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Abstract

Accurate interwell connectivity characterization is critical for fine-grained waterflood
optimization and reservoir management, often requiring integrated analysis across multiple
disciplines and methods. Among these, injection—production response analysis stands
as the most cost-effective and widely adopted approach. However, it remains highly
subjective, heavily reliant on senior engineers’ decades of accumulated experience, and
prohibitively labor-intensive for large-scale oilfields with hundreds of wells. With the
exponential growth of production data in modern oilfields, manual analysis has become
the bottleneck restricting the timeliness of reservoir management decisions. While signal
processing techniques offer a promising path to automation, general-purpose algorithms
fail to incorporate fundamental reservoir fluid flow laws, resulting in insufficient accuracy
for practical engineering applications. To address this gap, we propose a novel connectivity
identification method that mimics expert analysis logic by focusing on large-amplitude
fluctuation segments rather than full-curve matching. Using curve slope as the core metric,
cosine similarity quantifies trend consistency, while Root Mean Square Error (RMSE)
measures amplitude proximity. Three targeted strategies enhance accuracy: key region
screening with segmented matching, outlier removal accounting for time-varying lags, and
multi-index weighted fusion. Validated on synthetic and mature carbonate waterflood field
cases, the method improves the identification performance over benchmark Normalized
Cross-Correlation (NCC) and Capacitance-Resistance Model (CRM) methods by more
than 12% in both cases. It retains the reliability of traditional response analysis while
achieving full automation, and can help estimate the timing of preferential flow path
formation, requiring only routine production data to provide valuable reference for timely
field development decision-making.

Keywords: interwell connectivity identification; segmented matching; fine-grained water-
flood optimization; signal processing techniques; injection—production response analysis

1. Introduction

In the middle-to-late stages of waterflooding development, characterization of inter-
well connectivity between injection and production wells enables accurate delineation of
subsurface flow paths of injected water. This, in turn, supports the design of targeted
development adjustments—including water shutoff, profile control, and enhanced water
injection—to ensure uniform displacement conformance and extend the economic pro-
duction life of oilfields. Among conventional interwell connectivity analysis methods,
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tracer monitoring [1], well test analysis [2], and geochemical analysis [3] deliver high mea-
surement accuracy, yet they disrupt normal production operations, incur high costs, and
require extensive time. Numerical reservoir simulation [4] avoids production interference
and lowers associated costs, but it demands a large volume of input data and involves
labor-intensive workflows such as geological modeling and history matching. Injection—
production response analysis is widely recognized as a robust approach and has been
extensively applied even in recent years [5], but it still suffers from low analysis efficiency.

To address the limitations of the above methods, numerous scholars have proposed
methods for real-time and rapid interwell connectivity characterization using dynamic
production data, based on various theoretical principles. Physics-based model inver-
sion methods [6—14] represent a key branch of interwell connectivity characterization
research. However, these methods rely on inversion fitting, which introduces significant
non-uniqueness and uncertainty in the results [15]. With the rapid advancement of machine
learning theory in recent years, numerous scholars have applied graph neural network
(GNN) models to interwell connectivity identification [16-20]. Nevertheless, machine
learning-based methods generally suffer from two critical limitations: poor interpretability
and weak generalization performance across different reservoir conditions.

Signal processing-based methods are developed on the fundamental principle of
injection—production response analysis. In a water-flooded reservoir, injection and produc-
tion wells naturally form a complete stimulus-response signal system: the injector generates
an initial stimulus signal through dynamic adjustment of water injection intensity; as this
signal propagates along interwell flow paths, it undergoes characteristic attenuation and
time lag due to factors such as reservoir heterogeneity and the degree of flow path plug-
ging; the fluctuations in production rate and pressure monitored at production wells are a
direct manifestation of this reservoir-modified response signal. Leveraging this physical
“stimulus-propagation-response” correlation, general-purpose signal processing methods
can be adapted to reservoir engineering applications to decode key parameters during
signal propagation, thereby enabling identification of interwell connectivity.

Tian et al. [21] proposed a modified Pearson correlation coefficient method to evaluate
interwell connectivity. However, this method is built on the assumption of a linear correla-
tion between injection and production signals, and fails to account for the lag effect of fluid
flow in porous media. The Dynamic Time Warping (DTW) algorithm [20,22] quantifies the
similarity between production and injection curves by calculating the optimal warping
path via dynamic programming, enabling nonlinear identification of injection-production
signals while accounting for time lag effects. Nevertheless, the DTW algorithm is inher-
ently suited for single-sequence matching. Under conditions of multi-well interference,
it tends to introduce irrelevant matching pairs and spurious correlations between local
noise points, resulting in a deviation between the calculated similarity and the actual
interwell connectivity. Wang et al. [23] evaluated multiple signal processing methods for
interwell connectivity inference, and their results demonstrated that Cross-Correlation
(CC) offers stronger noise immunity and outperforms DTW in scenarios with multi-well
interference. Building on the CC method, Unal et al. [24] integrated wavelet transform to
simultaneously capture short-term fluctuations and long-term trends in production data,
making the method adaptable to non-stationary signal datasets.

However, due to the unique characteristics of reservoir systems, direct application of
general-purpose signal processing algorithms to reservoir engineering often yields large
calculation errors. Specifically, the time lag of injected water signal propagation in reservoirs
does not vary randomly as assumed by the DTW algorithm, nor does it remain constant as
postulated by the CC method. Instead, its variation conforms to a clear, physically driven
rule set by the dynamic changes in reservoir flow capacity during water injection. In most
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cases, long-term scouring by injected water forms thief zones or induces dynamic fractures,
both of which significantly increase reservoir permeability. Consequently, injected water
breaks through along preferential flow paths, leading to a gradual reduction in time lag
with continuous water injection. In a small subset of field cases, the time lag may also
increase, which is primarily attributed to formation damage induced by poor injection
water quality [25-29]. Critically, existing signal processing methods have not yet accounted
for this time-varying lag behavior.

