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Abstract: This  study,  based  on  Artificial  Neural  Network  (ANN)  technology,  develops  a  quantitative
prediction model for the unit water flow rate of the Quaternary strata in the Shijiazhuang-Hebei Plain area.
The study area  extends  from the  piedmont  region of  Shijiazhuang,  at  the  eastern  foothills  of  the  Taihang
Mountains, to the hinterland area of Hengshui within the plain in Hebei Province section of the North China
Plain. The hydrological and exploration boreholes selected for modeling are primarily located in the south-
eastern part of Shijiazhuang urban area — the southern region of Xinji County — north of Hengshui City
near the Shenzhou County area. By employing the Induced Polarization method (IP) and Vertical Electrical
Sounding (VES), apparent resistivity (ρS), apparent polarization rate (ηS), half-decay time (Th), and decay
degree (D) were obtained as initial input parameters. These were combined with the measured water flow
rates from borehole pumping tests to build the training sample set. To address the prevalent issue of high-
salinity interference in the study area, multiple regression analysis revealed that when the inverted resistiv-
ity  (ρ)  is  less  than  5  Ω·m  and  the  inverted  polarization  rate  (η)  is  greater  than  8%,  the  contribution  of
groundwater salinity to the resistivity parameter reaches 42%±6%. Based on this, a comprehensive parame-
ter T"=ρ*H/ρ' was established, where ρ is the aquifer resistivity, ρ' is the aquitard resistivity, and H is the
aquifer thickness. The resistivity ratio effectively eliminates the coupling effect between electrical parame-
ters  and  salinity.  The  input  neurons  of  the  improved  model  were  adjusted  to  a  four-parameter  system
consisting  of  decay  time  (Th),  decay  degree  (D),  deviation  degree  (σ),  and  the  comprehensive  parameter
(T"). Experiments showed that the prediction error of the model on the validation set was reduced from the
original model's 5%-10% to 0.9%-5%. The introduction of the T" parameter reduced the prediction error in
high salinity areas (Cl->500 mg/L) to within 7%. The study confirms that the composite parameter T" based
on geophysical inversion parameters can effectively characterize the coupling features of aquifer thickness
and water quality. Even with a small sample size, through algorithm optimization, data augmentation, and
model structural improvements, it is entirely possible to effectively enhance prediction accuracy and gener-
alization  ability,  providing  a  new  parameterization  method  for  the  quantitative  evaluation  of  Quaternary
pore water in plain areas.
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 Introduction

The  Induced  Polarization  methods  (IP),  Vertical
Electrical Soundings  (VES)  and  Electrical  Resis-
tivity  Tomography  (ERT)  are  widely  used  geop-
hysics  techniques  that  have  become  some  of  the
most practical and cost-effective tools for hydroge-
ological  exploration.  These  methods  are  endorsed
by  many  hydrogeologists  due  to  their  simplicity,
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speed,  high  efficiency  and  low  cost  (Gyeltshen  et
al.  2023). They  are  minimally  affected  by  topo-
graphic relief  and the inhomogeneity  of  surround-
ing  rock  resistivity,  and  they  can  fully  leverage
detection in the time or frequency domain to indi-
rectly  locate  groundwater  (Liu  et  al.  2007; Zhong
et  al.  2021).  The  electrical  parameters  obtained,
such  as  apparent  resistivity,  apparent  polarization,
half-decay time and attenuation  degree,  have  high
resolution  and  accuracy  for  classifying  aquifer
structures  and  delineating  water-conducting  zones
(Lin  et  al.  2013; Ling  et  al.  2007; Persico  et  al.
2023; Scanlon et al. 2000; Song et al. 2020).

In  recent  years,  the  rapid  development  of
machine  learning  modeling  technology  and  their
application across various fields have brought new
opportunities and significantly accelerated research
progress  (Saravanan  et  al.  2024; Yilmaz  et  al.
2022).  In  terms  of  model  structure  and  algorithm
optimization: Early studies  constructed groundwa-
ter  dynamic  prediction  models  using  the  standard
BP algorithm. For example, input parameters were
determined  through  autoregressive  analysis  and
groundwater depth  prediction  models  were  estab-
lished  by  using  trial-and-error methods  to  deter-
mine  the  number  of  hidden  layer  nodes.  Later,  to
address issues such as the slow convergence speed
of  the  BP  algorithm  and  its  tendency  to  fall  into
local minima,  researchers  introduced various opti-
mization algorithms. For instance, the LM (Leven-
berg-Marquardt)  algorithm,  with  its  second-order
convergence  characteristics,  was  applied  to
groundwater  dynamic  prediction  and  significantly
improved  training  efficiency  (Devi  et  al.  2022).
The Bayesian Regularization (BR) algorithm intro-
duced  a  regularization  term  to  inhibit  overfitting,
demonstrating  better  prediction  performance  than
the  GDX  and  LM  algorithms.  Furthermore,  the
development  of  hybrid  algorithms,  such  as  GN-
BFGS, further enhanced the accuracy of parameter
inversion for complex aquifers.

In terms  of  regional  adaptability  and  interdisci-
plinary integration, current research covers diverse
hydrogeological  settings,  including  arid  regions,
karst spring areas, and alluvial plains. For instance,
accelerated  genetic  algorithms  have  been  used  to
optimize neural  networks  and  have  been  success-
fully  applied  to  the  inversion  of  heterogeneous
aquifer  parameters  (Li  et  al.  2024; Sivakrishna  et
al.  2022; Xia  et  al.  2019).  Additionally,  genetic
algorithms  combined  with  BP  networks  have
been  used  to  predict  groundwater  quality  in  oil-
contaminated  areas,  significantly  improving
prediction  accuracy.  The  integration  of  ANN
models with traditional numerical models (such as

MODFLOW) has  also  become increasingly  popu-
lar. By combining ANN as a supplement to numer-
ical  models,  predictions  can  be  made  through
system-level  analysis  in  data-scarce  areas.  Some
studies  further  integrate  ANN  with  grey  system
theory and  fuzzy  theory  to  better  address  uncer-
tainty.  It  is  particularly  well  integrated  with
geophysical prospecting  in  the  fields  of  explo-
ration and  monitoring.  For  example,  ANN  meth-
ods have been applied to the investigation of envi-
ronmental pollution,  groundwater  resource  explo-
ration,  mineral  reserves  estimation,  archaeology,
underground  air-raid  shelter  mapping  and  the
delineation  of  brackish-freshwater  interfaces  in
areas  affected  by  seawater  intrusion  (Liu  et  al.
2011; Maiorov  et  al.  2021; Mnasri  et  al.  2023;
Patra et al. 2016).

