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Highlights

What are the main findings?

e A Landsat 8/9 seasonal thermal-difference workflow identified 32 thermally anoma-
lous river locations in Tangshan, representing 5.25% of the 609 sampled river points.

e  The screened anomalies exhibited reduced seasonal thermal variability and were
associated with non-thermal environmental factors such as land use/land cover,
geology, elevation, slope, and precipitation.

What is the implication of the main finding?

e The mapped anomalous reaches provide priority locations for field verification of
potential groundwater and surface water interaction in urban rivers.

e The workflow suggests a transferable screening approach for data-scarce urban
watersheds. However, field measurements remain necessary to confirm actual
groundwater discharge.

Abstract

Groundwater discharge through permeable riverbeds sustains river baseflow and aquatic
ecosystems, yet its spatial distribution in urban watersheds remains poorly quantified.
To address this, we established a conceptual framework integrating Landsat 8/9 thermal
remote sensing with machine learning to screen and map thermally anomalous river
reaches consistent with potential groundwater influence in Tangshan City, China. Seasonal
Landsat thermal surface temperature (LST) was derived and sampled over river sites
from thermal images, and temperature differentials AT (summer-winter) were used as
a screening metric to flag locations with reduced seasonal thermal amplitude, a pattern
commonly associated with groundwater buffering. Random Forest and XGBoost models
were used to assess internal consistency and explore environmental controls on the screened
locations. Our analysis screened 32 thermally anomalous river locations (5.25% of sites) as
potential groundwater-influence indicators based on reduced seasonal thermal variability.
These potential locations were cooler in summer and showed smaller seasonal temperature
variation, consistent with thermal buffering effects. This research provides a transferable
framework for watershed-scale mapping of thermally anomalous river reaches using
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accessible remote sensing and machine-learning tools, and also offers a transferable baseline
for urban watershed screening and monitoring prioritization.

Keywords: potential groundwater discharge indicators; thermal remote sensing; machine
learning; temperature differential; urban hydrology

1. Introduction

Groundwater—surface water (GW-SW) interactions are important to sustain river base-
flow, especially during dry periods when groundwater is discharged into streams, keeping
the flow of water [1]. Water exchange between groundwater and surface water helps
regulate stream temperatures, which is necessary for aquatic life. Groundwater normally
has a more stable temperature and can adjust surface water temperatures, making it a
suitable habitat for temperature-sensitive species [2,3]. The hyporheic zone, the zone where
groundwater and surface water mix, is a home for most aquatic organisms. The biolog-
ical diversity of this zone provides healthy support to aquatic life, playing a significant
role in nutrient cycling and organic matter decomposition [4]. The interaction between
groundwater and surface water leads to biogeochemical processes that have the potential
to purify the water, like denitrification that lowers nitrate levels in water bodies [3,5]. These
interactions pose a great risk to the environment where they play a role in the release and
movement of pollutants and affect the quality of both groundwater and surface water [6].

Despite their ecological significance, GW-SW interactions remain among the most
challenging hydrological processes to quantify at watershed scales. Traditional field-based
methods such as seepage meters, temperature profilers, and geochemical tracers can give
accurate point measurements; however, they are spatially limited, require a lot of work,
and are usually not suitable for a comprehensive assessment of watersheds [7]. This
spatial limitation has restricted our understanding of how groundwater discharge differs
along river networks and how these important ecosystems respond to environmental
changes [8]. The recent developments in remote sensing and machine learning significantly
contribute to addressing these challenges. Thermal infrared remote sensing represents an
innovative and efficient method for identifying thermal anomalies associated with potential
groundwater influence, leveraging the characteristic thermal stability of groundwater in
contrast to surface water [9]. Groundwater generally maintains a relatively constant
temperature throughout the year, leading to the occurrence of thermal anomalies in rivers.
Specifically, during summer, rivers are cooler than surface water, while in winter, they are
warmer [10,11]. For example, studies by Yakima et al. and Oita et al. have demonstrated
that due to groundwater inputs, the temperatures were lower in summer and higher in
winter, and that these inputs could make up to 50% of river flow [12,13]. However, it is
hard to interpret these thermal patterns over a large area manually. This is where machine
learning (ML) provides a critical advantage. Machine-learning algorithms, particularly
ensemble methods like Random Forest, have shown great potential in environmental
applications by discovering complex patterns in the multispectral data [14,15]. When
applied to thermal remote sensing data, these methods can automate the detection of
groundwater-influenced thermal signatures across large spatial domains, overcoming
limitations of manual interpretation and statistical thresholding [16]. The automated
detection can be faster and more economical than traditional field-based approaches [17]
and can integrate multiple spatial datasets to support screening and monitoring [18].
Remote sensing provides extensive spatial coverage for screening potential groundwater-
influenced thermal anomalies; however, without field measurements, the outputs should
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be interpreted as potential indicators rather than confirmed discharge [19]. In Tangshan, the
distribution of existing groundwater monitoring wells is used here for contextual reference
and to support interpretation of regional hydrogeological settings, not as direct validation.