In summary, among existing interwell connectivity analysis methods, physics-based
inversion and machine learning-based methods are limited by high uncertainty and in-
sufficient reliability. By comparison, signal processing-based methods have clear physical
meaning, strong interpretability, and controllable uncertainty, demonstrating significant
potential for field applications. Nevertheless, two critical research gaps remain in current
signal processing workflows:

1. They fail to account for the well-defined intrinsic time-varying behavior of signal lag
in water-flooded reservoirs.

2. They rely on similarity matching based on the overall amplitude of the target curves,
which only supports coarse-grained holistic matching and cannot accurately capture
the intrinsic response characteristics of injection—production signals. Both limitations
directly restrict the accuracy of interwell connectivity identification results.

This study first introduces the fundamental principle of the proposed interwell connec-
tivity identification method. Subsequently, a synthetic reservoir model with five injectors
and four producers is constructed to validate the proposed method against streamline
simulation results. The method is then applied to a real oilfield case, with its effectiveness
verified through comprehensive integration of production performance curve analysis,
field monitoring data, and reservoir geological characteristics. The results demonstrate that
the proposed method yields strong agreement with both streamline simulation outputs
and the established understanding of interwell connectivity in the actual oilfield.

2. Methods
2.1. Quantitative Metrics for Similarity Characterization

In this study, each injection—production pair is treated as a complete stimulus-response
signal system, where the similarity of rate fluctuations between the production and injection
wells is considered to reflect the degree of interwell connectivity. Specifically, under ideal
conditions, an injection-production pair with strong interwell connectivity exhibits the
following characteristics: a significant increase in injection rate is followed by a substantial
rise in the liquid production rate of the producer, and a significant decrease in injection
rate is accompanied by a corresponding decline in liquid production rate. Therefore,
to accurately characterize interwell connectivity, the similarity calculation focuses on
the similarity of the slope of the two curves, rather than the similarity of the overall
curve amplitude.

Prior to similarity calculation, a data preprocessing step is performed on the raw
injection and production rate series. The curves are first normalized to the range [0, 1] to
eliminate the influence of different production scales, and then smoothed using a moving
average filter with a window size of 3 months. This smoothing is necessary because the
slope (computed as the first-order difference) is highly sensitive to high-frequency noise.
For monthly sampled data, a 3-month window provides a reasonable balance between noise
suppression and preservation of meaningful injection—production responses. For datasets
with different sampling frequencies, the window size should be adjusted proportionally to
the expected duration of significant fluctuations.
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Cosine similarity is defined as the cosine of the angle between two vectors A and B,
which quantifies the similarity in the direction of the two vectors independent of their
magnitude. The calculation formula is as follows:

A-B

cosf = ——————.
IA[BIl

)

The calculation result of cosine similarity falls within the interval [—-1, 1]. When
cosine similarity is used to calculate the similarity of the slope of two curves, a result
closer to 1 indicates a higher consistency in the fluctuation trend between the injection and
production wells.

Root Mean Square Error (RMSE) is adopted to measure the deviation between two
equal-length paired data sequences, specifically the slope sequences of the injection and
production curves in this study. The calculation formula is as follows:

2
RMSE — \/ Ei1 (Vinj,i = Yprog)” 2

n

where y;,j,; is the i-th slope data point of the injection curve, y,,,,; is the i-th slope data
point of the production curve, and n is the total number of paired data points.

The calculation result of RMSE falls within the interval [0, +c0), with a smaller value
indicating a smaller deviation between the two curves. When RMSE is used to quantify
the difference in the slope of two curves, a smaller RMSE under synchronous fluctuation
indicates that the rise and fall amplitudes of the two curves are highly consistent.

Under the condition of multi-well interference, the consistency of fluctuation direction
between the two curves is the primary focus, and a closer fluctuation amplitude is preferred
under the premise of consistent fluctuation direction. Accordingly, a comprehensive metric
is established to reflect the consistency of the injection—production response, with the
formula as follows:

s = awxcos O + (1 — ) e RMSE, 3)

where ¢ RMSE

is introduced as an inverse mapping of RMSE to facilitate quantitative
characterization. The calculation result of e ®MSE falls within the interval (0, 1], with a
value closer to 1 indicating higher similarity between the two curves. It should be noted
that both the slope values and the RMSE are dimensionless, because the raw rate curves
are normalized to the range [0, 1] prior to slope calculation. This normalization ensures
that the exponential mapping e "®MSE in Equation (3) is scale-independent and not affected
by the original magnitudes of injection or production rates.

The weighting coefficient & controls the relative contribution of directional consistency
and amplitude proximity. Based on the physical principle described above, « should be
larger than 0.5. In this study, a sensitivity analysis with a varying from 0.6 to 0.8 showed
that the final connectivity classification remained stable and accurate across this range
for both the synthetic and field cases. Therefore, « = 0.7 is selected as a representative
value within this stable interval. For applications to other reservoirs, the value of « may
be adjusted within 0.6-0.8 according to the specific data characteristics, and a similar

sensitivity analysis is recommended to verify the robustness of the results.

