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Dynamic Diagnosis Method for Mine Reclamation Soil Quality Based on the Fusion of Swin-Unet and Grad-CAM
Lu Junhuan , Qin Haojie, Zhang Shuzhi, Song Yongjin
(Guangxi Natural Resources Vocational and Technical College, Chongzuo, Guangxi 532199, China)

Abstract: To address the problems that existing diagnosis methods can hardly capture the long-term variation law of mine soil
quality, the evaluation of reclamation effect lags behind, and the soil quality diagnosis results lack interpretability, an improved
dynamic diagnosis model for mine reclamation soil quality based on Swin-Unet and Gradient-Weighted Class Activation
Mapping (Grad-CAM) visualization technology was proposed (IPPSUG model). Raw soil image features were extracted by the
model via Swin-Unet, and noise was suppressed while key features were highlighted with the squeeze-and-excitation network
module. Meanwhile, the model structure was optimized by the pruning algorithm to reduce computational complexity. Finally,
the interpretability of diagnosis results was improved by Grad-CAM. The test results show that the accuracy and precision of
soil quality diagnosis of the PSSU model reach 96.11% and 97.63% ., respectively. The determination coefficient of IPSSUG
model for identifying available potassium content is 0.983, and the recognition rate of soil-polluted areas is 98.40%. Test data
are superior to those of the comparison models, which fully demonstrates the feasibility and superiority of this model. In
addition, the degree of correlation between main influencing factors and soil quality indicators was quantified by IPSSUG
model, the reliability of soil quality diagnosis results was improved, and a new method was provided for research on mine
reclamation soil quality diagnosis.
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Table 1 Comparison of response time and memory

usage of four models for soil quality diagnosis
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Fig.8 Comparison of absolute error for SOM diagnosis and prediction fitting performance for AK content among four models

M 8Ca) Ha] LI H L IPSSUG #5132 W SOM
18 2t o 15 25 - 3B R 2,04 Y0 o AKX LU AR Y ; Bl 7
T8 U EIOAS W 84 32 A5 R o 2 0 B R /DN . X
FEAF 25 T IPSSUG # K FE Swin-Unet [ 53 )2
SAE 22 fE 7 SOM £ 55 [a] 43 A (1 41 fi 2% 5
[Fi] B 38 3:F SENet A5 e 5 Ak 5C 8 R 1 38 38 AL L ™
e SO M X BEREAE, R B8 (b)) AT AL, K

IPSSUG A2 W AK & & () 8 KRB 35 0,983,
SR SEIE . B AK & 2 Wy B 35 0~ 140
mg/kg, B RE RGO HE, K& H T IPSSUG 4
R Z FHLE P RE A A AR T T X AK & i 5 44
25 0] 728 S AL B T, AT/ 1 5 L S T 1 1Y
255, He A XS RS W A HE A A i A
R HAR 2L I AT H e 25 R A 9 TR .



290

g LB R S5 A

2026,46(7)

75C
UG
LSRN 50
PLS a0 . 30 A0
b: 20 20 K
&\@ a A’RNN 0 10 %%Wd RIS
(a) H#EHE

[ IPSSUG [ IXGBoost

6r [ PLSR-RF ] GA-RNN
4.
g o,
& FHH f H [
| }:H il
k-
—4F
BT 20 30 10 50
BBTRE/ IR

(b) ERRRE

9 ATMERITRECESELHANERERRE
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Fig.10 Comparison of comprehensive pollution index and polluted area recognition rate of four models for soil quality diagnosis

AT B E L IE 11 Frs .,

M 10 Ca) Al LU L IPSSUG A5 84 + 18 Ji
WIS e LR S R B B i/, O I (E R 0.61, B
FIRTH X BAL, X &Ky IPSSUG & A4 8
it PA Ak 56 B V5 Y BT 0 AL E 4 L, OF 1 B
SENet #5 e 2y 2 ] 5% 38 i 5 20k, [ AL R X B X 5
Fe 3 Y B A HE 5 0 ) 3 R P BESER DT RIS T )R
S E O S B R Bk B, B 10 (b Al R,
IPSSUG #557 Xif 4 3 5 Yo X 3 A9 L1 R AE S 6 Uik
Bk B3k B f K 98.40% , . # #5 T PLSR-RF
R 82.65 % . IXGBoost BRI 90.16 % LA & GA-
RNN #E A 83.84 % , F B IPSSUG #5% #1151l 4 119
V5 Y XI5 SR TG Y X SR W) A AR . B,
AWEFE A B IPSSUG 5 #2217 111 75 7 91 %2 K 2%
i R v F2 B e P R 5 R A A

