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	 Rainfall-related risks can disrupt agricultural activities, while conventional threshold-based 
warning systems may produce abrupt decisions near predefined boundaries and inadequately 
represent uncertainty among weather variables. In this study, we developed an Internet of Things 
(IoT)-based rainfall-risk alert system using a Mamdani fuzzy inference system implemented on 
a low-cost ESP32 platform. Hourly rainfall, relative humidity, and hourly atmospheric pressure 
change were used to classify conditions into Safe, Warning, and Danger levels. A publicly 
available weather dataset recorded at 10 min intervals was aggregated into 8780 complete hourly 
samples. Because only 67 samples belonged to the Danger class, a conditional Wasserstein 
generative adversarial network with gradient penalty (WGAN-GP) generated additional 6220 
samples for rare-class and boundary-condition stress testing, producing a balanced dataset of 
15000 samples. The ESP32 implementation reproduced the MATLAB reference without 
implementation-induced label differences across the evaluated datasets, indicating the consistent 
transfer of the Mamdani fuzzy model to a resource-constrained embedded platform. For the 
combined dataset, the defuzzified outputs produced a mean absolute error of 7.2458 × 10−5 and a 
root mean square error of 1.3630 × 10−4. A conventional threshold-based baseline achieved 
69.987% agreement and a Macro-F1 score of 69.801%. The active buzzer, Message Queuing 
Telemetry Transport (MQTT), and Telegram channels achieved 100% success during controlled 
experiments. These findings confirm the implementation consistency and communication 
feasibility of the proposed prototype, although field-level predictive validity requires further 
evaluation.

1.	 Introduction

	 Environmental variability, especially of rainfall, relative humidity, and atmospheric pressure, 
has a strong effect on agricultural activities. Heavy or untimely rains may disrupt irrigation 
scheduling, field operations, crop protection, harvesting, and access to cultivated areas. 
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Therefore, continuous environmental monitoring and timely warnings are important to support 
agricultural decision-making. In this context, smart farming merges environmental sensing, 
information processing, automation, and decision support to enhance agricultural management 
and resource efficiency.(1,2)

	 IoT allows sensors, embedded processors, communication networks and user applications to 
operate as a single monitoring system. IoT platforms have been employed in irrigation 
management, greenhouse monitoring, soil assessment, and environmental forecasting.(3–7) Edge 
processing is particularly suitable for early-warning applications where environmental data can 
be processed near the monitoring site without relying completely on continuous cloud 
computation. Moreover, wireless technologies such as Wi-Fi and Long Range Wide Area 
Network (LoRaWAN) enable measurements and alerts to be transmitted to remote platforms and 
end users. These functions indicate that an IoT warning system should integrate sensing, 
decision-making, communication, and information delivery rather than operate only as a data-
acquisition device.
	 Many environmental monitoring systems use fixed thresholds to classify conditions as 
normal or hazardous. Although threshold-based rules are computationally simple, they produce 
abrupt transitions near predefined boundaries. Consequently, two observations with only a small 
numerical difference may be assigned to different warning levels. This limitation becomes more 
important when several environmental variables simultaneously affect the decision. In contrast, 
fuzzy inference represents variables using overlapping membership functions and combines 
them through interpretable linguistic rules. Therefore, fuzzy methods have been applied to 
agricultural monitoring, irrigation scheduling, and precision water management to represent 
gradual relationships among environmental inputs.(8–10) More recently, fuzzy inference has also 
been implemented on IoT and embedded platforms to support real-time agricultural decision-
making.(11,12)

	 Nevertheless, transferring a fuzzy inference system from a software environment to a 
microcontroller requires careful validation. Differences in floating-point precision, membership-
function evaluation, rule aggregation, and centroid discretization may produce small numerical 
differences between embedded and reference implementations. Therefore, functional operation 
alone is insufficient to demonstrate implementation consistency. Instead, identical input samples 
should be evaluated using both implementations, and class agreement should be complemented 
by numerical error metrics for the defuzzified outputs.
	 Another challenge is the limited availability of observations representing hazardous 
environmental conditions. Weather datasets generally contain more normal and moderate 
observations than extreme cases, which can restrict the evaluation of minority risk classes. Data 
availability and model generalization remain important concerns in intelligent agricultural 
systems.(13) Class imbalance can further restrict the evaluation of minority conditions, motivating 
the use of agricultural generative adversarial network (GAN)-based augmentation.(14,15) 
However, synthetic observations should not be interpreted as replacements for independent field 
measurements. Accordingly, the generated samples in this study are used only for rare-class and 
boundary-condition stress testing, while observational and synthetic subsets are evaluated 
separately.
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	 Communication performance is also essential in an IoT warning system. Successful message 
publication does not necessarily guarantee that an alert is received without loss, duplication, or 
excessive delay. Thus, IoT architectures should be evaluated not only in terms of connectivity 
but also through delivery and network-performance metrics. In previous studies, integrated 
sensing and communication for agricultural resource management have been emphasized.(16) 