2.2. Target Matching Region Identification

In conventional methods, similarity matching is performed on the entire injection and
liquid production curves to quantify interwell connectivity and time lag. The workflow is
as follows: the entire production curve is shifted forward by different time intervals At, and
the similarity between the injection curve and the shifted production curve is calculated.
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After multiple shifts and calculations, the time interval At; corresponding to the maximum
similarity is taken as the time lag, and the corresponding maximum similarity is used as the
basis for interwell connectivity discrimination of the injection—production pair. As shown
in Figure 1, when the production curve is shifted by At, and achieves the highest similarity
with the injection curve, At; is determined as the time lag between the injection-production
pair, meaning the injection signal propagates to the producer after a duration of At,.

Rate

A — Injection Rate

— Production Rate
-== Production Rate after Movement

The curve with most
similar fluctuation

G ——————————

» Month

Figure 1. Schematic of interwell connectivity identification via full-curve holistic matching.

However, this holistic full-curve matching approach is overly idealized. In practice,
the time lag of signal propagation is not constant, and production is often subject to
combined multi-well interference. It is therefore difficult to determine an appropriate
fixed time lag that enables a one-to-one match between the full-segment fluctuation of the
production rate and the injection rate fluctuation, leading to inaccurate characterization of
the interwell correspondence.

To address these limitations, this study focuses the matching target on regions with
significant fluctuations in the injection curve and identifies the corresponding similar
fluctuation segments in the production curve. This improvement offers two key advantages:

1. Shifting from full-curve holistic matching to target region matching enables bet-
ter adaptation to complex fluctuation propagation scenarios such as time-varying
time lag.

2. Selecting regions with significant fluctuations as the matching target reduces noise
interference during the matching process and improves matching accuracy. This
approach is underpinned by the fundamental physical principle that an injection
signal with a significant rise or fall propagating along a well-connected zone will
inevitably generate a distinct fluctuation response at the producer, which cannot be
completely offset by other injection signals even under multi-well interference.

The implementation workflow of this improvement is as follows: first, peaks and
troughs corresponding to significant fluctuations in the injection and production curves
are located, respectively, using the peak detection algorithm from the open-source SciPy
library [30]. On this basis, an intelligent extension strategy is proposed in this study
to form target regions while avoiding null values. The principle of the peak detection
algorithm is as follows: first, traverse each point in the curve to identify all potential
peaks; second, calculate the prominence of each peak relative to the adjacent region;
finally, set a screening threshold to retain peaks with high prominence, with only the most
prominent peak retained within a specified adjacent distance. For trough detection, the
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peak detection algorithm is reapplied to the inverted curve to locate the positions of troughs
with significant fluctuations.

Specifically, the curves are normalized to [0, 1] before peak detection. The find_peaks
function from SciPy 1.16.3 is applied with two parameters: distance, the minimum interval
between adjacent peaks (in data points), and prominence, the minimum relative amplitude
for a peak to be considered significant. For the monthly data used in this study, distance = 6
is adopted to avoid capturing short-term noise. A two-stage detection strategy is used for
prominence: it is first set to 0.2 to detect major fluctuations; if fewer than three peaks are
identified, the prominence is relaxed to 0.1 and detection is repeated. These settings are
illustrative; for other sampling intervals, distance should be adjusted proportionally to the
expected minimum duration between meaningful events, and prominence tuned according
to the typical signal-to-noise ratio.

Since the peak detection algorithm only locates the index of the center point of the
peak/trough, it is necessary to extend to both sides to form a complete target region. It
is worth noting that an excessively long extension range will cause the target region to
include too many irrelevant curve features and interfere with the matching effect, while an
excessively short extension range will extract only a small part of the fluctuation features
and increase the matching error. Therefore, an intelligent extension strategy is set to form
the target region with the peak/trough as the center point, as shown in Figure 2. The rules
for intelligent extension are as follows:

1. Set the extension limit for both left and right sides (e.g., a limit of 3-9 months means
the minimum and maximum extension distance for both sides is 3 months and 9
months, respectively). In the intelligent extension, the endpoint is normally the
nearest trough or peak; however, abnormal values may cause premature truncation.
The 3-month minimum helps ensure that a complete fluctuation cycle is captured,
while the 9-month maximum prevents the region from including excessive unrelated
segments and thus avoids the limitations of full-curve matching. These values are
illustrative and can be adjusted according to the characteristics of the target dataset.

2. Identify the extension endpoint within the limit: for a peak center point, the nearest
trough positions on the left and right sides are taken as the extension endpoints, and
vice versa for a trough center point.

3. If extension stops on one side due to null values and the extension distance is less than
3 months, additional extension is performed on the other side within the set limit.

Rate — Injection Rate
F 3

» Month

Figure 2. Identification of key target regions with significant fluctuations.

2.3. Segmented Matching Workflow

Since a single curve may contain multiple target matching regions, this study adopts a
workflow of segmented matching followed by weighted fusion. The segmented matching
workflow is shown in Figure 3:
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1.  Locate regions with significant fluctuations in the injection curve to extract multiple
target segments;

2. For each target segment, calculate and identify the fluctuation segment on the produc-
tion curve with the same length and the highest similarity;

3.  Count and retain the characteristic values of the corresponding most similar pro-
duction segments in chronological order of the target regions, including time lag At,
similarity s, amplitude weight A, and the position index of the production segment
center point xy,.

Rate
A — Injection Rate — Production Rate

“featurel

\
\

\ 1
\ '.

\

Y \
\ \
‘feature3, ... \featureN
\ \

» Month

Figure 3. Schematic of segmented matching.