Rapid urbanization and climate change present unprecedented challenges to urban
water security, particularly in water-stressed regions like Northern China [20,21]. Over
the past few years, the city of Tangshan has seen the overexploitation of its groundwater
resources, which in turn has been causing the lowering of water tables and the development
of large depression cones, areas where the groundwater level has dropped drastically due
to over-extraction [22]. The expansion of irrigated agriculture and industrial activities has
resulted in an increase in groundwater extraction, which has become the main reason for
water quality and quantity degradation [23]. Climate change is also exacerbating the issue
in Tangshan, where the temperature has been rising significantly, and the precipitation
pattern has become more variable, making water availability unpredictable [24,25], which
makes water resource management even more difficult, emphasizing the necessity of
strategies that can cope with climate variability [26]. Therefore, it is essential to understand
the effects of climate change on GW-SW interactions to devise water management strategies
that can resist the impact of climate change. However, the current knowledge gaps limit our
ability to predict and mitigate these impacts. The Landsat series is equipped with thermal
infrared data that can monitor these temperature changes over time and space, necessary for
understanding ecological impacts and managing water resources [27]. This study addresses
these challenges by developing and applying an integrated framework that combines
Landsat thermal imagery with machine learning to screen for thermally anomalous reaches
consistent with potential groundwater influence and establish a transferable detection
baseline in Tangshan City.

Most thermal studies of groundwater—surface water exchange focus on local reaches
or require intensive field data, which limit framework transferring in data-scarce regions
or highly modified urban watersheds. At the watershed scale, a key gap is the lack of a
transparent, repeatable screening workflow that uses open-access satellite thermal archives
while explicitly handling uncertainty from pixel mixing and seasonal variability. This
study addresses that gap by proposing a physically interpretable AT-based screening rule
combined with machine-learning agreement analysis and spatial clustering to prioritize
potential groundwater-influenced reaches for monitoring and management.

The objectives of this research are: (i) to develop a watershed-scale screening frame-
work based on a physically interpretable seasonal thermal metric (AT) derived from Land-
sat 8/9, (ii) to identify and characterize thermally anomalous river locations consistent
with potential groundwater influence and quantify their thermal signatures, (iii) to use
machine-learning models to assess internal consistency of the screening rule and exam-
ine associations with environmental controls (geology, topography, land use), and (iv) to
demonstrate how the resulting potential indicators and clusters can support monitoring
prioritization and urban water management.

By achieving these objectives, this research provides a spatially explicit screening map
of thermally anomalous locations for Tangshan and demonstrates a transferable approach
for urban watersheds using open satellite data.

2. Material and Methods
2.1. Study Area

Tangshan City (39°36’N, 118°11’E) is an industrial and agricultural center of Hebei
province, China (Figure 1). It is located in a semi-arid continental monsoon climate zone.
The regional precipitation is approximately 500-600 mm on average per year, with about
70-80% of precipitation during the summer monsoon season (June-August). Summers

https://doi.org/10.3390 /1518142376


https://doi.org/10.3390/rs18142376

Remote Sens. 2026, 18, 2376

40f21

are relatively hot, where temperatures reaching about 35 °C, and winters cold, where
temperatures can drop to —15 °C [28]. Hydrologically, the city is dominated by the Luanhe
River system and its tributaries, which provide critical water resources for 7.5 million
residents and extensive industrial and agricultural activities [29,30].
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Figure 1. Location map of the study region with groundwater monitoring wells.

The region faces serious water problems due to overexploitations of groundwater,
with water tables declining at approximately 1.2 m/year over the past decade [31]. The
expansion of cities and intensive agricultural practice have changed the naturally occurring
hydrological processes in the region; simultaneously, climate change projections reveal that
temperature extremes will occur more frequently, and precipitation patterns will become
less predictable [32]. Tangshan’s geology is a result of interaction of several geological
formations and environmental factors. It mainly consists of quaternary sediments, sedi-
mentary rocks, metamorphic rocks, and intrusive rocks [33]. Quaternary sediments are
prevalent in the region, indicating significant geological activity and sediment deposition.
Sedimentary rocks are formed as a result of the accumulation of mineral and organic parti-
cles; these rocks are the main contributors to the area’s geological diversity. Metamorphic
rocks have undergone transformation due to heat and pressure, reflecting the dynamic
geological history of Tangshan. Intrusive rocks originate from magma that has cooled and
solidified beneath the Earth’s surface; these rocks are crucial for understanding the region’s
geological evolution [33].

2.2. Data Acquisition and Preprocessing
2.2.1. Thermal Remote Sensing Data

Surface temperature data were obtained from Landsat 8 and Landsat 9 satellites. All
available Collection 2 Level-2 Science Products (L2SP) with a 30 m spatial resolution, span-
ning January 2021 to December 2022, were downloaded from the United States Geological
Survey (USGS) (https:/ /earthexplorer.usgs.gov/ accessed on 15 November 2025). A total

of 47 low-cloud scenes covering the study area were identified. The “Surface Temperature”
band (Band 10, ST_B10) provides scaled surface temperature values. These digital numbers
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were converted to physical units of degrees Celsius (°C) by applying the official radiometric
rescaling coefficients specific to Landsat Collection 2 (USGS, 2023):

