
Methods

SAPFLOWER: an automated tool for sap flow data preprocessing,
gap-filling, and analysis using deep learning

Jiaxin Wang and Heidi J. Renninger

Department of Forestry, Mississippi State University, Mississippi State, MS 39762, USA

Author for correspondence:
Jiaxin Wang

Email: jiaxinwang362@gmail.com; jiaxin.
wang@vt.edu

Received: 28 January 2025
Accepted: 7 March 2025

New Phytologist (2025) 246: 2324–2345
doi: 10.1111/nph.70107

Key words: ecosystem water balance,
hardwood, machine learning, plant water
use, Populus, random forest, recurrent neural
networks, thermal dissipation probes.

Summary

� Sap flow, a critical process in plant water use and ecosystem water cycles, is often measured

using thermal dissipation probes (TDP) due to their ease of installation and continuous data

collection. However, sap flow data frequently include noise, outliers, and gaps, creating chal-

lenges for analysis and requiring substantial manual processing.
� We developed SAPFLOWER, a tool that automates data preprocessing, model training, gap-

filling, sapwood area scaling and modeling, and water use analysis. It integrates autocleaning,

machine learning and deep learning models (e.g. random forest, Gaussian process regression,

long short-term memory (LSTM), bidirectional LSTM (BiLSTM)), and efficient workflows to

process sap flow data.
� SAPFLOWER can remove over 90% of noisy data while preserving legitimate variations and

achieve high accuracy in gap-filling based on user-determined parameters. Random forest,

LSTM, and BiLSTMmodels reduced root mean square error to 10% or less for long-term gaps.

Model training and prediction can be performed efficiently within seconds.
� SAPFLOWER significantly enhances the efficiency and accessibility of TDP data analysis by auto-

mating complex tasks, enabling researchers without programming expertise to employ advanced

techniques. Future improvements will focus on species-specific corrections for TDP and support

for additional measurement methods. SAPFLOWER is openly available on GitHub (https://github.

com/JiaxinWang123/SapFlower) and Zenodo (doi: 10.5281/zenodo.13665919).

Introduction

Carbon and water cycles are fundamental to the Earth’s climate
system, with plants playing a key role through processes such as
transpiration and carbon sequestration. Measuring plant water
use is essential for understanding how ecosystems respond to
changing environmental conditions, particularly in the context of
climate change (Niu et al., 2011). Sap flow, a measure of the
movement of water through a plant’s vascular system, is a critical
indicator of plant transpiration and water use (Meinzer
et al., 2004). Understanding sap flow dynamics is essential for
studying plant physiology, plant hydraulic functioning, budget
of watersheds, ecosystem water cycles, and their responses to
environmental stressors such as drought (Wilson et al., 2001;
Meinzer et al., 2004; Steppe et al., 2015; Zhu et al., 2017).
While recent efforts have advanced the synthesis of global sap
flow data, such as SAPFLUXNET data, challenges in raw data
cleaning and gap-filling continue to limit its broader accessibility

and utility within the global research community (Poyatos
et al., 2016; Peters et al., 2018).

The thermal dissipation probe (TDP) method, introduced by
Granier (1985), is a widely used, cost-effective technique for mea-
suring sap flow in plants, particularly trees, by quantifying thermal
dissipation (TD) caused by xylem sap flow (Granier, 1987; Smith
& Allen, 1996). It operates on the principle that sap flow cools a
heated probe inserted into the sapwood, with the cooling rate pro-
portional to sap flow velocity. The method employs two radially
inserted probes: a heated probe, continuously warmed by an elec-
tric current, and a reference probe, which measures ambient wood
temperature. The temperature difference (ΔT ) between the probes
decreases as sap flow increases, with the maximum temperature dif-
ference (ΔTM) occurring when sap flow is absent. Sap flux density
(F ) is commonly expressed as Eqn 1.

F = α� K β Eqn 1

where F represents sap flux density, and α and β are the empirical
coefficients derived from Granier’s original formulation. The
flow index K is defined as Eqn 2.
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K =
ΔTM�ΔT

ΔT
Eqn 2

This method is particularly effective for studying plant–water
relations and transpiration, although accurate probe placement,
calibration, and consideration of wood thermal properties are
crucial for reliable measurements (Lu et al., 2004; Masmoudi
et al., 2012; Alizadeh et al., 2018). Despite TDP’s widespread
adoption, sap flow data collected via this method often contain
noise, outliers, and gaps due to environmental factors, sensor fail-
ures, or data collection interruptions (Oishi et al., 2016). These
challenges necessitate efficient data processing, cleaning, and gap-
filling methods to ensure robust, accurate, and reliable analysis.

Current tools and methods for sap flow data processing range
from simple spreadsheet-based approaches to more sophisticated
software/packages designed for specific datasets (Oishi
et al., 2016; Peters et al., 2021). However, existing tools require
substantial manual intervention, particularly for data cleaning,
modeling, and gap-filling. These manual processes often intro-
duce variability in data quality, increasing the risk of generating
inconsistent or unstandardized data across different sap flow pro-
cessing approaches. This, in turn, can lead to inaccurate out-
comes. Moreover, the absence of standardized protocols
significantly hinders the feasibility of large-scale or long-term stu-
dies, in which reliable and automated approaches are essential.
Recent studies have shown that state-of-the-art machine learning
and deep learning algorithms are superior in gap-filling
time-series flux measurements such as eddy covariance and sap
flow data, and the most used algorithms are recurrent neural net-
works (RNNs) and machine learning models, such as support
vector regression (SVR) and random forest (RF) (Li et al., 2022;
Zhang et al., 2023; Lucarini et al., 2024; Yu et al., 2024). How-
ever, most of those algorithms are not available or accessible to
those who have no or limited programming skills. The necessity
for standardized, automated, and flexible tools for sap flow data
processing, gap-filling, and analysis using state-of-the-art techni-
ques has become increasingly apparent. Large ecological datasets,
particularly those involving continuous long-term monitoring,
are challenging to manage without efficient and reproducible
workflows. Automated tools that incorporate advanced machine
learning techniques for gap-filling and analysis have the potential
to substantially improve the accuracy and efficiency of sap flow
data handling, providing new insights into plant water use under
varying environmental conditions.

In this study, we present SAPFLOWER, a novel application
designed to meet the growing demand for automated sap flow
data processing. SAPFLOWER integrates a comprehensive pipeline
for data cleaning, preprocessing, model training, gap-filling, sap-
wood area modeling, and water use analysis. By leveraging
advanced machine learning models, including RNNs and RF,
SAPFLOWER predicts and fills missing data points using time
stamps and user-defined key environmental variables as predic-
tors. By providing a standardized framework, it streamlines sap
flow data processing, reducing inconsistencies and minimizing
the impact of methodological variations. Beyond automation,
SAPFLOWER offers a versatile tool for researchers to analyze sap

flow dynamics across different species, ecosystems, and environ-
mental conditions. This study highlights SAPFLOWER’s effective-
ness in efficiently processing and analyzing sap flow data,
supporting its application in long-term plant water use studies
and ecosystem monitoring.

