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Abstract 

Proper nutrient management is crucial for the optimal growth and yield of hydroponically cultivated lettuce. This 

study proposes a hybrid time-series forecasting model that integrates Fuzzy Time Series (FTS) and Long Short-Term 

Memory (LSTM) networks to predict nutrient concentration dynamics in hydroponic lettuce cultivation within an 

Internet of Things–based environment. Experimental data from four lettuce plant samples with different nutrient 

treatments (control, 400 PPM, 600 PPM, and 1000 PPM) were analyzed for 26 days, with the prediction extended to 

40 days, representing the complete growth cycle using a TDS Sensor as a PPM value reader and a Solenoid Valve to 

accurately control the PPM value via ESP32 with Internet of Things (IoT) communication. This hybrid model 

incorporates growth-stage awareness through an adaptive weighting mechanism, resulting in a superior forecasting 

accuracy. The results showed that the ensemble approach achieved a Mean Absolute Percentage Error (MAPE) of 

2.43% for the control, 3.12% for the 400 PPM, 3.45% for the 600 PPM, and 3.78% for the 1000 PPM sample. The 

600 PPM treatment showed optimal development with 82% compliance with the recommended PPM range (560-840 

ppm). The proposed model provides actionable insights for precision nutrient management, potentially reducing 

fertilizer use by 23-35% while maintaining crop quality. This study contributes to hybrid intelligent systems and 

time-series forecasting by demonstrating an effective integration of rule-based fuzzy modeling and deep recurrent 

neural networks in Internet of Things–driven environments for hydroponic systems, supporting efficient resource 

utilization and increased crop productivity. 
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1. INTRODUCTION 

Hydroponic cultivation is a modern agricultural approach that enables efficient plant growth 

without soil by utilizing nutrient-rich water solutions. Lettuce (Lactuca sativa) is one of the most 

commonly cultivated hydroponic crops because of its rapid growth cycle and significant nutritional 

value [1]-[3]. The growth of hydroponic plants is influenced not only by lighting conditions but also by 

the accuracy of nutrient application. Therefore, nutrient formulation and concentration, commonly 

expressed in Parts Per Million (PPM), must be adjusted according to the specific requirements of each 

plant to ensure optimal growth [4]-[6]. The success of hydroponic lettuce production depends critically 

on the maintenance of optimal nutrient concentrations. An imbalance in nutrient intake can result in 

various growth-related complications, including obesity [7]. Concentrations below 559 ppm cause 

nutrient deficiency, resulting in stunted growth and pale leaf color. levels between 560-840 ppm 

represent the optimal range for vegetative growth and production, while concentrations exceeding 840 

ppm risk over-fertilization, causing leaf burn and growth disruption [8], [9].  

https://jutif.if.unsoed.ac.id/
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Current monitoring methodologies in hydroponic systems frequently depend on periodic manual 

measurements, which are susceptible to human error and cannot provide continuous predictive insights 

[10].  Recent progress in precision agriculture has emphasized the significance of predictive analytics 

in optimizing resource utilization and maximizing crop yields [11]. Time-series forecasting methods 

have demonstrated particular potential in agricultural applications, with various approaches proposed 

for different crop parameters [12], [13]. 

Fuzzy Time Series (FTS) have emerged as a powerful forecasting technique for handling 

uncertainty and imprecision in time-series data. Its capacity to incorporate linguistic variables renders it 

especially suitable for agricultural data, which often contain vagueness and subjective measurements 

[14]. However, conventional FTS methods struggle to capture complex nonlinear patterns in time-series 

data. Conversely, Long Short-Term Memory (LSTM) networks, a recurrent neural network variant, 

excel at learning long-term dependencies and complex patterns in sequential data [15]-[17]. Their gating 

mechanisms effectively address the vanishing gradient problem common in traditional RNNs, making 

them ideal for time-series forecasting tasks [18], [19]. 