A physical constraint is enforced during matching: since the propagation of the injec-
tion signal in the subsurface requires time, matching can only be performed starting from
at least one time step after the time point corresponding to the center of the injection target
region. In addition, an unreasonably long propagation time is excluded, and matching is
limited within a specified time span.

The calculation formula for the amplitude weight A is as follows:

A = [max(ying) = min(yinj) |- |max (ypro) — min (ypro) |- @

where y;,,; represents the curve value in the injection target segment, and y,r, represents
the curve value in the matched production segment.

2.4. Outlier Filtering Strategies

Although segmented matching can theoretically achieve more accurate one-to-one
matching of injection and production fluctuations, the most similar fluctuation identified by
matching may not be the most physically reasonable one due to multi-well superposition
effects or accidental factors. In addition to focusing on significant fluctuation regions and
weighted fusion, this study adopts credibility filtering and outlier filtering strategies to
mitigate the impact of such incorrect matching.

2.4.1. Credibility Filtering

The credibility filtering strategy is formulated based on the magnitude of the simi-
larity s and amplitude weight A for each matched correspondence. A higher fluctuation
amplitude of the injection segment, a higher fluctuation amplitude of the matched pro-
duction segment, and a higher similarity between the two indicate a higher credibility of
the matching result. In practice, although each injection fluctuation segment will match
to the production segment with the relatively highest similarity, the absolute value of this
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maximum similarity may be very low. Accordingly, the credibility screening rules are
established as follows:

1.  If multiple injection fluctuation segments are matched to the same production segment,
only the correspondence with the highest product of amplitude weight and similarity
A-s is retained.

2. The interquartile range method is used to remove all correspondences with A-s lower
than the first quartile (the 25th percentile of all data sorted in ascending order).

3. Only correspondences with similarity s greater than 0.5 are retained. Since s ranges
from 0 to 1, this empirical threshold excludes correspondences whose similarity is
less than half of the theoretical maximum, thereby reducing the influence of spurious
matches. The value of 0.5 is not fixed and can be adjusted depending on data quality
and the desired confidence level for a given application.

2.4.2. Physical Law-Based Outlier Filtering

The outlier filtering strategy is formulated based on the variation law of time lag
At for each correspondence, to remove correspondences that are obviously inconsistent
with physical laws. Due to long-term scouring by injected water, particles in the reservoir
skeleton are continuously carried away, leading to a gradual decrease in the time lag of
the injection signal over time. The outlier removal rules considering this physical law are
as follows:

1. Head and tail anomaly: the first data point with an excessively small value or the last
data point with an excessively large value is removed;

2. Single-point anomaly: a data point is removed if the values before and after it are
close, but the point itself differs significantly from the adjacent values (as shown in
Figure 4);

3. Continuous anomaly: continuous clusters of excessively large or small values are
removed if the values before and after the cluster are close.

It should be a trend of

40 gradual reduction
34
~
2 30 :
= outlier
S :
=20
E 13
E" 10 5
'''' ‘outlier 1 1

regionl region2 region3 region4 regionsS region6 region7

Figure 4. Schematic of outlier filtering.

In the example shown in Figure 4, 7 key fluctuation regions in the injection curve are
matched to the production curve, corresponding to 7 time lag values. Among them, the
time lags of region 1 (34 months) and region 3 (21 months) are relatively large, while the
time lag of region 2 (5 months) is abnormally small, which does not conform to the gradual
decreasing trend. Therefore, the correspondence for region 2 is removed according to the
rules. Similarly, the time lag of region 5 (32 months) is abnormally large compared with
that of region 4 (13 months) and region 6 (1 month), so the correspondence at region 5 is
also removed.
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2.5. Identification of Preferential Flow Path Formation Timing

Long-term scouring by injected water may lead to the formation of water-flooding
preferential flow paths between injection and production wells, which will cause a sig-
nificant reduction in the time lag of the injection signal after formation. Based on this
principle, the turning point where the downward trend of time lag increases sharply is
calculated to provide a rough estimate of the formation timing of preferential flow paths.
As shown in Figure 4, after outlier removal, the time lag decreases significantly from region
4 (13 months) to region 6 (1 month) and region 7 (1 month), indicating that preferential
flow paths may have been formed at the time corresponding to region 6.

Identifying existing preferential flow paths or providing early warning of impending
preferential flow path formation can help reservoir engineers conduct further analysis and
formulate targeted adjustment measures, thereby reducing invalid water circulation and
improving water flooding sweep efficiency.

2.6. Weighted Fusion and Connectivity Classification

The similarity and time lag obtained from segmented matching are characteristics
corresponding to multiple target regions on the well curves. To quantify the overall
interwell connectivity and comprehensive signal propagation time lag of the injection—
production pair, the similarity values and time lag values from multiple matched segments
are separately fused via weighted averaging into two independent comprehensive metrics,
while the core information from critical segments is maximally retained. The weighting
principles are as follows:

1. A higher weight is assigned to segments with larger fluctuation amplitude;

2. Ahigher weight is assigned to segments with higher matching similarity;

3. A higher weight is assigned to injection—production pairs with more valid matched
segments (more remaining matched segments after multi-layer screening indicate
potentially stronger interwell connectivity between the injection—production pair);

4. A higher weight is assigned to correspondence with an incrementally increasing
center point index of the production segment x,,, (non-crossed connecting lines of
injection—production matched segments indicate more reasonable matching results).

