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The quality of fresh meat inevitably deteriorates during refrigerated storage, and ammonia is a critical 
volatile marker of spoilage. Nevertheless, temperature and humidity fluctuations within the cold chain 
environment can decrease the reliability of ammonia detection. To overcome this limitation and increase 
the sensing precision, in this work, a microwave ammonia sensor with temperature and humidity com-
pensation is proposed on the basis of a backpropagation (BP) neural network. By analyzing the correlation 
between the radiation gain of the sensor and the ammonia concentration and integrating a wireless 
power transmission model, a new wireless microwave ammonia sensing model was established. The
sensing system was experimentally validated through real-time monitoring of ammonia released during
the spoilage of refrigerated meat. The results indicate that BP neural network-based temperature and
humidity (THBP) compensation with Pearson correlation analysis reduced the radio frequency signal
zero-point frequency fluctuation by 14 MHz, limited the absolute error to 0.06 parts per million
(ppm), and increased the detection accuracy by 31.11%. This work provides a reliable theoretical frame-
work and practical approach for high-sensitivity, non-destructive monitoring of the quality of fresh meat
in dynamic cold-chain.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

Owing to increasing public concerns about food safety and 
health, monitoring the quality of fresh agricultural products has 
become a critical aspect of the food supply chain. Consumers are
increasingly willing to pay higher prices to ensure food safety, with
a significant portion allocated to food and agricultural product
testing [1,2]. Owing to their perishable nature and high depen-
dence on storage conditions, the quality of fresh agricultural prod-
ucts often deteriorates during transportation, storage, and sales. In
particular, fluctuations in temperature, humidity, and gas composi-
tion during cold chain logistics management directly affect product
quality [3]. Ammonia, an important indicator gas in the spoilage 
process of fresh agricultural products, is closely associated with
product quality deterioration. Furthermore, ammonia is also cru-
cial in environmental quality assessment and food safety traceabil-
ity [4]. Therefore, real-time monitoring of the ammonia 
concentration provides not only an effective early warning of qual-
ity changes in agricultural products but also offers critical data for 
quality assurance in cold chain logistics management. Researchers
worldwide have conducted extensive studies on the quality detec-
tion of fresh agricultural products, focusing on techniques such as
hyperspectral imaging [5], impedance-based electronic noses [6], 
Raman spectroscopy [7], optical sensors [8], and gas sensors [9] 
to detect toxic gases or volatile organic compounds (VOCs) gener-
ated during spoilage. Although these technologies have achieved 
significant progress in agricultural product quality monitoring,
their practical applications are limited by complex sample prepara-
tion, high costs, and the need for specialized operation [10]. 

Recently, microwave gas sensors (MGSs) have been thoroughly 
evaluated in the field of gas sensing because of their high sensitiv-
ity, ease of fabrication, and nondestructive detection capabilities
[11]. While they operate within the frequency range of 300 MHz 
to 300 GHz, the electromagnetic fields and sensor characteristics
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of MGSs change according to the material properties [12]. When 
the sensor is loaded with the material that is being tested, the sen-
sitive material interacts with the target gas through adsorption and 
reaction. By recording changes in the transmitted or reflected fre-
quency response, real-time detection of the gas concentration can
be achieved [13–15]. Although significant progress in gas detection 
has been made using microwave sensors, the combined effects of
various environmental factors on their performance still require
further investigation [16]. 

Owing to the complexity of gas sensor working mechanisms 
and their wide range of applications, several challenges remain
[17]. For example, environmental factors such as temperature, 
humidity, air pressure, and wind direction often cause frequency 
drift, thereby affecting the accuracy of gas detection. Under 
extreme conditions, sensors may experience zero-point frequency
shifts, where differences in frequency occur even when the target
gas is not present, significantly reducing detection precision [18]. 
Consequently, effectively mitigating the interference caused by 
these environmental variables to increase the precision of sensing 
remains an important research focus. In terms of gas sensor design, 
common strategies for decreasing humidity-induced perturbations
involve the incorporation of hydrophobic coatings or waterproof
encapsulation to suppress water molecule adsorption on sensitive
material surfaces [19]. In terms of temperature compensation, 
widely used techniques include calibration via bridge circuits or
feedback control mechanisms [20]. However, these strategies have 
drawbacks, such as reduced gas-sensing performance and an 
increase in the overall sensor size. Currently, analyzing the effect 
of temperature and humidity on gas sensors from experimental
data and exploiting these insights for compensation have become
feasible and effective strategies [21,22]. 

