%51 % ol i EBR B2 Earth Science Vol. 51 No.9
2026 4F9A http://www.earth-science.net Sept. 2026

https://doi.org/10.3799/dqkx.2025.296

TEMEBBEEBRNERBEEITE
e TEA & SIS R=1TFMN

BRRLE RLEER L KRANLE R HERY, R R

1. ERLBRFFERTFR, TR 400074

2. MARE TR F AR FR, Wl RA 610059

SRHMEIRFUAREG B EWAAKEFEPLBAESLEEE, W) RA 610059

4 RMEIRXFERRERP K EFTLEHRER SRS AT EELRE, Wl & 610059
5. RAFAR:FEHE, W& 610213

i s B VY R L DX K Ak B TR T A S IR B M I s R R A ) A T A AR S TR R 4 R A O
it #?E”*Eﬁl_ﬁ?i SR B ) ST . A H 2019— 2024 4F Sentinel-2 £ 10 m 43 3 3R IS} FE R4, g 8 b S5O0 % DR BE DG
5 BOFN S0 R AIE AL B B A A RRAIE 4R SR FH U-Net iy SCor BRI | 3 25 VF M 248 V8 pg Ll X8 Rk B TR it T 309 26 28 3R 85 Il
&, 95 2% BUM 4% (FCN) Al LinkNet 48 8 57 4y 5 20 15 17 X% b . 25 S 36 0 U-Net U 3% 58 45 8 15 91.65% , & % L T FCN
(82.95% ) M LinkNet(90.23% ) , 1% ¥ 2% 155 70 55 5 5l 1% I Bt R RS Bl 48 B0REAE B8 5 B W] 58 LUk, & R 2019 — 2024 4F 4 45 X T
FUEEE 28.5%0 45 W R Y 2021 — 2022 47 2k i 32 R it T390 o0 AR A8 R Ak SC BB B, AR S R I H8 BN B 0.18. TR & L 45 B 78 b oy
Biiam T — 822" 5 R—>— "8 Ei A SRAEAR R0 T 825 5 Bk, RS 7 it 3 30 38 33 Oy M4 i 4 2
B AR AT DX AR X A TR ARV e R RS SR B S X A3 A AR R Ay R DX 26 A XA b 7R A e A A SR
A X AR 5 TIE B, VR B 2 3T IO 45 A 5 3 I T R AIE Dy 9k T Sy 2K B TR e ) A S PR T R A BT 2L R A S A
1L X 22 3 JHR 3 A 245 JoR 0 0 R R E ble e W Ay T A Ak B T A A RIS A A B 4 5 R R R g ) R B LR 2 A
KRR ORI TR AR A IRBE VR s TR B 2% 2 2% 5 SR TR AIE 5 38 B Ml 24 2T
hESHES: P642.5 XEHS: 1000—2383(2026)09—3405— 17 5 H 81 :2025—09—01

Eco-Environmental Quality Assessment of Major Railway Project Construction

Period by Deep Learning Network Coupled with Remote Sensing

2,3,4,5%

Ji Cuicui***, Wan Sheng', Huang Zaoyang', Zhang Xiaochao®*’, Luo Jing®’, Yang Hengcong", Pei Xiangjun®

1. School of Smart City, Chongqing Jiaotong University, Chongqging 400074, China
2. College of Ecology and Environment, Chengdu University of Technology, Chengdu 610059, China
3. State Key Laboratory of Geohazard Prevention and Geoenvironment Protection, Chengdu University of Technology,

BEEWMHE: { K E S & 25 B (No. 2023YFC3007103); 74 i H A X & & WF & 5 B (No. XZ202401ZY0091) 5 K i 7k 24 & K 5i H
(No. 2023KIJGG05); H &K A S& Bl % 1 4F 3 4 30 H (No. 42301459) ; b Jit 75¢ 3 Bl 16 5 Ho 5t 8 55 01 9 B R i 8 SE 50 = P il 3t 4 %2 )
T H (No. SKLGP2022K028) 5 [ 5 78 58 £ 97 K 75 Y B [F] 45 1 15 Bk & 18 & 5 4030 50 = I i 3t & 551 H (No. GHBK-2023-04).