Materials and Methods

Sap flow data collection

Sap flow data used in this study were collected in 2022 from one
of the Advancing Populus Pathways in the Southeast (APPS) pro-
ject sites located in Pontotoc (34°8 0N, 88°59 0W), Mississippi,
USA (Renninger et al., 2024). Eastern cottonwood (Populus del-
toides W. Bartram ex Marshall) and hybrid poplar (P. deltoides ×
P. maximowiczii (A. Henry) (D ×M), P. deltoides × P. nigra (L.)
(D ×N), P. deltoides × P. trichocarpa (Torr. & A. Gray ex Hook.)
(D × T), a combination of P. deltoides, P. nigra, and P. maximo-
wiczii (D ×N ×M), P. trichocarpa × P. maximowiczii (T ×M),
and P. trichocarpa × P. deltoides (T ×D)) genotypes were planted
in 2019 at a spacing of 1.83 × 2.16 m to study their feasibility as
crops for bioenergy feedstock in southeastern United States. We
began measuring sap flow rates at the start of the second growing
season in 2020 using a customized solar panel-powered field sap
flow data collection system (Fig. 1). The trees had an average dia-
meter at breast height of 34.9 mm and an average height of
4.78 m. A total of 96 trees were selected for sap flow measure-
ments across two replicate blocks, and the main materials and
methods used were described by Renninger et al. (2023).

Specifically, the installation of TD sap flow sensors involved
inserting two probes (heated and reference, laboratory-made sen-
sors) into the tree trunk, as shown in the side and top views of
Fig. 1. Sensors were installed from the north side of the stems to
avoid direct heating from the sun. The heated sensor was
installed c. 10 cm above the reference sensor, with the heated sen-
sor housed in an aluminum tube inserted after drilling precise
holes into the trunk. Heat sink paste was applied to the heated
sensor to ensure efficient heat dissipation. The sensors were con-
nected to a data acquisition system, specifically an AM16/32B
multiplexer (Campbell Scientific Inc., Logan, UT, USA), which
interfaced with a CR1000 data logger (Campbell Scientific Inc.).
The system was powered by a pair of 12-V batteries charged via
solar panels, designed to ensure continuous monitoring in field
conditions. An electrical circuit board manages the heating rate
and strives to maintain a constant current or wattage to the sen-
sors of 0.2W for 20-mm sensors. To prevent external heating
from sunlight, a piece of reflective insulation covered the sensor
pairs. This setup allowed for precise, continuous sap flow mea-
surement by capturing TD as sap moved through the xylem of
poplar trees.

Design of SAPFLOWER

When designing SAPFLOWER, the initial objectives were to stan-
dardize and automate the whole process for data previewing and
cleaning, state-of-the-art model training, gap-filling, and sap flow
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parameter calculation. Therefore, we proposed the following
automated framework, including project configuration, data pre-
processing, model development and training, gap-filling, sap-
wood area modeling, and water use analysis (Fig. 2).

Project configuration SAPFLOWER enables users to create, save,
and open project files for maintaining consistency, efficiency,
and organization in complex tasks, involving linking data
files, setting filtering parameters, and saving and reopening
edited results. Having project files ensures the project can be
easily replicated or modified without reentering details. Saving
and reopening project configurations offer consistency, effi-
ciency, and flexibility. Overall, project configurations support
streamlined workflows, reproducibility, and organization, mak-
ing research and project management more efficient and man-
ageable.

Data preprocessing Data, including sap flow and the raw tem-
perature differential measurements, preprocessing can be per-
formed either manually or automatically in SAPFLOWER. Users
can use their expertise and experience to determine which data
are realistic or need to be removed for further gap-filling or analy-
sis based on the environmental data plot (Fig. 3). Alternatively,
users can utilize autocleaning by setting the proper parameters for
autocleaning before gap-filling. To ensure high-quality data, the
raw sap flow measurements underwent several autocleaning
methods as follows:

Outliers were detected using the interquartile range (IQR)
method. The IQR is defined as Eqn 3.

IQR=Q 3�Q 1 Eqn 3

where Q 1 is the first quartile (25
th percentile) and Q 3 is the third

quartile (75th percentile).
Any data points that fell outside of the range in Eqn 4, where

k is a threshold multiplier, were flagged as outliers.

Q 1�k � IQR,Q 3 þ k � IQR
� �

Eqn 4

This approach ensured that anomalous data points – either
too low or too high – were excluded from further analysis.
Typical values for k range between 0 and the maximum
threshold of users defined sap flow (raw sap flow measure-
ment, i.e. dT/dV ), depending on the sensitivity of outlier
detection.

To address periods of high variability or stagnation in the sap
flow data, rolling windows of a specified size were used to calcu-
late the mean and SD within each window. The window size
(i.e., 24 or 72 h) can be defined by users based on their specific
data and objectives. The rolling mean, μwindow, and rolling SD,
σwindow, were computed using Eqns 5 and 6.

μwindow =
1

n
∑
n

i = 1

x i Eqn 5

12 V

Campbell AM16/32B multiplexer

Solar panels
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Heated sensor

Top view
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Heat sink
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Fig. 1 Schematic diagram of configuration and installation of thermal dissipation probes. Generally, heated sensors and reference sensors are connected to
a circuit board for power control, a multiplexer, and a datalogger for signal collection. Solar panels and deep-cycle 12 -V batteries are used to power the
system. Species under investigation belong to the genus Populus (poplars).
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σwindow =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n�1
∑
n

i = 1

x i�μwindowð Þ2
s

Eqn 6

where n is the number of data points in the user-defined window
and x i are the individual sap flow raw measurement values.

Windows where σwindow exceeded a predefined threshold for
high variation were flagged and removed. Similarly, windows
with very low σwindow values, indicating sensor stagnation or drift,
were also excluded from further analysis. These measures ensured
that periods of excessive noise or inactivity were filtered out.
Users can set and adjust the thresholds to determine which data
should be removed or kept.

Due to low power, datalogger malfunction, or other issues,
TDP data sometimes contain inversed measurements
(Fig. 4a), such as when ΔTM appeared at noon instead of
nighttime, and those measurements should be treated care-
fully. Here, we extracted the nearest neighbors (six points at

each side) of sap flow baseline points, identified the maxi-
mum of the nearest points, compared the baseline points with
three-fourths (empirical range based on our 96 tree measure-
ments) of maximum of the nearest points, and removed the
all-day data in which baseline points were identified smaller
than maximum of the nearest points. We set three-fourths of
the maximum of the nearest points to filter the reverse data
because the data occasionally contain spikes that can exceed
the TDP measurements at ΔTM. Detailed formulas are given
as Eqns 7–11.