Communication performance has also been evaluated using packet reception, packet loss, delay, 
throughput, jitter, and received signal strength in LoRa–Message Queuing Telemetry Transport 
(MQTT) networks.(17)

	 Despite these advances, several problems remain. First, embedded fuzzy systems are often 
demonstrated functionally without detailed numerical validation against their original software 
reference. Second, fuzzy approaches are not always compared with conventional threshold-
based methods using identical input samples. Third, rare hazardous conditions are frequently 
underrepresented in observational datasets, limiting the evaluation of minority classes. Finally, 
alert communication is commonly presented as a system feature without the quantitative 
assessment of message reception, duplication, and latency. Taken together, the reviewed 
literature suggests that fuzzy decision-making, embedded validation, imbalanced-data 
treatment, and communication analysis have generally been investigated as separate components.
	 To address these problems, in this study, we propose an IoT-based rainfall-risk alert system 
using a Mamdani fuzzy inference system implemented on an ESP32. Hourly rainfall, relative 
humidity, and 1 h atmospheric pressure change are used to classify conditions into Safe, 
Warning, and Danger levels. A publicly available weather dataset recorded at 10 min intervals is 
processed into complete hourly observations, and conditional GAN-based augmentation is used 
to supplement the rare Danger class for stress testing. The ESP32 implementation is evaluated 
row by row against a MATLAB reference to verify that the Mamdani fuzzy model can be 
reproduced consistently on a low-cost embedded platform with limited RAM and Flash memory. 
Class agreement, Macro-F1, mean absolute error (MAE), and root mean square error (RMSE) 
are used to identify possible implementation-induced differences. In addition, a conventional 
threshold-based classifier is evaluated using identical input samples. Finally, the active buzzer, 
MQTT, and Telegram channels are quantitatively assessed using execution success, message-
delivery rate, duplication, and latency metrics. Thus, the principal contribution of this study is an 
integrated experimental framework for evaluating fuzzy decision consistency, embedded 
implementation, rare-class robustness, and multichannel IoT alert delivery. The specific 
objectives are therefore twofold: (i) to verify that the ESP32 implementation reproduces the 
MATLAB Mamdani fuzzy model with negligible numerical deviation and (ii) to characterize 
the feasibility of the multichannel alert communication under controlled conditions. Establishing 
the independently validated, field-level predictive accuracy of the rainfall-risk classification 
itself is treated as a distinct objective for future work rather than a claim of the present study.
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2.	 Data, Materials, and Methods

2.1	 System architecture and weather data preprocessing

	 Figure 1 shows the complete processing flow of the proposed IoT-based rainfall-risk alert 
system. In a practical deployment, rainfall, relative humidity, and atmospheric pressure are 
measured by environmental sensors. In this study, the sensor data stream was represented by the 
publicly available Weather Long-term Time Series Forecasting dataset obtained through 
Kaggle.(18) The raw dataset contained 52696 records. After chronological sorting, one duplicate 
timestamp and incomplete hourly windows caused by a 100 min recording gap were excluded. 
Only hours containing six complete 10 min observations and a complete preceding hour were 
retained. Hourly rainfall was calculated as the sum, relative humidity as the mean, and Pt as the 
final pressure measurement within each hour. This preprocessing produced 8780 hourly 
samples. In practical deployment, rainfall, relative humidity, and atmospheric pressure are 
measured as standard meteorological variables using environmental instruments.(19)

Fig. 1.	 (Color online) Overall system architecture and weather-data preprocessing flow of the proposed IoT-based 
rainfall-risk alert system.
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	 The sensor measurements were first converted into hourly input variables. Hourly rainfall 
was obtained by summing six consecutive rainfall measurements,
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whereas hourly relative humidity was calculated as their mean:
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	 The 1 h atmospheric pressure change was calculated from two consecutive hourly pressure 
values as

	 1t t tP P P−∆ = − .	 (3)

Here, Rt, Ht, and ΔPt represent hourly rainfall, mean relative humidity, and 1 h atmospheric 
pressure change, respectively. Only hours containing six complete 10 min observations were 
retained, resulting in 8780 hourly samples.
	 Each hourly input vector (Rt, Ht, ΔPt) was then processed by the Mamdani fuzzy inference 
system implemented on the ESP32. The ESP32 evaluated the membership functions, activated 
the fuzzy rules, aggregated the rule outputs, and performed centroid defuzzification. The 
resulting crisp value was classified as Safe, Warning, or Danger.
	 The ESP32 generated local and remote warnings when a Warning or Danger condition was 
detected. The alert was published via an MQTT broker to an ESP32 subscriber connected to an 
active buzzer. A remote notification was sent via Telegram Bot API. At the same time, the 
MATLAB reference model was fed with the same hourly inputs and the results from the ESP32 
were compared to assess the implementation consistency. 