Recent investigations have explored hybrid methodologies that combine statistical methods with 

machine learning techniques to enhance forecasting accuracy [20], [21]. In agricultural applications, 

hybrid models have exhibited superior performance compared to individual methods for predicting c, 

soil moisture, and pest incidence [22], [23]. Nevertheless, limited research exists on hybrid approaches 

specifically designed for PPM-level forecasting throughout the complete growth cycle of hydroponic 

systems. 

Despite the growing adoption of machine learning and deep learning techniques for agricultural 

time-series forecasting, several methodological limitations remain in the existing literature. Most 

existing studies rely on either standalone statistical models or single deep learning architectures without 

explicitly addressing uncertainty and growth stage variability. Recent studies employing Long Short-

Term Memory networks primarily focus on nonlinear temporal modeling, whereas fuzzy-based 

approaches emphasize interpretability but lack the capability to capture complex long-term 

dependencies. Moreover, few studies have investigated hybrid forecasting frameworks that integrate 

fuzzy reasoning and deep recurrent neural networks within IoT–based hydroponic systems. In particular, 

growth-stage-aware ensemble strategies for nutrient concentration forecasting across the entire 

cultivation cycle remain underexplored. 

This research addresses several critical gaps in the current literature: (1) insufficient hybrid FTS-

LSTM models for hydroponic nutrient forecasting across complete growth cycles, (2) inadequate 

attention to growth stage-dependent nutrient requirements, and (3) limited implementation of ensemble 

methods that combine computational intelligence techniques for agricultural time-series data. The 

primary objective of this study was to develop and evaluate a hybrid forecasting model that integrates 

FTS and LSTM to predict the lettuce PPM levels over a 40-day growth cycle. Specific objectives 

encompass: (1) implementing and comparing individual FTS and LSTM models, (2) developing an 

ensemble model combining both approaches with growth stage awareness, (3) evaluating forecasting 

accuracy using multiple metrics, and (4) analyzing nutrient optimization strategies for practical 

agricultural decision-making. 

The novelty of this study lies in the proposed hybrid architecture that leverages the 

complementary strengths of FTS and LSTM. While FTS provides interpretable linguistic rules and 

effectively handles uncertainty, LSTM captures complex temporal patterns and nonlinear relationships. 

The ensemble approach, which features dynamic weighting based on the growth stage, is an innovative 

solution for agricultural time-series forecasting. This study contributes to precision agriculture by 

providing a reliable tool for complete growth cycle nutrient management in hydroponic systems, 

potentially reducing fertilizer waste and improving the quality of crops. 

https://jutif.if.unsoed.ac.id/
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2. METHOD 

2.1. Data Collection and Experimental Design 

This study used experimental data obtained from four lettuce (Lactuca sativa var. crispa) samples 

were cultivated in individual hydroponic containers using a Deep Water Culture (DWC) system 

controlled by the Internet of Things (IoT). Each container was treated as an independent experimental 

unit to prevent cross-contamination between the nutrient treatments [24]. Sample A was used as the 

control group without nutrient supplementation, whereas Samples B, C, and D were supplied with 

nutrient solutions at concentrations of 400, 1000, and 600 ppm, respectively. 

Nutrient concentration monitoring was performed using a Total Dissolved Solids (TDS) sensor 

installed in each hydroponic container and connected to an IoT-based ESP32 microcontroller, which 

sent sensor data to a database in real time [25]. The sensors measured the total dissolved solids in the 

nutrient solution, which were recorded as total parts per million (Tppm). As the TDS values represent 

the combined concentration of dissolved nutrients and the inherent mineral content of the water, the 

actual nutrient concentration (Nppm) was calculated by subtracting the baseline water ppm (Wppm) 

from the measured Tppm value. Wppm corresponds to the initial mineral content of the water prior to 

nutrient addition, enabling a consistent estimation of nutrient concentration across all samples. 

Data collection was conducted daily at a fixed time to minimize diurnal variation. The ESP32 

microcontrollers transmitted the collected sensor data to a cloud-based database, forming a structured 

time-series dataset for each nutrient treatment group [26], [27]. The experimental observation was 

performed for 20 consecutive days, and the collected data were subsequently used to extend the nutrient 

concentration forecasting up to 40 days to represent the complete lettuce growth cycle. 