LeftIdx i =max 1, i�numNeighborsð Þ Eqn 7

RightIdx i =min n, i þ numNeighborsð Þ Eqn 8

NearestPointsi = sensorData LeftIdx i : RightIdxi½ � Eqn 9

MaxNearesti =max NearestPointsi , omitnanð Þ Eqn 10
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Fig. 2 Workflow and main functionalities of SAPFLOWER for sap flow raw measurements and SAPFLUXNET data analysis.
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reversedBaselineValuesi <
3

4
�MaxNearesti Eqn 11

Model development and training
Gap-filling models Several models were used to predict and

fill gaps in the sap flow data, including both classical statistical
models and state-of-the-art machine learning and deep learning
approaches. Each model was trained using the cleaned TDP mea-
sures and environmental variables, and its performance was evalu-
ated based on prediction accuracy. Summary and comparison of
the below-listed models are presented in Table 1. We used the
methods described by Oishi et al. (2008, 2016) to calculate and
identify ΔTM. Specifically, to calculate ΔTM, the maximum tem-
perature difference at zero sap flow, we need to identify ΔT dur-
ing periods meeting the following conditions:
(1) Nighttime hours, defined as periods with near-zero radiation
(R <R threshold), and R can be set using the photosynthetically
active radiation (PAR) threshold in SAPFLOWER.
(2) Stable ΔT , where the coefficient of variation (CV) satisfies
CV<CVthreshold.
(3) Low vapor pressure deficit (VPD<VPDthreshold).

Since K in Granier’s equation is a dimensionless ratio, using
the raw measurement (e.g. millivolt readings) instead of convert-
ing to temperature will not affect K itself.

Simple linear regression. Simple linear regression was used to
model the relationship between sap flow (y) and a single predic-
tor variable (e.g. the natural log of VPD) or using one working

sensor to gap-fill another sensor; however, since sap flow often
saturates at higher VPD, a linear approach may not always be
appropriate. The model assumes a linear relationship between the
predictor and the response variable, expressed as Eqn 12.

y = β0 þ β1x þ ϵ Eqn 12

where y is the predicted TDP measurement, x is the predictor
variable (e.g. VPD), β0 is the intercept, β1 is the slope of the
regression line, and ϵ represents the residual error.

This model was fitted using the least square method, which
minimizes the sum of the squared residuals (Eqn 13).

RSS= ∑
n

i = 1

yi�byi� �2
Eqn 13

where yi is the observed TDP measurement and byi is the pre-
dicted value.

Multiple linear regression. Multiple linear regression extends sim-
ple linear regression to include multiple predictor variables (e.g.
VPD, PAR, soil moisture, and leaf area index (LAI)). The model
is expressed as Eqn 14.

y = β0 þ β1x1 þ β2x2 þ⋯þ βpxp þ ϵ Eqn 14

where y is the predicted TDP measurement, x1, x2, . . ., xp are the
predictor variables, β0 is the intercept, β1, β2, . . ., βp are the
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coefficients representing the relationship between each predictor
and the response, and ϵ is the residual error.

This model was also fitted using the least square method. Multi-
ple linear regression allowed for the inclusion of various environ-
mental variables to provide more accurate predictions of sap flow.

Autoregressive with exogenous input model. The autoregressive
with exogenous input (ARX) model is a time-series model that
uses past values of the TDP measurement (autoregressive terms)
and current values of exogenous variables (environmental data,
such as VPD and PAR) to predict future TDP measurements.
The ARX model is defined as Eqn 15.

y tð Þ= ∑
p

i = 1

aiy t�ið Þ þ ∑
q

j = 1

bjx t�jð Þ þ ϵ tð Þ Eqn 15

where y tð Þ is the predicted TDP measurement at time t , y t�ið Þ
are past TDP values, x t�jð Þ are the exogenous inputs, ai and bj
are the model coefficients, p and q are the number of past TDP
measurements, and ϵ tð Þ is the error term.

The ARX model captures both the time dependence of TDP
measurements and the influence of environmental factors,

making it suitable for short-term gap-filling in time series with
strong temporal correlations.

Autoregressive moving average with exogenous input model. The
autoregressive moving average with exogenous input (ARMAX)
model extends the ARX model by incorporating a moving aver-
age component that accounts for the noise into the model. The
ARMAX model is defined as Eqn 16.

y tð Þ= ∑
p

i = 1

aiy t�ið Þ þ ∑
q

j = 1

bjx t�jð Þ þ ∑
r

k = 1

ckϵ t�kð Þ þ ϵ tð Þ

Eqn 16

where ck are the moving average coefficients that model the
noise, r represents the number of past TDP measurements, and
the other terms are defined similarly to the ARX model.

The ARMAX model is particularly useful for modeling
time-series data with both autocorrelation and noise, allowing for
more robust predictions in complex TDP data.

Long short-term memory model. The long short-term memory
(LSTM) model, a specialized form of RNNs, is built to
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maximum sap flowmeasurement. Inversed data represent data that have flipped day and night measurements due to datalogger malfunction.
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capture long-term dependencies in time-series data (Hochrei-
ter, 1997; Tai et al., 2015). Unlike conventional RNNs,
LSTM networks contain memory cells that store information
over extended periods, making them particularly effective for
predicting TDP measurement dynamics over time. The
model operates through three key gates: the input gate (i t ),
forget gate (f t ), and output gate (ot ). The equations are
Eqns 17–22 for i t , f t , cell state update (~C t ), cell state
(C t ), ot , and ht .

i t = σ Wi � ht�1, x t½ � þ bið Þ Eqn 17

f t = σ Wf � ht�1, x t½ � þ bf
� �

Eqn 18

~C t = tanh WC � ht�1, xt½ � þ bCð Þ Eqn 19

C t = f t�C t�1 þ i t� ~C t Eqn 20

ot = σ Wo � ht�1, x t½ � þ boð Þ Eqn 21

ht = ot�tanh C tð Þ Eqn 22

where� is the elementwise multiplication,W and b are the weight
matrices and bias terms, and σ is the sigmoid activation function.

Table 1 Summary and comparison of models integrated into SAPFLOWER.

Model Description Advantages Disadvantages Best use cases

Simple linear
regression (SLR)

Models sap flow as a
linear function of a
single predictor (e.g.
VPD)

Simple, interpretable,
computationally efficient

Fails when relationships are nonlinear,
limited flexibility

Using one sensor/tree to
gap-fill another

Multiple linear
regression (MLR)

Extends SLR to multiple
predictors (e.g. VPD,
PAR, soil moisture, LAI)

Accounts for multiple factors
affecting sap flow

Assumes linearity, sensitive to
multicollinearity

Using one sensor/tree to
gap-fill another with
environmental
variables

Autoregressive with
exogenous inputs
(ARX)

Uses past TDP values
and environmental
variables for short-term
prediction

Captures temporal
dependencies, suitable for
time series

Limited to short-term predictions, requires
parameter tuning

Short-term gap-filling
with time-series
dependence

Autoregressive
moving average
with exogenous
inputs (ARMAX)

Enhances ARX by
modeling noise
through a moving
average component

Handles both autoregressive
relationships and noise

Computationally intensive, sensitive to
noise parameters

Short-term gap-filling
with time-series
dependence

Long short-term
memory (LSTM)

Deep learning model
capturing long-term
dependencies in time
series

Handles long-term
dependencies, effective for
complex time series (day and
night dynamics)

