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Table 1 Part of original cost data
SH ZWAREZESIT G 3 HIRFEH A HEPRITHEE S 2K
5 - - TSN S 7
B A P B LN LN 3 R s (P PR )
5 1 2 e 65 66
PR SE km 10.802 68.048 e 53.929 70.458
% 5L 58 /m 26.0 260 e 245 24.5
ZEEHUA 4 4 e 4 4
77 HE /10 m3 271.35 143852 eeees 1384.21 2170.00
Bt B /(km/h) 100 100 e 80 80
Hrb% Lt/ % 8.00 259 e 50.73 33.15
7K A i Hi/hm? 78.68 34512 e 301.87 388.51
PR 3 /m?> 3258 64880 e 135598 134665
HIESLAZ A 0 2 e 5 7
Iy BTN 2 27 e 4 27
R I [ /4 2015 2013 e 2013 2018
CPI 615.2 5948 e 594.8 650.9
MRS FE 4L 358.9 3859 e 385.9 389.4
57 5 ikt 48886 42072 e 42072 60501
TAEEAN /7T 5.53 2444 e 52.30 82.11
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Figure 3 Correlation coefficient graph between features
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Table 3 Input sample set
e B KR HEREm %ﬁiEﬁ e HiEN  FALKA H*ﬂr?ﬁ% i&i%:
Hk/10* m? 4k H/hm? EGEd VIV
1 178.135 28.0 11.15 3.38 4 6.61 637.5 376.2 0.282
2 68.048 26.0 21.14 2.59 2 5.07 594.8 385.9 0.359
3 39.583 26.0 19.77 9.85 4 6.79 615.2 358.9 0.378
4 88.633 28.0 21.65 4.76 8 7.40 579.7 393.4 0.396
5 32.746 29.0 10.44 2.55 3 6.90 565.0 400.2 0.420
6 139.060 27.0 11.21 8.52 11 5.29 606.7 378.6 0.449
7 139.140 28.0 35.61 7.52 9 6.95 579.7 393.4 0.470
8 40.26 24.5 27.87 10.81 5 8.06 615.2 358.9 0.486
9 23.347 28.0 14.67 6.33 2 7.08 594.8 385.9 0.488
10 50.498 26.0 20.10 5.95 5 7.44 579.7 393.4 0.497
11 49.42 24.5 12.70 5.17 1 6.78 615.2 358.9 0.508
12 10.802 26.0 25.12 8 0 7.28 615.2 358.9 0.512
13 80.613 26.0 27.62 8.58 7 7.46 579.7 393.4 0.523
14 78.76 26.0 19.61 14.05 4 5.43 594.8 385.9 0.529
15 69 26.0 26.04 18.53 4 6.19 579.7 393.4 0.539
16 116.899 26.0 33.99 15.53 10 6.70 627.5 353.9 0.557
17 88.45 28.0 31.07 11.96 7 6.84 615.2 358.9 0.576
18 34.78 21.5 16.79 14.8 3 6.94 606.7 378.6 0.581
19 43.149 28.0 16.62 11.17 4 6.80 615.2 358.9 0.600
20 39.388 26.0 20.23 22.94 5 6.90 615.2 358.9 0.601
21 30.82 21.5 35.22 25.12 3 7.74 579.7 393.4 0.607
22 56.815 28.0 9.73 12.776 5 5.57 627.5 353.9 0.609
23 145.187 24.5 16.14 26.33 6 5.17 594.8 385.9 0.620
24 13.44 24.5 12.37 16.43 1 5.20 594.8 385.9 0.624
25 77.268 26.0 12.42 20.17 5 6.26 594.8 385.9 0.624
26 36.66 28.0 17.08 10.01 4 433 615.2 358.9 0.634
27 33 26.0 22.97 12.18 2 9.40 627.5 353.9 0.639
28 58.672 26.0 12.32 15.48 4 6.15 615.2 358.9 0.641
29 154.58 26.0 42.10 17.01 12 5.85 637.5 376.2 0.645
30 53.401 28.0 27.31 11.51 4 8.91 594.8 385.9 0.647
31 37.5 345 22.85 12.66 6 6.66 594.8 385.9 0.647
32 121.805 24.5 15.17 33.15 9 7.60 536.1 377.5 0.650
33 47.718 24.5 20.16 29.64 3 6.99 606.7 378.6 0.688
34 38.824 24.5 28.90 30.9 2 6.83 615.2 358.9 0.688
35 54.764 26.0 4131 24.23 5 7.96 627.5 353.9 0.695
36 24.08 345 39.71 11.35 3 9.15 565 400.2 0.713
37 40.202 26.0 25.62 39 4 5.48 615.2 358.9 0.728
38 12.545 21.5 26.45 41.89 1 6.31 579.7 393.4 0.729
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AT HEY.  HAIAA FORM R
WEOHAKE R 0t e WY T
39 123.52 26.0 29.85 31.1 7 9.47 565 400.2 0.737
40 203.03 21.5 33.04 29.78 13 5.23 579.7 393.4 0.749
41 105.248 26.0 27.04 19.27 10 6.99 594.8 385.9 0.750
42 33.796 26.0 25.04 19.52 4 9.66 606.7 378.6 0.760
43 99.196 26.0 31.38 16.77 9 6.89 579.7 3934 0.766
44 95.713 26.0 4331 20.03 10 7.78 579.7 3934 0.814
45 98.544 26.0 14.22 16.15 12 7.73 615.2 358.9 0.815
46 23.323 24.5 25.38 46.85 1 9.00 536.1 377.5 0.836
47 83.64 26.0 52.81 27.6 6 6.11 579.7 3934 0.841
48 73.027 26.0 22.05 20.11 5 6.36 579.7 3934 0.847
49 46.07 24.5 40.78 52.02 5 7.05 637.5 376.2 0.858
50 59.55 24.5 14.79 73.54 3 8.04 519 357.8 0.877
51 56.078 24.5 32.45 44.27 5 5.71 579.7 3934 0.946
52 53.929 24.5 25.67 50.73 5 5.60 594.8 385.9 0.970
53 48.4 24.5 37.48 34.1 6 6.60 627.5 353.9 0.975
54 35.924 24.5 14.06 63.12 2 5.44 615.2 358.9 0.998
55 21.6 24.5 23.79 42.28 2 7.20 627.5 353.9 1.014
56 138.21 34.5 45.46 37.49 14 7.82 606.7 378.6 1.051
57 18.99 24.5 39.86 41.45 0 5.72 594.8 385.9 1.083
58 21.623 24.5 34.82 43.67 1 4.97 637.5 376.2 1.138
59 67.179 24.5 34.53 52.06 3 4.94 615.2 358.9 1.152
60 20.417 24.5 16.75 60.64 2 4.60 594.8 385.9 1.261
61 46.369 24.5 15.77 76.87 2 5.24 594.8 385.9 1.285
62 25.688 33.5 24.04 68.81 3 7.77 627.5 353.9 1.327
63 63.200 33.5 37.66 49.67 10 7.52 594.8 385.9 1.360
64 91.086 24.5 11.77 44.13 6 5.55 627.5 353.9 1.460
65 63.577 34.5 19.08 59.85 12 7.64 606.7 378.6 1.529
66 19.490 34.5 20.46 46.65 5 8.90 627.5 353.9 1.594
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Figure 4 Visualization of RF feature importance
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3.1 ISSA SR