The  introduction  of  Artificial  Neural  Network
(ANN)  technology  overcomes  the  limitations  of
traditional  regression-based  prediction  models  by
establishing a quantitative relationship between the
abnormal parameters derived from electrical meth-
ods  and  the  degree  of  groundwater  enrichment.
This approach shifts the interpretation from purely
qualitative delineation  to  the  quantitative  estima-
tion,  enabling  IP  data  to  not  only  identify  the
spatial  extent  of  groundwater  occurrence  using
anomalous values  but  also  to  provide  a  quantita-
tive  explanation  of  formation  water  content
(Behzad et al. 2010; Maiti et al. 2012).

In  conventional  ANN-based  water  content
prediction models,  input  neurons typically  include
parameters such as resistivity, apparent polarizabil-
ity, half decay time, and attenuation. However, the
acquisition of these parameters is often susceptible
to external  disturbance,  which  can  lead  to  abnor-
mal  values  and  cause  deviation  or  instablility  in
predictions,  making  it  challenging  to  accurately
evaluate unknown hydrogeological units and limit-
ing  broader  application.  To  mitigate  the  influence
of  external  factors  such  as  salinity,  additional
parameters such as aquifer thickness and deviation
degree  have  been  introduced.  These  additions
enhance  the  model's  robustness  and  stability,
significantly  improving the  prediction  accuracy of
ANN  models  (Davydycheva  et  al.  2006; Dong  et
al. 1996; Duragasi et al. 2023).

In  this  study,  a  large  number  of  boreholes  with
known hydrogeological  data  from  the  Shiji-
azhuang  and  Hengshui  areas  of  the  North  China
Plain  were  used  as  training  samples.  Electrical
anomaly  parameters  obtained  through  borehole
electrical  sounding  were  used  as  input  neurons,
and the unit water inflow of a single hole served as
the  output  neurons  to  establish  an  ANN-based
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water content  prediction  model,  yielding  satisfac-
tory  results  (Ghosh  et  al.  2023; Hayashi  et  al.
1993).

 1  Materials and methods

 1.1 Study area

Because the model is primarily designed for appli-
cation  in  sedimentary  strata  within  the  plain  area,
the North  China  Plain  serves  as  an  ideal  compre-
hensive  test  site  due  to  its  extensive  distribution
and  diverse  geological  conditions.  Accordingly,
the  study  area  was  selected  as  an  inland  region
extending from  the  southeastern  part  of  Shiji-
azhuang City, located at the eastern foothills of the
Taihang  Mountains,  passing  through  the  southern
part  of  Xinji  County,  and  reaching  the  northern
part  of  Hengshui  City  near  Shenzhou  County  in
Hebei  Province.  This  area  is  characterized  by
abundant drilling activities (Fig. 1).

In  this  study  area,  nine  exploration  holes  and
seven monitoring holes (K1-K9 and J1-J7, respec-
tively, Fig.  2)  were selected as modeling samples,

all  of  which  have  known  pumping  test  data.
Induced  polarization  and  resistivity  logging  were
conducted near  these  wells.  The  resulting  electri-
cal  logging curves  were  processed and interpreted
through  inversion  to  calculate  and  statistically
analyze  the  resistivity  and  induced  polarization
parameters of the aquifers.

The  obtained  data  were  then  used  for  model
training and validation through a cyclic cross-vali-
dation approch. Finally, the known pumping wells
located  in  the  Shijiazhuang  and  Hengshui  study
areas were used as test sets to evaluate the model's
generalization  ability.  The  groundwater  level
contour  map  (Fig.  2)  illustrates  the  regional
groundwater flow  direction,  while  the  hydrogeo-
logical profiles (Fig. 3) depict the lithological vari-
ation trends from the foothill zone to the center of
the plain.
 1.1.1    Shijiazhuang
Shijiazhuang  is  situated  in  the  core  zone  of  the
Piedmont Plain  of  the  North  China  Plain,  border-
ing  the  majestic  Taihang  Mountains  to  its  west.
Geotectonically, this region lies within the Taihang
Mountain meridional  structural  belt  and  is  influ-
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Fig. 1 Study area
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enced by the Neocathaysian tectonic regime. These
structural  forces  have  shaped  an  inland  rift  basin,
which  is  overlain  by  Quaternary  unconsolidated
deposits and thick diluvial strata.

The upper  strata  of  this  basin  mainly  consist  of
alluvial  and  aeolian  deposits,  with  dominant
lithologies  of  fine  sand,  silt,  and  complex  sand-
clay interbeds. The sand layers exhibit clear strati-
fication,  with  individual  thicknesses  ranging  from
20 meters  to 80 meters.  In the middle section,  the
strata  are  characterized  by  alternating  coarse- and
fine-grained  layers,  with  lithologies  dominated  by
loam, sandy soil, and interbedded clay.
 1.1.2    Hengshui
The stratigraphic sequence in the Hengshui region,
from  top  to  bottom,  consists  of  Quaternary,
Tertiary,  Paleozoic,  and  Proterozoic  layers.  The
study  area  lies  within  the  alluvial  plain  of  Hebei
Province  and  features  a  gently  sloping  terrain
extending from southwest to northeast, with eleva-
tions  ranging  from  12  m  to  30  m.  The  surface
gradient  slopes  eastward  at  approximately  1/8000

to  1/10,000  and  westward  at  about  1/4000.  The
area  is  traversed  by  numerous  rivers,  which  have
shaped  the  alternating  distributions  of  sediments
through flooding events  and river  diversions.  This
has resulted in the formation of gentle hills, mildly
inclined flats, and low-lying areas.

