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ABSTRACT

1

High-fidelity sensor data quality is the fundamental base of smart
agriculture. Since crop information inference and cultivating strategy optimization mainly depend on data-driven methods; the data
quality assessment is essential to ensure the reliability of the IoT systems for smart agriculture. The traditional data quality assessment
methods focus on sensor data consistency with the costly reference
truth, which is often not scalable for agricultural applications.
We present DaQual, a data-driven data quality assessment scheme
for tree trunk relative water content sensors in a pomegranate orchard. The objective is to leverage the neural network architecture
to learn the underlying relationship between sensors deployed on
the same farm and utilize the quantified associated relationship
between sensors to assess its reliability. DaQual first builds a prediction model for each sensor with all other sensors’ data as input.
Then, the trained network’s parameter values (weights) are used
to quantify the contribution of the sensor – the higher the contribution, the higher its data quality. We evaluate DaQual via a
real-world tree trunk relative water content sensor dataset with
nine sensors deployed in a pomegranate orchard, and our scheme
demonstrates up to 1.8× improvements when used to select a subset
of sensors with high data quality.

High quality sensor data is essential for smart agriculture using
Internet of things (IoT) systems [31, 50], which provides long-term
and continuous monitoring for farms and orchards [6, 15]. However,
the data quality collected in fields may vary a lot, due to reasons
like manufacturing processes and deployment environment [32, 49].
Low-quality sensing data could result in low inference accuracy, and
even lead to erroneous decisions and/or yield deduction for smart
farms [23]. Therefore, data quality assessment is essential to select
high-quality sensing data to provide more accurate information for
crop status estimation and cultivating strategy optimization.
Studies show that data quality is a multi-dimensional concept,
including validity, completeness, consistency, uncertainty, and information quality [10, 19, 27, 39, 42]. In this work, we focus on
the information quality, where we aim to select accurate and
informative sensors to ensure the accuracy of inference. One way
of assessing the data quality is to conduct a comparison with a
reference truth, which is acquired by a more sophisticated and
reliable device/system [4]. This could be labor-intensive and timeconsuming for large scaled deployment at farms. For example, the
reference truth for the tree trunk relative water content sensor is
to use a pressure chamber to measure stem water potential leaf
by leaf [17, 18], which is not scalable for large-scale deployment.
As illustrated in Figure 1, the normalized sensor data (dotted line)
and the reference truth (solid line) for sensor 𝑛1 and 𝑛2 (blue and
red) in eight days demonstrates inconsistent sensor data trends.
𝑛1 demonstrates a more consistent trend with the reference truth
but a larger offset, while 𝑛2 demonstrate a closer value range with
higher discrepancy compared to the reference truth. Therefore, it
is difficult to use straightforward approaches, such as Pearson correlation coefficients, to determine the data quality of the sensor.
Furthermore, it would be even more challenging if the reference
truth is not available all the time.
In this work, we present DaQual, a sensor data quality assessment framework for sensors deployed on the farm. DaQual establishes a time sequence prediction model from the tree trunk relative
water content sensors in a pomegranate orchard and use the parameters of the trained neural network (weights of each input time
sequence) to quantify the data quality of each sensor. The intuition
is that the neural network can learn the underlying relationships
between sensor data on the same farm (similar environment), and
the time sequence that has a higher weight contribution to the
prediction of other sequences indicates high data quality. The contributions of this work are as follows:
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INTRODUCTION

• We present DaQual, a data-driven sensor data quality assessment framework, which quantifies sensor data quality
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from expensive devices or other reliable sources to calibrate the
sensors [48], such as linear regression [37] and maximum-likelihood
[35]. Recently, machine-learning based methods are merged for
reducing work effort for calibration [14, 33]. The blind calibration
methods usually use geometric and physical constraints on the
behavior [16] of sensors or oversample [7] to acquire additional
information for calibration. Our work focus on assessing the sensor
data quality, which is more informative for further information
inference and/or system adaptation. These calibration approaches
can not measure/assess how information of the sensor data.

Day

2.3
Figure 1: The normalized tree trunk relative water content
sensor data and reference truth of stem water potential.
and selects high-quality sensor groups for reliable tree trunk
relative water content monitoring.
• We introduce a new data quality assessment scheme via time
series prediction and neural network parameter analysis.
• We evaluate this framework via a real-world dataset, where
nine sensors measure tree trunk relative water content in a
pomegranate orchard.

2

RELATED WORK

We review past research on IoT for agriculture, sensor calibration,
and IoT data quality.