B 12 W Uk B 15 0 R 22 AR, B R IR 250 R
1.85% » B R AIK F 3 Fh T LU ASE Y B o R 1% 2% . X
JE R IPSSUG #5283 G 42 fif B SENet B e HF [ 1
7 TE S R AR 1 T A AT AT R T AR R x4 1
G 8 B AR U L B A AR G RRAE 1 42 e

B J AR AIF 5% X 45 455 D E A7+ HE 5 12 W 1 T gL
LR TR B T U5 e XS RU RJR TE  LE A B, 3
gE IR E 10 Fros .,

i £000000000000000.
»

: W s T
W g V7SR Fecege /oy SUs
R B0 g Spo.
= ooddy ______ . "“/"""3"5""'/*06) B
S S S &, %os &
12 18 24 30 A N

(b) F5RXHRHIE

1.00
EeRERE| - gl |
0.67
#e SR x )
® 0.33
= HEER o *
= S . 0.00
fﬂHﬁ ; = -033
e ___I'ie
ot I e
SOM AK &% BXH &KkE
TIEBE IR
11 HARRFEXMERSTEREERHN
HXESHHRAE
Fig.11 Heatmap of correlation analysis between main

influencing factors and soil quality indicators in the study area

i 1T AT, A2 R R A AT R M R AR AR Y
REFMIEMKKR, HE SOM, &% KA MW E



PR E % AT Swin-Unet 5 Grad-CAM #4895 L L & L3R5

HAELW FE]]F LR S FL.2026,46(7). 291

0.1 % @ MK T 8 3, R E BRAEIRA B Tk
ERXE AR M ESE SR PR AR
TR N PSR A AR 2 O OG. Hob Xt
SOM S e K JERb AL & i 48 & % AK 19
W B K 3 G K B Y R T e G TN A R
STl 52 ) e A A [ R S DR B, FLASE 5 90 A0 Bk
FHKFETFRE., XEWIZKEGEHLEKRER
JEH L T X e R - T 0 K A A ) R
SEIEY DRI R, 45 LRk, IPSSUG
RURALfE 38 58 PSSU B HONS 1 Fl 412 52 ) 1 18 5T 4 1)
PR 24 AE 38 T U B Grad-CAM 45 AR BOULE 71 5% il
R B R L BE O B R PR A $E R
WA oM 1E 52 1 e 1) B R AR T T R 1

3 it

EEXT A0 1L E B 2 W7 R AR A RS
FERN R LT fif B PR 22 4 Il 8, AR BF Y 51 A PA A
SENet X} Swin-Unet 5 %1 i 17 2 ik, # # 7 PSSU
FEAL, I8 H 5 Grad-CAM o] YiAb 5 R A ZE A &
ey gt 7w Il A R Y A T2 W ol g AR R
(IPSSUG #8145 i) FL 4598,

(1) BRI b 5 25 SR 3R W1, PSSU A& A U]
M B AR R WE R Ol 96. 1100, K B R S Ik
97.63 %% 512 Wi i<k B2 (4 Wi g B[R] A 94.4 ms N AF
JHHEK & 103.5 MB,

(2) 153 37 52 vh, IPSSUG #5 #1 i2 hr + 1
SOM fJF-#4 46 % 5 22 AR AK &5 2 5 P g R AL
I35k 2.04%6,0.983 5 + HEH 4 & & 512 Wi 1 HE B
FR 96.42% iR EAL K 1.85% ; WF 5% X V- 4475 Y 45
G AL E 0,61, 1 BT g X W IR B R R
98.40%,

(3) ARWFFEHE— it IPSSUG #E R B Ak T i
KX EFEFMENES L EFERRHECREE, B
EHE TR T R R

(4) ARWFFAIAEAE — 2 Joy BR 2 X L 3t 56 oK X
W1 A AT X 43, A B8 B L PG S 9 22 K £ 8 R A
W AE MR X3, S5 B2 5 B Iz R g 2E 22k
Ay ILE R s LRz W, i — 22 W uE H
fbEgE .