The lower sections comprise exceptionally thick
Quaternary lacustrine deposits, which are predomi-
nantly composed  of  muddy  sandy  clay,  inter-
spersed  with  localized  landforms.  The  geological
features  of  the  region  are  complex  and  diverse,
reflecting  a  rich  and  dynamic  geological  history.
The  alternating  sedimentary  layers,  each  with
distinct  characteristics  and  occasional  fossil
records,  testify  to  the  area's  evolving  depositional
environments.

The  predominance  of  muddy  sandy  clay  in  the
lower  Quaternary  lacustrine  sediments  indicates
prolonged  wet  and  humid  conditions  that  favored
the  accumulation  of  fine-grained  materials.  Such
conditions  likely  persisted  for  extended  periods,
enabling the  formation  of  thick,  continuous  sedi-
mentary sequences.
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 1.2 BP artificial neural network

ANN is  sophisticated network system, comprising
numerous interconnected simple neurons, designed
to mimic the neural processing mechanisms of the
human  brain.  This  architecture  enables  efficient
information processing  and  nonlinear  transforma-
tions.  Among  these,  the  Back  Propagation  (BP)
neural network  is  a  widely  used  type  of  unidirec-
tional,  multi-layered  forward  ANN.  It  typically
consists  three  or  more  layers:  An  input  layer,  one
or  more  hidden  layers  (also  known  as  the  middle
layers),  and  an  output  layer.  The  BP  neural
network  learns  by  propagating  errors  backward
through  the  network  and  simultaneously  adjusting
its parameters to minimize these errors. This itera-
tive  correction  process  allows  the  network  to
approximate  the  desired  input-output  mapping
effectively.  Consequently,  BP neural  networks are
well-suited  for  developing  predictive  models  in
groundwater geophysics based on electrical param-
eters  (Lohani  et  al.  2015). Furthermore,  the  adap-
tive  learning  capability  of  BP  networks  enables
them  to  model  complex  nonlinear  relationships
inherent in hydrogeological systems. By analyzing
patterns  in  electrical  parameters  associated  with
groundwater  systems,  BP  networks  can  uncover
insights that are often difficult to detect using tradi-
tional analytical approaches.

The development a BP neural network model for
groundwater  geophysics  involves  several  key
steps.  Firstly,  a  comprehensive  dataset  must  be
compiled, encompassing a wide range of electrical
parameters and corresponding groundwater charac-
teristics.  This  dataset  forms  the  foundation  for
training the network,  enabling it  to learn the intri-
cate relationships  among  the  variables.  Subse-
quently,  the  network  architecture  is  designed  by
specifying  the  number  of  layers,  the  number  of
neurons within  each  layer,  and  the  choice  of  acti-
vation  functions.  These  design  decisions  are
pivotal  and  must  be  tailored  carefully  to  the
specific nature  of  the  problem,  as  they  signifi-
cantly influence the model's performance. Once the
architecture  is  established,  the  training  phase
commences.  During  training,  the  network  is  fed
with input data from the dataset, and its outputs are
compared against  known target  values.  The  errors
computed  between  predictions  and  actual  outputs
are  propagated  backward  through  the  network,
allowing  the  iterative  adjustment  of  network
parameters  to  enhance  prediction  accuracy
progressively. Upon completion of sufficient train-
ing, the BP neural network can predict groundwa-
ter  characteristics  from  new,  unseen  input  data.

These  predictions  provide  valuable  insights  into
groundwater  system  behaviors  and  support
informed decision-making in groundwater manage-
ment and exploration activities.

In summary, the BP neural network is a power-
ful tool  for  modeling  complex,  nonlinear  relation-
ships in groundwater geophysics. By leveraging its
capacity  to  learn  and  adapt  from data,  researchers
and practitioners can gain deeper understanding of
the  intricate  processes  governing  groundwater
systems, enabling more informed decisions in their
management and exploration.

 1.3 Model structure

The BP (Back Propagation) neural network has the
advantage  of  realizing  nonlinear  mapping  from
input space to output space without establishing an
explicit mathematical model. In this study, resistiv-
ity  (ρ)  of  the  underground  aquifer  is  determined
through  multiple  linear  or  nonlinear  regression
analysis based on experimental and statistical data.
The input neurons of the prediction model include
polarizability  (η),  attenuation  degree  (D)  and  half
decay time (Th),  while  the  predicted  output  is  the
unit water inflow (q) of a single hole, which serves
as  an  indicator  of  groundwater  abundance  in  the
survey area (Lin et al. 2010; Liu et al. 2008).

The  network  architecture  employs  the  widely
used  three-layer  Backpropagation  (BP)  neural
network  structure,  common  in  artificial  neural
network  applications.  The  setup  is  comprised  of
three distinct layers: An input layer, a hidden layer,
and  an  output  layer.  Key  components  of  the
network  include  the  basis  function,  the  transfer
function,  and  the  training  function,  all  of  which
play essential roles in its operation. The input layer
acts  as  the  gateway  for  data  entry,  receiving  raw
information from external  sources.  It  may  prepro-
cess the data as needed before passing it on to the
subsequent  layers.  The  hidden  layer,  located
between  the  input  and  output  layers,  performs  the
majority  of  the  computational  work.  It  consists  of
interconnected neurons, each with its own weights
and biases, which process the incoming signals and
extract  meaningful  features  or  patterns  from  the
data.

The transfer function, also known as the activa-
tion  function,  plays  a  pivotal  role  in  the  hidden
layer.  It  introduces  non-linearity  into  the  model,
enabling  the  network  to  learn  and  represent
complex  relationships  within  the  data.  The  choice
of  transfer  function  can  significantly  impact  the
model's learning  capabilities  and  overall  perfor-
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mance.
The output  layer  generates  the  model's  predic-

tions based on the processed information from the
hidden  layer.  Depending  on  the  task,  the  output
layer may consist of a single neuron, typically used
for  regression  problems,  or  multiple  neurons  for
classification  tasks.  The  basis  function  in  this
context  refers  to  the  mathematical  function  that
defines  how the  signals  from the  hidden  layer  are
combined to produce the final output.