2.2	 Mamdani fuzzy inference system

	 Previous fuzzy weather studies have used rainfall together with relative humidity, 
atmospheric pressure, temperature, and other meteorological variables for rainfall or flood 
classification.(20–22) Related fuzzy-IoT agricultural research also supports interpretable 
embedded decision-making.(23) Therefore, the membership-function breakpoints were 
determined by considering the literature, the observed data ranges, and the need for overlap 
between adjacent linguistic terms. These values were used as operational model parameters 
rather than universal meteorological thresholds.
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	 The Mamdani fuzzy inference system (FIS) used hourly rainfall Rt, hourly mean relative 
humidity Ht, and 1 h atmospheric pressure change​ ΔPt as inputs. Rainfall and humidity were 
divided into Low, Medium, and High sets, whereas pressure change was divided into HighDrop, 
Normal, and LowChange sets. The output alert score was represented by Safe, Warning, and 
Danger sets. Table 1 shows the membership-function parameters used identically in MATLAB 
and the ESP32. The same parameter values and 11-rule structure were retained in both 
implementations.
	 Table 1 presents the membership-function parameters used for the three input variables and 
the output alert score. Trapezoidal functions were assigned to the boundary linguistic terms to 
maintain full membership near the limits of each variable, whereas triangular functions were 
used for the intermediate terms. The overlapping regions allow an input value to belong partially 
to two adjacent categories, thereby producing gradual transitions instead of abrupt threshold 
changes.
	 The rainfall, relative humidity, atmospheric pressure change, and output thresholds were 
adopted from previous fuzzy rainfall and meteorological studies.(19–22) These thresholds were 
retained in the present study to enable a consistent evaluation using the new observational 
dataset. Because these parameters and rule thresholds were adopted directly from the cited 
literature and were not tuned or re-estimated using the present dataset, the observational data 
were not required for parameter or rule development, and the full dataset could be reserved for 
implementation validation and testing.
	 Algorithm 1 shows the hourly rainfall-risk alert generation procedure implemented in both 
MATLAB and the ESP32. The procedure receives hourly rainfall, relative humidity, and air 
pressure measurements, applies the Mamdani fuzzy rules, performs centroid defuzzification, 
and assigns the resulting output to the Safe, Warning, or Danger class.
	 The same membership functions, rule base, inference operators, output discretization, and 
alert boundaries were used in both implementations to ensure a consistent comparison between 
MATLAB and the ESP32.

Table 1 
Membership-function parameters.
Variable Linguistic term Type Parameters

Rainfall, (Rt) (mm/h)
Low Trapezoidal ([0,0,1,2])

Medium Triangular ([1.5,3,4.5])
High Trapezoidal ([4,5,50,50])

Humidity, (Ht) (%)
Low Trapezoidal ([0,0,55,65])

Medium Triangular ([60,70,80])
High Trapezoidal ([75,85,100,100])

Pressure change, (ΔPt) (hPa/h)
HighDrop Trapezoidal ([−6,−6,−4.2,−3])

Normal Triangular ([−4,−2.5,−0.8])
LowChange Trapezoidal ([−1.5,−0.5,10,10])

Alert score, (y)
Safe Trapezoidal ([0,0,25,45])

Warning Triangular ([35,55,75])
Danger Trapezoidal ([65,80,100,100])
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For each rule k, the firing strength was calculated from the minimum membership degree of its 
antecedents as 

	 ( ) ( ) ( )
,1 ,2 ,3

min , ,
k k kk A t A t A tR H Pα µ µ µ = ∆  .	 (4)

The consequent of each activated rule was clipped in accordance with ak, and all rule outputs 
were combined using the maximum aggregation operator, as defined by
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The aggregated output was then converted into a crisp alert score through centroid 
defuzzification over 1001 discrete points in the output range from 0 to 100, as follows.
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Algorithm 1
Hourly rainfall-risk alert generation.
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Finally, the defuzzified score was converted into the Safe, Warning, or Danger class using the 
following boundaries:
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When no rule was activated, the denominator in Eq. (6) became zero; therefore, both MATLAB 
and the ESP32 assigned y* = 0, corresponding to the Safe class.
	 Table 2 shows the 11 Mamdani if–then rules used to relate the three weather inputs to the 
alert level. The rules were designed to emphasize high rainfall and pronounced pressure drops as 
higher-risk conditions, while low rainfall and low humidity were generally associated with Safe 
conditions. The term “Any” indicates that the corresponding variable was not included in the 
antecedent of that rule.
	 The same rule base was implemented in MATLAB and the ESP32. Therefore, in the 
subsequent validation, two implementations of the same fuzzy model were compared rather than 
two different decision structures.