T(°C) = ST_B10 x 0.00341802 + 149.0 — 273.15 (1)

where T(°C) is temperature in degrees Celsius and ST_B10 represents pixel value from the
Level-2 surface temperature band; 0.00341802 and 149.0 are the multiplicative and additive
scaling factors. The subtraction of 273.15 converts the final value from Kelvin to Celsius.
Furthermore, to mitigate atmospheric contamination, all pixels flagged as cloud, cloud
shadow, or cirrus in the associated QA_PIXEL band were rigorously masked out, ensuring
that only clear-sky observations were retained for analysis [34]. Although Landsat surface
temperature products are delivered at 30 m resolution, the native Landsat 8/9 TIRS thermal
bands are acquired at 100 m and resampled to 30 m. Therefore, many narrow urban river
reaches may occupy only part of a thermal pixel. In such cases, the extracted LST may
include mixed signals from river water, banks, vegetation, bare soil, roads, buildings, or
other impervious surfaces. This may dilute true groundwater-related cooling signals or
generate apparent thermal anomalies unrelated to groundwater discharge. For this reason,
the extracted LST values were interpreted as reach-scale thermal screening indicators rather
than direct in-stream water temperature measurements.

The river network was obtained from the HydroRIVERS global database at https:/ /www.
hydrosheds.org/products/hydrorivers accessed on 25 November 2025, which provides
hydrographic data at 90 m resolution. For the study area, this included 609 unique river
segments. A representative point was generated for each river segment, resulting in
609 point locations. All thermal raster and vector data were reprojected to a consistent
coordinate reference system (WGS 84/UTM Zone 50N, EPSG:32650) to ensure accurate
spatial analysis.

2.2.2. Additional Geospatial Data

To contextualize the observed spatial patterns of thermally anomalous river locations,
multiple additional geospatial datasets were compiled and resampled to a consistent
30 m resolution for analysis. This integrated suite has several layers of topographic data
from the Shuttle Radar Topography Mission (SRTM), most notably a Digital Elevation
Model (DEM) and the derived Slope layer. Besides that, it combined a Land Use/Land
Cover (LULC) classification raster for 2022, a regional geological map reclassified into
major hydrogeological units, and a raster of mean annual precipitation. Furthermore, for
contextual spatial reference, the locations of 74 groundwater monitoring stations were
obtained from the Tangshan Water Resources Bureau.

2.3. Thermal Anomaly Detection and Feature Engineering

Thermal anomaly screening was based on the principle that groundwater-influenced
river reaches may show reduced seasonal temperature variability compared with reaches
dominated by surface-water heating and cooling. Therefore, this study used the seasonal
land surface temperature difference (AT) between summer and winter as a physically
interpretable screening metric to identify river locations with reduced seasonal thermal
amplitude [35]. Recent studies also emphasize that groundwater—surface water interactions
can regulate river temperature and that remote sensing can provide useful large-scale
screening information, although field measurements remain necessary for confirmation
and flux quantification [36]. The main diagnostic variable was the seasonal temperature
difference (AT), calculated as follows:

AT = LSTsummer - LSTwinter (2)
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where AT represents the seasonal temperature difference between warm and cold periods,
LST s, mmer is the median land surface temperature during the summer composite period,
and LSTwinter is the median land surface temperature during the winter composite period.

A lower AT value indicates reduced seasonal thermal variability, which may be consis-
tent with thermal buffering by groundwater influence [35-38]. In this study, an empirical
and physically interpretable screening threshold of AT < 26 °C was used to flag thermally
anomalous river locations. This threshold was derived from the observed AT distribution
in the Tangshan dataset and should be considered a site-specific screening criterion rather
than a universal diagnostic threshold for groundwater discharge. Points with AT <26 °C
were classified as potential groundwater-influence indicators (gw_class = 1), whereas the
remaining points were treated as non-anomalous reference locations (gw_class = 0). This
binary indicator was used as a screening label for subsequent internal-consistency and
exploratory environmental association analyses. It was not treated as independent field val-
idation of groundwater discharge, because confirmation of actual groundwater discharge
requires in situ measurements such as streambed temperature monitoring, seepage meters,
hydraulic-gradient measurements, or geochemical tracers [8].

2.4. Machine-Learning Consistency and Analysis Framework

A machine-learning framework was used for exploratory analysis of the AT-based
screening results and to examine whether thermally anomalous river locations were asso-
ciated with independent environmental variables. The binary screening label (gw_class)
was derived from the AT threshold rule, where 1 represented thermally anomalous lo-
cations with AT < 26 °C and 0 represented non-anomalous reference locations. Because
the screening label was defined from AT variables directly related to this threshold were
not used as predictors in the environmental association model. Specifically, LST g, mer
and LSTwijys.r were excluded from the predictor set to avoid circularity and data leakage.
These thermal variables were retained only for descriptive comparison of the thermal
signatures of anomalous and non-anomalous locations. The predictor features used for
the environmental association analysis were limited to independent contextual variables,
including land use/land cover, geology, elevation, slope, and precipitation. These variables
were derived from the geospatial datasets described above. A Python script was used
to extract raster values at the 609 river point locations and manage coordinate reference
system transformations.