EHZ B Wi R 2R (1984 — ) , 4, W HUF2 , T A U, AR 5% 0 1) A A B 2 s o S 3 L AR PR 2 9 JRUIRS: BF- A7k 00 IX 0 A 25 R B 3 S R T . ORCID
0000-0001-7764-6422. E-mail: cuicuiji@whu. edu. cn

* BIWAEE HH I, E-mail: yanghc@mails. cqjtu. edu. cn; 3£ i1 4, E-mail : pxj@cdut. edu. cn

SRR MR, T L B PH L SRR B B A T, 2 4, 2026 T B2 I 45 R G R Y T Rk B TR I T AR A5 IR BT T PEAN L b BR L
¥,51(9):3405—3421.

Citation: Ji Cuicui, Wan Sheng, Huang Zaoyang, Zhang Xiaochao, Luo Jing, Yang Hengcong, Pei Xiangjun, 2026. Eco-Environmental Quality Assess-
ment of Major Railway Project Construction Period by Deep Learning Network Coupled with Remote Sensing.Earth Science,51(9) :3405— 3421.



3406 HiEkF#  htp://www.earth-science.net %51 %

Chengdu 610059, China

4. State Environmental Protection Key Laboratory of Synergetic Control and Joint Remediation for Soil &
Water Pollution, Chengdu University of Technology, Chengdu 610059, China

5. Tianfu Yongxing Laboratory, Chengdu 610213, China

Abstract: To address the challenges of low spatial accuracy and poor spatio-temporal continuity in monitoring ecological
disturbances in the construction of major railway projects in mountainous regions of Southwest China, this study proposes a
dynamic evaluation framework that integrates deep networks with remote sensing spectral features. Using Sentinel-2 10 m
resolution time-series imagery from 2019 to 2024, we developed input feature datasets comprising bands of remote sensing
images, spectral indices and textural features. A U-Net-based semantic segmentation model was developed for assessing ecological
quality, with comparative analyses conducted against FCN and LinkNet. This approach enabled dynamic evaluation of ecological
quality during the construction period of the railway in the mountainous areas of Southwest China in years. The results show that
the U-Net model achieved a test accuracy of 91.65%, significantly outperforming FCN (82.95%) and LinkNet (90.23%),
demonstrating its robustness when coupled with spectral features. From 2019 to 2024, the area of high-quality zones decreased
sharply by 28.5% , with the main construction period of 2021-2022 identified as the most critical phase of ecological degradation,
during which the ecological quality index dropped by 0.18. Change trajectory analysis further revealed dominant degradation pathways,
such as “moderate—poor” and “good—>moderate”, and quantified the spatio-temporal heterogeneity of disturbances. Persistent
degradation hotspots were primarily associated with waste dump sites and construction access roads. Overall, the region exhibited a
spatial pattern of “high quality in the east and west, low in the center” in which high-quality zones are distributed in areas dominated by
forest land, while the low-quality zones are concentrated in ecologically degraded areas with sparse shrubs and grasses. This study
demonstrates that integrating deep learning with remote sensing spectral features provides a novel paradigm for ecological quality
assessment during railway construction. It enables rapid high-precision monitoring of ecological quality in complex mountainous
corridors, offering a scientific basis for precise ecological risk management and restoration strategies in major railway projects.

Key words: major railway projects; ecological environment assessment; deep learning network; spectral characteristics; remote

sensing; machine learning.
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Fig.1 Geographical location and elevation of the study area
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Fig.9 Eco-environmental quality assessment results of FCN, U-Net and LinkNet models
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Table 4 Evaluation results of metrics for different feature

input schemes

BRI E EAS Accuracy Mean IoU  Macro F1 Score
(%) (%) (%)
a 91.26 84.09 91.23
b 90.53 82.87 90.45
U-Net c 90.46 82.75 90.40
d 91.65 84.72 91.58
e 89.73 81.40 89.59
a 82.95 70.84 82.76
b 82.85 70.66 82.63
FCN c 82.34 69.87 82.07
d 82.89 70.67 82.64
e 82.42 70.00 82.16
a 80.37 66.72 79.93
b 83.50 71.10 83.03
LinkNet c 90.23 82.22 90.11
d 89.92 81.72 89.80
e 81.78 68.94 81.50
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