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Below-ground biomass (BGB) of root tubers is an important phenotypic trait in crop monitoring and other agricultural
applications. This paper proposes a novel tuber biomass sensing (TBS) framework that uses internet of things (IoT) devices to
enable non-destructive estimation of below-ground root tuber biomass. Specifically, we perform extensive experiments to build
a new BGB dataset with more than 700,000 received signal strength (RSS) measurements collected by our low-cost wireless
network. Then, we propose a novel data-driven model that integrates convolution neural networks, residual connections,
and attention mechanisms to facilitate discriminative feature extraction from RSS data and achieve state-of-the-art (SOTA)
performance in biomass estimation. In addition, to mitigate performance degradation caused by imbalanced training data,
we propose a contrastive learning method that aligns feature representations of samples with similar biomass values while
increasing the separation between those with significantly different values. This method reduces estimation bias toward high-
frequency biomass labels, thereby improving the performance and generalizability of the data-driven model. Experimental
results demonstrate the efficacy of the proposed TBS framework. Our dataset and pre-trained models are publicly available on
https://zenodo.org/records/15000852.
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1 Introduction

Below-ground biomass (BGB) is an important phenotypic trait that contributes to the development of strong and
abundant root systems [9], higher crop productivity and yields [43], and crop breeding [2]. With the advancement
of 10T technology, numerous methods have been developed for biomass estimation [6, 42]. For example, [36]
combines a multispectral camera sensor with an unmanned aerial vehicle (UAV) to estimate the above-ground
biomass (AGB) of potatoes. Although various methods have been proposed to estimate AGB [22, 44], it remains
an open problem to estimate BGB of root tubers due to their underground nature [21].

To enable non-destructive estimation of BGB, various studies [65, 66] have developed sensing systems based
on ground penetrating radar (GPR), which uses radio frequency signals to penetrate soil. For example, [41] uses
GPR to detect below-ground potato tubers and applies thresholding along with continuous wavelet transform
analysis to estimate potato biomass. Although GPR has the potential for BGB estimation, its resolution is limited
by the number of antennas [5], resulting in constrained sensing accuracy and range. In addition, the high cost of
GPR devices hinders their widespread adoption in agriculture. In this paper, we propose an alternative approach:
a novel TBS framework that uses low-cost [oT devices to estimate BGB of root tubers in a non-destructive way.

The TBS framework is inspired by the use of wireless network signals for non-line-of-sight (NLOS) sensing [1,
4, 31]. For example, [34] and [1] use wireless signals to assess fruit ripeness, while [31] uses RSS data to detect
underground structures in coal mines. In addition, recent studies have shown that deep neural networks (DNNs)
achieve SOTA performance in crop trait estimation [14, 26, 35, 58, 64]. For example, [14] and [26] use a multilayer
perceptron (MLP) to estimate the biomass of soybeans and trees, respectively. [35] applies a deep convolution
neural network (DCNN) to estimate above-ground rice biomass; while [64] employs a transformer network to
estimate grass biomass. Although these systems and DNNs have achieved promising results in NLOS sensing and
crop phenotypic trait estimation, several challenges remain to accurately estimate BGB of root tubers.

First, current wireless network-based sensing systems remain inadequate for estimating BGB of root tubers.
Existing studies employ wireless networks composed of a limited number of sensor nodes or antennas for the
detection of fruit ripeness [1, 34]. However, BGB estimation requires wireless signals to penetrate soil, which can
cause greater attenuation and variability of wireless signals. In addition, although DNN models have demonstrated
SOTA performance in estimating crop phenotypic traits [18, 22] and have shown great potential for below-ground
sensing [50], they require a large amount of training data. To the best of our knowledge, no publicly available
dataset exists for the networked wireless sensing of BGB of root tubers. In practice, collecting wireless data for
below-ground tubers is labor-intensive and time-consuming, due to variations in tuber dimensions, positions,
and weights.

Second, due to the diversity and continuity of biomass values, it is difficult for the training data to cover
all possible biomass labels. Moreover, tubers with different shapes and sizes may exhibit identical or similar
biomass, leading to an imbalanced data distribution. This means that certain biomass labels may be less observed
than others or even missed during training, resulting in estimation bias in DNN models. For example, as shown
in Fig. 1a, we construct an RSS dataset in a greenhouse for potato tuber BGB estimation, which exhibits an
imbalanced distribution of training samples. Specifically, the number of samples with biomass labels in the ranges
of 80-100, 120-140, and 170-190 is smaller than that in other ranges. Consequently, the parity plot in Fig. 1b
demonstrates that the existing DNN model [47] yields larger estimation errors for these underrepresented ranges.

In addition to training data collection, further improvements are needed in DNN model design for BGB
estimation. Our investigation and evaluation reveal that DNN models used in previous studies [47, 59] are
insufficient to extract discriminative features from multi-sensor wireless data. Specifically, we use saliency
maps [46] to quantify the contributions of RSS measurements from different wireless links in BGB estimation.
These contributions are then used as link weights to visualize the wireless network, highlighting the links that
strongly influence the estimation results. As shown in Fig. 2a, the MLP-based model [59] relies on many links
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Fig. 1. Distribution of training biomass labels and estimation performance of different models. (a) Histogram of training
biomass labels, showing data imbalance. (b) Parity plot of the CNN-based model, illustrating estimation errors for biomass
labels underrepresented in the training set. (c) Parity plot of our model, showing improved estimation accuracy and robustness.

(a) MLP-based model [59] (b) CNN-based model [47]

(c) Ours

Fig. 2. Visualization of link importance for estimating BGB of root tubers. Link color indicates its saliency in biomass
estimation, and the red region denotes the tuber location and its maximum cross-section.

unaffected by tubers, resulting in noisy features with limited efficacy and robustness. Although the CNN-based
model [47] reduces irrelevant links (Fig. 2b), some links remain unrelated to the tuber, degrading model estimation
accuracy.