The training  function  manages  the  entire  learn-
ing process by iteratively adjusting the weights and
biases of the neurons to minimize a predefined loss
function. This optimization is generally performed
using  gradient  descent  or  its  variants,  updating
model parameters in the direction that  reduces the
error between predicted and actual outputs.

The  number  of  neurons  in  the  hidden  layer  is
related  to  the  number  of  input  and  output  layers,
commonly estimated by the empirical formula:

y =
√

mn+a (1)

Where: y represents the number of hidden layer
neurons, m and n denote the respective numbers of
input and  output  layer  neurons,  and  a  is  an  arbi-
trary  integer  between  1  and  10.  To  ensure  both
stability  and  flexibility  of  the  model,  this  formula
serves  only  as  a  guideline;  the  optimal  number  of
hidden  neurons  is  determined  through  iterative
testing and validation.

The  fundamental  functionality  of  the  model  is
linear in nature, wherein the output t represents the
weighted summation of the input P and the thresh-
old θ.  The  transfer  function  dynamically  selects
suitable functions based on the operational require-
ments of the model, introducing the necessary non-
linearity  for  effective  learning.  The  overall  model
architecture is illustrated in Fig. 4. In this configu-
ration,  the  input  elements  Pi (where  i  =  1,  2,  ···)
correspond to the distinct sets of resistivity, polar-
izability,  attenuation,  and  half-attenuation, respec-
tively, while the output element t encompasses the
set of predicted unit water inflow quantities Q.
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Fig. 4 ANN model
 

The  input-output  relationship  of  the  model  can
be expressed in matrix form as follows:

Input : P =


P11 P1n

P21 · · · P2n

P31 P3n

P41 P4n

，
Output : T = [Q1 Q2 · · ·Qn] , (n = 1,2 · · · ) (2)

Each  column  of  the  Input  Neuron  Matrix  P
corresponds directly to the associated water inflow
values Qi in the output Neuron Matrix T.

 1.4 Normalization

Due to the differences in the units and scales of the
input  neuron  data,  the  numerical  values  across
various datasets  may  differ  significantly,  some-
times  spanning  multiple  orders  of  magnitude.
Consequently, it is essential to perform normaliza-
tion of  the input  layer  data within the range [0,1].
This study applies a linear function transformation,
expressed as follows:

y = (x−Min(x))/(Max(x)−Min(x))
(Song et al. 2012) (3)

Where: x represents the  value  prior  to  conver-
sion, and y represents the normalized value. Here,
Max(x)  and  Min(x)  signify  the  maximum  and
minimum  values  within  the  given  sample  set,
respectively.

The  parameters,  resistivity,  half-decay  time,
decay  degree,  and  polarizability,  were  obtained
through geophysical  exploration  near  the  bore-
holes. For this study, a total of 16 boreholes within
the study area were selected, including exploration
boreholes  (designated  with  "K")  and  monitoring
boreholes  (designated  with  "J").  The  geophysical
parameters  were  derived  from  measurements
conducted adjacent to each borehole, and the corre-
sponding water inflow values were collected from
drilling  data.  After  applying  normalization  to  the
input  parameters,  the  normalized  data  are
presented  in Table  1.  Since  the  output  is  a  single
value (unit  water  inflow)  with  only  minor  differ-
ences  in  magnitude,  normalization  of  the  output
neuron  was  not  required  (Janič  et  al.  2019;
Sanchez-Vila et al. 2006; Song et al. 2018).

 1.5 Prediction result

After  meticulously  debugging,  it  was  determined
that  the  model's  transfer  function  adopts  S-type
tangent  function  (tansig)  and  the  linear  function
(purelin).  The  training function  adopts  the  trainlm
algorithm,  which  leverages  the  Levenberg-Mar-
quardt method, a full-scale optimization algorithm
known for  its  fast  convergence  and  high  predic-
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tion accuracy. Six boreholes from the datasets were
selected as test samples, while the remaining bore-
holes were use as training samples to generate the
prediction  results  shown in Table  2. Upon exami-
nation,  it  is  evident  that  the  performance  of  this
model does not yet meet expectations.

Despite the  initial  promise  of  the  model  struc-
ture  and  the  advanced  algorithms  employed,  the
discrepancies between the predicted results and the
actual  pumping  test  data  suggest  that  further
refinement  is  required.  These  deviations  may  be
attributed  to  several  factors,  including  the
complexity  of  the  geological  setting,  fluctuations
in groundwater levels, or potential uncertainties in
the input parameters.

 1.6 Deviation parameter

In the  application  of  the  model  and  during  subse-
quent research, it  has been discovered that acquir-
ing  reliable  electrical  parameters  under  complex

geological conditions  requires  careful  considera-
tion  of  various  external  factors,  which  cannot  be
overlooked.

For example,  groundwater  salinity  can  signifi-
cantly influence apparent polarizability and appar-
ent resistivity values, while poor grounding condi-
tions may distort electrical parameters. To address
these  challenges  and  improve  the  robustness  and
stability  of  the  prediction  model,  the  concepts  of
deviation  degree  and  comprehensive  parameters
have  been  introduced  through  systematic  research
and  analysis.  The  detailed  analysis  is  as  follows
(Almuhaylan et al. 2020; Cheng et al. 2022).