To address the demand for high-precision detection of volatile 
ammonia associated with quality deterioration in fresh meat dur-
ing storage and transportation, a chipless microwave ammonia 
sensor integrated with a BP neural network-based temperature 
and humidity (THBP) compensation algorithm was developed. By 
analyzing the correlation between the radiation gain of the sensor 
and ammonia concentration, and integrating a wireless power 
transmission model, a new wireless microwave ammonia sensing 
model was established. Experimental validation was performed 
in refrigerated environments to monitor volatile ammonia released
during the spoilage process of fresh meat. The results revealed that
fluctuations in temperature and humidity caused significant shifts
in the zero-point frequency of the radio frequency signal, which
substantially reduced the accuracy of ammonia detection. After
the proposed THBP compensation–Pearson correlation analysis
algorithm was applied, the concentration prediction error was
reduced to 0.06 parts per million (ppm), and the detection accu-
racy increased by 31.11%.

2. Materials and methods

2.1. Microwave sensor simulatio n and design

In this study, the crossed split ring resonator (CSRR)-based 
sensing resonator is excited by a microstrip transmission line, as
shown in Fig. 1(a). To facilitate measurement, the microstrip trans-
mission line is designed in a U-shaped structure, which ensures 
that the transmission line ports of the CSRR are positioned on 
the same side. The substrate material is flame retardant 4 (FR4) 
with a relative permittivity of 4.4 and dimensions of 
50 mm × 29 mm × 1.6 mm. To improve the performance of the
microstrip resonator, a symmetric design, in which two CSRR
structures are symmetrically arranged on both sides of the micro-
strip line to achieve common-mode resonance suppression, is
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employed [23]. Owing to its asymmetric distribution, a single CSRR 
structure tends to excite common-mode currents at specific fre-
quencies, resulting in increased electromagnetic interference, 
reduced signal integrity, and decreased filtering and sensing per-
formance. The symmetric CSRR structure effectively suppresses 
common-mode resonance by symmetrically loading resonant units 
on both sides of the microstrip line, ensuring a balanced distribu-
tion of common-mode current paths. This arrangement creates a
phase cancellation effect, reducing the common-mode resonance
peak, improving electromagnetic coupling, and increasing micro-
strip signal transmission efficiency. As shown in Fig. 1(b), electro-
magnetic simulation and radio frequency signal measurements 
reveal that the symmetric CSRR microstrip resonator achieves a 
higher transmission coefficient (S21), indicating better transmis-
sion efficiency, and a stronger electromagnetic field intensity at
the resonator opening. The equivalent circuit model of the CSRR-
based sensor is shown in Fig. 1(c), where L represents the equiva-
lent inductance of the microstrip line, and C1 denotes the coupling 
strength between the microstrip line and the resonator. The cou-
pling strength is effected by the distance between the microstrip
line and the resonant ring, which affects the resonance frequency.
The resonance frequency fn of S21 can be calculated with Eq. (1), 
where Cn and Ln represent the equivalent components of the CSRR 
and primarily determine the bandstop resonance frequency. Addi-
tionally, the sensor incorporates a sensitive material (modeled as a
variable capacitor C2), resulting in a microstrip resonator model
that responds to changes in the loaded sensing material.

f n 
1 

2p Ln Cn
1

Through structural parameter optimization and simulation, the 
effect of microstrip resonator parameters on impedance matching 
was systematically analyzed. The compact design of the CSRR, 
enables the use of a Smith chart to evaluate impedance matching
across different dimensions (L, W, and W1) (Fig. 1(d)). Extensive 
parametric simulations revealed that optimal impedance matching 
occurs at L = 12 mm, W = 16 mm, and W1 = 1 mm, with an impe-
dance value of 1.0016–0.0005i . To further investigate the effect of
structural parameters on the transmission coefficient S21, a con-
trolled variable method was applied. As shown in Fig. 1(e), a fre-
quency sweep was conducted by changing the CSRR open-ring 
gap (X_G) from 2 to 6 mm in 1 mm increments. The results indicate 
that as X_G increases, the resonance frequency of S21 increases. 
Similarly, the effect of the gap (S) between the CSRR and the micro-
strip line was examined by sweeping S from 0.25 to 1.00 mm in
0.25 mm increments (Fig. 1(f)). The findings reveal that a larger S 
results in an increased resonance frequency of S21. On the basis 
of these simulation results, the relationship between the micro-
strip resonator dimensions and S-parameters was established, 
enabling the design of an optimized microstrip resonator. When 
the CSRR-to-microstrip line gap S = 0.50 mm, the electric field cou-
pling reaches its peak, significantly increasing the coupling
strength of the resonator. This results in a stronger electromagnetic
interaction between the CSRR and the microstrip line, increasing
the signal transmission efficiency and absorption capacity.