To address the issues mentioned above, we propose a novel tuber biomass sensing (TBS) framework that
combines a scalable wireless network and a DNN model. The framework is suitable for greenhouse-based
scenarios, where controlled environmental conditions enable relatively stable wireless sensing for non-invasive
BGB estimation of root tubers. First, we build a data acquisition testbed using a low-cost wireless network with
multiple sensor nodes [51] to collect RSS data to train BGB estimation models. This network not only provides
soil penetration capability, but also achieves higher sensing resolution than GPR and previous wireless networks
by increasing the number of frequency channels and sensor nodes. The frequency and spatial diversities of the
networked sensing testbed provide richer information about below-ground root tubers for biomass estimation.
Using this testbed, we perform extensive experiments in various scenarios, such as different tuber dimensions,
weights, and placement positions, to construct a new root tuber biomass sensing dataset. In total, this dataset
includes more than 700,000 RSS measurements for sensing model training and evaluation.
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Second, we propose a novel DNN model with two modules specifically designed for BGB estimation. Convolu-
tion neural networks with residual connections have shown superior performance in various fields, such as remote
sensing [16, 17] and wireless sensing [12, 37], by effectively addressing gradient-related issues [8]. Additionally,
attention mechanism enhances DNN performance by adaptively emphasizing target-related features while sup-
pressing irrelevant ones, and has been widely incorporated into various deep learning algorithms [18, 67, 68].
Thus, we introduce a DNN model that uses a convolution neural network and residual connections as the
backbone for feature extraction, while incorporating two types of attention mechanisms [48, 56] to adjust the
channel and spatial characteristics of features. As illustrated in Fig. 2c, our model uses measurements from links
that cross or surround the tuber to generate discriminative features, demonstrating the efficacy of the attention
mechanisms in capturing discriminative patterns from multi-frequency and multi-sensor RSS data. Moreover, to
mitigate performance degradation caused by imbalanced training data, we propose to use contrastive learning to
align feature representations of samples with similar biomass labels while increasing the separation between
those with significantly different labels. As shown in Fig. 1c, our model effectively reduces estimation errors for
samples with underrepresented biomass labels, thereby improving overall estimation accuracy and robustness.

Third, to verify the efficacy of the proposed model, we perform extensive evaluations and compare it with
various baseline models. We introduce multiple evaluation metrics to assess performance from different aspects
and perform evaluations under diverse scenarios, including various tuber planting positions, tuber weights, and
wireless network configurations. The evaluation results show that the proposed model achieves an average mean
absolute percentage error (MAPE) of 2.81%, outperforming SOTA baseline models and confirming its efficacy
for non-destructive estimation of BGB of root tubers. In addition, we perform ablation studies to validate the
contribution of different modules in our DNN model, each of which improves the accuracy of biomass estimation.

In summary, this paper makes the following contributions.

e We propose a novel TBS framework using a low-cost wireless network. This framework takes advantage of
both frequency and spatial diversities of the wireless network, and a root tuber BGB sensing dataset is
constructed based on it through extensive experiments.

e We propose a novel DNN model for root tuber BGB estimation. The model integrates a convolution neural
network with residual connections and attention mechanisms to extract discriminative features from RSS
data for accurate biomass estimation. It then uses a contrastive learning method to further enhance the
robustness and generalizability of the DNN model.

e We perform extensive real-world experiments and evaluate our DNN model using over 700,000 RSS
measurements. The evaluation results demonstrate the efficacy of our model, which achieves superior
estimation accuracy compared to SOTA baseline models.

2 Problem Statement and Overview
2.1 Problem Statement

Given a two-dimensional sensing area surrounded by K wireless sensor nodes, a wireless network is formed with
M = K(K — 1) wireless links, where the nodes operate on C frequency channels. The RSS value measured by the
receiving node of link i at time t on frequency channel ¢ can be described as [54]:

Fielt] =Pe = Zijc — Hic[t] + Fic[t] = Giclt],

where P, is the transmit power, Z; . is the larger scale path loss, F;. is the fading gain, G; . is the measurement
noise, and H; is the shadowing loss caused by objects blocking the signal propagation path. Note that the
transmit power P. is constant for all links operating on the same frequency channel, and the larger scale path
loss Z; . remains unchanged over time. Therefore, we use a single subscript index for P, and two subscript indices
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Fig. 3. Overview of the tuber biomass sensing framework. A wireless network monitors the below-ground root tuber, and the
collected RSS data are processed and then input into a novel DNN model to estimate root tuber biomass.

for Z; ., respectively. By considering all links and channels, we construct an RSS matrix R, where each column
corresponds to a wireless link and each row represents a frequency channel.

To estimate biomass, we propose an end-to-end DNN model ¥ : R — y that learns the mapping between RSS
data R and root tuber biomass y. Formally, it is defined as:

y=7%(R;0),

where 7 is the estimate of y, and © represents the set of parameters of the DNN model, which are iteratively
optimized using various loss functions, as detailed in Section 3. After optimization, the well-trained model ¥ is
used to estimate BGB of root tubers using RSS data.

2.2 Framework Overview

Fig. 3 presents an overview of our framework, which consists of the following components. First, we build a
data acquisition testbed [51] to collect RSS data. The testbed uses a wireless network to capture multi-frequency
and multi-sensor RSS measurements from below-ground root tubers. Additionally, the testbed uses a novel
sensing toolkit, including “plug-and-play” containers and a rotating platform, to facilitate data collection from
below-ground root tubers with varying dimensions, weights, and locations. Based on this testbed, we perform
extensive data collection experiments, thereby building a new biomass sensing dataset for training and evaluation.
Further details of the testbed, experiments, and dataset are provided in Section 4.

Second, missing data due to wireless interference is a common challenge in wireless sensing. To address
this issue, we propose a data processing component to perform data imputation using the most recent packets.
Specifically, if a sensor node fails to receive packets from other nodes, we impute the missing RSS values using
the latest available data for this node on the same frequency channel. If all packets in a given frequency channel
are lost, we impute them with the latest values from the same channel.

Third, we propose a novel DNN model to estimate BGB of root tubers using multi-frequency and multi-sensor
RSS data. The model consists of several key modules: a multi-layer convolution neural network with residual
connections to extract high-dimensional features from RSS data, a channel attention mechanism to effectively
capture channel dependencies, and a spatial attention mechanism to automatically emphasize relevant spatial
information in the features. Additionally, a contrastive learning method is proposed to encourage features with
similar biomass labels to have similar representations in feature space, while enhancing the distinction between
features with significantly different labels. The network architecture of the proposed model is illustrated in Fig. 4,
with additional details provided in Section 3.

ACM Trans. Internet Things
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Fig. 4. Architecture of the proposed DNN model. “Conv block” represents the convolution block, while L; and L, denote two
linear layers, respectively.

3  Model

As shown in Fig. 4, we propose a novel DNN model that uses a convolution neural network with residual connec-
tions and attention mechanisms for discriminative feature extraction and accurate biomass estimation. Moreover,

it incorporates contrastive learning to enhance the generalizability and robustness of biomass estimation. Further
details are discussed in the following.