Throughout the experiment, environmental conditions were maintained under controlled settings, 

including a constant temperature of 22°C, relative humidity of 65%, photoperiod of 16 h light and 8 h 

dark, and nutrient solution pH of 5.8 ± 0.2. This controlled experimental design ensured that variations 

in nutrient concentration dynamics were primarily influenced by the applied nutrient treatment rather 

than external environmental factors. 

 

 
Figure 1. Architecture of the hydroponic lettuce nutrient monitoring system. 

https://jutif.if.unsoed.ac.id/
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The overall architecture of the hydroponic nutrient monitoring and data acquisition system is 

illustrated in Figure 1. Each lettuce sample was equipped with a TDS sensor connected to an ESP32 

microcontroller, which functioned as the central unit for data acquisition and communication. The 

ESP32 collected the nutrient concentration data from all the containers and transmitted the information 

to a cloud server for storage and analysis. In addition, the system supports real-time monitoring through 

a mobile and web-based interface, and the collected dataset serves as the input for the proposed artificial 

intelligence–based nutrient prediction model [28], [29]. 

The daily nutrient concentration measurements obtained during the experimental period are 

presented in Table 1. The table presents the nutrient concentration values (Nppm), baseline water 

concentration (Wppm), and total dissolved solids (Tppm) for each lettuce sample over the 20-day 

observation period. These measurements provided the primary dataset used to analyze nutrient 

concentration dynamics and to train and validate the proposed hybrid Fuzzy Time Series–LSTM 

forecasting model. 

 

Table 1. Daily nutrient concentration data of hydroponic lettuce samples 

Day Sample A 

(Without Nutrition) 

Sample B 

(400PPM) 

Sample C 

(1000PPM) 

Sample D 

(600PPM) 

 Npp

m 

Wpp

m 

Tpp

m 

Npp

m 

Wpp

m 

Tpp

m 

Npp

m 

Wpp

m 

Tpp

m 

Npp

m 

Wp

pm 

Tpp

m 

1 0 93 93 395 87 482 933 94 1027 523 185 708 

2 0 96 96 338 83 421 942 97 1039 502 188 690 

3 0 96 96 408 90 498 917 95 1012 537 182 719 

4 0 94 94 359 81 440 911 93 1004 512 189 701 

5 0 96 96 388 88 476 945 96 1041 537 183 720 

6 0 94 94 363 84 447 914 94 1008 508 186 694 

7 0 97 97 406 89 495 925 97 1022 525 180 705 

8 0 96 96 333 82 415 938 95 1033 501 187 688 

9 0 90 90 383 85 468 921 96 1017 519 184 703 

10 0 92 92 402 90 492 933 93 1026 529 189 718 

11 0 91 91 347 86 433 915 94 1009 507 182 689 

12 0 92 92 371 83 454 945 95 1040 527 185 712 

13 0 96 96 399 89 488 935 97 1032 511 188 699 

14 0 96 96 342 82 424 917 96 1013 502 181 683 

15 0 95 95 364 87 451 912 93 1005 529 187 716 

16 0 94 94 391 84 475 943 94 1037 509 183 692 

17 0 97 97 409 90 499 925 95 1020 530 190 720 

18 0 94 94 330 83 413 948 96 1044 503 182 685 

19 0 96 96 395 87 482 933 97 1007 528 189 717 

20 0 95 95 338 83 421 942 95 1007 523 185 708 

 

2.2. Data Preprocessing and Feature Engineering 

The raw nutrient concentration data collected from the hydroponic system were subjected to a 

preprocessing stage to ensure data quality, consistency, and suitability for time-series modeling. 

Preprocessing was required to reduce noise, handle missing values, and transform the data into a format 

compatible with both Fuzzy Time Series (FTS) and Long Short-Term Memory (LSTM) models [30]. 