2.2. Characterization of gas-sensitive materials

Single-walled carbon nanotubes (SWCNTs) have excellent 
ammonia adsorption properties, primarily because of their high
specific surface area,p-conjugated electronic structure, and tunable
surface chemistry [24,25]. With respect to SWCNTs, the G-band has 
two main peaks: G− (1573.20 cm−1 ) and G+ (1595.62 cm−1 ). The G−

mode reflects circumferential vibrations and shifts to lower fre-
quencies with decreasing diameter, indicating that the nanotubes
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Fig. 1. (a) Schematic of the sensor structure, (b) performance comparison between a symmetric CSRR and a single CSRR, (c) equivalent circuit model, (d) Smith chart of 
impedance matching for the microstrip resonator, (e) variation in S21 with X_G, (f) variation in S21 with S. Emax: maximum electric field; Freq: frequency; Ang: angle; Mag:
magnitude; RX: resistance and reactance.
in this study are semiconducting with a bandgap sensitive to gas 
adsorption. The G+ mode corresponds to axial vibrations and its fre-
quency is related to the electronic structure, which is useful for
assessing conductivity. As shown in Fig. 2(a), the D-band at 
1341.36 cm−1 stems from structural defects; its low intensity here 
suggests high-quality nanotubes with minimal defects, which are 
favorable for charge transport and sensing. The radial breathing 
mode (RBM) at 159.12 cm−1 corresponds to radial atomic motions;
its low frequency indicates a larger diameter, providing greater sur-
face area for gas adsorption and improved sensitivity. The G’ band
(2D band) at 2670.38 cm−1, a second-order overtone of the D-
band (Fig. 2(b)), provides further insight into the electronic band
structure.

To investigate the microstructure of the material, transmission 
electron microscopy (TEM) was employed, as shown in Fig. 2(c). 
At low magnification, the SWCNTs have a typical one-
dimensional tubular morphology, arranged in parallel bundles or 
interwoven networks, with uniform diameters of 1–2 nm and 
lengths extending to the micrometer scale. High-magnification
images clearly reveal their hollow cylindrical structure, with the
graphene layers spirally wrapped along the axis, forming tube
67
walls with an interlayer spacing of 0.34 nm, which is consistent 
with the theoretical values. The observed bending morphology 
reflects excellent flexibility and mechanical strength, owing to 
the stable hexagonal network of sp2-hybridized carbon atoms. 
High-resolution images also reveal localized lattice distortions
labeled ‘‘defects,” which are likely caused by chemical etching,
mechanical stress, or growth defects. These defects may serve as
stress concentration sites and modulate the electronic density of
states, potentially increasing ammonia sensitivity.

2.3. Sensing method a nd mechanism

According to perturbation theory [26], the electromagnetic field 
intensity within the sensitive region is closely related to changes in 
the electromagnetic properties of the material. These factors 
jointly induce a perturbation response, which is reflected as 
changes in the resonant frequency and amplitude of the S-
parameters. Consequently, concentrating an increased electromag-
netic field in the sensitive region can significantly increase the sen-
sitivity of the MGS, thereby improving gas detection performance
[27]. In this study, simulation and experimental analyses are used
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Fig. 2. (a, b) Raman characterization of SWCNTs, (c) TEM characterization of SWCNTs.
to investigate the electromagnetic field distribution in the sensitive 
region and its interaction with variation in dielectric loss induced
by gas adsorption (Fig. 3(a)).

Electromagnetic simulation analysis reveals that in the rectan-
gular CSRR, the electric field intensity is strongest at the opening 
of the outer ring, whereas the magnetic field intensity peaks at 
the opening of the inner ring. On the based of the results of the 
NH3 adsorption experiments, when the NH3 molecules adsorb onto 
the SWCNT surface, electron transfer occurs from the NH3 mole-
cules to the SWCNT surface. This reduces the hole concentration 
of free surface electrons, causing partial electron trapping or 
release, which results in the formation of electron or hole traps.
Under an external electric field, these trapped carriers are excited
into the conduction or valence band, and converted into free carri-
ers. As the free carrier concentration increases, the loss of conduc-
tivity also increases, increasing the overall dielectric loss.
Furthermore, the generation of trap states and the excitation of
charge carriers result in frequent or unstable polarization
responses, further increasing dielectric loss. As shown in Fig. 3 
(b), when SWCNTs are loaded into the region with the strongest 
electric field, the resonance frequency increases with increasing
dielectric loss tangent, significantly affecting S21. Conversely, as
shown in Fig. 3(c), when SWCNTs are loaded into the region with 
the strongest magnetic field, the effect of magnetic loss tangent 
on the resonance frequency is minimal, with only slight fluctua-
tions in the S21 amplitude. Therefore, coating SWCNTs in the strong
electric field region of the microstrip resonator effectively
increases the detection signal.