A iE Python S ISSA L AL Bk DL S 1) 3
ISSA-XGBoost = & 2 ¥ & 4 il #5284, DA neg_
mean_squared_error 71 3% 77 % 2 A P o bs HE 1)
cross_val_score 2 X I UEAS 73 /E AR HEE M B . ISSA
FhEEVI 46 10 2 B LA I XGBoost 2 0 31 i Bl 4 3% 4
H7R o

BCEHHE R T I 80% NINZREE, 20% Ntk
A SCLAPSO Bk Ak, L SSA 5 ISSA Bk (#ik
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Table 4 ISSA-XGBoost parameter settings

24 U FREHE
FPEEAUA 100 learning_rate[0.01,0.1]
B RIEARIEL 50 n_estimators[100,500]
ZAAAST 0.6 max_depth[3,10]
R e 0.7 subsample[0.6,1]
IR BN R B RREE L 0.2 colsample_bytree[0.6,1]
® 1 reg_alpha[0.001,10]
O3 0.4 _

~0.020]
=l
g-00211
2 -
Pl
" 0022 |
i —ISSA
i -——- SSA
0023 I, ——= PS5O
i
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iR R
[E5 ISSA. SSA. PSO HLiEikAU Stk

Figure 5 Iterative convergence curves of ISSA, SSA, and PSO
algorithms
AU S e in & 5 s, T LA H ISSA BVE LR 7E

WA S B 3 A U SIS FE E #B AR T SSA 5 PSO 1%,
ISAE T st R BVE R R M 5 2tk . ISSA.
PSO. SSAEMSEHAWNRS R,

# 5 ISSA. SSA. PSOEMSHU &
Table 5 ISSA, SSA, PSO optimization parameter combination

B SH ISSA SSA PSO
max_depth 3 7 7
colsample bytree 1 0.8846 0.889
learning_rate 0.0847 0.05 0.0184
n_estimators 323 355 374
reg_alpha 0.001 0.001 0.0027
subsample 1 0.964 1
32 fREUER

Fe AT FURE A HEENLR 7 80% U254, 20% I

REE. HlBE S, B HSE S IME R E
B, ALK ISSA BIRAL BUR AT 2 EAVPAY, BAdk sk
HILEK 6. ISSA-XGBoost TiMlIE L5 B SLAE % b 25 AL
Bl 6 Fra~. &7 0% H T ISSA-XGBoost. PSO-
XGBoost. SSA-XGBoost 12 (T FEARTE5)
H# 6 AT &1, PSO-XGBoost 15 % Tl (1) ¢ K 1% %
I 56.03%, F/NRZERN-2.18%, “FHILNTIRZE
N 13.2%; SSA-XGBoost 15 1 Tl (1) e kA5 2 5 Ny
56.03%, H/NIRERN-124%, FEILITRERN
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%6 PSO-XGBoost.SSA-XGBoost.ISSA-XGBoost Tl 45 F 5} H