Rule-Based Simulation and Environmental Association Analysis

Two ensemble tree-based classifiers, a Random Forest (RF) [39] and an eXtreme Gra-
dient Boosting (XGBoost) model [40], were applied to examine whether the AT-based
screening labels could be reproduced using independent contextual variables. Because the
target class was derived from the AT threshold, these models were not used as independent
validation of groundwater discharge. Instead, they were used as exploratory tools to assess
internal consistency and to examine associations between screened thermal anomalies
and non-thermal environmental factors. The dataset was imbalanced, with 32 thermally
anomalous locations and 578 non-anomalous reference locations. To reduce the influence
of class imbalance, the Random Forest model was configured with 100 decision trees and a
balanced class-weight option, while the XGBoost model used an adjusted scale_pos_weight
parameter [41].
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The predictor variables were restricted to independent environmental variables, in-
cluding land use/land cover, geology, elevation, slope, and precipitation. Thermal variables
used to define the screening label, including AT, LST syymer, and LST symer, were excluded
from model training to avoid data leakage. Model diagnostics were summarized using
stratified 10-fold cross-validation repeated across 20 random data splits [42,43]. Recall, pre-
cision, F1-score, and ROC-AUC were reported only as internal rule-emulation diagnostics
and were not interpreted as evidence of physical validation. Because the training labels
were derived from the AT screening rule, high agreement between model outputs and the
screening labels indicates reproducibility of the rule-based classification, not confirmation
of actual groundwater discharge.

Following model training, feature importance analysis was conducted to identify
which independent variables were most strongly associated with the screened thermal
anomalies. Mean decrease in impurity (Gini importance) was calculated from the tree-based
models to rank the relative contribution of land use/land cover, geology, elevation, slope,
and precipitation in distinguishing thermally anomalous locations from non-anomalous
reference locations [44].

2.5. Agreement and Robustness Assessment

The assessment process involved an internal agreement assessment as its main com-
ponent. It compared the machine-learning reproduction of the threshold-derived screening
class with the original binary classification derived from the AT < 26 °C rule. Because
the labels were generated from the thermal threshold, this agreement was interpreted as
rule-emulation performance rather than independent validation of groundwater discharge.
The spatial distribution of the screened thermally anomalous locations was then examined
using DBSCAN clustering to identify groups of at least three anomalous locations within
a 5 km radius. Descriptive statistics were used to compare mean environmental charac-
teristics, including elevation, slope, and temperature, between anomalous and reference
locations, with statistical significance evaluated using independent t-tests [45,46]. Finally,
the association between screened anomaly occurrence and geological units was quantified
by calculating the frequency of anomalous locations within each hydrogeological unit.

2.6. Software and Statistical Analysis

All geospatial processing, data extraction, and machine-learning analyses were carried
out using Python 3.x. Key libraries were Rasterio [47], Geopandas [48], pandas [49], scikit-
learn [50], and XGBoost [40]. Scipy.stats was used for statistical comparisons, using « = 0.05
as the level of significance. The spatial visualizations were created using matplotlib [51]
and Contextily [52]. Figure 2 illustrates the methodological work frame employed in this
study, including data acquisition, thermal threshold detection, consistency assessment,
environmental association analysis, and spatial analysis.
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Figure 2. The methodological framework used in this study, including data acquisition, thermal
threshold screening, machine-learning consistency assessment, environmental association analysis,
and spatial analysis.

3. Results
3.1. Thermal Anomaly Detection and Machine-Learning Agreement

The empirical thermal threshold method identified 32 thermally anomalous river
locations with AT < 26 °C, representing 5.25% of the 609 sampled river locations across
the Tangshan urban river network (Figure 3). These locations were treated as potential
groundwater-influence indicators rather than confirmed groundwater discharge points.
To evaluate the sensitivity of the empirical AT < 26 °C threshold, alternative cutoff values
from 24 °C to 28 °C were tested (Table 1). The number of screened thermally anomalous
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locations increased from 8 points at AT < 24 °C to 122 points at AT < 28 °C. The selected
AT <26 °C threshold identified 32 anomalous locations, representing 5.25% of the 609 river
sampling points. This result indicates that the selected threshold provides a relatively
conservative screening criterion, while more relaxed thresholds substantially increase
the number of flagged locations. Therefore, the 26 °C cutoff should be interpreted as an
empirical, site-specific screening threshold rather than a universal diagnostic value.
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Figure 3. Binary classifier map shows groundwater anomalous and reference points.

Table 1. The sensitivity of screened thermally anomalous locations to alternative AT thresholds.

AT Threshold Screened Anomalous Points Percentage of 609 Points
AT <24°C 8 1.31%
AT <25°C 14 2.30%
AT <26 °C 32 5.25%
AT <27°C 61 10.02%
AT <28°C 122 20.03%

Random Forest and XGBoost models were then applied (Figure 4) as internal consis-
tency and environmental association tools using only non-thermal contextual predictors,
including land use/land cover, geology, elevation, slope, and precipitation. To evaluate
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the robustness of the empirical AT < 26 °C threshold, a threshold-sensitivity analysis was
conducted by applying alternative AT cutoffs of 24 °C, 25 °C, 27 °C, and 28 °C. The number
and percentage of screened anomalous locations were compared across thresholds, and the
spatial persistence of the main anomaly clusters was examined. This analysis was used to
assess whether the selected 26 °C threshold produced a stable screening pattern or whether
the mapped anomalies were highly sensitive to small changes in the cutoff value.