SWCNTs, typical p-type semiconductors, have a significantly 
higher hole concentration than electron concentration. As shown
in Fig. 4(a), the sensing mechanism of the microwave ammonia 
sensor relies on the adsorption-induced modulation of the elec-
tronic structure and conductivity of the SWCNTs. When ammonia
molecules are adsorbed onto the SWCNT surface, electron donation
from ammonia reduces the hole concentration, causing a decrease
68
in conductivity and a corresponding increase in resistance. Owing 
to their strong polarity, ammonia molecules exhibit increased 
adsorption via dipole–dipole, dipole-induced dipole, and p–p 
interactions involving nitrogen lone pair electrons, facilitating 
stable anchoring on the SWCNT surface. This process is further 
accompanied by increased van der Waals forces and the formation 
of a space charge region, resulting in an upward shift in the Fermi
level and widening of the valence band gap, both of which facilitate
reduced carrier mobility and conductivity. During ammonia
adsorption, the transfer of free electrons reduces the hole concen-
tration in SWCNTs, decreasing their conductivity but increasing
resistance.

During desorption, electrons flow back to the ammonia mole-
cules, causing the resistance to recover. The impedance matching 
of the microwave antenna sensor is achieved through the synergis-
tic interaction between the microstrip resonator and the gas-
sensitive material. The adsorption and desorption of ammonia
dynamically change the resistance of SWCNTs, which affects the
impedance matching between the microstrip resonator and the
sensitive layer (Eq. (2)). Increased impedance mismatch results in 
greater signal reflection, altering the amplitude and resonance fre-
quency of the S21 parameter of the sensor (Eq. (3)). The S21 value 
reflects the efficiency of microwave signal transmission, and its 
variation is highly correlated with the ammonia concentration,
enabling real-time quantitative detection of ammonia.
Zin R jX 2

S21 
2Z0 

Zin Z 0
3

where Zin represents the input impedance, Z0 denotes the 
characteristic impedance, R indicates the resistance component, j
represents the imaginary unit, and X represents the reactance
component.

move_f0015
move_f0020


G. Hu, L. He, G. Shi et al. Engineering 60 (2026) 65–76

Fig. 3. (a) Simulation of the interaction between the sensing material and the electromagnetic field, (b) variation in the dielectric loss under a strong electric field, (c) 
variation in the dielectric loss under a strong magnetic field. E: electric field strength; re: electric loss angle; rm: magnetic loss angle.
2.4. Electrical measurem ents

As shown in Fig. 4(b), the experimental system is composed of 
the following components: a vector network analyzer (VNA), 
a spectrum analyzer, a reaction chamber (dimensions: 
30 cm × 20 cm × 25 cm), a temperature control system (including 
ice packs and heating wires), a laptop computer, a ultra-wideband 
dipole (UWB-4) receiving antenna, standard gas cylinders, a vac-
uum pump, and a temperature-humidity meter. Under the control
of a gas mixing program, a high-precision mass flow controller is
used to accurately regulate the flow rates of standard gases, ensur-
ing thorough mixing of the background gas nitrogen (N2) and the
target gas NH3 within the gas measurement chamber. The NH3

concentration is calculated using Eq. (4) [28], where Cb represents 
the concentration of the stock gas, and V1 and V represent the 
injected volume and the chamber volume, respectively. In the 
temperature and humidity interference analysis experiments, the 
temperature is regulated within the range of 5–25 °C, and the rel-
ative humidity is controlled between 40% to 80% to simulate the
effects of various environmental conditions on sensor perfor-
mance. During the experiment, the interfering gases in the reaction
chamber are evacuated, and then the pre-calibrated ammonia mix-
ture is added. The temperature and humidity conditions are
69
adjusted to assess the detection performance of the sensor across 
different NH3 concentrations. After each test, the remaining gas 
in the reaction chamber is evacuated and replaced with a new
NH3 mixture, and the experimental cycle continues until measure-
ments under all temperature and humidity conditions are
completed.