3.1 Convolution Neural Network

We propose to use a convolution neural network with residual connections as the backbone to model relationships
between RSS data and BGB of root tubers. The convolution network uses a series of convolution blocks to extract
discriminative features from the input data. Specifically, as shown in Fig. 4, the neural network consists of eight
convolution blocks, each applying convolution operations to the input to progressively generate high-dimensional
features. Each block consists of two convolution layers for feature extraction, a BatchNorm layer to mitigate
covariate shift and facilitate model convergence, and a ReLU activation layer to introduce nonlinearity. To mitigate
gradient explosion or vanishing during network training and facilitate the learning of complex patterns, we
incorporate residual connections [25] in each convolution block. The initial input of each block is passed through
two convolution layers, and the resulting output is added to that of another convolution layer with 1 X 1 kernel
size. Residual connections enhance training efficiency and allow for feature reuse, leading to more robust and
comprehensive feature extraction. In addition, each convolution block includes a channel attention mechanism
and a spatial attention mechanism, detailed in Section 3.2.

As shown in Fig. 4, before being fed into the convolution blocks, the input is first passed through a single
convolution layer, followed by BatchNorm and ReLU layers for initial feature extraction. A max pooling opera-
tion is then used to reduce the feature map size, thereby decreasing the computational burden on subsequent
convolution blocks. Finally, the feature map from the last convolution block is reshaped into a one-dimensional
vector and is passed through two linear layers for root tuber BGB estimation.

ACM Trans. Internet Things
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3.2 Attention Mechanism

To enhance biomass estimation performance, we propose to use two attention mechanisms: the channel attention
mechanism [48] and the spatial attention mechanism [56], both of which are integrated into the convolution
block. Specifically, for a given feature map v € RP*EXQ, where D, E, and Q denote the number of channels,
height, and width, respectively, the channel attention mechanism first aggregates spatial information across the
width and height dimensions of the feature map using an average pooling operation. The pooled output is then
fed into a one-dimensional convolution layer to generate a channel-wise attention vector a.p, defined as:

acp = Soft(Convy (AvgPool(v))),

where Conv; denotes the one-dimensional convolution layer and AvgPool represents the average pooling op-
eration. Soft represents the softmax function, which normalizes the attention vector to produce attention
weights. The channel attention weight vector is then used to multiply the input feature map v to generate a
channel-weighted feature map: u = a.y, - v, allowing the network to focus on the most important channels.

Subsequently, the spatial attention mechanism takes u as input, and applies average pooling and max pooling
operations to respectively aggregate the feature map along the channel dimension. The outputs from two pooling
operations are concatenated along the channel axis to form a novel feature map, which is fed into a convolution
layer followed by a softmax function to generate the spatial attention map as, defined as:

agp = Soft(Conv([MaxPool(u), AvgPool(u)])),

where Conv and MaxPool represent the convolution layer and the max pooling operation, respectively. The
attention map is then used to weight u through multiplication to generate a spatial-weighted feature map:
f = ay, - u, enhancing the relevant spatial features while suppressing less informative ones. Finally, f is fed into
the next convolution block for feature learning.

3.3 Contrastive Learning

Contrastive learning has shown efficacy in mitigating model performance degradation caused by imbalanced
training data [29]. In this study, we propose a contrastive learning method to reduce the estimation bias of root
tuber BGB. This method is implemented through a loss function [62]. It encourages features with similar biomass
labels to have similar representations in the feature space, while enhancing the distinction between features with
significantly different labels. Specifically, the features extracted by the proposed convolution neural network are
passed through two linear layers for biomass estimation, while the outputs of the first linear layer are used to
compute the contrastive loss. Given an anchor feature f,, and another feature f; within the same batch, we select
the third feature f, from the same batch and define the following set of features [62]:

Sup = {fold(Yn, yo) > d(yn, yp)},

where y,, Y, and y, denote the biomass labels of f,,, f, and f}, respectively, and d(-, -) represents the distance
measure between two biomass labels. S,, ;, denotes a set of features whose label distances to y, exceed the distance
between y, and y, indicating that f,, should be more similar to f}, while maintaining a greater distinction from
each f, € S, . To this end, we use a contrastive loss defined as [62]:

exp(sim(£,, £,) /1
ISt es,, exp(sim(En £)) /7

where sim(-, -) denotes the similarity measure between two features, and 7 represents the temperature parameter.
Minimizing [, ;, encourages increasing the similarity between f,, and f}, or decreasing the similarity between f,
and f,, both of which ensure that f, is closer to f}, than to the features in S, 5.

Iy =—lo
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(b) Experimental layout

Fig. 5. Our testbed comprises a wireless network with 16 sensor nodes and a through-soil sensing toolkit featuring “plug-
and-play” functionality and data augmentation capability. @ TI CC2531 nodes, @ Small container with the tuber, ® Marker
indicating the tuber position, @ Larger container, ® Rotating platform.

Furthermore, we compute the average contrastive loss for f,, using all features within the same batch, defined
asl, = ﬁ Zi]: 1 Inp, where N represents the batch size. Intuitively, for an anchor feature f,,, any other f; in the
same batch is contrasted with it, enforcing the similarity between f,, and f; to be greater than that between £,
and f,, when the label distance between y, and y, is greater than that between y, and y;. Using each feature in
the current batch as an anchor, we calculate the overall contrastive loss L., ., defined as:

Lol
Leon = N HZ:; ﬁ bzzlln,b-

Additionally, these features are fed into the second linear layer of our model to estimate the below-ground
tuber biomass, with the estimation loss Lp;, defined as follows:

1 N
Bto = 5 2, 1o =l

where 7,, denotes the estimated biomass value for the n-th sample in the batch. Finally, the contrastive loss and
the estimation loss are summed to obtain the total loss, L = L¢o, + Lpjo, Which is used to guide the iterative
learning process of the proposed DNN model.

4 Experiments and Dataset

In this paper, we select potato tubers as a representative type of root tuber. We construct a testbed based on a
low-cost wireless network to collect RSS data to estimate BGB of potted potato plants grown in a greenhouse
environment. Using the collected data, we build a potato tuber biomass sensing dataset to train and evaluate
DNN models. Further details are discussed in the following.

4.1 Data Acquisition Testbed

In this paper, we use the testbed proposed in [51], which consists of a ZigBee wireless network and a through-soil
sensing toolkit, as shown in Fig. 5.

4.1.1  Wireless Network. Fig. 5 illustrates the wireless network used for data collection, which consists of 16
TI CC2531 sensor nodes deployed on a white rack. Each sensor node is programmed with a multi-channel

ACM Trans. Internet Things
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Table 1. Comparison of hardware cost, energy consumption, and sample size among the ZigBee wireless network, the GPR
device [41], and the CT scanner [38].

Cost (USD) Power (W) Battery Mobility Sample Size (KB)

GPR device [41] 39,950 13.3 Yes Yes 477.27
CT scanner [38] 150, 000 80 x 103 No No 512.00
Wireless network 10 2.82x107°  Yes Yes 15.00

time-division multiple access (TDMA) communication protocol and operates on one of the 16 frequency channels
in the 2.4 GHz frequency band at any given time [54]. In addition, a designated sink node receives all packets
transmitted by sensor nodes and is connected to a laptop, where RSS data are stored and processed.