Requires large datasets, computationally
expensive

Short-/long-term gap-
filling for multiple year
measurements

Bidirectional LSTM
(BiLSTM)

Extends LSTM by
learning bidirectional
dependencies in data

Captures bidirectional
dependencies especially
effective for complex time
series (day and night
dynamics)

Computationally intensive due to dual
LSTM networks

Short-/long-term gap-
filling for multiple year
measurements

Gated recurrent
unit (GRU)

Simplified LSTM with
fewer parameters,
improving
computational
efficiency

Computationally efficient
alternative to LSTM

Less powerful than LSTM for long-term
dependencies

Short-/long-term gap-
filling for multiple year
measurements

Random forest (RF) Ensemble of decision
trees used for robust
nonlinear predictions

Handles complex, nonlinear
relationships, and reduces
overfitting, and effective
training and prediction

Prone to overfitting if not properly tuned,
sensitive to feature selection, and less
effective in capturing day and night
dynamics of sap flow measurement

Short-/long-term gap-
filling for less varied
environmental
conditions

Support vector
regression (SVR)

Machine learning model
using a kernel function
to map data to higher
dimensions

Performs well on high-
dimensional data, flexible
kernel choices, and effective
training and prediction

Requires careful kernel selection and
parameter tuning, and less effective in
capturing day and night dynamics of sap
flow measurement

Using high dimensions
of environmental
variables for gap-filling

Gaussian process
regression (GPR)

Probabilistic model
providing uncertainty
estimates for
predictions

Provides confidence intervals
for predictions, and effective
training and prediction

Computationally expensive, sensitive to
kernel choice, and less effective in
capturing day and night dynamics of sap
flow measurement

Situations requiring
uncertainty
quantification

Kernel regression
(KR)

Nonparametric method
estimating target
values based on kernel
functions

Flexible, adapts to nonlinear
relationships, and effective
training and prediction

Sensitive to bandwidth parameter,
performance depends on kernel choice,
and less effective in capturing day and
night dynamics of sap flow measurement

Short-/long-term gap-
filling for less varied
environmental
conditions

LAI, leaf area index; PAR, photosynthetically active radiation; TDP, thermal dissipation probe; VPD, vapor pressure deficit.
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The LSTM model was trained on the sap flow data using past
values of both TDP measurements and environmental variables
to predict future values and fill missing data.

Bidirectional LSTM model. The bidirectional LSTM (BiLSTM)
model contains forward LSTM, backward LSTM, and combined
forward and backward states, based on equations given as
Eqns 23–33 (Schuster & Paliwal, 1997; Tai et al., 2015). The
forward LSTM equations for time step t are given as Eqns 23–27
for i t , f t , C t , ot , and ht .

i fwdt = σ W fwd
i � hfwdt�1, x t

� �þ bfwdi

� �
Eqn 23

f fwd
t = σ W fwd

f � hfwdt�1, x t
� �þ bfwdf

� �
Eqn 24

C fwd
t = f fwd

t �C fwd
t�1 þ i fwdt �tanh W fwd

C � hfwdt�1, xt
� �þ bfwdC

� �
Eqn 25

ofwdt = σ W fwd
o � hfwdt�1, xt

� �þ bfwdo

� �
Eqn 26

hfwdt = ofwdt �tanh C fwd
t

� �
Eqn 27

Similarly, the backward LSTM equations are given as
Eqns 28–32.

ibwdt = σ W bwd
i � hbwdtþ1, xt

� �þ bbwdi

� �
Eqn 28

f bwd
t = σ W bwd

f � hbwdtþ1, xt
� �þ bbwdf

� �
Eqn 29

C bwd
t = f bwd

t �C bwd
tþ1 þ ibwdt �tanh W bwd

C � hbwdtþ1, x t
� �þ bbwdC

� �
Eqn 30

obwdt = σ W bwd
o � hbwdtþ1, x t

� �þ bbwdo

� �
Eqn 31

hbwdt = obwdt �tanh C bwd
t

� �
Eqn 32

The output at time t is obtained by concatenating the hidden
states from both the forward and backward LSTM as shown in
Eqn 33.

hBiLSTMt = hfwdt , hbwdt

� �
Eqn 33

where hfwdt is the hidden state from the forward LSTM at time
t , and hbwdt is the hidden state from the backward LSTM at time t .

Gated recurrent unit model. The gated recurrent unit (GRU) is a
simplified version of the LSTM model that reduces computa-
tional complexity by combining the f t and i t into a single update
gate (Chung et al., 2014). The GRU model is defined as
Eqns 34–37 for update gate (z t ), reset gate (r t ), candidate hidden
state (~ht ), and ht .

z t = σ Wz � ht�1, x t½ �ð Þ Eqn 34

r t = σ Wr � ht�1, xt½ �ð Þ Eqn 35

~ht = tanh Wh � r t�ht�1, x t½ �ð Þ Eqn 36

ht = zt�ht�1 þ 1�z tð Þ�~ht Eqn 37

The GRU model, such as LSTM and BiLSTM, was used to
model temporal dependencies in TDP measurements, but with
fewer parameters, making it computationally faster while main-
taining predictive accuracy.

Random forest. Random forest learns from multiple decision
trees and combines them into an ensemble, outputting either the
mode for classification or the mean for regression (Brei-
man, 2001). The RF regression model is based on Eqn 38.

by = 1

T
∑
T

t = 1

f t xð Þ Eqn 38

where by is the predicted sap flow rate or TDP measurement, T is
the number of decision trees, and f t xð Þ is the prediction from
the t -th decision tree for input x .

Each decision tree is trained on a bootstrap sample of the train-
ing data, and at each split in the tree, a random subset of features
is considered to reduce overfitting and increase model robustness.

Support vector regression. Support vector regression is a type of
machine learning algorithm that finds the best fitting function by
mapping data to a higher dimensional space using a kernel func-
tion (Smola & Schölkopf, 2004). The goal is to find a function
that deviates from the true value by less than a certain threshold
while maintaining the margin between support vectors. The SVR
model can be described as Eqn 39.

y = ∑
N

i = 1

αiK xi , xð Þ þ b Eqn 39

where y is the predicted sap flow rate or TDP measurement for
input x , K xi , xð Þ is the kernel function that measures the similar-
ity between the data points x i and x , αi are the Lagrange multi-
pliers, b is the bias term, and N is the number of support vectors.