C V1 Cb V 4
3. Results and analysis

3.1. Sensing p erformance analysis

In accordance with the electrical measurements shown in Fig. 5, 
the microwave sensor was placed in a sealed reaction chamber to 
investigate the variation in S21 in an ammonia environment with
concentrations ranging from 5 to 20 ppm. As shown in Fig. 5(a), 
the resonance frequency of the microwave sensor gradually 
decreases with increasing ammonia concentration, with a total 
shift of approximately 45 MHz and a sensitivity of 3 MHz ppm−1.
The linear fitting curve of the response of the sensor within the
range of 5–20 ppm NH3 is shown in Fig. 5(b), which reveals a 
strong correlation between the frequency shift and the NH3 con-
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Fig. 4. (a) Ammonia sensing mechanism, (b) setup of the electrical measurement system. f: frequency; Ec: conduction band minimum; Ev: valence band maximum; Ef: fermi
level; PC: personal computer.
centration (R2 = 0.9782). This finding further validates the relation-
ship between ammonia adsorption and the frequency variation of 
the sensor. A network analyzer was used to perform a far-field
analysis of the microwave sensor. The two-dimensional radiation
gain distribution and peak gain at different ammonia concentra-
tions are shown in Figs. 5(c) and (d). As the ammonia concentration 
increases, the degree of impedance matching decreases, resulting 
in a decrease in peak gain. Consequently, the relationship between
the radiation gain of MGS (GMGS) and concentration (Conc.) is
established.

GMGS a Conc b 5

where a and b are the respensent correlation coefficients of the 
microwave sensor. On basis of the correlation study between the 
ammonia concentration and sensor radiation gain, the values were
determined to a = −0.177 and b = −10.612.

To validate the repeatability of the microwave sensor, five 
repeated tests were performed under identical conditions, and 
the resonance frequency shift and response behavior of the sensor
were measured at different time intervals. As shown in Fig. 5(e), 
the sensor response percentage stabilized at 22% approximately 
24 s after ammonia adsorption and recovered to its initial value 
approximately 27 s after desorption. The high consistency across
the three experimental results confirms the excellent repeatability
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of the sensor. In accordance with Eqs. (6)–(8) [29], the measured 
S21 values were converted into sensor response percentages.
Sensorresponse DS21 

S21 air 
100% 6

DS21 

Re S21 air NH3 
Re S21 air 

2 

Im S21 air NH3
Im S21 air

2

1
2

7

DS21 air nRe S21 air 
2 Im S 21 air

2
1
2

8

The real part of the S21 parameter of the sensor in air and 
ammonia, the real part of the S21 parameter of the sensor in air, 
the imaginary part of the S21 parameter of the sensor in air and 
ammonia, and the imaginary part of the S21 parameter of the sen-
sor in air are denoted as Re(S21)air+NH3 

, Re(S21) air, Im(S21)air+NH3, and
Im(S21)air, respectively. The labeled S21 value in air is represented
by |S21, air|, the absolute value of the change in the labeled S21
coefficient because of ammonia adsorption, which is represented
by |DS21|. Eq. (6) is directly correlated with the percentage of the
sensor response.
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Fig. 5. (a) Variation in the S21 parameter induced by ammonia adsorption, (b) linear regression analysis of ammonia adsorption, (c) two-dimensional radiation gain 
distribution of the microwave sensor, (d) peak gain response under different ammonia concentrations, (e) repeatability assessment of the sensor, (f) gas selectivity evaluation.
GMGS: the radiation gain of MGS; Conc.: concentration; R2: the related coefficient.
Furthermore, gas selectivity is a key factor in evaluating the 
practical performance of a sensor. As shown in Fig. 5(f), selectivity 
analysis was conducted under the same conditions for four gases 
commonly produced during agricultural product spoilage (C3H6,
C2H4, CO2, and H2S) [30]. A multimeter was used to monitor the 
resistance variation of the sensor during the adsorption of different 
gases, revealing only minor resistance changes for the four inter-
fering gases. Moreover, compared with the sensor response per-
centage observed during ammonia adsorption, the response
percentages for the interfering gases were negligible. This finding
that the sensor exhibits significant selectivity toward ammonia,
with minimal cross-sensitivity to interfering gases.