Table 6 Comparison of PSO-XGBoost, SSA-XGBoost, and ISSA-XGBoost prediction results

FEA SEBRAE/ PSO-XGBoost

SSA-XGBoost ISSA-XGBoost

CIhe (1¢/km) T A /(4Z./km) MMREY%  BE(ZAkm)  FERHRZEY%  BUME/(ZAm)  ARHRZE%

1 0.601 0.618 2.82 0.633 5.32 0.636 5.82

2 0.814 0.775 -4.79 0.787 -3.32 0.869 6.76

3 0.750 0.692 =773 0.671 -10.53 0.739 -1.47

4 0.647 0.696 7.57 0.683 5.56 0.633 -2.16

5 0.858 1.010 17.72 1.037 20.86 1.125 31.12

6 0.620 0.721 16.29 0.698 12.58 0.692 11.61

7 0.529 0.556 5.10 0.579 9.45 0.611 15.50

8 0.688 0.673 -2.18 0.675 -1.89 0.683 -0.73

9 1.152 1.110 -3.65 1.111 -3.56 1.139 -1.13

10 0.282 0.440 56.03 0.440 56.03 0.408 44.68

11 1.360 1.016 -25.29 1.072 -21.18 1.185 -12.87

12 0.576 0.645 11.98 0.638 10.76 0.656 13.89

13 0.645 0.743 15.19 0.732 13.49 0.735 13.95

14 1.050 0.961 -8.48 1.037 -1.24 1.043 -0.67
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Figure 6 ISSA-XGBoost model prediction results
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Figure 10 Comparison of Model Evaluation Indicators
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Table 8 Verification samples for expressways
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Table 9 Comparison of verification results
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Abstract: Expressway cost prediction is an important means of cost control in the preliminary stage of expressway construction
projects. In this paper, for the characteristics of high dimensional and nonlinear relationship between the small sample data and
the engineering cost feature indicators in engineering practice, the XGBoost algorithm with high training efficiency and good
prediction performance is used to construct the prediction model, and at the same time, there are many hyperparameters of
XGBoost, and the good or bad training result of the model depends on the selection of the hyperparameters, so this paper uses
the Sparrow Search Algorithm (SSA) to search for the optimum of XGBoost hyperparameters.

Considering that SSA is easy to fall into the local optimum, a strategy that hybridises the sine-cosine algorithm and Lévy's
flight is used to improve the basic SSA(ISSA), improve the global search ability of the algorithm and accelerate the convergence
speed.

In the data collection part, this paper fully considers the influence of project indicators and macroeconomic indicators on the
cost of expressways, and finally determines eight cost impact indicators as input features, namely, route length, subgrade width,
quantity of earthworks per unit, the ratio of bridges and tunnels, number of interchanges, permanent land occupation per unit,
CPI, and material price.

In the model establishing part, this paper firstly compares the iterative convergence curves of the three optimisation algorithms
of PSO, SSA and ISSA, and it can be seen that the ISSA algorithm is better than SSA and PSO algorithm in both convergence
speed and convergence accuracy, which verifies the robustness and effectiveness of the improved sparrow search algorithm.

At the same time, the improved sparrow search algorithm is used to optimise the three models of XGBoost, RF and SVM for
comparison. The results show that compared with PSO-XGBoost, ISSA-RF, SSA-XGBoost and ISSA-SVM models, the ISSA-
XGBoost model shows better antioverfitting performance. Meanwhile, according to the results of each evaluation metric, the
ISSA-XGBoost model performs optimally compared with the other four models in the three metrics of MAER, MAE and
RMSE, which indicates that the ISSA-XGBoost model is significantly better than the other models in dealing with the overfitting



84 LREHHSL——ESF RIS ) TRE, 18(1): 70-84(2026)

problem and the generalised regression prediction, and that the model has a good adaptability and interpretability, and at the
same time, the improved sparrow algorithm improves the training efficiency and prediction accuracy of the traditional XGBoost
model.

According to the results of the importance of the model features, the three features of the ratio of bridges and tunnels, route
length and quantity of earthworks per unit have the most significant influence on the cost of expressways, while the two
macroeconomic indicators CPI and price index also have a certain impact on the cost.

In order to verify the applicability of the model in actual projects, this study selected three engineering samples outside the
input sample set for prediction analysis, and the prediction error rates of the ISSA-XGBoost model for these three samples are
-8.87%, —13.44%, and -7.94%, respectively, which meet the requirements of the pre-investment estimation.

Through the random sample verification, the ISSA-XGBoost model proposed in this paper can effectively predict the cost of
expressways in various regions of the country, which is broad and universal, and the prediction model can be migrated to other
fields, providing a certain basis for the construction of efficient and perfect expressway cost management system.

Keywords: expressway; cost prediction; Lévy flight; improve the sparrow algorithm; ISSA-XGBoost