(A) Performance Across 20 Random Splits (B) Stratified 10-Fold Cross-Validation
(XGBoost Classifier) (Individual Fold Performance)
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Figure 4. Model performance agreement for thermal anomaly classification. (A) Boxplot of recall and
precision scores for the anomalous class across 20 repeated random train-test splits (XGBoost). Mean
recall = 0.916 (£0.085), mean precision = 0.935 (0.082). (B) Recall scores from stratified 10-fold cross-
validation, showing performance consistency across data partitions (mean recall = 0.950 & 0.100).

Because the model labels were derived from the AT threshold rule, the machine-
learning results should not be interpreted as independent validation of groundwater
discharge. Instead, the model diagnostics indicate how well the threshold-derived screening
labels can be reproduced from independent landscape and hydrogeological variables.
Across repeated train-test splits and stratified cross-validation, the models showed high
agreement with the threshold-derived labels.

This agreement demonstrates internal reproducibility of the screening classification,
but it does not confirm the physical occurrence of groundwater discharge. The main value
of the machine-learning analysis is therefore exploratory: it indicates that the screened
thermal anomalies are systematically associated with environmental variables rather than
being randomly distributed across the river network.

3.2. Thermal Signature Characteristics of Screened Anomalous Locations

Screened thermally anomalous locations exhibited a distinct thermal signature com-
pared with reference river locations. Summer temperature and seasonal AT differed
significantly between the two groups (Table 2), whereas winter temperature did not show a
statistically significant difference. During summer, anomalous locations were on average
5.99 °C cooler than reference locations. In winter, the difference was small and not statis-
tically significant. Consequently, the seasonal temperature range was 5.69 °C smaller at
anomalous locations, consistent with reduced seasonal thermal variability that may reflect
groundwater-related thermal buffering [38,53].
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Table 2. Comparative statistics of screened thermally anomalous and reference river locations
in Tangshan.

Parameter Reference (n = 578) Anomalous (n=32)  Difference p-Value
Summer Temp (°C) 35.37 £2.93 29.38 & 2.60 -5.99 °C <0.001
Winter Temp (°C) 416 £2.23 3.85+3.43 —0.31°C 0.512
Seasonal AT (°C) 31.22 +3.21 25.53 +£1.93 —5.69 °C <0.001
Elevation (m) 411 £51.1 30.1 £41.8 —11.0m 0.048
Slope (°) 1.09 &+ 0.74 0.88 £0.33 -0.21° 0.032

3.3. Spatial Distribution and Cluster Analysis

The spatial distribution of the 32 thermally anomalous locations showed localized
clustering along parts of the river network rather than being evenly distributed across the
study area (Figure 5a). Locally clustered zones were identified using Density-Based Spatial
Clustering of Applications with Noise (DBSCAN), with a search radius (eps) of 5 km and
a minimum cluster size of three points [54]. The DBSCAN parameters were selected to
identify local clusters of thermally anomalous river reaches at a management-relevant
reach scale. The 5 km search radius was used to group nearby anomalous river points that
could reasonably be targeted within the same field-survey campaign, while the minimum
cluster size of three points was selected to avoid treating isolated single-point anomalies
as clusters. To evaluate the sensitivity of this parameter choice, additional DBSCAN runs
were performed using nearby eps values of 4 km and 6 km while keeping MinPts = 3. The
main cluster structure remained broadly stable under these alternative settings, and the
principal clusters A-D persisted with only minor changes in cluster membership. This
result indicates that the mapped cluster pattern was not an artifact of a single eps value
and supports the robustness of the identified priority zones.
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Figure 5. Spatial distribution of predicted thermal anomalies consistent with groundwater influence
and model confidence: (a) binary classification map (1 = anomalous, 0 = reference); (b) prediction
confidence gradient (high to low). DBSCAN-identified clusters are circled in (a).
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These clusters should be interpreted as priority zones for field verification rather than
confirmed groundwater discharge areas. Their spatial arrangement may reflect local hy-
drogeological or geomorphic controls, such as permeable sediments, structural pathways,
low-slope reaches, or anthropogenic modification of urban river corridors [8,36]. How-
ever, direct field measurements are required to determine whether these clustered thermal
anomalies correspond to actual groundwater discharge. The machine-learning confidence
gradient (Figure 5b) showed relatively higher model confidence for the threshold-derived
anomaly class within or near some DBSCAN clusters, particularly Clusters A and C. This
pattern indicates spatial consistency between the rule-based thermal screening, the environ-
mental association model, and the cluster analysis. However, because the machine-learning
labels were derived from the AT threshold, this agreement should be interpreted as internal
consistency rather than independent validation. Therefore, the clustered anomalous reaches
provide useful targets for future field investigations, including in-stream temperature moni-
toring, seepage measurements, hydraulic-gradient observations, or hydrochemical/isotopic
tracer sampling [55].