3.2. Gas chromatographic analysis of volatile compounds in fresh meat
with quality deterioration

To elucidate the physicochemical characteristics underlying the 
sensory changes, gas chromatography–mass spectrometry 
(GC–MS) analysis was performed on the volatile compounds of 
fresh meat stored at 5 °C for 48 and 72 h. The experimental setup 
consists of a syringe, gas sampling bag, connector, and tubing. 
Fresh meat samples are placed in a sealed container and allowed 
to undergo natural spoilage. Volatile compounds released during
the decomposition process are extracted from the container using
a syringe. The syringe is connected to the gas sampling bag via a
connector and tubing, and the extracted gases are transferred into
the bag. The collected gas samples are analyzed using GC. As
shown in Fig. 6(a), the sensory properties of the meat significantly 
changed with prolonged storage: the color gradually shifted from 
bright red to dark red. The results of GC–MS revealed that the 
chromatographic peak intensities of typical volatile gases, such
as CO2, NH3, H2S, and CH4, increased gradually, indicating a signif-
icant increase in gas concentration during the spoilage process
(Fig. 6(b)). These compounds were closely correlate with the 
observed sensory deterioration, suggesting that changes in physic-
ochemical indicators can effectively reflect the decrease in meat
quality.
71
3.3. Analysis of temperature and humidity interference

To investigate the relationships between the environmental 
temperature and humidity and the zero-point frequency shift of 
the microwave gas sensor, a 7 d data collection experiment was 
conducted under simulated real-world conditions. To reduce the 
effect of random factors, the zero-point frequency shifts of four 
identical microwave sensors (S1, S2, S3, and S4) were recorded 
under the same conditions. The measured zero-point frequency 
shift corresponds to the S-parameters converted from radio fre-
quency electromagnetic waves, with the frequency shift unit
expressed in Hz. The experiment was performed in an
interference-free environment to eliminate the effect of nontarget
gases on the baseline frequency signal of the sensor. During data
collection, the temperature ranged from 5 to 25 °C, and the relative
humidity ranged between 40% and 80%. As shown in Figs. 7(a) and 
(b), a controlled variable method was employed to analyze the 
effects of temperature and humidity on the zero-point frequency
shift [31–33]. 

During actual measurements, as the temperature decreased 
from 25 to 5 °C and the relative humidity increased from 40% to 
80%, the sensor exhibited a frequency shift of 60 MHz in an ammo-
nia concentration range of 5–20 ppm, resulting in a sensitivity of 
4 MHz ppm −1. Compared with the indoor environment sensitivity
of 3 MHz ppm−1, the sensitivity error increased by a factor of
1.33. To further validate the effect of temperature and humidity
on the performance of the ammonia gas sensors (Fig. 7(c)), this 
study employed Pearson correlation analysis to evaluate the rela-
tionships between four sensors (S1, S2, S3, and S4) and environ-
mental variables, nam ely temperature and relative humidity.
The correlation coefficients are shown in Fig. 7(d), where 
|P| < 0.4 indicates weak correlation and |P| > 0.4 indicates a signif-
icant correlation. Statistical results indicate that the average corre-
lation coefficient for temperature interference is |P| = 0.56, and
with respect to humidity interference, |P| = 0.45, suggesting that
both temperature and humidity have a notable effect on sensor
performance.
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Fig. 6. (a) Sensory analysis of quality changes in chilled fresh meat during cold storage, (b) GC–MS analysis of volatile compounds.

Fig. 7. (a) Relative humidity interference analysis, (b) temperature interference analysis, (c) detection of volatile ammonia in fresh meat, (d) Pearson correlation analysis
between temperature, humidity, and sensor performance. T: temperature; RH: relative humidity.
3.4. Temperature and humidity compensation based on a BP neural
network

BP neural networks, a type of multilayer feedforward neural 
network, have notable advantages in handling complex nonlinear
fitting problems because of their unique architecture and learning
72
algorithm [34]. The output y of the sensor is affected by tempera-
ture and humidity, resulting in frequency drift. To eliminate this 
offset error e, the model must estimate and correct it, thereby 
obtaining the compensated ideal output ŷ. Specifically, the actual
output y of the sensor can be expressed as the sum of the ideal out-
put and the offset error.
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y y e 9

To train the temperature and humidity compensation model, an 
appropriate loss function is required to measure the difference 
between the predicted output of the model and the actual output 
of the model. A commonly used loss function is the mean squared
error (MSE), which helps the model to be continuously optimized
by decreasing the error but increasing the prediction accuracy.
The MSE is defined as follows:

E h 1 
2 

N 

i 1 
yi yi

2 10

where E(h) represents the loss function of the model, yi denotes the 
actual output of sample i (with offset); ŷi indicates the predicted
output of the model for sample i (compensated output), and N rep-
resents the number of samples.