% % 3LHRK (References) :
[1] R W IR0 R R 46 5 0K 2 0 L R 6 U8 i 540

BRBA S]] 5 5T % .2024,44(11) . 184-196.

Yuan Ying, Cao Siyuan, Liu Jianbing, et al. Research on

geology and resource problems and restoration and

treatment of limestone mines [ J]. Mining Research and

Development,2024,44(11) :184-196.

2]

(3]

[4]

(5]

[6]

[7]

(8]

9]

[10]

[11]

FOF-HE, E B AT BE 2, S B b B B O B AR L
BN Hb 3 K B A R Ay A B AR A [T R BR BT W,
2023,39(1):146-158.

Yuan Pingwang. Wang Lidong, He Peiyong, et al.
Distribution and risk assessment of heavy metals in soil and
surface water of an ion-absorbed rare earth mine in northern
Guangdong[ ] . Environmental Monitoring in China, 2023,
39(1):146-158.

SRR b AT B R R AT R T R A KA 1L S
TR RS A AR ] A B R S B 2= 4, 2024,
33(6) :44-55.
Guo Yuanshang. He Mingzhu, Han Guojun, et al. Soil
amelioration and restorative plant optimization for wasteland
of limestone mine sites in arid region of Ningxia[ J]. Journal
of Plant Resources and Environment,2024,33(6) :44-55.
Wei Fuhao, Wang Shaofan, Sun Yanfeng, et al. A dual
attentional skip connection based Swin - Unet for real-time
cloud segmentation [ J]. IET Image Processing, 2024, 18
(12) :3460-3479.

Celebi A, Imak A, Uzen H, et al. Maxillary sinus detection
on cone beam computed tomography images using ResNet
and Swin Transformer-based Unet[]J]. Oral Surgery, Oral
Medicine, Oral Pathology and Oral Radiology, 2024, 138
(1):149-161.

TASE I, BB B, 50 B L 4. B Swin-Unet #8814 2 2% il &
T < BT 97T A A e [T 3B R A R 2024, 39(6)
21-29.

Hu Rongming, Huang Xukun, Jing Xia, et al. Multi-level
Fusion Method for improving Swin-Unet model: taking
classification of urban road under construction for an example
[J]. Remote Sensing Information,2024,39(6) ;21-29.

Xiao Dong, Kang Zhihao, Fu Yanhua. et al. Csswin-unet: a
Swin-unet network for semantic segmentation of remote
sensing images by aggregating contextual information and
extracting spatial information[ J]. International Journal of
Remote Sensing,2023,44(23) :7598-7625.
S, B 4 LT Swin-Unet B 95 4= 18R #8028 W o7
AR AR M R 24410, 2024 ,45(5) : 754-763.

Zhang Bo, Luo Weiping. Feed consumption status
monitoring method of dairy cows based on Swin-Unet[ ] ].
Journal of South China Agricultural University, 2024, 45
(5):754-763.

Palliyil S S, Rohini P, Ramakrishnan S. An approach to
segment nuclei and cytoplasm in lung cancer brightfield
images using hybrid Swin-Unet transformer[ J]. Journal of

Medical and Biological Engineering,2024,44(3) :448-459.

FE[1]. &5 4%, 2025, 44(1) : 283-294.

Qiu Haolei, Wang Haiyan. Application of machine learning
to the prediction of soil properties: a review[]]. Chinese
Journal of Ecology,2025,44(1) :283-294.

XULREAR R, 05 L ST XA S TR S A0 A R
L5 R AR AT AL AR =8 T R X O L) .
T, 2025, 34(3) :327-336.