3.4. Geological and Topographic Controls

The occurrence of screened thermally anomalous locations varied among the mapped
geological and hydrogeological units (Table 3 and Figure 6). Sandy deposits (Unit 6)
showed the highest occurrence rate among units with more than a few sampled points,
with four anomalous locations representing 10.0% of points in that unit. Clayey sand
(Unit 5) contained the largest absolute number of anomalous locations, with 12 points
corresponding to an occurrence rate of 8.5%. Reclaimed land areas (Unit 0) and reservoir-
associated units (Units 9 and 10) also contained screened anomalies, with occurrence rates
of 9.7%, 100% (2/2 points), and 4.9%, respectively. However, the 100% occurrence rate in
Unit 9 should be interpreted cautiously because it is based on only two sampled points and
therefore does not provide robust evidence of unit-wide groundwater influence [8]. The two
anomalous points in Unit 9 are located along river channels entering Douhe Reservoir at
118.244144°E, 40.439189°N and 118.264583°E, 40.422917°N. Their position suggests that the
thermal signal may be associated with inflow-channel conditions near the reservoir margin
rather than direct discharge into standing open water. More generally, the higher occurrence
of screened anomalies in sandy deposits, clayey sand, reclaimed land, and reservoir-margin
settings is consistent with the possibility that permeable sediments, modified ground
conditions, and channel-reservoir boundary zones may influence groundwater—surface
water exchange. Nevertheless, these interpretations remain hydrogeological hypotheses
that require field verification [36].

Table 3. Geological/hydrogeological units in the study area with occurrence rates of screened
thermally anomalous locations.

Unit Description Anomalous Points Anomaly Occurrence Rate
5 Clayey sand 12 8.50%
6 Sandy deposits 4 10.00%
0 Reclaimed land 3 9.70%
3 Loess 9 5.70%
Pre-Quaternary o
1 bedrock 8 5.50%
10 Reservoir water 3 4.90%
9 Reservoir water 2 100.00%
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Figure 6. Distribution of screened thermally anomalous locations across geological units. Bars show
the total number of sampling points and the number of anomalous points per geological unit, with
anomaly occurrence percentages labeled above each pair. Units 6, 0, and 5 showed relatively high
anomaly occurrence among units with larger sample sizes, whereas the 100% value in Unit 9 should
be interpreted cautiously because it is based on only two sampled points.

Topographic differences provided additional contextual support for the screened
anomaly pattern. Compared with reference locations, screened thermally anomalous loca-
tions occurred at lower elevations, with an average difference of 11.0 m (p = 0.048), and
on gentler slopes (p = 0.032). Topography gave some additional factors with discharge
points at significantly lower elevations (11.0 m lower on average, p = 0.048) and on gentler
slopes (p = 0.032) compared to non-discharge points. This pattern is consistent with the
general expectation that groundwater influence is more likely to occur in topographic lows,
valley bottoms, and low-gradient reaches where hydraulic gradients and local geomorphic
conditions may favor groundwater—surface water exchange [56]. However, because the
present study lacks direct in situ measurements, these geological and topographic associa-
tions should be interpreted as supporting evidence for prioritizing field verification rather
than confirmation of groundwater discharge.

3.5. Feature Importance Analysis

Feature importance analysis was conducted in this study to identify which non-thermal
environmental variables were most strongly associated with the thermally anomalous lo-
cations identified by the AT screening rule (Figure 7). Because thermal variables (AT,
LST_summer, and LST_winter) were excluded from the model to avoid data leakage, the
analysis reflects associations between the screened anomalies and independent contextual
factors rather than the thermal detection logic itself. Among the five environmental predic-
tors, land use/land cover emerged with the highest importance score, followed by geology
and elevation. Slope and precipitation contributed comparatively lower but non-zero
importance, indicating that all five variables carry some relative information associated
with the spatial distribution of the screened anomalies. Furthermore, the predominance
of land use/land cover and geology is physically reasonable, as groundwater—surface
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water interactions in urban river passages are often controlled by these factors such as
impervious surface coverage, land use patterns, and underlying geological formations
that control subsurface flow paths [57]. These results do not confirm that the identified
locations are true groundwater discharge points. Rather, they indicate that the thermally
anomalous river reaches are non-randomly distributed with respect to landscape and geo-
logical characteristics, which provides contextual plausibility for the screening results. The
associations identified here may guide the selection of priority sites for future field-based

validation efforts.
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Figure 7. Feature importance (mean decrease in Gini impurity) from the Random Forest model
showing the relative association of non-thermal environmental variables with thermally anomalous
locations identified by the AT screening rule.

3.6. Data Quality Notes and Uncertainty

The analysis incorporated necessary data quality corrections to ensure the reliability
of the spatial analysis. The original elevation raster contained 82 corrupted DEM values,
representing 13.2% of the sampled river points, with physically impossible magnitudes of
—3.4 x 10%. These values were treated as invalid no-data artifacts rather than true elevation
values and were replaced using a class-independent elevation correction procedure based
only on valid DEM information [58]. This QA /QC step was important because DEM errors
can propagate into derived terrain variables, including elevation and slope, and may bias
the interpretation of spatial patterns related to groundwater—surface water interaction.
By correcting these invalid values before statistical comparison, clustering interpretation,
and environmental association analysis, the integrity of the topographic component of the
spatial analysis was maintained [59]. Regarding uncertainty, the high consistency between
the simple thermal threshold and the ML models, together with the physical plausibility of
patterns such as lower elevations and associations with specific geological units, support
the internal reproducibility of the screened thermally anomalous locations. However, this
consistency does not constitute independent validation of groundwater discharge, and
field verification remains necessary [7].
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4. Discussion
4.1. Efficacy of the Temperature Difference (AT) Threshold Method