Figure 5 shows the complete workflow for calculating the similarity and time lag
between an injector and a producer. When there are multiple producers around an injector,
the similarity between the injector and each surrounding producer is calculated sequentially
and sorted to reflect the relative strength of interwell connectivity between the injector
and the surrounding producers. Although the theoretical range of the similarity s is —1 to
1, the region is shifted left and right during matching to find the maximum similarity, so
the actual obtained s falls within the interval (0, 1], and the weighted average result also
falls within (0, 1]. That is, the calculation results of all interwell connectivity are between 0
and 1, so the relative strength of global interwell connectivity can be determined by the
magnitude of the similarity. In this study, interwell connectivity is divided into four grades:
no connectivity (0 < s < 0.25), poor connectivity (0.25 < s < 0.5), moderate connectivity
(0.5 < s £0.75), and strong connectivity (0.75 < s < 1).

The thresholds 0.25, 0.5, and 0.75 are used to classify the continuous similarity values
into four connectivity grades. These values are empirical and were selected to provide a
meaningful interpretation of the similarity metric for the target reservoir, consistent with
the available field connectivity knowledge. They are not universal constants and may be
adjusted for other reservoirs based on the distribution of computed similarities and the
specific requirements of the application.
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Figure 5. Flowchart of matching process for single injection—production pair.

3. Results

The performance of the proposed method was validated via application to one syn-
thetic case and one real field case.

3.1. Case 1: Synthetic Case

A synthetic heterogeneous reservoir model was constructed to validate the proposed
method, as shown in Figure 6. The model contains 4 producers and 5 injectors with a well
spacing of 900 m, and the matrix permeability is 50 mD. High-permeability streaks are
developed between injection and production wells: the permeability between I1 and P1 is
2000 mD, and the permeability between I2 and P1, I4 and P2, as well as I5 and P3 is 800 mD.

The synthetic reservoir was put into production in February 1999, with a total pro-
duction period of 35 years. The injection mode of injectors was controlled by flow rate (as
shown in Figure 7), and producers were operated by bottomhole pressure (BHP).

The time-series data of liquid production rate from producers and water injection rate
from injectors were collected and preprocessed, and the proposed method was applied
for interwell connectivity analysis. The identification results of the proposed method are
illustrated by taking well I1 as an example, as shown in Figure 8.
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Figure 7. Injection rate profiles of five injectors in the synthetic case.

Figure 8 shows that the proposed method identified the strongest interwell connectiv-
ity between I1 and P1, with a comprehensive similarity of 0.9, which is significantly higher
than that of other injection—production pairs. This is consistent with the geological setting
of the synthetic model, where only a high-permeability streak exists along the direction
from I1 to P1 around well I1. The colored regions in Figure 8 mark the basis for the identifi-
cation of the proposed method: three significant fluctuation events of well I1 all generated
highly similar fluctuation responses at well P1. From the green area marked around 2010,
it can be seen that the similarity identified by the proposed method is not the similarity
of curve amplitude (as the amplitudes of the two curves show little proximity across the
entire target segment). The method accurately captures the synchronization of fluctuations
and the similarity of rise and fall amplitudes in the key regions, thus reasonably reflecting
the strength of interwell connectivity.
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Figure 8. Connectivity analysis for well I1 by the proposed method in synthetic case. Note: yellow
line: advantageous channels formed from this point; red line: original liquid production curve shifted
forward by lag time; colored regions on the x-axis: fluctuation zones analyzed by this method.

In contrast, the similarity of curve amplitude does not interfere with the connectivity
results. After 2014, the long-segment curve morphology of the other three producers
is very close to that of well I1, but the calculated interwell connectivity remains low
because the proposed method only focuses on the key fluctuation regions. The number
of identified similar segments also affects the final connectivity results: well I1 has fewer
similar segments with P3 and P4, and the similarity of fluctuation responses is lower, so
the final comprehensive similarity is much lower than that with P1.

3.2. Case 2: Real Field Case

The real field case is selected from Reservoir M in the Middle East, which is a porous
carbonate reservoir with developed high-permeability streaks, a lack of stable continuous
interlayers between formations, and extremely strong heterogeneity. The reservoir was
developed by depletion drive starting from 1999, and large-scale water flooding was
implemented in 2014 with an inverted nine-spot well pattern.

A typical well group was selected to validate the proposed method, which contains
eight producers with an average daily oil production of 3000 bbl/d. To compensate for the
severe formation pressure depletion in the early development stage, the injector adopted an
extremely high daily water injection rate, with an average of 12,000 bbl/d and a maximum
of nearly 30,000 bbl/d. After injection well I1 was shut in May 2023, both wells P1 and P6
showed a significant decrease in water cut and an increase in oil production. When well I1
resumed injection in January 2025, wells P1 and P6 subsequently showed a rapid rise in
water cut and a decline in oil production, while no obvious response was observed in other
wells. The analysis results of Production Logging Tool (PLT) monitoring data show that the
main fluid-producing intervals of P1 and P6 are completely consistent with the main water
intake intervals of I1. From the geological model, the locations of wells P1 and P6 also meet
the development conditions of high-permeability streaks. Based on the comprehensive
understanding of multiple data sources, it is confirmed that well I1 has strong interwell
connectivity with P1 and P6, and weak connectivity with other wells.
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The proposed method was applied to conduct interwell connectivity analysis for this
well group, with the input data truncated to May 2023. The purpose of this setting is to
verify whether the proposed method can identify interwell connectivity consistent with the
above comprehensive analysis results before the injection well was shut in. As shown in
Figure 9, the comprehensive similarity of P1 and P6 is greater than 0.75, which is consistent
with the understanding of strong interwell connectivity between I1-P1 and I1-P6 obtained
from the comprehensive multi-data analysis. The calculated connectivity of wells P2 and
P4 is 0, so they are not shown in the figure.