Numerous  practical  investigations  and  research
efforts  have  demonstrated  that,  in  the  application
of the Direct Current Induced Polarization (DCIP)
method, there inevitably exists a measurable devia-
tion  between  the  empirically  obtained  discharge
curve and the theoretical "ideal" straight line. This
deviation  refers  specifically  to  the  discrepancy
between  the  actual  discharge  curve  and  the

 

Table 1 Normalized data of input neuron

Hole number ρ/Ω·m Th/s D/% η/% Q/m3/h

K1 1.3 1.2 0.730 1.1 57

K2 0.879 0.689 0.760 0.635 67

K3 0.687 0.569 0.820 0.605 36

K4 0.333 0.433 0.670 0.675 38

K5 0.881 0.373 0.627 0.883 58

K6 0.665 0.661 0.650 0.582 45

K7 0.480 0.320 0.355 0.240 79

K8 0.468 0.450 0.589 0.579 60

K9 0.312 0.355 0.755 0.079 63

J1 0.303 0.23 0.534 0.020 34

J2 0.223 0.231 0.509 0.587 41

J3 0.456 0.352 0.405 0.668 53

J4 0.423 0.155 0.680 0.502 51

J5 0.934 0.786 0.620 0.872 83

J6 0.218 0.556 0.601 0.618 55

J7 0.33 0.283 0.630 0.212 42

 

Table 2 Comparison of training error (all input data has been normalized)

Hole number ρ/Ω·m Th/s D/% η/% Actual Q/m3/h Predicted Q/m3/h
K1 1.3 1.2 0.730 1.1 57 60.8165
K2 0.879 0.689 0.760 0.635 67 62.5421
K3 0.687 0.569 0.820 0.605 36 39.3233
J5 0.934 0.786 0.620 0.872 83 78.3232
J6 0.218 0.556 0.601 0.618 55 51.6692
J7 0.33 0.283 0.630 0.212 42 44.2
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expected  straight-line behavior  and  is  quantita-
tively described by the mean square relative error,
denoted as σ. The deviationσis calculated using the
following formula:

σ =
1
ηi

Õ
n∑

i=1

(
ηi+Klogti−B

)2

n
×100% (4)

ηi =
1
n

n∑
i=1

ηi

In  the  formula,  n  represents  the  number  of

sampling  points,  and  is  the  average

deviation  of  the  polarizability  for  each  sampling
point in the observed time period, representing the
degree  of  deviation  from  the  theoretical  "Ideal"
line.  It  is  evident  that  a  smaller  σ  corresponds  to
greater  linearity  exhibited  by  the  measured
discharge curve.

Extensive  research  and  statistical  analysis  have
shown  that  the  deviation  (σ)  value  is  physically
correlated with several influencing factors, such as
the duration of power supply, the humidity during
formation,  the  concentration  and  composition  of
pore  fluid,  and  the  clay  content  of  the  formation.
Notably, statistical comparisons (Table 3) between
polarization rate and the degree of deviation illus-
trate that the degree of deviation is less susceptible
to external factors than the polarization rate alone.
Furthermore, it exhibits a stronger correlation with
the unit water inflow, thereby enhancing the stabil-
ity and robustness of the predictive model (Hansen
et al. 1997; Goldman et al. 1994; Hálek et al. 2011;
Hiskiawan et al. 2023).
  

Table 3 Correlation  analysis  of  electrical  parameters
specific capacity

Analytic quantity
Neurons
σ η

Correlation (r) 0.969 0.886
Coefficient of significance (p) 0.982 0.819
 

 1.7 Composite parameter

Given  the  occurrence  of  the  equivalence  pheno-
menon uring the inversion interpretation of electri-
cal  sounding,  coupled  with  the  generally  high
resistivity observed in Quaternary aquifers, there is
an increased risk of generating interpretation errors
related  to  this  T  equivalence  effect.  Additionally,
an  aquifer's  resistivity  is  inherently  linked  to  its
specific  composition  and  structure,  whereas  the
unit water inflow per hole is not only influenced by
these factors but also by the aquifer's thickness.

To  minimize  interpretation  errors  and  enhance
the  correlation  between  input  neurons  and  the

prediction quantity, thereby improving the model's
generalization  capabilities,  the  aquifer  resistivity
obtained from electrical  sounding and inversion is
multiplied  by  its  respective  layer  thickness  and
employed as an input neuron. However, due to the
variable  salinity  levels  of  groundwater  across
different  regions  and  the  distinct  conductivity  of
pore  water,  the  resistivity  of  similar  water-rich
strata can still differ significantly.

To mitigate the impact of pore water conductiv-
ity  on  prediction  precision  and  to  highlight  the
dominant  porosity  characteristics  of  the  aquifer,  a
composite  parameter  is  introduced,  based  on
Archie's  formula.  The  derived  expression  is  given
as below:

T ′′ =
T ′

ρ′
=
ρ

ρ′
H (5)

Where: ρ is aquifer resistivity at measuring point；
ρ′ is aquiclude resistivity at measuring point；H
is aquifer thickness.

Thus,  the  original  primary  input  neuron  and  H
have been integrated into a single composite input
neuron. This  new  parameter  effectively  strength-
ens  the  correlation  with  the  unit  water  inflow  per
borehole,  as  illustrated  in Table  4 (Batu,  1998;
Bear, 2012; Krenker, 2011).

Comprehensive  parameter T'' =  ρ×h/ρ'.  It  is
constructed by combining the resistivity (ρ and ρ')
with the thickness of the aquifer (h). This combina-
tion  approach  captures  the  characteristics  of  the
aquifer from multiple perspectives:

Resistivity ρ and ρ': They represent the resistiv-
ity  of  the  aquifer  at  the  measuring  point  and  the
reference  resistivity,  respectively.  By  comparing
their  ratio,  the  numerical  difference  in  absolute
resistivity  caused  by  variations  in  groundwater
salinity can be effectively eliminated.

By  integrating  these  factors,  the  composite
parameter  T''  reduces  equivalence  errors  com-
monly  encountered  in  the  inversion  of  electrical
sounding data and significantly enhances its corre-
lation  with  the  unit  water  inflow  (r=0.992, Table
4).

Additionally, the  deviation  degree  (σ),  calcu-
lated from polarization decay curves, quantifies the
stability  of  the  measurement  and further  improves
the robustness of the prediction model (p<0.05).
 

Table 4 Correlation and significance analysis

Analytic quantity
Neurons
ρ H T ′′

Correlation (r) 0.893 0.866 0.992
Coefficient of significance (p) 0.998 0.977 0.989
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The aquifer thickness (H) can be obtained by in-
verting and interpreting the resistivity and polariza-
tion  data  required  through  resistivity  sounding  or
induced polarization sounding, as shown in Fig. 5.

 1.8 Model architecture

 1.8.1    Input variables
The improved model uses four parameters as input
features:  Half-life (Th),  Decay rate (D),  Deviation
(σ), Comprehensive parameter (T''=ρ h /ρ').