The empirical criterion AT < 26 °C identified 32 thermally anomalous locations, ac-
counting for 5.25% of the 609 river sampling points in the Tangshan urban river net-
work. This relatively small proportion is consistent with the general understanding that
groundwater—surface water exchange is spatially heterogeneous and tends to occur where
local hydraulic, geomorphic, and hydrogeological conditions favor groundwater exfil-
tration [7,60]. Thermal methods have been widely used to detect spatial temperature
anomalies associated with groundwater discharge because groundwater often maintains a
more stable thermal regime than surface water [61,62]. However, because no direct field
measurements, such as seepage meters, streambed temperature loggers, piezometers, or
hydrochemical/isotopic tracers, were available in the present study, the identified anoma-
lies should be interpreted as locations requiring field verification rather than as confirmed
groundwater discharge points [7,63]. The 26 °C threshold was derived empirically from
the observed AT distribution and therefore represents a first-pass, site-specific screening
criterion. Its applicability may require recalibration when transferred to regions with
different climatic conditions, river thermal regimes, groundwater temperatures, channel
morphology, or hydrogeological settings. The machine-learning analysis presented in the
previous section showed that the threshold-derived classification could be reproduced
with high internal consistency using non-thermal environmental predictors. Nevertheless,
this agreement should not be interpreted as independent validation, because the machine-
learning models were trained using labels derived from the same AT threshold. Instead, the
value of the machine-learning analysis lies in demonstrating that the screened anomalies
are not randomly distributed, but are systematically associated with specific landscape
and geological characteristics, thereby supporting the hydrogeological plausibility of the
screening results. Field validation through direct groundwater discharge measurements re-
mains essential to establish the physical accuracy and regional reliability of the AT < 26 °C
threshold in the Tangshan urban river network.

4.2. Characteristics and Controls of Screened Thermally Anomalous Locations

The 32 screened thermally anomalous locations (5.25% of the network) exhibit at-
tributes consistent with established conceptual models of groundwater—surface water
(GW-SW) interaction. The significantly lower elevation of these screened thermally anoma-
lous locations, approximately 11.0 m lower (p = 0.048), is consistent with topographic
control, with anomalies occurring more often in valley bottoms and depressions where
hydraulic gradients favor exfiltration [5,64]. Geological setting appears to be an impor-
tant contextual factor; sandy deposits (Unit 6), clayey sand (Unit 5), and reclaimed land
(Unit 0) showed relatively high anomaly occurrence or relatively large numbers of screened
anomalous locations, suggesting that permeable sediments and anthropogenically modified
areas may influence the spatial distribution of thermal anomalies [57,65]. Furthermore,
the spatial distributions of the four separate clusters as well as the numerous isolated
points illustrate the aquifer system’s heterogeneous nature. Clusters may represent ar-
eas of concentrated thermal anomalies, potentially linked to subsurface heterogeneity or
anthropogenic modifications.

4.3. Internal Consistency Through Integrated Analysis

A key strength of the methodological framework developed in this study is its inter-
nal consistency assessment, achieved through both a transparent physical threshold and
sophisticated data-driven models. Unlike studies that rely solely on proximity to sparse
monitoring wells, the primary evidence for consistency was the agreement between a trans-
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parent physical threshold and sophisticated, data-driven models [66,67]. This integrated
approach, using ML to reproduce and examine the threshold-based classification, addresses
a common concern regarding interpretability in ML applications within remote sensing
and earth sciences [68,69]. Furthermore, the results are consistent with known physical
principles: the identified locations are topographically and geologically plausible, and their
thermal signature (5.99 °C summer cooling, 5.69 °C reduced AT) is consistent with thermal
buffering potentially associated with groundwater influence. The correction of corrupted
elevation data further highlights the importance of rigorous quality assurance (QA/QC) in
remote sensing and geospatial analysis.

4.4. Methodological Implications

Extraction of land surface temperature (LST) from satellite data is a great help for un-
derstanding environmental dynamics. The main steps in the process are data preprocessing
and LST retrieval, which are key to unveiling the temporal and spatial patterns and also
finding the relations between LST changes and environmental factors [70]. The present
study illustrates that LST extraction, AT computation, and ML consistency assessment
provide a feasible screening workflow that combines a physically interpretable thermal
metric with environmental association analysis [35,71]. The key advantage of this method
is the use of open-access Landsat data and simple arithmetic operations, making it par-
ticularly suitable for data-scarce regions. Moreover, the application of machine learning
deepens the analysis without being necessary for the initial identification, consistent with
recent calls for more interpretable and physically informed ML applications in earth ob-
servation [72,73]. The mapped anomalous locations provide a quantitative baseline for
thermal anomaly occurrence within the Tangshan River network, representing 5.25% of
sampled river locations rather than 5.25% of the total study area. This proportion may
differ in other settings because of differences in climate, channel geometry, land cover, and
hydrogeological conditions [72]. Unlike approaches that apply ML directly to raw spectral
data, the present workflow uses ML to assess agreement with a physically interpretable
screening rule (AT < 26 °C). This improves transparency and scientific interpretability by
focusing screening on a clearly defined thermal concept.