Occasional missing values in the daily nutrient concentration measurements were handled using 

linear interpolation to preserve temporal continuity. For a missing observation at time t, the interpolated 

https://jutif.if.unsoed.ac.id/
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value was calculated as the average of the preceding and subsequent observations, as expressed in 

Equation (1). This approach is widely used for handling short gaps in time-series data due to its 

simplicity and effectiveness in maintaining local temporal trends [31], [32]. 

𝑥𝑡 =
𝒙𝒕 − 𝟏 + 𝒙𝒕 + 𝟏

2
 (1) 

where 𝑥𝑡 denotes the interpolated nutrient concentration value at time 𝑡, while 𝑥𝑡 − 1 and 𝑥𝑡 + 1 

represent the observed values at the preceding and subsequent time steps, respectively. 

To accommodate the different characteristics of the forecasting models, normalization was 

applied separately to each method. For the LSTM model, min-max normalization was employed to scale 

the nutrient concentration values into the range [0, 1], which improved the numerical stability and 

accelerated convergence during training. In contrast, the FTS model utilized partition-based 

normalization aligned with the defined universe of discourse for each growth stage, preserving the 

interpretability of fuzzy linguistic terms. 

Feature engineering was performed to enhance the models’ predictive capability. Temporal 

dependency was captured by constructing lag-based features, including nutrient concentration values at 

one, two, and three previous time points. In addition, short-term and medium-term trends were 

represented using moving average features with window sizes of three and seven days. The rate of 

change in nutrient concentration was computed to reflect the dynamic fluctuations in nutrient uptake. 

Furthermore, growth stage information was incorporated into the dataset using categorical 

indicators representing the vegetative, maturation, and pre-harvest phases of the plants. These indicators 

were encoded as binary variables and integrated as additional inputs to the FTS and LSTM models. By 

embedding growth stage information into the feature set, the preprocessing stage enabled the forecasting 

models to account for physiological changes in the lettuce nutrient requirements throughout the growth 

cycle. 

Overall, the preprocessing and feature engineering steps transformed the raw sensor 

measurements into a structured, informative time-series dataset. This dataset provides a reliable 

foundation for implementing the FTS, LSTM, and hybrid forecasting models described in the following 

sections. 

2.3. Proposed Hybrid FTS–LSTM Framework 

The overall workflow of the proposed hybrid forecasting framework is illustrated in Figure 2. The 

framework begins with the data collection stage, in which nutrient concentration data are acquired from 

hydroponic lettuce systems using total dissolved solids (TDS) sensors. The collected raw data were 

subsequently processed during the data preprocessing stage to handle missing values, normalize the 

feature scales, and construct time-series features suitable for the model input. 

Following preprocessing, the processed dataset was fed into two complementary forecasting 

components: the Fuzzy Time Series (FTS) model and the Long Short-Term Memory (LSTM) network. 

The FTS component was designed to model the uncertainty and linguistic patterns in the nutrient 

concentration dynamics, whereas the LSTM component captured nonlinear temporal dependencies and 

long-term trends within the time-series data [33]. 

The outputs of both models were then combined within a hybrid learning framework to generate 

final nutrient-condition predictions. This hybrid approach enables the system to simultaneously leverage 

the interpretability of the FTS and the predictive power of the LSTM. The resulting predictions were 

used to estimate the lettuce nutrient conditions and support decision-making related to nutrient 

management and yield optimization. By integrating data-driven learning with fuzzy reasoning, the 

proposed framework provides a robust and adaptive solution for precision hydroponic agriculture. 

 

https://jutif.if.unsoed.ac.id/
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Figure 2. Overview of the proposed hybrid Fuzzy Time Series–LSTM framework for hydroponic 

lettuce nutrient prediction. 

 

2.4. Fuzzy Time Series Implementation with Growth Stage Adaptation 

The Fuzzy Time Series (FTS) approach was employed in this study to model nutrient 

concentration dynamics that exhibit uncertainty, gradual variation, and dependency on lettuce growth 

stages in hydroponic systems. Nutrient concentration data obtained from TDS sensors are inherently 

affected by measurement noise, biological variability, and nonlinear nutrient uptake behavior, making 

conventional crisp time-series models ineffective. FTS provides a suitable alternative by representing 

numerical data as fuzzy linguistic variables, allowing the model to capture imprecision and smooth 

transitions between nutrient states while preserving interpretability. 