2.3	 GAN-based data augmentation

	 The observational dataset was highly imbalanced, with 4226 Safe, 4487 Warning, and only 
67 Danger samples. A conditional Wasserstein generative adversarial network with gradient 
penalty (WGAN-GP) was therefore used to generate rainfall, relative humidity, and atmospheric 
pressure change for rare-class augmentation.(14,15,24) The model used class-balanced minibatches, 
a latent dimension of 16, a batch size of 256, 1200 training steps, and a random seed of 20260712. 
After calibration and screening based on physical ranges, FIS-label consistency, and duplicate 
detection, 774 Safe, 513 Warning, and 4933 Danger samples were retained. The synthetic records 
were used only for implementation stress testing, not as substitutes for field observations or 

Table 2 
Mamdani fuzzy rule base.
Rule Rainfall Humidity Pressure change Alert
R1 High Any Any Danger
R2 High Any HighDrop Danger
R3 Medium Low LowChange Safe
R4 Medium Medium LowChange Warning
R5 Medium High LowChange Warning
R6 Medium High HighDrop Danger
R7 Low Low Any Safe
R8 Low High LowChange Warning
R9 Low Medium Normal Warning
R10 Low High Normal Danger
R11 Low Any HighDrop Danger
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time-series forecasting. Because a generated sample was retained only when it conformed to the 
predefined fuzzy model, this screening procedure is circular by construction and does not 
constitute the independent validation of the WGAN-GP outputs; it is used here solely to verify 
that both implementations behave consistently on stress-test inputs.
	 The WGAN-GP critic and generator losses were defined following the gradient-penalty 
formulation proposed by Gulrajani et al.(24)

	 ( ) ( ) ( )( )2ˆ 2, ˆ, | , | 1xD x c D x c D x cλ     = − + ∇ −      
    	 (8)

	 ( ),D x c = −    	 (9)

Here, x and x  denote observational and generated samples, respectively, c is the class condition, 
and λ is the gradient-penalty coefficient.
	 The target was set to 5000 samples per class. Thus, 774 Safe, 513 Warning, and 4933 Danger 
samples were generated, resulting in 6220 synthetic samples and a balanced combined dataset 
of 15000 samples, as shown in Table 3.
	 The generated samples were screened using physical-range checks, class-wise Kolmogorov–
Smirnov (KS) statistics, Wasserstein distances, FIS-label consistency, and duplicate detection. 
The consistency rate was calculated as

	 100%consistent

evaluated

NCR
N

= × .	 (10)

All retained samples satisfied the FIS-label consistency criterion, yielding a consistency rate of 
100%, and no exact duplicates were detected. The synthetic samples were used for rare-class 
and boundary-condition stress testing rather than as substitutes for independent field 
observations. Consequently, the observational and GAN-generated subsets were evaluated 
separately during MATLAB–ESP32 validation.

2.4	 Experimental implementation and validation

	 Figure 2 shows the experimental implementation and validation flow. The Mamdani fuzzy 
system was implemented in MATLAB and on the ESP32 using identical membership functions, 

Table 3 
Composition of the observational and GAN-augmented datasets.
Class Observational GAN-generated Combined
Safe 4,226 774 5,000
Warning 4,487 513 5,000
Danger 67 4,933 5,000
Total 8,780 6,220 15,000
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11 rules, inference operators, output discretization, fallback handling, and alert boundaries. A 
similar integration of fuzzy logic and IoT has been demonstrated in agricultural monitoring and 
control systems.(23)

	 MATLAB was used as the reference implementation because it provides a standardized 
environment for designing and validating Mamdani fuzzy inference systems, whereas the 
ESP32 executes the same inference on a low-cost embedded platform with limited RAM and 
Flash memory. Although identical membership functions and fuzzy rules were implemented, 
differences in floating-point precision, manual membership-function evaluation, and discrete 
centroid computation could introduce implementation-level numerical deviations. Therefore, the 
comparison was performed to verify that the embedded implementation faithfully reproduced 
the MATLAB reference rather than to assess the accuracy of the fuzzy model itself.
	 For each sample, MATLAB sent the input vector (Rt, Ht, ΔPt) to the ESP32 through a serial 
connection at 115200 baud. The ESP32 returned the defuzzified score and alert label. These 
outputs were compared row by row using 8,780 observational samples, 6220 GAN-generated 
samples, and the combined dataset of 15000 samples.
	 A conventional threshold-based classifier was evaluated using the same inputs. Danger was 
assigned when rainfall exceeded 4 mm/h. Warning was assigned when rainfall was at least 2 
mm/h, relative humidity was at least 65%, or pressure change was at most −1.5 hPa/h. All other 

Fig. 2.	 (Color online) Experimental implementation and validation flow.
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conditions were classified as Safe. The resulting labels were compared with the MATLAB fuzzy 
reference.
	 The communication experiments used 300 samples for MQTT and buzzer testing and 60 
samples for Telegram and buzzer testing. MQTT messages were transmitted through the public 
HiveMQ broker and recorded by a Python subscriber. Telegram notifications were sent through 
the Telegram Bot API. Message reception, duplication, latency, buzzer activation, and Wi-Fi 
signal strength were recorded. Similar communication metrics, including latency and data loss, 
have been used to evaluate MQTT-based agricultural IoT systems.(17,25)

2.5	 Evaluation metrics

	 The MATLAB output was used as the reference for evaluating the computational consistency 
of the ESP32 implementation and the conventional threshold-based baseline. Label agreement 
was calculated as

	 100%matchNAgreement
N

= × ,	 (11)

where Nmatch is the number of samples with identical labels and N is the total number of 
evaluated samples.
	 The precision and recall for alert class c were calculated as

	 c
c

c c

TPP
TP FP

=
+

,	 (12)

	 c
c

c c
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=
+

,	 (13)

where TPc, FPc, and FNc denote the true-positive, false-positive, and false-negative counts for 
class c, respectively. The class-wise F1 score was calculated as

	
21 c c

c
c c

P RF
P R

=
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	 The Macro-F1 score was obtained by averaging the F1 scores of the Safe, Warning, and 
Danger classes.
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	 Differences between the defuzzified MATLAB and ESP32 outputs were evaluated using 
MAE and RMSE.