2.1

IoT for Agriculture

Agriculture is important for human food security, and many IoT
sensing systems are proposed to solve the challenges in agriculture,
including plant status monitoring, strategy design, and food supply
chain optimization. Plant status monitoring provides a real-time
and accurate measurement of plant growth and health, such as
plant water status [5, 8, 13], soil humidity [29], and other weather
conditions [40, 45]. Accordingly, some studies focus on optimizing
strategies for plant growth based on the IoT sensing data, such as
irrigation management [22] to save water and preventive strategies
in different weather conditions to improve crop yield [45]. IoT
technologies are utilized in agriculture to optimize the food supply
chain, which helps reduce transport costs and improve food quality.
Recently, a more pervasive data collection platform for agriculture
is proposed [46] to enable data-driven agriculture.
These systems usually consist of low-powered sensors and are
sparsely deployed in large areas with possibly intermittent connectivity. Therefore, sensors in the systems won’t have careful
maintenance, and the collected data can be noisy. Currently, IoT
systems for agriculture lack a systematic method to evaluate the
data quality of numerous datasets in this field. In this study, we
propose a data-driven method to conduct data quality assessment
without the requirement of farmers.

2.2

Sensor Calibration

Various approaches for sensor calibration are explored and can be
categorized into two categories based on whether the reference
truth is needed: non-blind calibration and blind calibration. For nonblind calibration, all methods rely on the accurate reference truth

IoT Data Quality

Multiple data quality assessment methods are proposed to determine the quality of acquired data. The concept of data quality varies for different projects and purposes. The prior works
mostly focus on the aspect of validity, completeness, consistency,
etc [10, 19, 27, 39, 42], which does not focus on the measurement of
impacts to the knowledge inference accuracy. On the other hand,
metrics have been explored to quantify the quality of the sensor
signal, such as signal-to-noise ratio (SNR) [36] and structural similarity (SSIM) index [30]. These one-dimensional measurements
are limited in the understanding of the causes of the low system
performance. To resolve these challenges, schemes that measure
multi-dimensional measurements of the data/signal quality are then
explored for specific sensing modalities [21, 49]. For agriculture IoT
applications, these data-driven approaches require certain reference
truth or intensive measurements that are not scalable. A data-driven
approach that does not require reference truth is needed.

3

DAQUAL DESIGN

Figure 2 shows the overview of DaQual, which contains three modules: contribution quantification module, sequence shuffle module,
and data quality estimation module. First, a contribution quantification network (CQN) takes all sensor data as inputs and reports the
fine-tuned parameters of the first layer as the contribution score,
which indicates the contribution of one series to the prediction
of another series (Section 3.1). Then, to make the different CQN
calculated contribution score are comparable, the sequence shuffle
module shuffles each sensor data as reference data and calculates a
reference contribution score to normalize the contribution score
(Section 3.2). Finally, the estimated contribution score and reference contribution score are then sent to Data Quality Estimation
module to calculate the normalized contribution score and the
data quality for the deployment in a farm (Section 3.3).

3.1

Contribution Quantification

We model the data quality assessment problem as a time series
prediction problem between sensors deployed on the same farm,
inspired by Granger causality [20, 43]. For two time series 𝑋 1 and
𝑋 2 , if we utilize the history data of 𝑋 1 and 𝑋 2 together can help
better predict the future data of 𝑋 2 than use 𝑋 2 ’s historical data only,
𝑋 1 is said to be the ‘Granger cause’ of 𝑋 2 [38]. If 𝑋 1 is said to be the
‘Granger cause’ of 𝑋 2 , there is an information flow between the 𝑋 1
and 𝑋 2 [9]. And the more information flows from 𝑋 1 to 𝑋 2 , i.e., the
more shared information, the more helpful of 𝑋 1 is in predicting
𝑋 2 . Hence we leverage this principle to assist the estimation of
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Figure 2: System overview. DaQual contains three modules: 1) contribution quantification, 2) sequence shuffle, and 3) data
quality estimation. 𝑉0 ∼ 𝑉𝑁 are the sensor data, 𝑉e𝑖 is the shuffled sensor data, 𝑠𝑖,𝑗 and e
𝑠𝑖,𝑗 are the contribution score, and
reference contribution score of sensor 𝑖 on the prediction of sensor 𝑗, respectively.