Gaussian process regression. Gaussian process regression (GPR) is
a probabilistic model that provides a distribution over possible
functions, making it well-suited for tasks involving uncertainty
(Quinonero-Candela & Rasmussen, 2005). GPR assumes that
the data points are sampled from a multivariate Gaussian distri-
bution, and it estimates the underlying function based on the
data. The GPR model is defined as Eqn 40.

y=K X,Xð Þ þ ϵ Eqn 40

where y is the vector of sap flow rate or TDP measurement
values, K X,Xð Þ is the covariance matrix computed using the ker-
nel function k x , x 0ð Þ, which defines the relationship between data
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points, and ϵ is the noise term, usually assumed to be Gaussian.
For prediction at a new test point x�, the posterior distribution is
given by Eqn 41.

y� j X, y, x� 	 N μ�, σ
2
�

� �
Eqn 41

where μ� = k x�,Xð ÞT K X,Xð Þ þ σ2nI
� ��1

y is the mean of the
posterior distribution, σ2� = k x�, x�ð Þ�k x�,Xð ÞT K X,Xð Þð
þσ2nIÞ�1k x�,Xð Þ is the variance. k x�,Xð Þ is a vector of covar-
iances between the test point x� and all training points X ,
computed using the kernel function k x , x 0ð Þ. K X ,Xð Þ is the
covariance matrix of the training data points X , also com-
puted using the kernel function. σ2n is the noise variance,
which accounts for observation noise in the training data. I
is the identity matrix, ensuring numerical stability when
inverting the matrix. y is the observed values (sap flow rate
or TDP measurement values) corresponding to the training
data points X .

Kernel regression. Kernel regression (KR) is a nonparametric
method that estimates the conditional expectation of the target
variable based on a kernel function (Härdle & Vieu, 1992). KR
uses a weighted average of the target values, in which the weights
are determined by the similarity between the test point x and
each training point x i . The general form of KR is given as
Eqn 42.

by xð Þ=
∑
n

i = 1

k x , xið Þyi

∑
n

i = 1

k x , x ið Þ
Eqn 42

where k x , x ið Þ is also a kernel function that measures the similar-
ity between x and xi as described previously for GPR, and yi is
the sap flow rate or TDP measurement value corresponding
to xi .

Training procedure The cleaned dataset was split into train-
ing and validation sets to prevent overfitting, and users can

determine their splitting ratio based on specific objectives in SAP-
FLOWER. To obtain better training and validation datasets, the
splitting process was designed to ensure that no interpolated or
missing data points were included in the training data. During
training, the split training and validation datasets will be plotted
for users to check the data distribution across the study period if
the user has enabled the plotting function (Fig. 5). We used a
fixed seed value of 42 when splitting the data for training and
validation to ensure that users can reproduce their analyses con-
sistently on the same dataset.

For sap flow modeling and prediction using RNNs, time
stamps (including day of the year (DOY), hours, and minutes)
are typically decomposed into discrete time components and
encoded with one-hot encoding. This process transforms each
time component into a binary vector, where ‘1’ represents the
specific value and all other positions are marked as ‘0’. This
approach allows the model to capture the temporal patterns in
sap flow data without introducing artificial relationships between
time points, enabling the RNNs to more effectively recognize
periodic trends and cyclical behavior in TDP measurements over
time. The manual provides detailed procedures and guidelines
for setting and selecting appropriate parameters for deep learning
models (Wang, 2024).

To standardize the environmental variables (e.g., VPD, PAR,
air temperature, and relative humidity), users can determine
whether each variable should be transformed/scaled to have a zero
mean and a unit variance by checking feature scaling for model
training. The scaling transformation is given in Eqn 43.

X scaled =
X�μ

σ
Eqn 43

where X represents the original feature value, μ is the mean of
the feature across the training set, and σ is the SD. This normali-
zation prevents large-valued variables from dominating the train-
ing process and helps the model converge faster.

The adaptive moment estimation (Adam), stochastic gradient
descent with momentum, and root mean square propagation can
be selected and used to minimize the mean squared error (MSE)
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Fig. 5 Example of data splitting for gap-fill model training and validation. Species under investigation belong to the genus Populus (poplars).
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loss function during model (e.g. RNNs) training. The loss func-
tion is defined as Eqn 44.

MSE=
1

n
∑
n

i = 1

yi�byi� �2
Eqn 44

where yi is the observed TDP measurement, byi is the predicted
value, and n is the total number of data points.

The performance of the models was assessed using four key eva-
luation metrics: mean absolute error (MAE, Eqn 45), root mean
square error (RMSE, Eqn 46), Akaike information criterion (AIC,
Eqn 47), and Bayesian information criterion (BIC, Eqn 48).

MAE=
1

n
∑
n

i = 1

yi�byi		 		 Eqn 45

RMSE=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n
∑
n

i = 1

yi�byi� �2s
Eqn 46

AIC= 2k�2loge Lð Þ Eqn 47

BIC= k loge nð Þ�2loge Lð Þ Eqn 48

L=
Yn
i = 1

1ffiffiffiffiffiffiffiffiffiffi
2πσ2

p exp � yi�byi� �2
2σ2

 !
Eqn 49

The MAE quantifies the average absolute difference between
the observed and predicted values. RMSE gives more weight to
large errors, making it useful for highlighting cases in which pre-
dictions deviate significantly from actual values. AIC evaluates
model fit while considering complexity, with lower values indi-
cating better models. BIC introduces a stricter penalty for model
complexity by incorporating the sample size n, helping to prevent
overfitting. In both AIC and BIC, k represents the number of
model parameters, and L is the maximum likelihood of the
model, which can be calculated as Eqn 49. The yi are
the observed values, and byi are the predicted values, and σ2 is the
estimated variance of residuals.

Gap-filling Once users have trained the model, they will be able
to make predictions and perform gap-filling. Depending on the
model that users selected and trained, the prediction and
gap-filling will be conducted based on trained model and predic-
tion variables used for model training. To maintain the ‘good’
raw data intact, gap-filling will only be conducted for missing
and filtered (bad data) gaps. SAPFLOWER allows users to train mul-
tiple models and make predictions in a high-throughput way,
and then select one of the trained and predicted models for gap-
filling for each tree or sensor. Besides using RMSE, AIC, and
BIC, users can also review the cleaned raw data and gap-filled
data through tables and plots to decide whether to train a new
model.

Sap flow calculation Once users complete gap-filling, they can
choose to export the calculated K and/or F values for further sap

flow calculations, or they can obtain the K and F values directly
in SAPFLOWER. Specifically, based on users’ data structure and
objectives, they calculate hourly and daily sap flux density using
Eqns 50–52.

Finterval = F � Ts Eqn 50

Fhour = ∑
N hour

i = 1

Finterval,i Eqn 51

Fday = ∑
N day

j = 1

Finterval,j Eqn 52

where F is sap flux density, Ts is user-defined time step in sec-
onds. The Finterval, Fhour, and Fday are the sap flux density in a
user-defined time step, 1 h, and 1 d, respectively. N hour and N day

are the number of intervals in 1 h and 1 d, respectively.
The calculated sap flux density F gives the volume of water

transported per unit of conducting area per time unit. Users can
easily export the K and F values to calculate total sap flow for
further water use analysis.