	 32
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N =
= −∑ 	 (16)
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	 Communication performance was evaluated using the success rate:

	 100%successful

tested

N
Success Rate

N
= × ,	 (18)

where Nsuccessful is the number of successful buzzer activations, MQTT transmissions, or 
Telegram API responses. The MQTT delivery rate was calculated as

	 100%received

published

NDelivery Rate
N

= × .	 (19)

	 The latency of test i was calculated as

	 end start
i i iL t t= − .	 (20)

	 For MQTT, latency represented the approximate one-way interval between message 
transmission by the ESP32 and reception by the Python subscriber. For Telegram, it represented 
the interval between sending the API request and receiving the HTTP response. Buzzer latency 
represented the local interval between the alert command and the buzzer activation. The mean, 
median, 95th percentile, and maximum latency were reported. MQTT duplicates and the average 
Wi-Fi received signal strength indicator were also recorded. Agreement, Macro-F1, MAE, and 
RMSE represent consistency with the MATLAB reference and should not be interpreted as real-
world rainfall-prediction accuracy.

3.	 Results and Discussion

3.1	 Dataset characteristics and GAN augmentation results

	 The observational dataset was heavily imbalanced with 4226 Safe samples, 4487 Warning 
samples, and only 67 Danger samples. Thus, the Danger class represented approximately 0.76% 



Sensors and Materials, Vol. 38, No. 11 (2026)	 6427

of the 8780 observational samples. After conditional WGAN-GP augmentation and screening, 
774 Safe, 513 Warning, and 4933 Danger samples were retained. The resulting combined dataset 
contained 5000 samples per class and 15000 samples in total.
	 All retained synthetic samples remained within the accepted variable ranges. The generated 
rainfall values ranged from 0 to 26.945 mm/h, relative humidity from 26.813 to 100%, and 1 h 
atmospheric pressure change from −2.591 to 2.170 hPa/h. The corresponding observational 
ranges were 0–27 mm/h, 21.985–100%, and −2.620–3.330 hPa/h, respectively. Table 4 presents 
the class-wise comparison between the observational and GAN-generated samples.
	 The KS statistics ranged from 0.003 to 0.225, with the largest deviation observed for 
Warning-class rainfall. Wasserstein distances were generally small relative to the measurement 
range of each variable, although Danger-class humidity showed a larger difference, likely owing 
to the limited number of observational Danger samples. Following previous agricultural studies 
on GAN-based augmentation,(14,15) the generated weather samples were screened using physical-
range checks, distributional comparison, FIS-label consistency, and duplicate detection before 
retention.
	 All retained synthetic samples matched the corresponding conditioning classes, yielding a 
100% consistency rate, with no exact duplicates detected. However, this result does not establish 
meteorological accuracy because label consistency was part of the screening procedure, and the 
Danger class was derived from only 67 observational samples. The balanced dataset was 
therefore suitable for implementation stress testing.
	 Future research should include collecting additional field observations, particularly for the 
Danger class, and evaluating the augmentation procedure across different seasons, locations, and 
weather patterns. Overall, the WGAN-GP augmentation produced a balanced and screened 
dataset suitable for use in implementation stress testing, with the separate reporting of 
observational and synthetic subsets to avoid treating the generated samples as equivalent to 
independent field measurements.

Table 4 
Class-wise observational and GAN-generated samples.

Class Feature Observational 
mean ± SD GAN mean ± SD KS statistic Wasserstein 

distance
Safe Rainfall (mm/h) 0.008 ± 0.084 0.006 ± 0.058 0.003 0.002
Safe Humidity (%) 56.091 ± 13.038 56.992 ± 12.440 0.048 1.108
Safe Pressure change (hPa/h) −0.029 ± 0.430 −0.100 ± 0.465 0.067 0.070
Warning Rainfall (mm/h) 0.084 ± 0.370 0.134 ± 0.414 0.225 0.051
Warning Humidity (%) 87.742 ± 8.201 88.523 ± 7.556 0.074 1.039
Warning Pressure change (hPa/h) 0.033 ± 0.469 −0.021 ± 0.477 0.045 0.056
Danger Rainfall (mm/h) 3.142 ± 4.746 3.186 ± 4.469 0.039 0.230
Danger Humidity (%) 85.341 ± 11.634 86.930 ± 8.314 0.120 1.876
Danger Pressure change (hPa/h) −0.774 ± 0.921 −0.796 ± 0.864 0.059 0.075
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3.2	 ESP32–MATLAB validation and baseline comparison