3.1.1 Contribution Score Layer. The contribution score layer contains 𝑁 nodes, and each node contains a weight parameter. All
nodes are initialized with the same weight value, i.e., each time series has the same contribution to the prediction of the target series.
To make the weight parameters trainable in the neural network, we
utilize softmax function to convert the weight value of each node
to a probability weight. The output of each node is the multiplier
of the input series and the probability weight.
3.1.2 Temporal Convolutional Network (TCN) Blocks. The TCN
blocks contain 𝑁 TCN residual blocks and take the weighted series
as inputs and output the prediction of each input series. As shown
at the bottom of Figure 3, each TCN residual block contains two
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data quality: the higher the quality, the more contribution from this
sensor’s information for the prediction.
We present the contribution quantification network (CQN) built
upon the temporal convolutional network (TCN) architecture that
infers causal relationships [34] between multiple time series. Figure 3 shows the architecture of CQN, which contains three parts:
contribution score layer, TCN blocks, and the pointwise convolution layer. Given 𝑁 sensor data, CQN first takes their data 𝑉1 , ..., 𝑉𝑁 ,
as inputs. The contribution score layer initially selects one weight
value for each input series and the output is the multiplier of the
weight value and the input data. Then the outputs go through a TCN
residual block to predict the values of each input series. Finally, the
pointwise convolution layer integrates the prediction of each input
series together as the prediction series 𝑉b. In the training procedure,
CQN calculates the loss between predicted series 𝑉b𝑗 and the sensor
data 𝑉 𝑗 , and updates the parameters of the network by the gradient
descent algorithm [42]. The training of CQN will be terminated if
the stop conditions are satisfied. CQN outputs trained parameters
of the contribution score layer as the contribution score of sensor
𝑉𝑖 on the prediction of sensor 𝑉 𝑗 . We note 𝑠𝑖,𝑗 as the contribution
score of sensor data 𝑉𝑖 , 𝑖 = 1...𝑁 , 𝑖 ≠ 𝑗 for the prediction of sensor
data 𝑉 𝑗 . Different from the traditional neural network, the training
purpose of CQN is to estimate the contribution score of each input
series instead of a prediction model. Therefore, there is no training
or testing set. For each input set, we train the network based on the
historical data of all input series, and the outputs are the trained
parameters of the contribution score layer.

…
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Figure 3: 𝐶𝑄𝑁𝑖,𝑗 measures the contribution of sensor 𝑖 to
sensor 𝑗, 𝑖 = 1...𝑁 , 𝑖 ≠ 𝑗. The network contains three parts:
contribution score layer, TCN blocks, and pointwise convolution layer. The output of the CQN is the trained weight
parameters of the contribution score layer.
causal convolutional layers [41] and two activation functions. A
residual connection is added between the output of the first activation function and the input of the second activation function. TCN
network employs a residual connection to encourage the model to
learn the most representative features [25]. We adopt Parametric
Rectified Linear Unit (PReLU) [24] as the activation function.
3.1.3 Pointwise Convolutional Layer. We further use a pointwise
convolution layer [26] to integrate the prediction of 𝑁 TCN blocks
together as the output prediction 𝑉b𝑗 . The output of this layer is the
weighted sum of the output of all TCN blocks. 𝑉b𝑗 is the prediction
series that has the same length as the input series (𝑉 𝑗 ).
3.1.4 Loss Function. We take one sensor data 𝑉 𝑗 as the ground
truth to train the CQN, and adopt the mean square error (MSE) as
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the loss function to measure the difference between the ground
truth (𝑉 𝑗 ) and the predicted series (𝑉b𝑗 ).
MSE =

𝜂
1 ∑︁
(𝑉 𝑗 ) − 𝑉b𝑗 ) 2
𝜂

S2

S1
S4

Where 𝜂 is the length of the input series and the training goal is to
minimize the MSE value.

S7
S6

S5

S3

S8

S9
68m
174m

0

3.2

Sequence Shuffle as Contribution Reference

The estimated contribution score 𝑠𝑖,𝑗 of 𝑉𝑖 in 𝐶𝑄𝑁𝑖,𝑗 is not directly comparable to that of another 𝐶𝑄𝑁𝑖 ′,𝑗 ′ , because their inputs are different. To make the contribution score of different sensors comparable, we further take the randomly shuffled sensor
data 𝑉b𝑖 as reference data to normalize the contribution score for
each sensor. To normalize the contribution score 𝑠𝑖,𝑗 of sensor data
𝑉𝑖 , 𝑖 = 1...𝑁 , 𝑖 ≠ 𝑗 for the prediction of sensor data 𝑉 𝑗 , DaQual
calculates a reference contribution score with 𝑉e𝑖 that is shuffled.
We consider the shuffled time sequence is a reference data that has
no contribution to the prediction of sensor data 𝑉 𝑗 . Then we train
another 𝐶𝑄𝑁𝑖,𝑗 for the prediction of 𝑉 𝑗 , with 𝑉e𝑖 and other sensors
data 𝑉𝑙 , where 𝑙 = 1...𝑁 , 𝑙 ≠ 𝑖, 𝑙 ≠ 𝑗. The output of this CQN is the
reference contribution score e
𝑠𝑖,𝑗 . Therefore, we further calculate
𝐴𝑖,𝑗 = 𝑠𝑖,𝑗 − e
𝑠𝑖,𝑗 and consider it as the normalized contribution
sensor of 𝑉𝑖 on the prediction of sensor 𝑉 𝑗 .