4.5. Implications for Long-Term Monitoring and Future Work

A primary advantage of this remote sensing approach is its repeatability. By applying
the same AT < 26 °C threshold or a future empirically adjusted threshold to the new
images from Landsat or similar sensors, water managers will be able to objectively locate
changes in thermally anomalous reaches consistent with groundwater influence in relation
to the 2021-2022 baseline established here. This enables repeatable first-pass monitoring
without depending on complex hydrological or climate models. Because summer and
winter composites were generated by combining images from 2021 and 2022, short-term
inter-annual hydrological variability may have been smoothed. This compositing approach
was used to increase the number of clear-sky observations and reduce scene-level noise, but
it may obscure differences between individual years. Future work should test year-specific
AT maps when sufficient cloud-free images are available.

Future research should focus on several key significances to deepen understanding
and improve the current work. First, field validation through direct measurements such as
seepage meters or differential gauging at potential discharge points is critical to quantify ac-
tual groundwater discharge fluxes [63]. Second, temporal analysis using the AT method on
the multi-decadal Landsat archive could help assess changes in thermal anomaly locations
and intensity over time. Third, combining the thermal map with detailed hydrological
models may help explain the factors controlling the observed spatial patterns. Lastly,
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applying the AT threshold in various climatic and geological conditions could further test
its transferability and calibration.

4.6. Management and Policy Implications

The spatially explicit map of the 32 screened thermally anomalous locations provides a
useful tool for the management of water resources in Tangshan. These locations, identified
through the AT threshold method, can help prioritize areas for further investigation and in-
form targeted water management and conservation efforts. First, the identified clusters and
individual anomalous points, especially those located in permeable or anthropogenically
modified geological settings, may indicate reaches where field checks for groundwater in-
fluence and thermal-refugia potential are useful. Because these locations are not confirmed
discharge sites, protection or management actions should be guided by follow-up field
verification. Furthermore, this suggests the importance of considering groundwater and
surface water together for management purposes, because their interactions can affect wa-
ter quantity, water quality, and ecosystem conditions [8]. The association between screened
anomalies and particular hydrogeological units suggests that geological information can
help guide the design of monitoring networks. Lastly, the mapped thermally anomalous
locations provide a practical basis for optimizing groundwater and surface-water moni-
toring networks, helping managers select priority sites for temperature loggers, seepage
measurements, hydraulic-gradient observations, or hydrochemical/isotopic sampling [55].

4.7. Limitations

This study has several limitations that provide clear directions for future work. The
AT threshold is empirically derived and may require local calibration and field verification
to adjust for variations in different hydroclimatic or geological settings. Moreover, while the
approach identifies thermally anomalous locations consistent with potential groundwater
influence, it may overlook sites with minimal thermal contrast signals, especially those
affected by mixing and pixel averaging. Although Landsat surface temperature products
are generated at 30 m spatial resolution, the extracted LST value may not represent direct in-
stream water temperature in narrow urban rivers, because the channel, banks, vegetation,
and adjacent impervious surfaces may be captured within the same pixel [73] Therefore,
field validation, for example the use of temperature loggers, seepage meters, hydraulic-
gradient measurements, or geochemical tracers, remains necessary to confirm groundwater

discharge [8].

5. Conclusions

This study developed and evaluated an integrated, physically interpretable frame-
work for screening potential groundwater—surface water interaction indicators at the wa-
tershed scale using freely available Landsat thermal imagery and machine learning. The
method relies on a simple thermal metric, the seasonal land surface temperature differential
(AT = summer LST —winter LST). A threshold of AT < 26 °C was applied to 609 river
sites in Tangshan City, resulting in 32 thermally anomalous river locations identified as
potential groundwater-influenced sites, accounting for 5.25% of the investigated river net-
work. The internal consistency of this thermal threshold technique was examined using
machine-learning classifiers (XGBoost and Random Forest), which reproduced the original
screening classification with high agreement. Because the ML labels were derived from the
AT threshold, this agreement should not be interpreted as independent validation. Instead,
it indicates that the decreased seasonal temperature signal is a hydrogeologically plausible
indicator of potential groundwater influence on surface thermal patterns. The screened
locations showed a distinct thermal signature, being 5.99 °C cooler in summer and having
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a 5.69 °C smaller seasonal temperature variation than reference locations. Spatial and envi-
ronmental analyses revealed associations between screened anomalies and local physical
conditions: anomalous points occurred at significantly lower elevations (—11.0 m) and
were unevenly distributed across geological units. The formation of four spatial clusters
indicates zones of concentrated thermal anomalies, which may be valuable for targeted
field verification, monitoring-network design, and conservation planning.

The current study provides a transferable and accessible screening methodology for
environmental managers and hydrologists. The resulting map of 32 screened thermally
anomalous locations offers a practical tool for Tangshan to prioritize potential groundwater-
influenced reaches for future field investigation. However, because no in situ validation
data was available, these locations should be treated as priority sites for verification rather
than confirmed groundwater discharge zones. Future work should combine Landsat-
based thermal screening with field measurements such as temperature loggers, seepage
meters, hydraulic-gradient observations, and hydrochemical or isotopic tracers to confirm
groundwater discharge and quantify exchange fluxes.
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