In this study, a BP neural network is employed to construct a 
nonlinear mathematical model that maps temperature and humid-
ity to the zero-point frequency shift of the microwave sensor. The
network parameters are trained using the Levenberg–Marquardt
(L–M) algorithm, which is well-suited for optimizing nonlinear
models due to its efficient convergence and adaptability.

h0 JT J k I 
1 

J T e k 11

In the equation, h0 represents the correction increment, JT J 
denotes the second-order derivative matrix, I indicates the identity
matrix, k represents the damping factor, and e(k) denotes the itera-
tive error.

Using the BP neural network fitting toolbox in MATLAB, 
parameter training was conducted via the L–M algorithm. The 
training set has a temperature range of 5–25 °C and a humidity 
range of 40%–80% and consists of 6280 samples. The test set has 
a temperature range of 0–30 °C and a humidity range of 35%– 
85% and consists of 7000 samples. The BP neural network com-
prises an input layer, a hidden layer, and an output layer, and Sig-
moid and Purelin activation functions connect them. By adjusting
hidden layer neurons and weights, complex nonlinear models
can be accurately fit. The temperature and humidity were used
as two input layer neurons, whereas the predicted zero-point fre-
quency shift served as the output layer neuron (Fig. 8(a)). The 
final sensor output calibration effect achieved through the THBP
is shown in Fig. 8(b). During validation, the correction regression 
results of the zero-point frequency shift of the sensor under tem-
perature and humidity effects were analyzed. The correlation 
coefficients R of the training, test, and validation sets were greater 
than 0.950. These results strongly indicates that in the THBP,
there is a highly significant linear correlation between the input
variables (e.g., temperature and humidity) and the output vari-
ables (e.g., sensor-calibrated output).

To validate the effectiveness of the temperature and humidity 
compensation model, the previously mentioned dataset was used 
as the training set, whereas a dataset collected using the same 
method from December 4 to December 10, 2024, was used as the 
test set to validate the compensation effect. To evaluate the THBP
compensation model, its performance was compared with that of
BP neural network-based temperature (TBP), random forest-
based (RF), and SVM-based models (SVM). As shown in Fig. 9, both 
the TBP, RF, and SVM models slightly reduced the zero-point fre-
quency shift, whereas THBP significan tly suppressed drift fluctua-
tions. When the mean and standard deviation were used as
metrics (Table 1), all the models achieved some compensation 
effects, but THBP achieved the most stable results, reducing the 
drift to approximately 48 MHz (compared to the standard fre-
quency drift of 45 MHz) and decreasing the fluctuation amplitude
by 20%, increasing accuracy and reliability.
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3.5. Wireless monitoring of the quality of fresh meat

A nondestructive wireless detection system for monitoring 
meat spoilage based on a microwave antenna sensor is shown in
Fig. 10(a). The system consists of a wireless transmission module 
and a reception module. The transmission module comprises a 
microwave antenna sensor and VNA that serves as the excitation 
source. The reception module includes a receiving antenna, a spec-
trum analyzer, and a display terminal such as a computer, smart-
phone, or tablet. When volatile ammonia compounds released 
during the spoilage of fresh meat in the reaction chamber are
adsorbed onto the sensor surface, the VNA excites a radio fre-
quency signal. This signal is modulated by the sensor and subse-
quently received by the receiving antenna, which is then
transmitted to the spectrum analyzer. The data are ultimately ana-
lyzed via the terminal device, enabling wireless and non-
destructive detection of meat quality deterioration.

The receiving antenna operates in the 2.1–2.3 GHz frequency 
range, and the receiver has a sensitivity of −80 dBm. When the 
ambient ammonia concentration changes, the resonance frequency 
of the microwave sensor shifts accordingly. This signal is then 
wirelessly transmitted to the receiver and ultimately displayed
on the terminal device. In a wireless transmission system, factors
such as distance and obstacles affect the received signal strength.
Under free-space conditions, the received power PR can be calcu-
lated as follows [35]: 

PR 
k2 
RPTGMGSGR 

16p2 d2 12

where kR represents the transmission wavelength, PT denotes the 
transmitted power, GR indicates the receiving antenna gain, and d
represents the transmission distance. By combining Eqs. (5) and 
(12), the wireless microwave sensor model can be derived as
follows:

Conc 1 
a 

16p2d2 PR 

k2 P TGR
b 13

On the basis of Eq. (13) and the spectral analyzer measure-
ments, Fig. 10(b) shows that the concentration of volatile ammonia 
increases exponentially as the quality of fresh meat gradually dete-
riorates. The relationship between the received signal strength and
transmission distance is shown in Fig. 10(c). As the distance 
increases, the received signal strength decreases. At a noise floor 
of − 95 dBm, the transmission range of the wireless microwave sen-
sor is 12 m.