	 The ESP32 implementation consistently reproduced the MATLAB fuzzy reference across all 
evaluated datasets. As summarized in Table 5, no implementation-induced label differences 
were observed between the desktop and embedded implementations, resulting in identical 
classifications and a Macro-F1 score of 100%. The negligible MAE and RMSE values further 
indicate that implementation-level numerical effects did not alter the resulting alert 
classifications.
	 For the combined dataset, the ESP32–MATLAB comparison produced an MAE of  
7.2458 × 10−5 and an RMSE of 1.3630 × 10−4. Although the GAN-generated subset showed 
slightly larger errors than the observational subset, the deviations remained too small to alter any 
alert label. These minor differences were attributed to floating-point precision, membership-
function evaluation, rule aggregation, and discrete centroid calculation, confirming the 
consistent reproduction of the MATLAB fuzzy decisions on the ESP32.
	 No implementation-induced label differences were observed between the ESP32 and the 
MATLAB reference across the evaluated datasets. The identical classifications indicate that the 
embedded implementation preserved the intended Mamdani fuzzy decision process despite the 
computational constraints of the low-cost ESP32, including its limited RAM and Flash memory. 
The corresponding MAE and RMSE values remained negligible, confirming implementation 
consistency between the desktop and embedded implementations. 
	 Figure 3 shows the ESP32 implementation and the conventional threshold-based baseline 
using label agreement and Macro-F1. The ESP32 reproduced the MATLAB reference 
consistently across all datasets, whereas the threshold baseline achieved agreement rates of 
83.861, 50.402, and 69.987% for the observational, GAN-generated, and combined datasets, 
respectively, with corresponding Macro-F1 scores of 74.404, 54.074, and 69.801%. The larger 
difference on the GAN-generated subset shows that the fixed thresholds led to different 
classifications for the rare and boundary-condition samples, while overlapping fuzzy 
membership functions allowed for more gradual transitions between alert levels.(10,12,23)

	 A total of 1633 samples activated no fuzzy rule and were therefore assigned y* = 0 and 
classified as Safe by both MATLAB and the ESP32. Although this preserved implementation 
agreement, it indicates incomplete rule coverage. Moreover, the evaluated datasets contained no 
pressure changes below −3 hPa/h, so the HighDrop-related rules were not activated. In future 

Table 5 
ESP32–MATLAB validation and threshold baselines.

Dataset Samples
ESP32–

MATLAB 
agreement (%)

Macro-F1 
(%) MAE RMSE

Threshold–
MATLAB 

agreement (%)

Threshold 
Macro-F1 

(%)
Observational 8780 100 100 2.8445 × 10−5 6.4515 × 10−5 83.861 74.404
GAN-generated 6220 100 100 1.3459 × 10−4 1.9729 × 10−4 50.402 54.074
Combined 15000 100 100 7.2458 × 10−5 1.3630 × 10−4 69.987 69.801
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work, the rule base should be expanded and stronger pressure-drop conditions should be 
evaluated using field observations.
	 The baseline results should not be interpreted as evidence that the fuzzy model was 
meteorologically more accurate. Both the agreement and Macro-F1 values were calculated using 
the MATLAB fuzzy output as the reference rather than independently labeled rainfall-risk 
events. Moreover, the samples generated by the GAN were filtered and conditioned on the fuzzy 
classes. Consequently, the comparison primarily demonstrates differences between fuzzy 
reasoning and conventional hard-threshold classification.
	 In future work, both decision methods should be validated against independently labeled field 
events, and their ability to identify actual hazardous rainfall conditions should be assessed. The 
results show that, in general, the ESP32 can reproduce the MATLAB Mamdani fuzzy model 
with small numerical error, while the traditional threshold method provides very different 
decisions, especially for rare and boundary-condition samples.

3.3	 Alert communication performance

	 The local and remote alert channels were evaluated using 300 MQTT trials and 60 Telegram 
trials. All MQTT messages were received successfully by the subscriber, all Telegram requests 
returned successful HTTP responses, and the buzzer was activated in every test. The 
communication and local-alert performance are summarized in Table 6.
	 In the MQTT experiment, all 300 published messages were received by the Python 
subscriber, resulting in a delivery rate of 100%. Each message was assigned a unique test 
identifier and there were no duplicate messages. The mean approximate one-way latency was 
4701.837 ms, with a median of 4556 ms, a 95th-percentile value of 5902.1 ms, and a maximum of 
6453 ms.

Fig. 3.	 (Color online) Results of ESP32 implementation and conventional threshold-based baseline with the 
MATLAB fuzzy reference: (a) label agreement and (b) Macro-F1 score for the observational, GAN-generated, and 
combined datasets.