To further demonstrate the advantages of the wireless network, we compare it with a GPR system [41] and
a computed tomography (CT) system [38], both of which are used for sensing below-ground roots. As shown
in Table 1, first, the wireless network used in our framework is low-cost, with each sensor node costing about
USD 10. This cost advantage enables the deployment of additional sensor nodes with minimal budget increase,
facilitating large-scale data collection and enhancing adaptability to diverse sensing conditions. Second, in terms
of energy consumption, each sensor node consumes only 2.82 mW, which is substantially lower than 13.3 W and
80 kW required by the GPR and CT systems, respectively. The low-power design allows for battery operation,
enhancing mobility and extending runtime compared with the GPR system under equivalent battery conditions.
Third, in the wireless network with 16 nodes, each RSS sample used for training and evaluation is approximately
15 KB, which is significantly smaller than those of the GPR and CT systems. The smaller sample size accelerates
data transmission and reduces storage requirements. These results demonstrate the superiority of our framework
and highlight its practicality for real-world deployment. Note that we have tested using a subset of the 16 sensor
nodes in our evaluations, as discussed in Section 5.5.

4.1.2  Through-soil sensing toolkit. Collecting large amounts of wireless sensing data is labor-intensive, particu-
larly for root tubers buried in soil. To address this challenge, we employ a set of tools, including a rotating platform
and “plug-and-play” containers, to facilitate data collection. First, we use two types of containers to minimize
frequent soil digging and tuber burying. As shown in Fig. 5, the larger container holds soil with predefined
locations for inserting one or two smaller containers. Potato tubers of different dimensions are placed in the
smaller containers with soil. For example, in our experiment, 26 potato tubers are placed in small containers,
allowing for easy replacement of the containers during data collection. Second, by placing the “nesting containers”
on a rotating platform and rotating it through various predefined angles, potato tubers can be located at different
positions and orientations within the sensing area. The idea of using a rotating platform is inspired by the data
augmentation method [19], which is commonly employed to generate large amounts of data after the acquisition
stage. More details can be found in [51].

4.2 Data Collection Campaign

To estimate the biomass of below-ground tubers, we perform a data collection campaign using multiple potato
tubers with varying dimensions and weights. Specifically, sensor nodes are deployed on a 72 cm X 72 cm rack,
creating a sensing area for tubers buried in the soil. RSS data are collected from 26 potato tubers buried in a 40 X
40 x 40 plastic container, with tuber depths ranging from 11 cm to 13.5 cm. Additional characteristics of the tubers
are provided in Table 2. During data collection, the platform is rotated 32 times for each tuber, positioning it at
different angles and locations within the sensing area. In total, we collect RSS data for 832 unique tuber-position
pairs, each corresponding to 40 seconds of RSS measurements.

ACM Trans. Internet Things
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Table 2. The characteristics of potato tubers and the corresponding number of RSS measurements collected for these tubers.

Weight Distribution | Number Weight Range(g) Length x Width X Thickness(cm)  RSS
<100 g 9 66.4 ~ 98.1 L:5.3-7.4 W:4.5-5.2 T:4.0-5.0 246,348
100g ~ 150 g 8 103.2 ~ 146.1 L:5.9-7.4 W:5.4-6.4 T:5.0-5.6 216,928
>150g 9 156.7 ~ 209.8 L:7.8-9.5 W:6.1-6.5 T:4.7-6.4 246,768
Total 26 66.4 ~ 209.8 L:5.3-9.5 W:4.5-6.5 T:4.0-6.4 710,544

Table 3. Parameters used in our DNN model.

Parameter description Default Value
Learning rate of the deep neural network model. 5e 4
Input dimension of a training or testing sample. 16 X'16 X 15
Input and output dimensions of the first linear layer. 512, 64
Input and output dimensions of the second linear layer. 64,1
Kernel size of the spatial attention in convolution blocks. 7X7
Kernel size of the channel attention in convolution blocks. 5
Number of output channels of the first and second blocks. 64, 64
Number of output channels of the third and fourth blocks. 64,128
Number of output channels of the fifth and sixth blocks. 128, 256

Number of output channels of the seventh and eighth blocks. 256,512

4.3 Dataset

In this study, the dataset contains RSS data from 26 potato tubers with varying dimensions and weights, ensuring
tuber diversity. Specifically, nine (34.62%) tubers have weights less than 100 g, eight (30.76%) tubers have
weights between 100 g and 150 g, and nine (34.62%) tubers have weights exceeding 150 g, covering different
growth stages of tubers. The maximum and minimum weights of the tubers are 209.8 g and 66.4 g, respectively.
Furthermore, since tuber positions are not fixed during growth, we use a rotating platform to augment position
variations during data collection. In total, we collect RSS data from 832 tuber-position pairs, generating 710,544
RSS measurements for below-ground tuber biomass estimation. Note that our dataset is publicly available on
https://zenodo.org/records/15000852.

5 Evaluation and Discussion

We perform extensive evaluations and use various metrics to assess the performance of our DNN model for root
tuber BGB estimation. In addition, we compare its performance with that of other SOTA baseline models. Further
details are provided in the following sections.

5.1 Metrics and Algorithm Parameters

5.1.1  Evaluation Metrics. We evaluate the performance of our model using four metrics: MAPE [28], mean
absolute error (MAE) [53], root mean squared error (RMSE) [11], and coefficient of determination (R?) [63]. First,
MAE quantifies the average absolute difference between estimated and label values to evaluate the performance
of regression models, with lower MAE indicating better estimation accuracy. Second, RMSE measures the square
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Table 4. Performance of our model and baseline models on randomly positioned tubers. We mark the best and second-best
results using bold and underlined text, respectively.

Evaluation Metrics
Method
MAE()l  RMSE(@l R  MAPE(%)]

MLP [59] 9.09 14.34 0.89 7.36
ResNet [32] 5.75 11.94 0.92 4.66
Transformer [23] 6.98 13.86 0.90 5.67
CNN-GRU [47] 12.37 18.29 0.82 10.02
CNN-Transformer [18] 10.79 15.91 0.87 8.76
Ours 3.47 10.22 0.94 2.81

root of the mean squared difference between estimated and label values, commonly used in regression evaluation
due to its sensitivity to outliers [10]. A smaller RMSE value indicates better performance, with a value of zero
representing perfect estimation. Third, MAPE expresses MAE as a proportion of the label value, providing a more
intuitive measure of model performance. Lower MAPE values suggest higher estimation accuracy. Fourth, R? is
computed as one minus the ratio of the sum of squared differences between the estimated and label values to the
total variance of the label values. This metric assesses the goodness of fit of a regression model and ranges from
—oo to 1, with 1 indicating perfect estimation.