To apply the sensor to meet the complex real-world require-
ments of meat cold-chain transportation, which is characterized 
by diversity and high fat content, this study examined the release 
characteristics of VOCs during the spoilage of different meats. Typ-
ical interfering gases generated from high-fat contents were specif-
ically selected, and multiple gas concentration combinations were
designed for testing to investigate the effects of various interfering
gases on the accuracy of ammonia detection (Fig. 10(d)). Further-
more, for three representative meats (pork loin, beef loin, and 
chicken breast), the ammonia response percentages during spoi-
lage were measured to analyze the species-specific interference
effects of fat oxidation products on ammonia detection under dif-
ferent fat content conditions. As shown in Fig. 10(e), in chickens, 
the high-fat wing has the greatest response to ammonia, whereas 
the low-fat breast has the lowest response; in contrast, with 
response to pork and beef, the low-fat cuts have greater responses. 
This difference is attributed primarily to the volatile gases gener-
ated during fat degradation. High-fat portions release large
amounts of volatile fatty acids and other organic compounds dur-
ing spoilage, which dilute the local ammonia concentration and
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Fig. 8. (a) Zero-frequency shift compensation model based on THBP compensation, (b) correlation coefficients of the training, testing, and validation datasets. Y: predicted
value; H: humidity; T: temperature.

Fig. 9. Comparison of the performance of the zero-frequency shift compensation model.

Table 1 
Characteristics of zero-point frequency shift compensation for different models.

Model Mean Standard deviation Mean deviation amplitude (MHz)

Original 0.05 0.027 60 
TBP 0.04 0.020 55 
SVM 0.35 0.017 53 
RF 0.28 0.014 50 
THBP 0.23 0.011 48
consequently reduce the response of the sensor to ammonia. In 
addition, the authors conducted an in-depth analysis of the impact
of different packaging media on the stability of radio frequency sig-
nals. As shown in Fig. 10(f), because the radio frequency signals 
used in this study operate in the microwave frequency range, their 
propagation is relatively less affected by packaging materials such
as plastic, cardboard, and acrylic. Consequently, the signals exhibit
superior transmission stability under these conditions.

In practical applications, the microwave sensor is installed 
inside a reaction chamber located 5 m away from the receiving
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antenna. As the meat quality deteriorates, the receiving antenna 
captures variations in the signal of the sensor. The ammonia con-
centration is derived on the basis of the wireless microwave sensor
model, and the temperature and humidity compensation module
on the PC further corrects rectifies the readings (Figs. 10(g) and 
(h)). After compensation, the sensor sensitivity reaches 
3.07 MHz ppm−1 , and the error concentration is reduced to
0.06 ppm, increasing the ammonia detection accuracy by 31.11%.

4. Conclusi ons

To address frequency drift in MGSs caused by temperature and 
humidity fluctuations in complex environments, this study pro-
poses a compensation algorithm that integrates Pearson correla-
tion analysis with a BP neural network. This method enables 
effective modeling, analysis, and correction under various environ-
mental conditions. Under low-temperature and high-humidity
conditions, the sensor has advantages such as rapid response, short
recovery time, high selectivity, excellent repeatability, and strong
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Fig. 10. (a) Wireless ammonia detection system, (b) sensor comparison test, (c) impact of wireless transmission distance on signal integrity, (d) analysis of cross-talk 
interference caused by volatile gases from high-fat meat spoilage, (e) percentage of ammonia cross-talk response in meats with varying fat contents, (f) effect of obstacle
blockage on transmission signal, and (g, h) comparison of 3D heatmap (g) before and (h) after temperature and humidity compensation. T: temperature; H: Humidity
long-term stability. Compared with the TBP compensation model 
and the SVM-based temperature and humidity compensation 
model, the proposed approach achieves excellent compensation 
performance. The experimental results further reveal a distinct lin-
ear relationship between the radiation gain of the microwave sen-
sor and the ammonia concentration. By incorporating a wireless 
transmission power model, a wireless microwave gas sensing sys-
tem was developed, achieving high-precision wireless ammonia 
detection over a maximum range of 12 m. This capability satisfies
the requirements for detecting volatile ammonia associated with
the quality deterioration of fresh meat during logistics, warehous-
ing, and transportation. Future research will focus on further
miniaturization of the sensing system, improved multi-gas dis-
crimination capabilities, and deployment in various real-world
supply chain environments to ensure comprehensive food safety
and quality control.
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