292

g LB R S5 A

2026,46(7)

(12]

[13]

[14]

[15]

Liu Weifu, Lin Nan, Su Xianjing, et al. Assessment of

vegetation status and soil quality changes during the
implementation period of ecological restoration project in
mining areas: a case study of the first mining area of
Sandaogou Coal Mine in Northern Shaanxi[ J]. China Mining
Magazine,2025,34(3) :327-336.

BRSO ITFR . T 45 LA-Unet W 45455 8 78 38 117 ¢ HiL 1E
B 2 i 0 A LT )0 AR 25 2¢ 4, 2024, 35(4) : 1101-1111.
Xu Liangliang, Ma Kaisen, Wang Xia, et al. Application of
LA-Unet network model in remote sensing classification of
urban green space[ J]. Chinese Journal of Applied Ecology.
2024,35(4):1101-1111.

kS XA AR R B M R A g A e T
{14 ¥y £ 5 L] 7K SCHb B T M B, 2025, 52(4) £ 26-38.
Zhang Zizhao, Liu Peizhi, Hu Yang, et al. Build and
application of automatic classification model of land damage
in the middle section of Tianshan Mountains [ ] ].
Hydrogeology &. Engineering Geology.2025,52(4) :26-38.
SRR IR, WA o, 5 M o, 45k T 8 75 B R FPN-SENet-FL
TR 2 TR 28 0 6 A 70 2 ) L R IR e e g 5 T 7L MR o
Sy Oy BT I R 2 AR R . 2024.40(3) : 372-377.
Zhou Xiaoxin, Chen Junyu, Lu Huanchong, et al. FPN-
SENet-FL. deep convolutional neural network model for
differentiating benign and malignant breast tumors and
predicting molecular subtypes of breast cancers based on
ultrasonic images[ J]. Chinese Journal of Medical Imaging
Technology.2024,40(3) :372-377.

A 5k Ak, wh AT R T R 2 B 3 R 5 O O
(11353, 2023,40(4) :511-518.

Lou Li, Zhang Fengxia, Han Boxun. Research on salt dome

identification algorithm based on image segmentation[ ] ]. Chinese

Journal of Computational Physics,2023,40(4):511-518.

[16]

[17]

[18]

[19]

[20]

VMR, R G L ALE YOLOVSs 538 3 59 K57
ER AR R AR T B LT ] ARl TR %441, 2023, 39
(15):152-162.

Xu Xingshi, Wang Yunfei, Hua Zhixin, et al. Light-weight
recognition network for dairy cows based on the fusion of
YOLOvV5s and channel pruning algorithm[]]. Transactions
of the Chinese Society of Agricultural Engineering,2023,39
(15):152-162.

WA R FL DRSTN . ¥R B2 4% 22 4R B (E AL W 46 [T ). 3T S WL
%,2024,51(1) :81-87.

Cao Yan, Zhu Zhenfeng. DRSTN:
thresholding network[ J]. Computer Science, 2024, 51 (1)

deep residual soft
81-87.

KIS R A LUES - RIB 2 R L 3k H
TER ST HLH Y 28 de T AR AR S B R J5 B L1100 T %,
2024,43(1):119-130.

Zhang Han., Xiong Yun, Tang Xin, et al. Transformer
working state identification method based on voiceprint
signal-motif difference field enhancement and multi-head
self-attention mechanism[ J]. Journal of Applied Acoustics,
2024,43(1):119-130.

FROCHR 1A B F e YOLO Mt B/ o FE R (1], +
S XA A 5T 52024 ,42(6) :195-205.

Guo Wenjuan, Feng Quan. Cotton leal disease detection
based on improved YOLO[J]. Agricultural Research in the
Arid Areas,2024,42(6) :195-205.

EIR B AR A T SR T ) DR R RN 2 1Y i O SR S R
SRR S L LA, 2024,50(1) : 156-165,

Xie Zhaoxian, Zou Xingmin, Zhang Wenjing. High-efficient
large

parameter-pruning algorithm of decision tree for

dataset[]J]. Computer Engineering,2024,50(1) ;156-165.