5.1.2  Model Parameters. After data imputation, the sequential RSS data is divided into individual samples for
training and testing, each with dimensions of 16 X 16 X 15, covering data from 16 frequency channels and 16
sensor nodes. Then, we propose a novel DNN model for extracting discriminative features to accurately estimate
BGB of root tubers. Specifically, the model consists of eight convolution blocks, each containing two convolution
layers with a 3 X 3 kernel size and 1 X 1 padding, along with a channel attention mechanism and a spatial attention
mechanism. In the first, third, fifth, and seventh blocks, the first convolution layer and the residual convolution
layer use a stride of 2 to reduce the feature map dimensions, while the second convolution layer uses a stride of 1
to maintain consistent dimensions. The channel attention mechanism is implemented using a one-dimensional
convolution layer with a kernel size of 5, a stride of 1, and a padding of 2. The spatial attention mechanism is
implemented with a convolution layer that uses a 7 X 7 kernel, a 1 X 1 stride, and a 1 X 1 padding. Additionally,
we use a convolution layer with a kernel size of 7 and a stride of 2 at the beginning of the model, and set the
temperature parameter to 0.5 for computing the contrastive loss. Further details of the model parameters are
provided in Table 3.

5.2 Baselines

For comprehensive comparisons, we choose five SOTA DNN models as baselines, which can be categorized into
two groups: single-architecture models and hybrid-architecture models. First, for single-architecture models, the
MLP model used in [59] demonstrates efficacy and ease of implementation in estimating AGB of potato plants.
The ResNet model [32] is an end-to-end model consisting of multiple convolution layers and residual connections
for plant biomass estimation. The transformer model used in [23] employs a self-attention mechanism to improve
estimation performance and demonstrates efficacy in accurately estimating wheat yield. Second, for hybrid-
architecture models, the CNN-GRU [47] model combines a convolution neural network with gated recurrent
unit (GRU) [13] for feature extraction, followed by densely connected layers for estimation. The CNN-Transformer
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Fig. 6. Visualization of estimation accuracy for various models. “Trans” and “C-Trans” represent the transformer model [23]
and the CNN-Transformer model [18], respectively.

model [18] first employs a convolution neural network to extract local features from the input data, which are
then fed into a transformer network for global feature extraction and estimation.
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5.3 Evaluation on Random Positions

First, we evaluate the average biomass estimation performance of our model at randomly positioned tubers.
Specifically, RSS data are collected from 26 tubers placed at 32 positions, and the tuber-position pairs are randomly
split in a 9:1 ratio for training and testing. The data splitting process is repeated three times, and four evaluation
metrics are used to assess the performance of our model and baselines. As shown in Table 4, we present the average
results of four evaluation metrics for all models. Our model achieves an average MAE of 3.47, outperforming all
compared models, the best of which yields a value of 5.75. Furthermore, our model achieves an average RMSE
value of 10.22, showing improvements of 14.41% and 26.27% over ResNet [32] and Transformer [23], respectively,
which are the second and third best models. In addition, our model achieves average R? and MAPE values of 0.94
and 2.81%, respectively, outperforming the baseline models. These results confirm the efficacy of our model in
comparison with the baseline models. Specifically, among single-architecture models, the MLP model, composed
of simple linear layers, is insufficient to extract discriminative features from RSS data. The ResNet model, which
uses only convolution layers with residual connections, fails to capture the multi-frequency and multi-sensor
characteristics of RSS data, resulting in suboptimal biomass estimation performance. The transformer model
employs a self-attention mechanism to focus on global feature extraction, but has limited capacity to capture
fine-grained local features and requires large amounts of training data to perform effectively [57]. Furthermore,
hybrid-architecture models, which combine different neural networks, increase the complexity of the DNN
models, raising the risk of overfitting on limited-size datasets and degrading model performance. In contrast, our
model integrates a convolution neural network with residual connections and two attention mechanisms, which
not only prevent gradient explosion and vanishing but also facilitate discriminative feature extraction from RSS
data. In addition, we introduce a contrastive learning method that aligns features with similar biomass labels,
further enhancing the generalizability and performance of the DNN model [62].

Second, to enable visual comparison, we plot the estimated values and corresponding biomass labels to illustrate
the performance of different models. For each evaluation experiment, 50 samples are randomly selected and
visualized. As shown in Fig. 6, our model achieves more accurate estimations compared to the baseline models.
For example, in the first column of Fig. 6, all models achieve relatively accurate estimation in Experiment 1.
However, the baseline models exhibit noticeable variability in some samples, whereas our model produces more
stable estimates for these cases. The second and third columns present the results for Experiments 2 and 3,
respectively, with our model consistently outperforming baseline models in estimation accuracy. These results
further demonstrate the superiority of our model and indicate that the proposed DNN architecture and contrastive
learning strategy enhance the stability of BGB estimation for potato tubers.

Third, to illustrate the error distributions of different models, the MAPE values of all test tubers are grouped
into six bins. Fig. 7 presents histograms of these values across three evaluation experiments for each model. As
shown in the first column of Fig. 7, our model achieves an average MAPE value of 4.03%, outperforming the
baseline models, which achieve 9.63%, 9.06%, and 5.39%, respectively. In the second column, the maximum MAPE
value of our model remains below 20%, whereas those of the baseline models exceed 30%. In the third column,
most MAPE values from our model are below 8%, while those from the baseline models are below 24%, 26%, and
18%, respectively. These results further highlight the superior performance of our model. On the one hand, the
combination of convolution layers and attention mechanisms enables automatic extraction of discriminative
features, thereby improving estimation accuracy. On the other hand, the contrastive learning approach enhances
the robustness and generalizability of our model by reducing estimation bias.

5.4 Evaluation on Random Tubers
In this section, we perform leave-k-out evaluations using RSS data from 26 tubers to assess the performance of

our model on randomly selected test tubers, where “k” denotes the number of test tubers and is set to 1 and 2.
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Fig. 7. Histogram of MAPE values for different models across various experiments. “C-GRU” and “C-Trans” denote the
CNN-GRU [47] and CNN-Transformer [18] models, respectively.

Specifically, we repeat the leave-1-out experiments 26 times to cover all tubers in the dataset, and repeat the
leave-2-out experiments 50 times to obtain statistical results and average performance. As shown in Table 5, our

ACM Trans. Internet Things



Data-driven Root Tuber Biomass Estimation via a Wireless Network « 15

Table 5. Leave-k-out performance of different models, where “k” represents the number of test tubers. The best and second-
best results are indicated in bold and underlined text, respectively.