3.3

Data Quality Estimation

𝑁
∑︁

𝑗

𝐴𝑖

triangular window (centered 12 PM) [2] as the sensor data 𝑋 . A
linear regression model 𝑌 = 𝑎 ∗ · 𝑋 + 𝑏 ∗ is built between the 𝑘
sensors’ data 𝑋 and their reference truth 𝑌 . Then we use R-square
[] to quantify the performance of the selected 𝑘 sensors. A higher
R-square value indicates the selected subset of 𝑘 has a better fitting
with the reference truth, which we consider as better data quality.
The R-square (𝑅 2 ) is calculated as follows:
𝑆𝑆𝑇 =

(1)

𝑗=1,𝑗≠𝑖

We rank all sensors based on the quantified data quality 𝑄𝑖 of each
sensor and select the top 𝑘 sensors as the high-quality subset.

4 EVALUATION
4.1 Experiment Setup

ℎ
∑︁

(𝑦𝑖 − 𝑌¯ ) 2

𝑖=1

𝑆𝑆𝑅 =

The data quality of a particular tree trunk sensor is then estimated as
its contribution to the other sensors (of the same type) in the same
farm/orchard. DaQual sums up the overall normalized contribution
score 𝐴𝑖,𝑗 ( 𝑗 = 1...𝑁 , 𝑗 ≠ 𝑖) for the sensor 𝑖 data as its quantified
data quality. The calculation of data quality of sensor 𝑖 is as follows
𝑄𝑖 =

Figure 4: Sensor deployment locations. There are nine sensors (S1 to S9) deployed in different trees. Rows are spaced 5
meters apart and trees are spaced 2.75 meters apart in each
row.

ℎ
∑︁

𝑦𝑖 − (𝑎 ∗ · 𝑥𝑖 + 𝑏 ∗ )

2

(2)

𝑖=1

𝑆𝑆𝑅
𝑆𝑆𝑇
Where ℎ is the number of data points. In our experiment, there are
ℎ = 8 ·𝑘 data points in total for the selected top 𝑘 sensors over eight
days that have reference truth.
2

𝑅 =1−

Baseline Method. We evaluate DaQual against three baselines:
• Pearson correlation coefficient (PCC): the measurement of
the correlation between two random variables [3]. We calculate PCC for each sensor pair. For sensor 𝑖, its quality is
calculated as
∑︁
𝑃𝐶𝐶𝑖,𝑗 , 𝑗 = 1...𝑁 , 𝑗 ≠ 𝑖
𝑗

Trunk Relative Water Content Dataset. We use the trunk relative
water content dataset collected by sensors in 2018 [5], which includes nine sensors deployed on nine pomegranate trees. Figure 4
shows the details of the sensor locations. The data was collected
between Aug. 22nd and Oct. 31st, 2018 per hour (71 × 24 samples
per sensor). The stem water potential (SWP) data of each tree is
measured by a pressure chamber [5] at noon on eight days of data
collection. In this work, we considered the SWP value as the reference truth of the sensing data.

The sensors with the highest top 𝑘 quality are selected.
• Mutual information (MI): measures the mutual dependence
between two variables [44]. We calculate MI for each sensor
pair. For sensor 𝑖, its quality is calculated as
∑︁
𝑀𝐼𝑖,𝑗 , 𝑗 = 1...𝑁 , 𝑗 ≠ 𝑖

Evaluation Metric. We use the task of selecting 𝑘 sensors of
the highest data quality to evaluate the performance of the data
quality assessment framework. We use the manually collected SWP
data recorded around noon and from four directions of the tree
(north, south, east, and west), as the reference truth 𝑌 . We then
use samples of the sensor from 10 AM to 2 PM filtered with a