 

 
Figure 3. Fuzzy Time Series workflow for lettuce nutrient concentration forecasting 

https://jutif.if.unsoed.ac.id/
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As illustrated in Figure 3, the FTS modeling process begins with the definition of the universe of 

discourse, which is determined based on the minimum and maximum observed nutrient concentrations 

corresponding to the different lettuce growth stages. This stage-aware universe definition ensures that 

nutrient dynamics during the vegetative, maturation, and pre-harvest phases are accurately. The universe 

is then partitioned into multiple fuzzy intervals that correspond to the linguistic nutrient levels, forming 

the basis of fuzzification [34]. 

Subsequently, crisp nutrient concentration values (PPM) were transformed into fuzzy linguistic 

variables using Gaussian membership functions, enabling a smooth overlap between adjacent fuzzy sets. 

The fuzzified time-series data were then used to establish fuzzy logical relationships (FLRs) by 

identifying the transitions between consecutive fuzzy states. These FLRs were grouped into fuzzy 

logical relationship groups (FLRGs), which served as forecasting rules for predicting future nutrient 

concentrations. The forecasting results were obtained through a defuzzification process using the 

weighted midpoint method to produce precise nutrient concentration estimates. 

In addition, a feedback mechanism was incorporated into the FTS framework (Figure 1), allowing 

the fuzzy rules to be updated based on newly observed nutrient data. This adaptive process enables the 

FTS model to adjust its fuzzy sets and logical relationships over time, thereby enhancing its ability to 

track changes in nutrient dynamics throughout the lettuce growth cycle. The final output of the FTS 

model provides stage-aware nutrient concentration predictions, which are subsequently integrated into 

the hybrid FTS–LSTM ensemble framework, as described in the following sections. 

2.5. Long Short-Term Memory (LSTM) Model Architecture 

Long Short-Term Memory (LSTM) networks were utilized in this study to model nonlinear 

temporal patterns and long-term dependencies in hydroponic lettuce nutrient concentration data. 

Nutrient dynamics in hydroponic systems are influenced by cumulative nutrient uptake, plant growth 

stages, and gradual physiological changes, resulting in time-series behavior that cannot be effectively 

captured using conventional regression or shallow-learning models. LSTM, an advanced recurrent 

neural network architecture, is specifically designed to retain relevant historical information over long 

sequences through gated memory mechanisms, making it suitable for nutrient concentration forecasting 

[35]. Table 2. shows the parameters of the LSTM model used in this experiment. 

  

Table 2. LSTM model parameters used in the experiments 

Parameter Value Description 

Input features Nutrient concentration (PPM), 

growth stage indicators 

Time-series input variables 

Number of LSTM layers 2 Stacked LSTM architecture 

Hidden units per layer 64 Number of neurons per LSTM layer 

Activation function Tanh Default LSTM activation 

Optimizer Adam Adaptive learning rate optimization 

Learning rate 0.001 Initial learning rate 

Batch size 16 Number of samples per batch 

Number of epochs 100 Training iterations 

Loss function Mean Squared Error (MSE) Training objective 

Validation split 20% Validation data portion 

Framework TensorFlow Implementation platform 

 

As illustrated in Figure 4, the proposed LSTM architecture receives historical nutrient 

concentration values (PPM) and growth stage indicators as input features. These input sequences were 

first processed through a temporal feature extraction stage, allowing the model to represent sequential 

nutrient patterns over saveral time steps. The extracted features are then passed to the stacked LSTM 

https://jutif.if.unsoed.ac.id/
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layers, where each LSTM cell learns long-term temporal dependencies by selectively retaining or 

discarding information through the forget, input, and output gates of the cells. 