Case Leave-1-out Leave-2-out
Method MAE (g) | RMSE (g)| R?®T MAPE (%) | |MAE (g) | RMSE (g)| R*T MAPE (%) |
MLP [59] 8.79 9.54 0.89 6.88 8.64 10.42 0.86 6.81
ResNet [32] 5.41 6.69 0.97 4.53 8.38 10.60 0.85 6.60
Transformer [23] 8.29 9.13 0.92 6.24 8.07 9.89 0.87 6.40
CNN-GRU [47] 6.93 7.63 0.94 5.33 9.90 12.25 0.80 7.87
CNN-Transformer [18] 7.31 9.00 0.94 5.90 8.79 10.81 0.83 7.15
Ours 4.65 6.12 0.97 4.08 5.99 7.75 0.90 4.77
45 45
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Method Method
(a) MAPE (%) (b) RMSE (g)

Fig. 8. MAPE and RMSE values for different tubers obtained from various models in leave-1-out experiments. Points represent
the MAPE or RMSE values for individual tubers, and the boxes represent the lower quartiles, medians, and upper quartiles
of these values. “Trans”, “C-GRU”, and “C-Trans” represent Transformer [23], CNN-GRU [47], and CNN-Transformer [18],
respectively.

model consistently achieves average MAE, RMSE, and MAPE values below 6.0, 8.0, and 5.0%, respectively, across
different configurations, outperforming all baseline models. Moreover, our model achieves superior R? values in
each configuration compared to the baseline models, reaching 0.97 and 0.90, respectively. Additionally, while the
performance of all models decreases as the number of test tubers increases, our model consistently demonstrates
the best performance in each configuration. These results not only demonstrate the efficacy of our model in
estimating below-ground tuber biomass but also highlight its robustness and generalizability under data-limited
conditions, further confirming the superiority of both the network design and the contrastive learning method.

To provide an intuitive visualization for the error distributions, Fig. 8 presents scatter plots of MAPE and RMSE
values for individual tubers obtained from different models in leave-1-out experiments, with boxes indicating
lower quartiles, medians, and upper quartiles. As shown in Fig. 8a, the median and upper quartile of the MAPE
values of our model are lower than those of the baseline models, indicating that our model provides more accurate
estimates for most tubers. As shown in Fig. 8b, the RMSE distribution of our model is more compact compared to
MLP [59], Transformer [23], CNN-GRU [47], and CNN-Transformer [18], indicating that our model generalizes
better across most tubers than the baseline models. Furthermore, although the RMSE distribution of ResNet [32]

ACM Trans. Internet Things



16 « T.Wangetal

45 . . . i . 45
I R S 530
g ° ; | : : [ $
o s | | L 7 | Pl :
- IR I T O T AL NSRS NEEN YRR~ SRR~ SREW
gchh b kg EEHEFS L
0 MLP ResNet Trans C-GRU C-Trans Ours 0 MLP ResNet Trans C-GRU C-Trans Ours
DNN model DNN Model
(a) MAPE (%) (b) RMSE (g)
45
oo[6f B R g | F
—_ . H
930 ) Y e ° o~ 06 . !* *! T ¢ T ; ]
18 ° H o L °
< H ° ‘ ° . L]
=15 | ¢ : 03] o . : :
GG IR IR -
L]
0 MLP ResNet Trans C-GRU C-Trans Ours 0.0 MLP ResNet Trans C-GRU C-Trans Ours
DNN Model DNN Model
(c) MAE (g) (d) R

Fig. 9. MAPE, RMSE, MAE, and R? values obtained from various models in leave-2-out experiments. Points represent the
MAPE, RMSE, MAE, or R? values for each evaluation, and the boxes represent the lower quartiles, medians, and upper quartiles
of these values. “Trans”, “C-GRU”, and “C-Trans” represent Transformer [23], CNN-GRU [47], and CNN-Transformer [18]
models, respectively.

is similar to that of our model, our model achieves a lower median, indicating more accurate estimates for at least
half of the tubers. This further confirms the efficacy of our model in accurately estimating BGB of root tubers.
Furthermore, we present scatter plots of MAPE, RMSE, MAE, and R? values for each evaluation in leave-2-out
experiments, as shown in Fig. 9. As shown in Fig. 9a and 9c, the lower quartiles, medians, and upper quartiles
of MAPE and MAE values of our model are notably lower than those of baseline models, demonstrating the
efficacy of our model for non-destructively estimating BGB of root tubers. As shown in Fig. 9b, the RMSE values
of our model are not only more compactly distributed but also exhibit lower values compared to those of baseline
models, further verifying the efficacy of our model. In addition, Fig. 9d demonstrates the R? values from different
models, clearly showing that our model outperforms the baseline models. These results highlight the accuracy,
stability, and generalizability of our model in estimating BGB of root tubers, especially for data-limited conditions.

5.5 Evaluation on Random Sensor Nodes

In this section, we evaluate the performance of our model under scenarios with varying numbers of sensor
nodes. Specifically, we split the tuber-position pairs in the dataset using a 9:1 ratio and assess performance under
five configurations: 2, 4, 6, 8, and 16 sensor nodes. Fig. 10 presents the performance of different models across
these sensor configurations. First, all models show improved estimation accuracy as the number of sensor nodes
increases. For example, the average MAPE value of our model is 13.28% with two sensors, 6.66% with eight sensors,
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Fig. 10. MAE, RMSE, MAPE, and R? performance of using different numbers of sensor nodes. “Trans” and “CNN-Trans”
represent Transformer [23] and CNN-Transformer [18] models, respectively.

and 2.52% with sixteen sensors. Second, our model outperforms the baseline models when the number of sensors
is limited. For example, when using 8 sensors for estimation, the MAE value of our model is 8.62 g, whereas the
MAE value of ResNet [32] is 9.57 g, which is the best result among all baseline models. Third, as the number of
sensors increases, the performance gap between our model and the baselines becomes larger. For example, as
shown in Fig. 10d, the difference in R? values between our model and CNN-GRU [47] is zero with four sensors,
increases to 0.13 with eight sensors, and reaches 0.15 with sixteen sensors. These results demonstrate that our
model provides more accurate estimations than the baseline models, particularly in sensor-limited scenarios.
The combination of convolution layers and attention mechanisms enables the model to learn effective features
from limited wireless signals for BGB estimation. Furthermore, contrastive learning reduces estimation bias and
enhances estimation robustness and accuracy.