Sorting producers by similarity between liquid rate and I1 injection rate (descending):
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Figure 9. Connectivity analysis for well I1 by the proposed method in real field case. Note. Yellow
line: advantageous channels formed from this point; red line: original liquid production curve shifted
forward by lag time; colored regions on the x-axis: fluctuation zones analyzed by this method.

In real field scenarios, production and injection wells inevitably experience frequent
shut-in and shut-down events, which pose great challenges to conventional full-curve
similarity comparison methods. Most existing methods cannot accommodate null values
in the input data; however, filling missing values with zeros will introduce significant
interference to similarity calculation and may incorrectly identify injection—production
pairs with long zero-value segments as strongly correlated. As shown in Figure 9, the
proposed method in this study has good adaptability to well data containing null values:
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the selected key regions automatically avoid null value positions, which does not interfere
with the calculation of interwell connectivity and time lag.

3.3. Comparative Analyses

The performance of the proposed method was validated against two widely used
benchmark methods via application to both the synthetic and real field cases. The bench-
mark methods selected for comparison are the Cross-Correlation (CC) method [31] and the
Capacitance-Resistance Model (CRM) [7].

Cross-Correlation (CC) is a statistical method for quantifying the similarity between
two signals or time series. Its core principle is to calculate the similarity of two signals
at different time lags to determine their relative time delay and correlation. Given that
the injection and production rate data may have different scales, the Normalized Cross-
Correlation (NCC) was adopted in this study for comparison. In addition, the time lag
calculated by NCC was constrained to positive values to comply with physical laws, i.e., the
correlated fluctuation of the production well cannot occur prior to the corresponding
fluctuation of the injection well.

The Capacitance-Resistance Model (CRM) is currently the mainstream method for
quantitative evaluation of interwell connectivity in reservoirs. Based on the material balance
principle, CRM treats the interwell unit as a series system of “fluid storage capacity and
seepage resistance”, and inverts the interwell connectivity coefficient via history matching
of injection and production data. In this study, the CRM was configured using only injection
and liquid production rate data. No bottomhole pressure data were used.

For the CRM and NCC methods, missing values were filled with zeros. In the field
data, monthly production records are complete, and missing values correspond only to
shut-in periods with zero actual flow; thus, zero-filling is accurate. In contrast, the proposed
method requires no filling, as the segmented matching automatically identifies key regions
and avoids missing or zero intervals, making it suitable for fields with frequent shut-ins.

3.3.1. Synthetic Case Comparison

In the synthetic case, the flow rate allocation of each injector was obtained via stream-
line simulation, as shown in Figure 10a. The calculation results of the proposed method,
NCC and CRM (Figure 10b—d) were compared against the streamline simulation results to
verify the performance of the proposed method. The results of the proposed method and
NCC both fall within the interval (0, 1], and the CRM results were normalized to the same
interval for consistent comparison.

As can be observed from Figure 10, the interwell connectivity derived from NCC
shows relatively poor agreement with the streamline simulation results; the direction of
maximum connectivity calculated by CRM is generally consistent with the direction of
dense streamlines, but there is one misclassification—CRM identified strong connectivity
between I3 and P1, while no actual high-permeability connection exists between this
injection—production pair; and the connectivity results of the proposed method show the
highest agreement with the streamline simulation outputs.

To quantitatively evaluate the consistency between the calculated connectivity and the
actual results, the matching performance was simplified to a binary classification problem
and evaluated using the F1-score. The F1-score is the weighted harmonic mean of precision
and recall, ranging from 0 (worst performance) to 1 (perfect performance). The calculation

formula is as follows: o
precision-recall

F - 7
! precision + recall

)

where precision represents the proportion of predicted preferential flow directions that
are actual preferential flow directions, calculated by Equation (6); recall represents the
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proportion of correctly identified actual preferential flow directions out of all real preferen-
tial flow directions, calculated by Equation (7).

TP
precision = TP + EP’ (6)
TP
recall = m (7)

In the above equations, TP (True Positive): correctly predicted positive cases; TN (True
Negative): correctly predicted negative cases; FP (False Positive): incorrectly predicted
positive cases; and FN (False Negative): incorrectly predicted negative cases.

3 3 5
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Figure 10. Comparison between streamline simulation and various connectivity calculation methods.
Note: (a) streamline distribution of injectors (different colors for different injectors); (b—d) connectivity
distribution centered on the injector using different methods. Stronger connectivity is shown in red
with longer and wider strips; weaker connectivity appears in blue with shorter and narrower strips.

The connectivity results from each method were taken as the predicted values and clas-
sified into preferential flow directions (positive cases, similarity > 0.75) and non-preferential
directions (negative cases, similarity < 0.75). The streamline simulation results were taken
as the ground truth, with dense streamline regions defined as preferential flow directions
(positive cases) and the rest as non-preferential directions (negative cases). The performance
of each method, calculated via Equations (5)-(7), is summarized in Table 1.

Table 1 shows that the proposed method achieves an Fl-score of 1, indicating that
its calculated connectivity for both preferential and non-preferential flow directions is
perfectly consistent with the ground truth. CRM also delivers good performance with an
Fl-score of 0.89, with only one misclassification in a non-preferential direction. NCC shows
relatively poor performance with an Fl-score of 0.75, with one misclassification in each of
the preferential and non-preferential directions.
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Table 1. Matching degree between calculated connectivity and actual results.