Sapwood area scaling and modeling Once users complete gap-
filling, they may need sapwood area measurements to integrate
with the exported F values for calculating sap flow rate (water
use) in SAPFLOWER. Since sapwood area can vary throughout the
growing season, users may consider scaling or modeling their sap-
wood area measurements to obtain daily or finer scale estimates.
To support this, SAPFLOWER provides three methods for scaling
and modeling sapwood area measurements across the study per-
iod. First, we assume that most species exhibit a faster sapwood
area growth rate during the early months of the growing season
than the later months (Fig. 6). This assumption is based on the
factors such as LAI, canopy volume, heat stress, resource avail-
ability, and sapwood allocation mechanisms (Schippers
et al., 2015; Decuyper et al., 2020; Helluy et al., 2020). Research
suggests that the early-growing season provides optimal condi-
tions for sapwood development, and during this time, trees allo-
cate substantial resources to produce new sapwood (or
earlywood), which functions as the living xylem responsible for
water transport (Utsumi et al., 2003). Second, we introduced a
weight curve approach to estimate sapwood area increments
throughout the growing season or study period (Fig. 6). Specifi-
cally, users can draw a curve to represent the sapwood area incre-
ment over time. If initial and final sapwood area measurements
are available, these weights can be applied to scale the sapwood
area across the study period (Eqn 53).

Ai =Astart þ I �Wi

T
Eqn 53

where Astart is the starting sapwood area, I is the increment
(Aend�Astart), Wi is the weight value for the i-th timestamp, and
T is the total sum of all weights.

For users who lack knowledge of the general growth pattern or
do not have detailed sapwood area measurements, SAPFLOWER
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offers the option to use the generalized logistic model (Eqn 54),
provided they have at least six sapwood area measurements dur-
ing the study period to get reasonable predictions.

y tð Þ=A þ K�Að Þ
1þ ν � e�C � t�Bð Þð ÞQ

1
v

Eqn 54

where A represents the lower asymptote, which is the baseline value
of the quantity when growth is minimal; K is the upper asymp-
tote, representing the maximum value the quantity can approach
as growth reaches a saturation point. The parameter C controls the
rate at which the growth occurs, and B indicates the time of maxi-
mum growth or the inflection point of the curve. The term v
introduces a symmetry factor, adjusting the curve’s shape and
allowing for flexibility in the steepness of the transition from slow
to rapid growth. Q controls the growth distribution, affecting how
the growth rate is distributed over time. Finally, the parameter ν
further modulates the steepness and sharpness of the curve, making
it more adaptable to different growth scenarios.

Inference and efficiency Considering that data loading and writ-
ing speeds are largely influenced by hardware performance, we
focused our testing on SAPFLOWER’s data cleaning, model training,
and prediction processes. Users can also evaluate SAPFLOWER’s effi-
ciency by reviewing the output text area after each action. To assess
SAPFLOWER’s capability to handle large datasets, we utilized a data
frame containing measurements from 96 sensors recorded continu-
ously between May 20, 2020, and October 31, 2020. These data
were logged at 30-min intervals, resulting in c. 7900 total records.
Additionally, to evaluate the impact of model training hyperpara-
meters on both training and inference times, we tested various data
splitting ratios, training epochs, learning rates, and the number of
hidden layers for RNNs.

Hardware, software, and statistics

We developed SAPFLOWER using MATLAB R2024a on a customized
desktop running Windows 11, equipped with an Intel Core i7-
12700KF CPU, 128GB of memory, and a 12 GB NVIDIA RTX

3080 Ti GPU. For macOS compatibility, we compiled SAPFLOWER

on a MacBook Pro with macOS 14.5, featuring an M3 PRO Chip
and 36 GB of memory. All testing related to data cleaning, model
training, and gap-filling was conducted on the Windows desktop.
All data calculations and visualization were conducted in SAP-
FLOWER and PYTHON (v.3.12.4).

Results

Data cleaning and preprocessing

SAPFLOWER, integrated manual and automated visual data clean-
ing and preprocessing functionalities, can efficiently clean and
improve the quality of the raw sap flow data. The autocleaning
feature, utilizing the IQR method to identify outliers, removed
over 90% of the noisy data across all tested 96 sensors, depending
on the specific filtering parameters (Fig. 7; Video 1). Manual vali-
dation of the results showed that the automatic cleaning retained
legitimate variations in sap flow while excluding problematic data
points. Fig. 4 presents an example of sap flow raw data, manually
cleaned data, and autocleaned data. Adjusting the filtering para-
meters automatically removed outliers, spikes, and measurements
with high and low variation. Rolling window analysis further
removed stagnation points in the data, improving the overall data
quality. To help users determine whether to delete some bad sap
flow data, SAPFLOWER provides a preview of K values, normalized
VPD, and dTmax (for ΔTM) baseline on one plot (Fig. 3;
Video 1).

Model training and gap-filling

We tested SAPFLOWER’s model training and gap-filling capabilities
using precleaned data and found that machine learning and deep
learning models, such as RF and RNNs, are effective for short-
and long-term gap-filling (Fig. 8), while linear models are parti-
cularly useful for predicting one sensor’s data based on another
(Fig. S1). Users can train well-fitted models by adjusting hyper-
parameters, including the validation data split percentage, the
number of epochs (iterations), gradient thresholds, learning rate,
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Fig. 6 Assumptions of sapwood area increment
and sapwood area dynamics across the growing
season. Specifically, trees produce more sapwood
(earlywood) during the early-growing season
than the later growing season (a), sapwood area
increment follows a sinusoidal pattern (b), and
total sapwood area follows a logistic growth
model (c).
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and the number of hidden units for RNN training (Fig. 9;
Video 2). Detailed descriptions on how to set these hyperpara-
meters are given in the manual (Wang, 2024). During model
training for gap-filling, we fine-tuned hyperparameters to achieve

an RMSE of c. 10% or less of the average raw sap flow measure-
ments (e.g. in ΔV, millivolts). Trained models were then used to
make predictions based on selected variables, such as VPD, PAR,
and time stamp (e.g. DOY and TimeOfDay, to prevent

Fig. 7 Comparison between manually cleaned and autocleaned sap flow raw measurements across 96 sensors. Species under investigation belong to the
genus Populus (poplars).

Video 1 Data cleaning in SAPFLOWER.
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misalignment of day and night sap flow measurements) for the
entire growing season or available environmental data. After pre-
dictions were made, cleaned raw sap flow measurements and pre-
dicted sap flow data were combined to fill gaps (Fig. 10;
Video 2). We also evaluated SAPFLOWER’s performance using

SAPFLUXNET data and confirmed its effectiveness in
high-throughput data management and gap-filling functional-
ities. For example, users can examine environmental data, train
models, and gap-fill sap flow rate data using environmental data
provided by SAPFLUXNET. Additionally, they can gap-fill the
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Fig. 8 Examples of machine- and deep learning model validation results. MAE, mean absolute error; RMSE, root mean square error. Species under
investigation belong to the genus Populus (poplars).
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sap flow rate of one sensor or tree using data from another
(Figs S1, S2; Video 3).