Output variable: Single-hole unit flow rate (Q).
 1.8.2    Network type
Multilayer  Perceptron  (MLP)  regression  model  is
adopted,  consisting  of  an  input  layer,  two  hidden
layers, and an output layer.

Input layer: 4 neurons (corresponding to 4 input
parameters)

Hidden  layer  1:  8  neurons  (ReLU  activation
function)

Hidden  layer  2:  4  neurons  (ReLU  activation
function)

Output layer:  1  neuron  (linear  activation  func-
tion)
 1.8.3    Model calibration cycle
Maximum iterations: 500 epochs

Early Stopping Mechanism: Training stops if the
validation loss  does  not  decrease  for  20  consecu-
tive epochs.

Dynamic Learning Rate: If the loss plateaus for
more  than  10  epochs,  the  learning  rate  decays  to
10% of its initial value.
 1.8.4    Calibration parameters
Number  of  neurons  in  hidden  layers:  Optimized
through grid search:

L2 Regularization Coefficient: λ∈[0.001,0.1]
Dropout Rate: Set to 0.2 during validation phase

to prevent overfitting.
Batch Size:  Comparative  testing with  8,  16 and

32.
 1.8.5    Model validation cycle
Cross-Validation:  Five-fold  cross-validation  is
used  to  calculate  the  average  R2 and  MAE.  The
network  weights  are  reset  (He  initialization)  for
each validation.

Sensitivity Analysis: The influence of each input
parameter  on  Q  is  quantified  using  SHAP  values.
The physical correlation between T'' parameter and
Q must be verified (require |r|≥0.6).

Field Validation: Three additional boreholes are
selected for pumping tests in the field. The predic-
tion error must satisfy: |(Q_pred-Q_obs)/Q_obs| ≤25%
 1.8.6    Model accuracy evaluation criteria
Quantitative Indicators:

Root Mean Square Error (RMSE) ≤0.5 m3/(d m).
Mean  Absolute  Percentage  Error  (MAPE)  ≤

15%.
Determination Coefficient (R²) ≥0.85 (Test Set)
Residual Analysis:
Residuals must pass the normality test (K-S test

p>0.05).
Residual  distribution:  95% of  prediction  errors

should fall within the ±1.96 σ range.
Engineering Applicability:
Classification accuracy  for  discharge  predic-

tions  (categorized  as  <5,  5–10,  >10  m3/(d  m))  ≥
90%.

Parameter  sensitivity  ranking  must  align  with
hydrogeological  principles  (the  weight  of  T''
should be higher than that of σ)

 1.9 Effect  analysis  of  the  improved
model

In  the  refined  model,  the  input  neurons  consist  of
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Fig. 5 IP sounding inversion curve
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decay time (Th), attenuation degree (D), deviation
degree  (σ),  and  the  composite  parameter  (T"),
while  the  output  neurons  represent  the  unit  water
inflow  of  a  single  borehole.  Validation  tests  were
conducted  using  three  established  pumping  wells
in Shijiazhuang and three additional wells in Heng-
shui. The predicted convergence curve, as depicted
in Fig.  6,  illustrates  that  the  model  reached  the
target error threshold at step 276, indicating stable
convergence.  The  prediction  results,  presented  in
Table  5, show  a  notable  improvement  in  predic-
tion  accuracy  compared  to  the  initial  model,
confirming that the enhancements are effective and
satisfactory.

Notably, the inclusion of comprehensive param-
eters as  input  neurons  has  significantly  strength-
ened  the  model's  performance  by  better  capturing
the combined  effects  of  a  broader  range  of  influ-
encing  factors.  This  comprehensive  approach
enables  the  model  to  produce  more  accurate  and
reliable estimates of unit water inflow under vary-
ing geological and hydrogeological conditions.  As
a result, the improved model provides a robust tool
for practical applications, offering enhanced preci-
sion  and  generalization  for  groundwater  resource
evaluation and management.

The prediction outcomes are presented in Table
5,  and  a  noteworthy  improvement  in  prediction
accuracy is evident, underscoring the effectiveness

of  the  advancements  achieved  in  the  updated
model. Moreover, the enhancements to the model's
architecture have  led  to  a  more  robust  perfor-
mance  across  various  test  cases,  demonstrating  its
ability  to  handle  complex  and  variable  data  with
greater precision. This improvement in accuracy is
particularly  critical  for  real-world  applications,
where  even  minor  prediction  errors  can  have
significant hydrogeological and engineering impli-
cations.

 2  Results and discussion

 2.1 Results

To  further  validate  the  effectiveness  of  the
improved  model,  a  detailed  comparative  analysis
was  conducted  against  the  previous  version.  The
data  presented in Table  6 clearly  demonstrate  that
the  predictive  accuracy  of  the  new  model,
enhanced  by  the  inclusion  of  additional  input
neurons and  optimized  parameters,  has  signifi-
cantly improved compared to the origional model.
Specifically,  the  previous  prediction  error  rates,
which ranged from 5% to 10%, have been substan-
tially  reduced  to  0.9% to  5%.  This  remarkable
improvement  highlights  the  critical  role  of  the
refined  model  architecture  and  the  introduction  of
the composite  and  deviation  parameters  in  boost-
ing prediction prediction.