5.6 Evaluation on Computational Cost

To assess the feasibility of the proposed model for real-time, low-power deployment, we evaluate its model size,
floating-point operations (FLOPs), inference time, and energy consumption on three computing platforms: an
NVIDIA RTX 3090 GPU, an Intel 10875H CPU, and an NVIDIA Jetson Nano edge device. Specifically, a wireless
network sample comprising RSS measurements is used for evaluation, and the results are averaged over three
repeated runs. As shown in Table 6, inference on RTX 3090 GPU is the fastest, requiring 0.11 seconds per sample
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Table 6. Computational cost of the proposed model on different computing platforms, evaluated on a single wireless network
sample and averaged over three runs.

Parameters (MB) FLOPs (M) Power (W) Energy (J) Inference Time (S)
3090 GPU 42.92 18.27 73.12 8.09 0.11
10875H CPU 42.92 18.27 45.28 5.45 0.12
Jetson Nano 42.92 18.27 1.74 0.75 0.43

5

Table 7. Performance of different models in ablation experiments. “Non-A” and “Non-C” refer to the residual network without
attention mechanisms and contrastive learning, respectively. The best and second-best results are highlighted in bold and
underlined text, respectively.

Case Experiment 1 Experiment 2

Method MAE (g) | RMSE (g) | R?T MAPE (%) | [MAE (g) | RMSE (g) | R*T MAPE (%) |
MLP [59] 9.67 15.68  0.87 7.87 7.71 11.85  0.93 6.57
ResNet [32] 6.62 11.96 092 539 4,67 976  0.95  3.98
Transformer [23] 8.13 1530  0.88 6.62 6.08 12.42  0.92 5.18
CNN-GRU [47] 11.82 18.54  0.82 9.63 11.59 17.14  0.85 9.88
CNN-Transformer [18]| 11.12 16.15  0.86 9.06 10.11 1473 0.89 8.62
Non-A 6.02 13.69 090 | 4.91 4.49 937 096  3.82
Non-C 6.74 1253 092  5.49 3.67 1055 094 3.3
Ours 4.95 1229 092  4.03 2.21 872 096  1.89

and demonstrating the feasibility for real-time deployment. Inference on Jetson Nano is the slowest, taking 0.43
seconds per sample. However, Jetson Nano exhibits significantly lower power and energy consumption than
RTX 3090 GPU, demonstrating the feasibility for low-power deployment. In practice, although the inference time
on Jetson Nano exceeds 0.1 seconds per sample, it remains significantly faster than the growth rate of potato
tubers, confirming the practicality of our model for real-world deployment. In addition, the inference time and
energy consumption on Intel 10875H CPU fall between those of RTX 3090 GPU and Jetson Nano, highlighting
the versatility of the proposed model across computing platforms.

5.7 Ablation Study

In this section, we perform ablation studies to assess the contributions of attention mechanisms and contrastive
learning to our model. Specifically, we split the tuber-position pairs of the dataset in a 9:1 ratio and perform
evaluations twice. For simplification, we define “Non-A” and “Non-C” as the residual networks without attention
mechanisms and contrastive learning, respectively. As shown in Table 7, Non-A and Non-C achieve average MAE
values of 6.02 and 6.74 in Experiment 1, and 4.49 and 3.67 in Experiment 2, respectively. These values are higher
than those obtained by the complete model. Furthermore, Non-A and Non-C achieve average RMSE values of
11.53 and 11.54 in the two experiments, respectively, which are higher than those of the complete model. These
results confirm the contributions of attention mechanisms and contrastive learning in improving estimation
accuracy and model robustness.
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Fig. 11. MAPE performance of different models in the ablation studies. “Non-A” and “Non-C” refer to the residual networks
without attention layers and contrastive learning, respectively. “ResN” represents the ResNet [32] model.
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Fig. 12. MAPE and RMSE of different models under leave-1-out and leave-2-out experiments in a multi-tuber scenario. “Trans’
and “C-Trans” denote Transformer [23] and CNN-Transformer [18], respectively.

Fig. 11 presents the distribution of MAPE values for each tuber across different models and experiments, where
the boxes indicate the lower quartiles, medians, and upper quartiles. First, the error distributions produced by
Non-A are more compact than those of Non-C, indicating that contrastive learning effectively reduces estimation
bias. Second, the lower quartiles of MAPE for Non-C are smaller than those of Non-A, demonstrating that
attention mechanisms further improve BGB estimation accuracy. Third, the lower quartiles, medians, and upper
quartiles of MAPE values of our model are notably lower than those of both Non-A and Non-C, further confirming
the contributions of attention mechanisms and contrastive learning to BGB estimation. In addition, we compare
our model with ResNet [32], a baseline model that uses a convolution neural network with residual connections
as its backbone. Our model achieves superior performance in terms of error distribution and estimation accuracy
compared with ResNet [32]. This further demonstrates the efficacy of the attention mechanisms and contrastive
learning in enhancing the convolution neural network, thereby enabling accurate estimation of BGB of tubers.

5.8 Discussion

Expand the dataset in the future. In this study, due to practical constraints such as sensor deployment, measurement
time, and other experimental costs, RSS data are collected from only 26 tubers. This limited number may not
fully capture all possible tuber shapes and biomass, potentially affecting the generalizability of DNN models.
For example, as shown in Table 5, the performance of all models in leave-2-out experiments is lower than
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Fig. 13. MAPE and RMSE of different models under leave-1-out and leave-2-out experiments in outdoor environments.
“Trans”, “C-GRU”, and “C-Trans” denote Transformer [23], CNN-GRU [47], and CNN-Transformer [18], respectively.

that in leave-1-out experiments, indicating that removing even a single tuber from the training set can reduce
inference performance. These results highlight the need to increase the number of tubers in the dataset to improve
estimation accuracy. Furthermore, as measurements are collected over time for each tuber, RSS samples obtained
by segmenting link measurements along the temporal dimension are inherently correlated. These correlations
can exacerbate data imbalance and potentially limit the generalizability of DNN models. In future work, we
plan to expand the dataset by including more tubers of varying shapes, biomass, and growth conditions. This
expansion is expected to enhance dataset diversity, reduce sample correlations, and improve the robustness and
generalizability of the proposed framework. In addition, we plan to determine the optimal number of tubers
according to the target application scenario.

Extend biomass estimation to multiple below-ground tubers and other crop types. In this study, we focus on
biomass estimation in the single-tuber scenario. To further validate its feasibility in multi-tuber settings, we
perform additional experiments using 35 different combinations of potato tubers in a greenhouse, with each
combination containing one, two, or three tubers. RSS data from these combinations are used in leave-k-out
evaluations, with k set to 1 and 2. Fig. 12 presents the MAPE results and the RSME results of various models
in both leave-1-out and leave-2-out experiments. Our model outperforms baseline models, with average MAPE
and RMSE values of 1.41% and 3.66 g, respectively. These results demonstrate the feasibility of our framework in
multi-tuber scenarios. In future work, we plan to extend the framework to more complex multi-tuber scenarios
by increasing the number and variety of tubers in each combination, as well as incorporating diverse multi-tuber
sensing environments, thereby enhancing its practical applicability. In addition, this work focuses on sensing
potato tubers, representing the first step towards non-destructive root tuber biomass sensing using a wireless
network. In the future, we plan to expand our work to include a wider range of root tuber types.