SAPFLOWER efficiency

The evaluation of SAPFLOWER’s performance demonstrated strong
efficiency across data loading, cleaning, model training, and pre-
diction tasks (Table 2). Data loading, filtering, and plotting were
completed in 6.38 s, with single sensor data cleaning requiring
only 0.1 s, showing rapid preprocessing capabilities. SVR is the
fastest algorithm for model training and prediction (followed by
RF), with a training and prediction time of < 0.5 s. In compari-
son, GPR and KR require 3–4 s for model training and c. 0.2 s for
prediction. More complex models, including ARX, ARMAX,
GRU, LSTM, and BiLSTM, trained efficiently even with
increased model complexity and longer epochs. For instance,

GRU, LSTM, and BiLSTM models with 200 epochs and 15 hid-
den units required 22–31 s, while increasing to 30 hidden units
extended the training time to 23–36 s. Despite this, prediction
times remained very fast, with all models, including complex ones
such as BiLSTM, generating predictions in 0.25–0.36 s. These
results indicate that SAPFLOWER effectively manages both simple
and advanced models, maintaining high efficiency even when
handling large datasets and complex RNN architectures.

Sapwood area scaling and modeling

Depending on the resolution of the user’s sapwood area mea-
surements, SAPFLOWER offers three methods to scale and model
sapwood area data for calculating total water use at daily,
hourly, or even higher temporal resolutions. We tested these
methods and found that all three effectively scale and model
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sapwood area across the study period. Among them, weighted
curves and logistic modeling proved particularly helpful and
valuable when high-resolution sapwood area measurements
were challenging to obtain throughout the study period
(Fig. 11; Video 4).

Sap flow/water use calculations

After training and prediction, users can easily calculate and
export Granier’s K . Depending on their objectives and species,
they can adjust the coefficients (α and β) to calculate and export
sap flux density data at per-second, hourly, or daily resolution.
Specifically, once the model is trained and predictions are made,
cleaned raw and predicted data become available. This allows
users to load the raw data, apply predictions for gap-filling, calcu-
late K and F for all trees, and export the results in a
high-throughput manner.

If users have sapwood area data scaled for the study period, they
can calculate per-second, hourly, and daily water use in SAPFLOWER

after gap-filling. Once users have exported Granier’s F values and
clicked the ExportWaterUse button, they will be prompted to pro-
vide the path in which the scaled sapwood area data are stored.
SAPFLOWER will then match sensor/tree data with the sapwood area
data based on time stamps and calculate water use at the selected
resolution – per- user defined/selected timestep, such as second,
hourly, and/or daily (Fig. 12; Video 5).

Discussion

Utility of SAPFLOWER for automated sap flow data processing

SAPFLOWER marks a significant advancement in automating sap
flow data analysis, tackling a major challenge in plant physiologi-
cal research – the labor-intensive and time-consuming processes

Video 2 Model training and gap-filling in SAPFLOWER.
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Fig. 10 Example of gap-filling of three sensors. Species under investigation belong to the genus Populus (poplars).
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of data cleaning, gap-filling, and sap flow calculation. By provid-
ing a standardized framework, it streamlines data processing,
reducing inconsistencies, and mitigating the impact of methodo-
logical variations. Integrating these tasks into a single, cohesive
platform minimizes the need for manual intervention, allowing
researchers to focus more on data interpretation and analysis.
The platform’s autocleaning feature is particularly valuable, uti-
lizing the IQR and rolling windows methods to identify and
remove noise and outliers in sap flow data. This automated clean-
ing retains the natural variability of sap flow while
discarding problematic data, ensuring the quality of data used for
subsequent analysis.

Furthermore, SAPFLOWER allows users to customize data clean-
ing parameters, including setting thresholds for high and low var-
iation and adjusting the window size for filtering, making it
adaptable to a wide range of research scenarios. This flexibility is
essential in large-scale ecological monitoring programs in which
datasets are collected over long periods and across various environ-
mental conditions. Such programs require consistency and auto-
mation in data processing to minimize errors and ensure that the
data remain comparable over time. By offering automated solu-
tions for these critical tasks, SAPFLOWER ensures that researchers
can manage large datasets efficiently while maintaining data integ-
rity.

Additionally, SAPFLOWER’s ability to provide visual previews of
key metrics – such as Granier’s K values, normalized VPD, and
ΔTM baseline – further enhances its utility (Fig. 3). This feature

allows users to quickly assess the quality of the cleaned data and
make informed decisions about data retention or deletion. As a
result, users can be confident that the sap flow data they are work-
ing with are of the highest quality, which is crucial for accurate
downstream analyses.

SAPFLOWER also supports SAPFLUXNET data and can be used
to clean (if necessary) and gap-fill sap flow rate data. Specifically,
SAPFLOWER includes functions to automatically transform SAP-
FLUXNET format data into a format supported by SAPFLOWER.
After compiling the SAPFLUXNET environmental and sap flow
data, users can visualize, clean, train gap-filling models, and fill
out missing sap flow rate data. It should be noted that when
cleaning and visualizing SAPFLUXNET sap flow rate data, users
may still see the normalized VPD, K , and dTmax baselines
(although K and dTmax baselines should not be presented for sap
flow rate data). Additionally, the K values will exhibit a ‘recipro-
cal’ pattern with normalized VPD compared with TDP raw mea-
surements (Fig. S2).

Superiority of machine learning models for gap-filling

The results of our study feature the superior performance of
machine learning and deep learning models, particularly RF,
SVR, GPR, and BiLSTM networks, in gap-filling sap flow
time-series data. These models are specifically designed to cap-
ture long-term dependencies and temporal patterns in sequen-
tial data, making them particularly effective for datasets such

Video 3 SAPFLUXNET data processing in SAPFLOWER.
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as sap flow measurements, in which environmental and physio-
logical conditions vary over time. Traditional statistical models,
such as simple and multiple linear regression or ARX models,
while useful for short-term gap-filling, were found to be insuf-
ficient for capturing the complexity and variability of sap flow
data across an entire growing season, albeit linear models are
valuable when users try to use one sensor’s data to gap-fill
another (Fig. S1).

RF, SVR, GRU, and BiLSTM models excel at recognizing
these long-term patterns and are particularly adapted at filling
out missing data over extended periods, ensuring a more reliable
and continuous dataset for further analysis (Amir et al., 2021; Li

et al., 2022). This is especially important in ecological studies in
which missing data can lead to biased conclusions or gaps
in understanding plant responses to environmental stressors. The
ability of deep learning models to handle larger volumes of data
and capture subtle, long-term variations makes them invaluable
for ecological research (Perry et al., 2022).

Another key advantage of using machine- and deep learning
models for gap-filling is the reduction in user bias. Manual gap-
filling, which has traditionally been used in sap flow studies, is
prone to inconsistencies and subjectivity (Poyatos et al., 2016).
Researchers may unintentionally introduce errors by filling gaps
based on personal assumptions or limited data. By automating

Table 2 Efficiency testing results of SAPFLOWER for data loading, model training, and prediction.