(a) (b)
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	 Figure 4 presents the trial-by-trial latency measurements for the two remote communication 
channels. The MQTT results showed greater fluctuation than the Telegram API response times. 
However, the MQTT latency was calculated using transmission and reception timestamps 
recorded on separate devices. Consequently, the values may include clock offset in addition to 
public-broker routing and Internet delay. The MQTT results should therefore be interpreted as 
approximate one-way end-to-end latency rather than broker-processing latency. In the Telegram 
experiment, all 60 requests returned HTTP status code 200, yielding a success rate of 100%. The 
mean API response latency was 2014.8 ms, while the median, 95th-percentile, and maximum 
latencies were 2019.5, 2229.5, and 2745 ms, respectively. These values represent the interval 
between sending a request to the Telegram Bot API and receiving the HTTP response. They do 
not represent the time required for a notification to appear on the user’s device or for the user to 
read it.
	 Figure 5 presents examples of the Telegram notifications generated for Warning and Danger 
conditions. Each message includes the input measurements, defuzzified output, alert status, and 
corresponding recommended action. The displayed messages confirm that the fuzzy 
classification results were converted into readable remote notifications containing both the 
measured conditions and the recommended response.
	 The active buzzer also responded successfully in every trial. The mean buzzer command 
latency was determined to be 6.82 µs during the MQTT experiment and 7.90 µs during the 
Telegram experiment. The corresponding maximum values were 14 and 8 µs, respectively. 
Compared with the remote communication delays, the local buzzer latency was negligible. 
Because the buzzer measurements were nearly constant and several orders of magnitude smaller 
than the network latencies, they were summarized in Table 6 rather than included in Fig. 4.
	 The mean Wi-Fi received signal strength was determined to be −78.85 dBm during the 
MQTT experiment and −75.92 dBm during the Telegram experiment. Despite these signal 
conditions, no MQTT message loss, message duplication, Telegram request failure, or buzzer 
activation failure was observed during the controlled tests.
	 MQTT-based communication has also been evaluated in previous studies using delivery rate, 
latency, and message-loss indicators.(17,25) However, direct numerical comparison with previous 
results is limited because broker location, broker type, MQTT quality-of-service level, payload 
size, network conditions, synchronization method, and latency definition may differ among 
experiments. Therefore, the present communication results are primarily used to demonstrate 
the feasibility and consistency of the prototype rather than to claim superior network 
performance.

Table 6 
Performance of the alert communication channels.

Alert channel Trials Success or 
delivery rate (%)

Mean 
latency

Median 
latency

P95 
latency

Maximum 
latency

Mean RSSI 
(dBm)

MQTT message delivery 300 100 4701.837 ms 4556 ms 5902.1 ms 6453 ms −78.85
Telegram API response 60 100 2014.8 ms 2019.5 ms 2229.5 ms 2745 ms −75.92
MQTT-associated buzzer 300 100 6.82 µs 7 µs 7 µs 14 µs —
Telegram-associated buzzer 60 100 7.90 µs 8 µs 8 µs 8 µs —
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Fig. 4.	 (Color online) Trial-by-trial latency measurements during the alert communication experiments: (a) 
approximate MQTT one-way latency for 300 messages and (b) Telegram Bot API response latency for 60 requests. 
The dashed and dotted horizontal lines indicate the mean and 95th-percentile values, respectively.

(a) (b)

Fig. 5.	 (Color online) Examples of Telegram notifications generated for Warning and Danger conditions.
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	 The 100% success rates obtained in these experiments should not be generalized to long-term 
agricultural deployment. Future testing should include longer observation periods, synchronized 
device clocks, different Wi-Fi signal levels, varying Internet conditions, multiple MQTT quality-
of-service settings, and comparisons between public, private, and local brokers. Overall, the 
local buzzer provided immediate on-site warnings, whereas MQTT and Telegram successfully 
delivered remote notifications in all controlled trials.