Injector-Producer Pair Actual The Proposed Method NCC CRM
11-P1 Positive Positive Positive Positive
11-P2 Negative Negative Positive Negative
11-P3 Negative Negative Negative Negative
11-P4 Negative Negative Negative Negative
12-P1 Positive Positive Negative Positive
12-P2 Negative Negative Negative Negative
I3-P1 Negative Negative Negative Positive
13-P3 Negative Negative Negative Negative
14-P2 Positive Positive Positive Positive
14-P4 Negative Negative Negative Negative
15-P3 Positive Positive Positive Positive
15-P4 Negative Negative Negative Negative

precision 1.00 0.75 1.00
recall 1.00 0.75 0.80
F1 1.00 0.75 0.89

Figure 11 shows the interwell connectivity analysis results of well I1 using NCC.
Compared with the results of the proposed method (Figure 8), NCC has two limitations:
1. For the injection—production pair I1-P1 with a proven high-permeability streak, the

connectivity calculated by NCC (0.84) is lower than that of the proposed method (0.9);
2. For injection—production pairs connected by non-preferential flow paths, the con-

nectivity calculated by NCC (P2: 0.81, P3: 0.69, P4: 0.44) is higher than that of the

proposed method (P2: 0.72, P3: 0.66, P4: 0.38), which directly leads to the misclassifi-
cation of injection-production pair I1-P2 as strongly connected.

Sorting producers by similarity between liquid rate and I1 injection rate (descending):
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Figure 11. Connectivity analysis for well I1 by NCC. Note: red line—original liquid production curve
shifted forward by lag time.

Further analysis reveals three core reasons for these limitations:

1.  NCC calculates similarity based on the full length of the curve. For injection—
production pair I11-P1, non-key regions reduce the overall similarity, while for other
injection—production pairs, non-key regions inflate the overall similarity.
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2. The time lag calculation of NCC relies on shifting the entire production curve to
find the time difference corresponding to the maximum similarity. This full-curve
matching constrains the time lag to a fixed value throughout the entire production
period, which may fail to capture visually similar fluctuations.

3. The NCC algorithm only focuses on the synchronization of fluctuations when evaluat-
ing similarity, with the magnitude of the fluctuation slope having almost no impact on
the results. This may lead to high similarity scores between large injection fluctuations
and minor daily production fluctuations, making the results more susceptible to noise
interference.

Figure 12 shows the fitting performance of CRM for the liquid production rate of the
four producers. Despite the excellent history matching performance, CRM still presents
misclassification, which is most likely caused by the non-uniqueness of inversion fitting.

Producer: P1

Actual liquid rate
—— CRM fitting

Producer: P2

7

Actual liquid rate
—— CRM fitting

Producer: P3

Actual liquid rate
—— CRM fitting

Producer: P4

7

Actual liquid rate
—— CRM fitting

2004 2008 2012 2016 2020 2024 2028 2032

Figure 12. CRM history matching results for producers.

This reflects the reliability limitation of such methods in field applications: engineers
cannot judge the reliability of the analysis results solely from the outputs of CRM or
machine learning-based methods, and must rely on comprehensive understanding from
injection-production response analysis, monitoring data interpretation and other indepen-
dent sources. Without supporting evidence from additional analyses, the outputs of these
methods can only be either fully accepted or completely rejected. In contrast, the proposed
method is developed based on the fundamental principle of injection—production response
analysis and is essentially an automated implementation of systematic injection-production
response analysis. Its output results (Figure 8) explicitly mark the matched target regions
and the corresponding injection-production curves, enabling engineers to quickly identify
potential misclassifications even without additional supporting data. This significantly
reduces the manual workload of injection—production response analysis and delivers higher
reliability compared with other benchmark methods.
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3.3.2. Real Field-Case Comparison

In the real field case, the comprehensive multi-data understanding of the reservoir
was taken as the ground truth for F1-score calculation, where I1-P1 and I1-P6 were defined
as strongly connected injection—production pairs (positive cases), and the rest as weakly
connected injection—production pairs (negative cases). The results of the proposed method,
NCC and CRM, were taken as the predicted values and substituted into Equations (5)—(7)
to calculate the matching performance against the ground truth, so as to verify the field
applicability of the proposed method. The Fl-score results are summarized in Table 2.

Table 2. F1-score results for actual well groups.

Injector-Producer Pair Actual The Proposed Method NCC CRM
11-P1 Positive Positive Negative Positive
11-pP2 Negative Negative Negative Positive
11-P3 Negative Negative Negative Positive
11-P4 Negative Negative Negative Positive
11-P5 Negative Negative Positive Positive
11-P6 Positive Positive Positive Positive
11-pP7 Negative Negative Negative Positive
11-P8 Negative Negative Negative Positive

precision 1.00 0.50 1.00
recall 1.00 0.50 0.25
F1 1.00 0.50 0.40

Table 2 shows that the proposed method achieves an Fl-score of 1 in the real field
case, indicating excellent field application performance. CRM delivers poor performance
with an Fl-score of 0.4, as it identifies all injection—production pairs as strongly connected
and requires extremely time-consuming history matching. NCC outperforms CRM but is
inferior to the proposed method, with an Fl-score of 0.5.

These results highlight the challenge of history matching for physics-based inversion
methods such as CRM in real field applications. In contrast, signal processing-based
methods including the proposed method and NCC deliver more accurate results with
significantly lower computational cost. Specifically, signal processing methods perform
independent analysis for each well group, meaning that the number of well groups does
not affect the analysis accuracy, the computation time increases linearly with the number of
well groups, and no time-consuming history matching process is required.