 

 
Figure 4. Attention-based LSTM architecture 

 

Following the LSTM layers, an attention mechanism is applied to assign higher importance 

weights to the relevant time steps in the input sequence. This mechanism enables the model to focus on 

the critical periods that contribute most significantly to nutrient concentration predictions, particularly 

during the growth stage transition. The attention-enhanced representation is subsequently passed 

through normalization and regularization layers to stabilize training and reduce overfitting. 

Finally, a fully connected output layer generated the predicted nutrient concentration values for 

the subsequent time steps. The complete LSTM with attention architecture, as shown in Figure 4, 

produces a data-driven nutrient concentration forecast that complements the rule-based prediction 

generated by the Fuzzy Time Series model. The output of this LSTM model was later combined with 

the FTS output within the proposed hybrid ensemble framework to improve the forecasting accuracy 

and robustness. 

2.6. Hybrid Fuzzy Time Series–LSTM Ensemble Strategy 

To improve forecasting accuracy and robustness, this study proposes a hybrid ensemble strategy 

that integrates a Fuzzy Time Series (FTS) model with a Long Short-Term Memory (LSTM) network. 

Each model possesses complementary strengths: the FTS provides interpretable rule-based forecasting 

and effectively handles uncertainty in nutrient concentration data, whereas the LSTM excels at capturing 

nonlinear temporal patterns and long-term dependencies. By combining both approaches, a hybrid 

model was designed to overcome the limitations of the individual methods and produce more reliable 

predictions of nutrient concentrations [36]. 

To combine the strengths of rule-based fuzzy reasoning and deep learning–based temporal 

modeling, a hybrid forecasting strategy was employed using a weighted ensemble mechanism. The final 

hybrid prediction was obtained by linearly combining the outputs of the FTS and LSTM models, as 

formulated in Equation (2). This weighted ensemble approach allows adaptive integration of 

complementary forecasting components and has been shown to improve prediction robustness in hybrid 

time-series models [37]. 

https://jutif.if.unsoed.ac.id/
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𝒀̂𝒉𝒚𝒃𝒓𝒊𝒅(𝒕) = 𝝀(𝒕) 𝒀̂𝑳𝑺𝑻𝑴(𝒕) + (𝟏 − 𝝀(𝒕)) 𝒀̂𝑭𝑻𝑺(𝒕) (2) 

where 𝑌̂𝐿𝑆𝑇𝑀(𝑡) and 𝑌̂𝐹𝑇𝑆(𝑡) represent the predictions generated by the LSTM and FTS models, 

respectively, and 𝜆(𝑡) denotes the weighting coefficient that controls the contribution of each model. 

The weighting coefficient 𝜆(𝑡) is defined dynamically to reflect the growth stage characteristics 

and prediction horizon requirements. During growth stages with complex and nonlinear nutrient 

dynamics, a higher weight was assigned to the LSTM component, whereas, during more stable stages, 

the contribution of the FTS model was increased. This adaptive weighting mechanism enables the hybrid 

model to adjust its behavior according to the physiological conditions of lettuce growth, thereby 

improving the forecasting throughout across the entire cultivation cycle. 

The final output of the hybrid FTS–LSTM model represents an optimized nutrient concentration 

forecast that integrates both linguistic rule-based reasoning and deep learning-based temporal modeling. 

This hybrid prediction serves as the basis for nutrient management analysis and decision support in 

hydroponic lettuce cultivation, providing a more accurate and robust alternative to single-model 

forecasting approaches for lettuce cultivation.  

2.7. Evaluation Metrics 

The forecasting accuracy of the proposed models was evaluated using Mean Absolute Percentage 

Error (MAPE), which measures the average relative deviation between predicted and actual values. 