4.	 Practical Implications and Limitations

	 The proposed system demonstrates the feasibility of implementing a Mamdani fuzzy rainfall-
risk model on a low-cost ESP32 platform. Local fuzzy inference and buzzer activation provide 
immediate on-site warnings, while MQTT and Telegram enable remote notification. No 
implementation-induced label differences were observed between the ESP32 and the MATLAB 
reference for the observational, GAN-generated, and combined datasets. The negligible MAE 
and RMSE values further indicate that implementation-level numerical effects did not alter the 
resulting Safe, Warning, or Danger classifications, confirming implementation consistency 
between the desktop and embedded implementations. The results presented herein support the 
use of fuzzy inference on resource-constrained hardware for agricultural monitoring 
applications.(10,12,23) The conventional threshold-based baseline achieved agreement rates of 
83.861, 50.402, and 69.987%, with corresponding Macro-F1 scores of 74.404, 54.074, and 
69.801% for the observational, GAN-generated, and combined datasets, respectively. The lower 
scores, in particular, for the rare and boundary-condition samples, show that the fixed thresholds 
produce different decisions than the gradual Mamdani inference process. The comparison, 
however, was referenced to the MATLAB fuzzy output and not to independently verified field 
events, and therefore should not be interpreted as evidence of superior meteorological accuracy.
	 The study has several limitations that should be considered when interpreting the results. 
Table 7 summarizes the practical implications, limitations, and potential future improvements of 
the proposed system. These limitations are discussed in the following points. First, the 
observational data were obtained from a public weather dataset rather than from an agricultural 
field deployment. Therefore, sensor calibration, environmental interference, hardware durability, 
energy consumption, and long-term operation were not evaluated. The model was also limited to 
rainfall, relative humidity, and 1 h atmospheric pressure change, whereas actual agricultural risk 
may also depend on soil moisture, antecedent rainfall, crop conditions, drainage, wind, and local 
topography.
	 Second, only 67 of the 8780 observational samples belonged to the Danger class. Although 
WGAN-GP generated 4933 additional Danger samples, these data were derived from a limited 
observational basis. Because FIS-label consistency was used during screening, the resulting 
100% consistency indicates conformity with the predefined fuzzy model rather than the 
independent evidence of real-world accuracy.
	 Third, 1633 samples did not activate any of the 11 fuzzy rules and were classified as Safe 
using the predefined fallback procedure. Although MATLAB and the ESP32 handled these 
cases consistently, assigning all uncovered conditions to Safe may be unsuitable for practical 
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deployment. The communication tests were also conducted under controlled conditions using a 
public MQTT broker and a limited number of trials. In addition, the MQTT latency 
measurements may include clock offset between devices.
	 Future work should include multiseason field deployment, additional real Danger-class 
observations, expanded and expert-validated fuzzy rules, synchronized communication testing, 
and evaluation against independently labeled agricultural-risk events. Additional environmental 
variables, energy consumption, sensor drift, false alarms, missed warnings, and long-term 
communication reliability should also be examined. Overall, the results demonstrate prototype 
feasibility and MATLAB–ESP32 consistency, but not field-level predictive validity.

5.	 Conclusions

	 An IoT-based rainfall-risk alert system using a Mamdani fuzzy inference model was 
implemented on an ESP32 and validated against a MATLAB reference. The system classified 
rainfall conditions into Safe, Warning, and Danger levels using hourly rainfall, relative humidity, 
and 1 h atmospheric pressure change.
	 No implementation-induced label differences were observed between the ESP32 and 
MATLAB implementations across the evaluated datasets. The defuzzified outputs also showed 
only negligible numerical deviations. The defuzzified outputs produced an MAE of 7.2458 × 
10−5 and an RMSE of 1.3630 × 10−4, indicating negligible implementation-level numerical 
differences. In comparison, the conventional threshold-based baseline achieved an agreement of 
69.987% and a Macro-F1 score of 69.801% on the combined dataset, demonstrating substantial 
differences between hard-threshold decisions and gradual fuzzy inference.

Table 7
Practical implications, limitations, and future improvements.
Aspect Practical implication Current limitation Future improvement

Embedded fuzzy 
inference

Enables local and 
interpretable risk 

classification

Validated using a public 
weather dataset

Conduct field deployment 
over multiple seasons

ESP32 
implementation

Reproduces the MATLAB 
fuzzy logic consistently

MATLAB was used as the 
reference model

Validate against expert-
labeled or official warning 

events
Fuzzy versus 
threshold decision

Provides gradual transitions 
near decision boundaries

No independent field 
ground truth was available

Compare both methods 
using real hazardous events

GAN augmentation
Increases rare and 

boundary-condition 
samples

Only 67 observational 
Danger samples were 

available

Collect additional real 
Danger-class observations

Fuzzy rule base Supports simple rule-based 
decision-making

1633 samples did not 
activate any rule

Expand and validate the 
rule coverage

Local buzzer Provides an immediate on-
site warning

Tested only under 
controlled conditions

Evaluate outdoor durability 
and energy consumption

MQTT and Telegram Enables remote warning 
delivery

Limited test duration and 
public-broker dependence

Test longer periods, 
different QoS levels, and 

private brokers
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	 The WGAN-GP augmentation increased the representation of rare and boundary-condition 
samples, producing a balanced dataset of 15000 samples. However, the synthetic results should 
be interpreted as implementation stress-testing data because only 67 observational Danger 
samples were available and FIS-label consistency was included in the screening procedure.
	 The local buzzer, MQTT, and Telegram channels achieved 100% success during the 
controlled experiments. The buzzer provided nearly immediate local activation, while MQTT 
and Telegram enabled remote warning delivery. Nevertheless, the communication results were 
obtained under limited and controlled test conditions.
	 Overall, the study demonstrates the feasibility of transferring a MATLAB-designed 
Mamdani fuzzy model to an ESP32 while preserving its decision behavior. The current results 
establish prototype feasibility and computational consistency rather than field-level predictive 
accuracy. Future work should include multiseason field deployment, additional real Danger-class 
observations, expanded fuzzy-rule coverage, synchronized communication testing, and 
validation against independently labeled agricultural-risk events. Such an evaluation should 
report a full confusion matrix, class-wise precision, recall, and F1 score, balanced accuracy, 
false-alarm rate, missed-warning rate, and confidence intervals, computed against independently 
verified rainfall-risk labels rather than the MATLAB fuzzy output used as the reference in the 
present study. 
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