To evaluate the robustness of the empirical parameters, sensitivity analyses were
performed by varying the weighting coefficient « from 0.6 to 0.8, the similarity filtering
threshold from 0.4 to 0.6, and the segmentation-window extension limits (lower bound from
2 to 4 months, upper bound from 8 to 10 months). The overall connectivity classification
remained largely stable, with only minor variations among moderate-connectivity pairs and
no significant impact on the final connectivity results. Furthermore, the same parameter set
was used for both the synthetic and field cases without modification, and accurate results
were obtained in both cases under distinct geological conditions, further confirming the
reliability of the selected parameters.

4. Discussion

This study proposes a novel method for interwell connectivity identification based
on the similarity of injection and production rate fluctuations. While early studies have
adopted curve similarity analysis for connectivity characterization, these methods are
universally built on the overall amplitude of the full curve, rather than the slope of the
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curve in key fluctuation regions. This full-curve amplitude-based approach has three
critical limitations that compromise the accuracy of identification results:

1.  Similarity in the overall amplitude of injection and production curves is not equiv-
alent to similarity in the magnitude of rise and fall of fluctuations, meaning a
high overall similarity score cannot reliably indicate a strong injection—production
response relationship;

2. Full-curve holistic matching cannot mitigate the interference of noise from non-key
regions on the final similarity results;

3. Full-curve matching is based on the assumption of a constant time lag, which leads
to misclassification of low similarity due to minor curve misalignment in real field
scenarios with time-varying time lag, and may result in truly strongly connected
injection—production pairs being incorrectly identified as low-correlation pairs.

The novel method proposed in this study quantifies the similarity of injection—
production rate fluctuations with the curve slope as the core calculation object. The
workflow consists of screening regions with significant fluctuations, performing segmented
matching of fluctuation similarity, outlier filtering, and weighted fusion to obtain the final
comprehensive similarity for each injection—production pair. The results demonstrate
that the similarity calculated by the proposed method has a higher consistency with the
actual interwell connectivity. Compared with the widely used CC method [31] and CRM
method [7], the proposed method delivers superior performance in both the synthetic
heterogeneous reservoir model and the real field well group case.

It is worth noting that the proposed method has several inherent limitations:

1. It may deliver degraded performance for wells with a short water flooding duration
or stable injection rates with no significant fluctuations.

2. Interms of applicability, the proposed method is theoretically suitable for all reservoirs
conforming to the injection—production response law, but this study only validates its
applicability in water flooding scenarios of porous carbonate reservoirs in the Middle
East. Its adaptability to other reservoir types and gas flooding development remains
to be further verified.

3. The current version of the method only uses injection and production dynamic
data, which introduces a certain degree of uncertainty. Specifically, there may
be spurious correlations where highly similar fluctuations are observed between
injection—production pairs with no actual physical connectivity. Subsequent studies
will integrate additional data sources or auxiliary methods to further improve the
identification accuracy.

4. The outlier filtering step of the proposed method is built on the assumption that the
time lag does not exhibit a sustained increasing trend over time; therefore, scenarios
with continuously rising time lag are not accounted for in the method design, and the
proposed method is not applicable to such cases.

We also conducted full-field interwell connectivity analysis for more than 500 wells
in the target oilfield. The preliminary results show that the directions of strong interwell
connectivity identified by the proposed method have a high correlation with the location
of high-permeability streaks in the detailed geological model, although this finding is still
preliminary and requires further in-depth validation. For future research, we plan to extend
the proposed method to multi-layer reservoir scenarios by integrating perforation data and
production monitoring data. We will also explore the combination of the proposed method
with intelligent decision-making systems to conduct research on intelligent optimization of
injection and production rate allocation based on the interwell connectivity results.
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5. Conclusions

1.  To address the low accuracy of interwell connectivity identification caused by direct
application of general-purpose signal processing algorithms in existing studies, this
paper proposes a novel injection—production response-based method for interwell
connectivity characterization. Taking curve slope as the core calculation object and
considering time-varying time lag, the method improves identification accuracy via
segmented matching of key fluctuation regions, outlier filtering and multi-weighted
fusion, and can also assist in roughly estimating the formation timing of preferential
flow paths.

2. Validation results from both synthetic heterogeneous and real field carbonate reservoir
cases show that the proposed method achieves better consistency with actual interwell
connectivity than conventional NCC and CRM methods. It is insensitive to null
values in field data, and its output results are easy to verify, with low uncertainty and
high reliability.

3. The method has limitations: It may deliver degraded performance for wells with short
water flooding duration or no significant injection rate fluctuations, and it does not
cover scenarios with continuously increasing time lag.
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Abbreviations

The following abbreviations are used in this manuscript:

A vector A

B vector B

CcC Cross-Correlation

CRM Capacitance-Resistance Model

cos cosine similarity

At time lag

Fq the weighted harmonic mean of precision and recall

FN incorrectly predicted negative cases

FP incorrectly predicted positive cases
the amplitude weight

n the total number of paired data points
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NCC Normalized Cross-Correlation
.. the proportion of predicted preferential flow directions that are actual
precision preferential flow directions
vecall the proportion of correctly identified actual preferential flow directions out of all
real preferential flow directions
RMSE Root Mean Square Error
5 the similarity calculated by the proposed method
TN correctly predicted negative cases
TP correctly predicted positive cases
Xpro the position index of the production segment center point
Yinj,i the i-th slope data point of the injection curve
Ypro,i the i-th slope data point of the production curve
Yinj the curve value in the injection target segment
Ypro the curve value in the matched production segment
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