Additionally,  it  is  imperative  to  highlight  the
enhanced  stability  of  the  improved  model.  This  is
evidenced by the  consistent  convergence  behavior
illustrated  in Fig.  6,  where  the  model  reliably
reaches the predefined error target within a reason-
able  number  of  iterations.  Such  convergence
performance is  indicative  of  the  model's  robust-
ness  and  reliability.  This  level  of  stability  is  of
paramount importance for practical applications, as
it  ensures  that  the  model  can  deliver  timely  and
accurate  predictions,  thereby  supporting  effective
decision-making  in  real-world  hydrogeological
 

Table 6 Comparison  of  the  prediction  performance
between the original and the improved models

Hole number
Prediction error of
original model /%

Prediction error of
new model /%

K1 6.70 3.10
K2 6.56 0.95
K3 9.23 3.94
J5 5.63 1.65
J6 6.06 4.43
J7 5.24 1.50
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Fig. 6 Errors convergence curve
 

Table 5 Forecast results of new model

Borehole
names

Actual Q/
m3/h

Predicted Q/
m3/h

Error/
%

K1 57 55.232 3.1018
K2 67 66.363 0.9507
K3 36 34.582 3.9389
J5 83 84.367 1.647
J6 55 52.563 4.4309
J7 42 41.368 1.5048
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assessments.
The model  prediction  outcomes  clearly  indicate

that  the  comprehensive  parameter  (T"),  apparent
resistivity (ρS) and deviation degree (σ) are pivotal
factors in forecasting single hole water inflow (Fig.
7).  These  factors,  when  considered  collectively,
provide  a  robust  understanding  of  the  subsurface
conditions that  govern unit  water inflow. Notably,
the T" parameter plays a critical role in enhancing
prediction  precision  by  capturing  multiple  factors
that  influence  fluid  flow  dynamics  within  the
aquifer. The  interplay  between  T"  and  ρS  under-
scores  the  necessity  for  a  nuanced  analytical
approach  in  their  analysis.  Resistivity,  which
measures the opposition to electric current flow, is
a fundamental property that can significantly influ-
ence the permeability and, consequently, the water
inflow rate. In contrast, the comprehensive param-
eter T", which integrates multiple factors affecting
fluid  flow  dynamics,  adds  an  additional  layer  of
complexity to the prediction model.
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Fig. 7 Importance  analysis  of  various  influence
factors
 

The  deviation  degree  (σ),  though  less  directly
related  to  physical  hydrogeological  properties,
serves as an essential indicator of data quality and
model  uncertainty.  By  quantifying  the  degree  to
which the measured discharge curve deviates from
the  theoretical  ideal,  σ  provides  insights  into  the
stability and reliability of the geophysical measure-
ments.  By incorporating σ as  an input  neuron,  the
model  can  better  capture  and  quantify  potential
prediction  errors,  thereby  improving  the  overall
accuracy and reliability of the forecasting system.

In  addition  to  these  key  input  factors,  the
improved  model's  architecture  and  normalization
strategy  also  play  crucial  roles  in  delivering  the
accurate  forecasts.  The  well-structured  network
design  ensures  that  the  neural  network  can  learn
complex, nonlinear relationships effectively, while
input  data  normalization  enhances  convergence

speed  and  training  stability.  Together,  these
improvements contribute  to  the  overall  perfor-
mance and reliability of the prediction model.

 2.2 Discussion

Understanding  the  specific  contribution  of  each
factor and how they interact is crucial for develop-
ing accurate and reliable predictive models. There-
fore, further  research  into  the  underlying  mecha-
nisms governing  these  parameters  and  their  rela-
tionships could lead to significant improvements in
the  prediction  accuracy.  It  is  important  to  delve
deeper  into  the  science  basis  of  these  factors  to
better  understand  how  they  influence  each  other
and, consequently, the overall water inflow.

Additionally,  it  is  essential  to  consider  the
spatial  and  temporal  variability  of  these  factors.
Variations in the geological formations, water table
levels,  and  other  environmental  conditions  can
significantly affect the values of T" and resistivity,
thereby  impacting  the  water  inflow  predictions.
Incorporating such dynamic factors into the model
would  help  ensure  that  predictions  remain  robust
and  applicable  across  a  wider  range  of  scenarios.
This  adaptability  allows  the  model  to  respond  to
changes over time and space, providing more accu-
rate predictions in diverse environments.

Moreover,  the  inclusion  of  historical  data  on
water inflow and related parameters could enhance
the  model's  capability  to  capture  long-term  trends
and  seasonal  variations.  This  would  improve  the
anticipation  of  future  water  inflow  conditions,
particularly  in  regions  prone  to  extreme  weather
events or  cyclical  changes.  Furthermore,  integrat-
ing  real-time monitoring  systems  with  the  predic-
tive  model  could  provide  timely  updates  and
continuous  adjustments,  ensuring  the  model
remains current and reflective of prevailing condi-
tions. Such advancements would not only improve
the  precision  of  water  inflow  predictions  but  also
support more informed decision-making in ground-
water management and resource allocation.

Inflow underscores  the  importance  of  a  multi-
faceted  approach  in  groundwater  modeling.  This
analysis demonstrates  that  relying  solely  on  tradi-
tional methods may not adequately capture the full
complexity of groundwater system. By integrating
advanced  parameters  such  as  T"  and  considering
the  dynamic  nature  of  resistivity,  we  can  move
towards more  sophisticated  and  accurate  predic-
tive  tools.  This  understanding  paves  the  way  for
future research  to  delve  deeper  into  the  interac-
tions among these parameters and to explore inno-
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vative ways of incorporating them into groundwa-
ter modeling frameworks. Ultimately, the goal is to
develop models that  not only predict  water inflow
with high precision but also offer valuable insights
into  the  underlying  geological  and  hydrological
processes, thereby  enhancing  our  overall  under-
standing of groundwater dynamics.

In  conclusion,  recognizing  T"  and  resistivity  as
two of the most critical factors in predicting single
hole water inflow represents a significant advance-
ment in the field.  When these factors are properly
understood  and  effectively  utilized,  they  can
greatly  enhance  the  precision  and  reliability  of
predictive models.  Continued  research  and  devel-
opment  in  this  area  are  therefore  essential  to
further  improve  the  accuracy  and  applicability  of
water inflow predictions.

It should  also  be  noted  that  even  with  algorith-
mic  optimization,  small-sample  learning  remains
inherently sensitive  to  data  quality.  In  groundwa-
ter  systems,  for example,  regions characterized by
strong  heterogeneity,  such  as  karst  aquifers,  may
not be adequately captured by a limited number of
samples due to the dynamic and complex nature of
their  flow  patterns.  Furthermore,  many  existing
methods largely rely heavily on purely data-driven
approaches  and  often  lack  the  explicit  embedding
of hydrogeological  mechanisms,  which  can  intro-
duce biases  when  making  extrapolative  predic-
tions beyond the training domain.