Implementation. To pre-process the data, we normalize each
sensor’s data to zero mean. We set the CQN kernel size (𝐾) of
the convolution filter as 15 and set the parameter of dilation and
stride in Conv1d [11] both as 1. We use the Stochastic Gradient
Descent algorithm and ADAM [28] as optimizers to train CQN.
And we apply the early stopping method [12] to automatically stop

𝑗

The sensors with the highest top 𝑘 quality are selected.
• Random selection. 𝑘 sensors are randomly selected.
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Table 1: R-square values of DaQual compared with the baselines for the selected top 𝑘 high-quality subset.
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Figure 5: Normalized contribution matrix between sensors.
Each element is the normalized contribution score of the
column sensor to the prediction of the row sensor. For example, the normalized contribution score of sensor S9 to the
prediction of sensor S2 is 0.42 (column 9, row 2). A higher
normalized contribution score value means the column sensor has a more significant contribution to the prediction of
the row sensor.

the training based on the loss decrease [47] with the factor and
patience parameters set as 0.5 and 4, respectively. The training
will be terminated when the learning rate drops to less than 0.001
(initially 0.01) or when the epoch achieves the maximum value of
6000. To decrease the bias induced by the randomization of shuffled
sensor data and CQN initialization, we repeat the calculation 100
times and report the average value of the contribution score.
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Results and Analysis

Figure 5 shows the normalized contribution score of DaQual. Each
element is the normalized contribution score of the column sensor
to the prediction of the row sensor. The quantified data quality 𝑄𝑖
of the sensor 𝑖 is the sum of the 𝑖th column in the table.

Figure 6: Multi-Dimensional Scaling based distance visualization. # ranks the data quality of each sensor.

on their quality. The multidimensional scaling function takes a
symmetric distance matrix and outputs their relative positions.
In our study, a higher normalized contribution score value 𝐴𝑖,𝑗
indicates sensor 𝑖 has a higher contribution to predicting 𝑗, which
can be considered as a lower distance. Therefore, we calculate the
distance 𝑑 (𝑖, 𝑗) as
𝑇 − 𝐴𝑖,𝑗 − 𝐴 𝑗,𝑖
2
Where 𝐴𝑖,𝑗 is the normalized contribution score of sensing data
𝑗 to sensing data 𝑖, and we set 𝑇 = 1 empirically. Figure 6 shows
the 2D scaling result of multi-dimensional scaling. We observe that
the sensors with high-quality sensing data (#1 S2, #2 S9, #4 S3, #5
S7, #6 S5) are close to each other, and sensors with low-quality
sensing data (#7 S4, #8 S8, #9 S1) are relatively far away from the
high-quality sensing data.
𝑑 (𝑖, 𝑗) =

5

CONCLUSION

In this paper, we present DaQual, a data-driven framework to assess
the data quality of sensors on the farm. A temporal convolutional
network-based scheme is presented to estimate the sensor quality as its contribution of the sensor in terms of predicting other
sensors’ time sequence data on the same farm. The neural network learns the underlying information across sensors in the same
farm and the sensors’ contribution is calculated from the parameters of the trained neural network. We conduct experiments on a
real-world dataset of tree trunk relative water content sensors in a
pomegranate orchard. The experiments show that DaQual achieves
up to 1.8× improvement than the baselines for top 𝑘 high-quality
sensor selection.

4.2.1 R-square of Top 𝑘 Sensors. We evaluate the top 𝑘 = 3, 4, 5
sensor selection from the nine sensors. Table 1 shows the R-square
of DaQual compared with the baselines from the selected top 𝑘
high-quality sensors. DaQual achieves up to 0.4 (1.74×), 0.43 (1.84×),
and 0.34 (1.68×) higher R-square values compared to the baselines
for top 3, 4, and 5 subset, respectively. PCC and MI achieve a performance better than the random scheme. However, their decision is
made based on the individual sensors’ data and without a farm-level
model to ensure the optimality of the subset.

This material is based upon work primarily supported by the IoT4Ag
Engineering Research Center funded by the National Science Foundation (NSF) under NSF Award Number EEC-1941529. Any opinions,
findings and conclusions, or recommendations expressed in this
material are those of the author(s), and do not necessarily reflect
those of the NSF.

4.2.2 Multi-Dimensional Scaling Based Distance Analysis. To better
understand the present pattern, we utilize the multidimensional
scaling tool [1] to visualize the relationships between sensors based

[1] 2022. Nonclassical multidimensional scaling. https://www.mathworks.com/
help/stats/mdscale.html
[2] 2022. triangular window. https://www.mathworks.com/help/signal/ref/triang.
html
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