Action Model
Data split for
validation

Epoch/no. of
learning cycles Learning rate Hidden units Time (s)

All data preprocessing 25% na na na 6.38
Single sensor data cleaning 25% na na na 0.10
Training and validation Simple linear 25% na na na 0.29

Multiple linear 25% na na na 0.61
ARX 25% na na na 0.36
ARMAX 25% na na na 0.34
GRU 25% 100 0.001 15 11.00
LSTM 25% 100 0.001 15 12.00
BiLSTM 25% 100 0.001 15 17.00
RF 25% 100 na na 0.77
SVR 25% na na na 0.24
GPR 25% na na na 3.40
KR 25% na na na 3.68
GRU 25% 200 0.001 15 22.00
LSTM 25% 200 0.001 15 22.00
BiLSTM 25% 200 0.001 15 31.00
RF 25% 200 na na 1.53
GRU 25% 200 0.001 30 23.00
LSTM 25% 200 0.001 30 23.00
BiLSTM 25% 200 0.001 30 36.00
RF 25% 200 na na 1.53
GRU 15% 200 0.001 30 23.00
LSTM 15% 200 0.001 30 24.00
BiLSTM 15% 200 0.001 30 37.00
RF 15% 200 na na 1.59
SVR 15% na na na 0.43
GPR 15% na na na 3.41
KR 15% na na na 3.43

Prediction Simple linear na na na na 0.03
Multiple linear na na na na 0.02
ARX na na na na 0.04
ARMAX na na na na 0.04
GRU na na na 15 0.28
LSTM na na na 15 0.25
BiLSTM na na na 15 0.36
GRU na na na 30 0.28
LSTM na na na 30 0.27
BiLSTM na na na 30 0.36
RF na na na na 0.17
SVR na na na na 0.05
GPR na na na na 0.22
KR na na na na 0.22

The models tested include linear: ARMAX, autoregressive moving average with exogenous inputs; ARX, autoregressive with exogenous inputs; BiLSTM,
bidirectional LSTM; GPR, Gaussian process regression; GRU, gated recurrent unit; KR, kernel regression; LSTM, long short-term memory; RF, random
forest; SVR, support vector regression. na, not applicable. All tests were conducted with the ‘ShowPlotsAfterTraining’ option disabled.
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Video 4 Sapwood area scaling and modeling in SAPFLOWER.
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this process through models such as BiLSTM, SAPFLOWER elimi-
nates these inconsistencies and ensures that the gap-filling process
is both reproducible and objective. As a result, the quality of the
gap-filled data is substantially improved, leading to more reliable
interpretations of sap flow dynamics.

Applicability to various ecological studies

SAPFLOWER’s flexible and adaptable framework makes it highly
applicable to a wide range of ecological studies. One of its core
strengths lies in its ability to handle diverse environmental
conditions and species. Users can define their own
environmental variables, such as VPD, PAR, and temperature,
and incorporate these variables into the model training process.
This flexibility allows SAPFLOWER to be used in a variety of experi-
mental setups, from controlled laboratory studies to field-based
research in natural ecosystems.

SAPFLOWER’s ability to handle data from different tree species
and ecosystems – such as eastern cottonwood and Populus hybrids
in this study – demonstrates its versatility. By incorporating
project-specific configuration settings, researchers can save and
replicate their workflows, making it easier to conduct long-term
monitoring studies. This feature is especially useful in ecological
studies that require consistent data processing over several grow-
ing seasons, in which replicability and workflow standardization
are essential for ensuring data comparability.

Additionally, SAPFLOWER’s user-friendly interface democra-
tizes the use of advanced machine learning methods. Although
there are some R packages and code available for sap flow
gap-filling, the complexity of training and applying models
such as convolutional neural networks, LSTM, and RF would
have been a barrier for researchers without a strong program-
ming background (Amir et al., 2021; Peters et al., 2021; Li
et al., 2022). SAPFLOWER addresses this gap by offering an
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intuitive interface for model training and data analysis,
empowering researchers from diverse disciplines to utilize
advanced computational techniques in their studies. Further-
more, SAPFLOWER seamlessly integrates project configuration,
data visualization, modeling, gap-filling, sapwood area scaling,
and water use analysis, providing a comprehensive solution
for the entire sap flow data analysis workflow. This innova-
tion has the potential to transform data analysis into plant
physiology and ecology, enabling researchers to derive deeper
insights from their data without requiring specialized compu-
tational expertise.

Limitations and future improvements

Despite its advantages, SAPFLOWER has some limitations that pre-
sent opportunities for future improvement. One area for
improvement is the integration of cloud computing capabilities.
As ecological datasets grow larger and more complex, the need
for high-performance computing becomes increasingly impor-
tant. While SAPFLOWER is currently optimized for local computa-
tion, incorporating cloud-based processing would allow it to
handle even larger datasets more efficiently and speed up model
training for complex deep learning models. Additionally, expand-
ing SAPFLOWER’s support for additional sap flow measurement
methods is a key future direction.

Another challenge is handling data anomalies arising from
phenological changes, extreme weather events, and sensor signal

degradation during multiyear installations. These factors can
introduce biases or lead to the misclassification of valid data as
outliers or small variations, ultimately affecting the accuracy of
sap flow calculations. While SAPFLOWER allows users to adjust
parameters and thresholds, it is crucial to carefully assess how
measurements respond to environmental conditions to ensure
reliable interpretations. Additionally, although SAPFLOWER

includes a sapwood area calculation feature, further refinement is
needed to account for site-specific and temporal variations in sap-
wood growth. During periods of rapid tree growth, sensor effec-
tiveness may decline, impacting data accuracy. A critical
consideration is also needed for species-, age-, and site-specific
calibrations to correct for differences in wood anatomy, growth
rates, and thermal properties – factors that significantly influence
sap flux calculations.

While SAPFLOWER simplifies data processing, users should
remain mindful of the broader uncertainties inherent in the TD
method, including those related to probe placement, wood-
specific thermal properties, and scaling from point measurements
to whole-tree water use. Future versions of SAPFLOWER could inte-
grate species-specific correction factors tailored to gymnosperms,
diffuse-porous, and ring-porous species, as well as site- and age-
dependent calibration adjustments. These enhancements would
improve the robustness and accuracy of sap flow estimates across
diverse ecological and environmental contexts while ensuring
that automation does not overlook critical methodological
considerations.

Video 5 Water use analysis in SAPFLOWER.
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Conclusions

SAPFLOWER has proven to be an exceptionally efficient and ver-
satile tool for automating sap flow data analysis, effectively
streamlining the processes of data cleaning, gap-filling, sapwood
area scaling and modeling, and multiscale water use analysis. By
integrating advanced machine learning and deep learning mod-
els such as RF, SVR, and BiLSTM, SAPFLOWER delivers highly
accurate gap-filling over long-term datasets, enhancing the relia-
bility and quality of sap flow measurements. Its customizable
features and user-friendly interface make it accessible to a broad
range of researchers, from ecologists monitoring large forests to
agronomists studying crop water use. While there are opportu-
nities for future enhancements, such as extending support to
other sap flow methods and incorporating cloud-based proces-
sing, SAPFLOWER already offers substantial benefits by reducing
manual effort and minimizing user bias. By democratizing
access to sophisticated analytical techniques, SAPFLOWER

empowers researchers to gain deeper insights into plant water
use, thereby contributing valuable knowledge to the fields of
ecology and agriculture. Overall, SAPFLOWER stands out as a cor-
nerstone tool in sap flow research, addressing critical challenges
in ecosystem and crop management amidst the evolving
demands of climate change.
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