The  next  step  could  involve  exploring  transfer
learning  techniques,  which  allow  models  to  draw
on parameters from data-rich areas and fine-tuning
them to adapt to the target areas with limited data.
For  example,  a  groundwater  model  trained  in  a
well-monitored,  water-abundant  region  could  be
transferred to other hydrogeological units and fine-
tuned  using  a  small  amount  of  local  data,  thereby
improving its  generalization  capability.  Addition-
ally,  combining  different  modelling  approaches,
such  as  Gaussian  processes,  SVMs,  and  random
forests,  could  enhance  prediction  stability  under
small-sample conditions by leveraging the comple-
mentary  advantages  of  these  heterogeneous
models.

For  few-shot  learning  problems,  the  limitations
of  existing  methods  in  data-scarce  scenarios  are
becoming  increasingly  evident.  Dynamic  changes
in  environmental  conditions,  such  as  geological
structures and  groundwater  levels,  can  signifi-
cantly alter the values of key parameters like T and
resistivity. A small number of samples often strug-
gle  to  capture  the  full  range  of  dynamic  variation
patterns, making purely data-driven methods prone
to  extrapolation  prediction  biases  and  potentially

affecting  the  accuracy  of  water  yield  predictions.
However, it is important to note that the study area
selected  for  this  research,  a  stable  and  relatively
homogeneous  Quaternary  sedimentary  plain,  has
demonstrated consistently  high  prediction  accu-
racy through drilling validation, and the aforemen-
tioned issues have not yet been encountered.

Therefore,  there  is  considerable  scope  for
expanding  the  validation  and  application  of  the
model.  For  instance,  future  work  could  compare
and  analyze  prediction  results  against  a  broader
range  of  actual  drilling  data,  particularly  across
diverse  geological  conditions  and  hydrogeological
units,  to more comprehensively assess the model's
precision  and  feasibility.  Additionally,  integrating
real-time  monitoring  systems  to  develop  time-
series-based prediction  models  could  allow timely
updates  and  adjustments  of  model  parameters,
better  reflecting  current  groundwater  conditions
and  further  improving  prediction  accuracy.  This
would provide stronger support for informed water
resource management and allocation decisions.

This study also highlights  the value of  incorpo-
rating  dynamic  factors  into  the  model.  Compared
to  traditional  methods  that  rely  solely  on  static
factors,  this  approach  better  accommodates  the
complexity  and  variability  of  real-world ground-
water environments, thereby enhancing the model's
robustness  and  broader  applicability.  In  highly
heterogeneous regions, transfer learning presents a
promising solution. Several studies, particularly in
fields  such  as  natural  language  processing,  have
demonstrated  that  transferring  pre-trained  model
parameters  to  target  tasks  can  significantly
improve few-shot learning performance. The trans-
fer learning strategy proposed in this study, which
leverages model parameters from data-rich regions
and  fine-tunes  them  for  the  target  area,  holds
strong  potential  for  improving  prediction  stability
in data-scarce conditions. Furthermore, integrating
heterogeneous models such as Gaussian processes,
support vector machines, and random forests could
capitalize  on  their  respective  strengths,  further
enhancing prediction stability and accuracy.

In  summary,  this  study  has  made  meaningful
progress  in  key  factor  identification,  model
construction,  and  validation.  However,  limitations
remain.  By  comparing  results  with  existing
research and  analyzing  drilling  results,  the  preci-
sion  and  practical  feasibility  of  this  study  have
been further  demonstrated.  Future  research should
continue  to  deepen  the  exploration  of  these
approaches,  refine  the  models  and  methods,  and
improve the accuracy and reliability of water yield
predictions, ultimately  providing  a  stronger  scien-
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tific  foundations  for  effective  groundwater  system
management and protection.

 3  Conclusions

1.  Few-shot  learning  demonstrates  considerable
potential  for  groundwater  prediction,  particularly
in data-scarce areas or regions with limited histori-
cal observation  records.  Through  algorithm  opti-
mization,  data  augmentation,  and  model  structure
improvement,  it  is  entirely  possible  to  enhance
prediction  accuracy  and  generalization  capability.
The verification and generalization tests conducted
in this study confirm that the improved model can
quantitatively  predict  groundwater  inflow  in  the
survey  area.  Based  on  the  modeling  results  from
the Taihang  Mountain  piedmont  plain  in  Shiji-
azhuang City to the inland plain area of Hengshui
City in the North China Plain, the model with opti-
mized input  neurons  exhibits  superior  generaliza-
tion  capabilities.  Notably,  the  incorporation  of
comprehensive parameters effectively mitigates the
effects  of  mineralization  factors,  significantly
enhancing the model's capacity for generalization.

2.  Small  sample  learning  has  proven  highly
practical for  groundwater  prediction through algo-
rithmic  innovation  and  advanced  data  processing
strategies.  In  the  future,  it  will  be  essential  to
further  integrate  physical  mechanisms  with  multi-
source  data  and  to  explore  cutting-edge technolo-
gies such as transfer learning. These developments
can improve the model's robustness, reliability and
interpretability in scenarios where data availability
is severely limited.

3. It must be emphasized that predictive model-
ing in the field of geophysical prospecting remains
constrained by the inherent multi-solution nature of
subsurface geophysical problems. Currently, only a
limited number  of  geophysical  prospecting  meth-
ods are suitable for use in predictive modeling, and
these  alone  are  insufficient  to  address  the  wide
range  of  geological  complexities  encountered  in
practice.  Therefore,  future  research  should
embrace  a  more  diverse  and  integrated  approach.
By  integrating  multiple  geophysical  techniques,
researchers  can  gather  a  more  comprehensive  and
robust  set  of  relevant  parameters.  This  holistic
strategy  will  not  only  improve  the  accuracy  and
reliability  of  predictive  models  but  also  broaden
their  applicability  to  complex  hydrogeological
settings.  Ultimately,  these  advancements  will
enable planners and practitioners in hydrogeologi-
cal surveying and land-use planning to make more
informed decisions, thereby supporting the sustain-

able management  and  development  of  groundwa-
ter resources.
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