Extend to outdoor biomass sensing. In this study, the proposed framework is suitable for deployment in indoor
environments, e.g., below-ground biomass (BGB) estimation in a greenhouse. In our recent work [49], we deploy
our framework in outdoor environments to validate its feasibility. Using RSS data collected from 18 potato tubers,
we perform leave-1-out and leave-2-out evaluations, and Fig. 13 presents the MAPE and the root mean squared
error (RMSE) results of various models. Compared with baseline models, our model achieves the best estimation
performance. For example, across two evaluation experiments, the average MAPE and RMSE values of our
model are 5.69% and 9.96 g, demonstrating the efficacy of our framework for real-world deployment. However,
estimation performance in the outdoor environment is lower than that in the indoor environment. In practice,
sensing performance is often degraded by environmental noise [3], including other plants in the sensing area and
weather conditions that can alter soil properties, such as wind, rain, and sunlight. To further enhance outdoor
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sensing performance, we first plan to replace the omni-directional antennas with directional ones for sensor
nodes, thereby improving the quality of wireless link observations [52]. Second, we plan to collect RSS data from
a larger number of tubers for training, as increasing the diversity of training samples can further improve the
generalizability of data-driven models [61]. Third, we plan to explore transfer learning methods [39] to enable a
model trained in indoor environments to adapt to outdoor environments. Finally, we can increase the number of
sensor nodes to further improve the estimation performance by providing richer measurement information.

Extend to other agricultural indicators. In this study, our framework treats biomass as a scalar value and directly
estimates it using RSS measurements. In practice, tuber shape and density influence wireless signal propagation,
thereby affecting BGB estimation. Meanwhile, they also serve as important indicators in agricultural applications.
Our recent work [51] demonstrates that RSS measurements from a low-cost wireless network can be used to
reconstruct the maximum cross-sections of root tubers. In future work, we plan to use these reconstructions as
priors to enhance BGB estimation. Furthermore, we plan to deploy a multi-layer wireless network to capture
3D volumetric shapes of root tubers and estimate their density, providing additional indicators for agricultural
applications and further improving BGB estimation performance.

6 Related Work

Crop Biomass Estimation. As an important phenotypic trait, biomass plays a crucial role in each stage of crop
growth. With the advancement of sensing technology, numerous methods have been developed for crop biomass
estimation [6, 20, 33, 42]. For example, [22] combines hyperspectral remote sensing with deep learning models to
estimate potato biomass, demonstrating the efficacy of remote sensing for AGB estimation. Furthermore, [44]
develops a novel sensing system for wheat biomass and yield estimation, in which two popular multispectral
cameras are mounted on a UAV for data acquisition. Extensive experiments performed under varying sun angles
and phenological stages demonstrate its efficacy, providing a reliable approach for the quantitative assessment of
crop traits in the field. Although these methods achieve satisfactory performance for AGB estimation, accurately
estimating BGB of root tubers remains challenging due to their below-ground nature [21].

To achieve non-destructive estimation of BGB, recent studies focus on using GPR [2, 41, 65, 66], which transmits
radio frequency signals that penetrate soil to detect below-ground targets. For instance, [2] employs GPR for
non-destructive assessment of cassava root biomass, highlighting its potential in cassava breeding. Meanwhile,
[66] uses GPR to estimate the spatial distributions and biomass of roots, showing its efficacy in inferring both
spatial patterns and quantitative traits. Although these GPR-based methods hold potential for BGB sensing, their
broader applicability is constrained by high costs, substantial power requirements, and the large physical size of
GPR systems. In this study, we propose an alternative approach based on a wireless network for BGB estimation
of root tubers. Its signals can penetrate soil for sensing, and compared with GPR, its lower cost, reduced power
consumption, and compact size further enhance its feasibility for real-world deployment.

Wireless Network Sensing. Recent research on wireless networks is shifting from purely communication-
oriented designs [40, 55] to integrated sensing and communication (ISAC) [60], providing a new paradigm for
wireless sensing [4, 7, 27, 34, 45, 51]. For example, [4] proposes a noteworthy contribution, using a wireless
network to assess moisture levels in stored rice. The study introduces an approach that combines RSS data with
regression-based machine learning to provide a non-invasive, contactless method for obtaining a 3D volumetric
distribution of moisture content within stored rice grains. Another significant contribution is presented in [51],
which proposes a wireless network-based solution to reconstruct maximum cross-section images of below-ground
root tubers. Furthermore, DNNs have been widely applied in wireless network sensing. For example, [27] and [1]
propose to use DNN models to improve the performance and robustness of wireless network-based sensing. In
contrast to previous works, we extend the sensing scenario to BGB estimation of root tubers, offering a new crop
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trait sensing capability. In addition, we design a novel DNN model that incorporates attention mechanisms and
contrastive learning to accurately estimate BGB from RSS data.

Contrastive Learning. Contrastive learning is a pairwise representation learning technique that separates
semantically divergent samples while pulling together similar samples in feature space [15, 24, 29, 30, 62]. In
recent years, numerous contrastive learning methods have been proposed to enhance the performance and
robustness of DNN models. For example, MoCo [24] is proposed as an unsupervised contrastive method that
performs contrastive learning using a dynamic queue and a momentum encoder. SupCon [30] is a supervised
contrastive learning method that leverages label information to guide representation learning. However, SupCon
tends to learn a feature space biased toward the majority of samples and therefore introduces a k-positive
contrastive loss to mitigate this bias. In addition, RNC [62] ranks samples and contrasts them based on their
relative rankings to enforce continuous representations suitable for regression tasks. Inspired by these works,
we introduce a contrastive learning method into our model to reduce estimation bias for high-frequency labels,
thereby enhancing its robustness and generalizability in BGB estimation.

7 Conclusion

This paper proposes a novel, non-destructive framework for sensing root tuber BGB. It constructs a new BGB
dataset with more than 700,000 RSS measurements collected from a low-cost wireless network, using both
frequency and spatial diversities of the measurements to investigate tuber biomass sensing. Furthermore, it
proposes a novel DNN model that integrates a convolution neural network and attention mechanisms to extract
discriminative features from RSS data for accurate BGB estimation. In addition, it introduces a contrastive learning
method to further reduce estimation bias and enhance generalizability of the DNN model. Extensive evaluation
results demonstrate the efficacy of the framework in various BGB sensing scenarios.
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