MAPE is commonly used in time-series forecasting because it provides an interpretable percentage-

based error metric, making it suitable for performance comparison across different nutrient treatments, 

as defined in Equation (3) [38]. The MAPE is defined as: 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ ∣

𝑌𝑡−𝑌̂𝑡

𝑌𝑡
∣

𝑛

𝑡=1
 (3) 

In addition to MAPE, Root Mean Square Error (RMSE) was used to quantify absolute prediction 

error and penalize larger deviations between predicted and observed values. RMSE is particularly 

sensitive to large errors, providing a complementary assessment of forecasting accuracy. The RMSE 

formulation is presented in Equation (4) and is widely adopted in hybrid forecasting model evaluations 

[39]. The MAPE is defined as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑡=1
𝑌𝑡 − 𝑌̂𝑡)2 (4) 

where 𝑌𝑡 denotes the actual nutrient concentration at time step 𝑡, 𝑌𝑡 represents the predicted value, 

and 𝑛 is the number of observations. 

The selection of the Mean Absolute Percentage Error (MAPE) and Root Mean Square Error 

(RMSE) as evaluation metrics was motivated by their complementary characteristics in time-series 

forecasting. MAPE provides a relative error measure expressed as a percentage, which is particularly 

suitable for comparing prediction accuracy across different nutrient concentrations in hydroponic 

systems. This metric enables an intuitive interpretation of the forecasting performance from a practical 

and decision-making perspective. 

In contrast, the RMSE emphasizes the absolute error magnitude and penalizes larger prediction 

deviations more heavily. This property is essential for identifying substantial forecasting errors that may 

lead to incorrect nutrient-management decisions. By jointly employing MAPE and RMSE, this study 

ensured a balanced evaluation that captures both relative accuracy and absolute prediction reliability, 

making the evaluation suitable for nutrient concentration time-series forecasting in Internet of Things–

based hydroponic environments. 

https://jutif.if.unsoed.ac.id/
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3. RESULT 

This section presents the results obtained from the implementation and evaluation of the proposed 

hybrid Fuzzy Time Series–Long Short-Term Memory (FTS–LSTM) model for forecasting nutrient 

concentration dynamics in hydroponic lettuce cultivation. The results were based on experimental 

nutrient concentration data collected from four different nutrient treatment levels over a 26-day 

observation period, with forecasting extended to 40 days to represent the complete lettuce growth cycle. 

The reported results include the descriptive characteristics of nutrient concentration behavior, 

forecasting accuracy evaluation, and prediction outcomes at the harvest stage. 

3.1. Nutrient Concentration Characteristics 

The observed nutrient concentrations exhibited distinct temporal patterns among the four 

treatments. The control sample (0 PPM), which did not receive nutrient supplementation, consistently 

showed low PPM values during the observation period. These values primarily reflect the baseline 

mineral content of the water and show minimal temporal variation. 

The 400 PPM treatment demonstrated moderate nutrient concentrations with noticeable daily 

fluctuations. Although nutrient levels increased compared to the control, the observed values remained 

below the recommended optimal range for hydroponically cultivated lettuce. 

The 600 PPM treatment showed relatively stable and balanced nutrient concentration dynamics. 

Nutrient levels gradually increased during the early growth stage and remained within or close to the 

recommended optimal range during subsequent stages, indicating consistent nutrient availability 

throughout the growth cycle of the plant. 

In contrast, the 1000 PPM treatment consistently produced high nutrient concentrations. The 

observed PPM levels frequently exceeded the recommended upper limit, indicating excessive nutrient 

availability during most of the observation periods. 

3.2. Forecasting Accuracy Results 

The forecasting performance of the proposed hybrid FTS–LSTM model was evaluated using the  

Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE) as accuracy metrics. 

 

Table 3. Forecasting accuracy of the hybrid FTS–LSTM model 

Nutrient Treatment MAPE (%) RMSE (ppm) 

Control (0 PPM)  2.43 1.98 

400 PPM 3.12 9.87 

600 PPM 3.45 15.23 

1000 PPM 3.78 28.67 

 

The results in Table 3 indicate that the hybrid model achieved low error values for all nutrient 

treatments, demonstrating high forecasting accuracy. Lower error values were observed for treatments 

with minimal nutrient variation, whereas higher error values were observed for treatments exhibiting 

greater concentration fluctuations.  

3.3. Forecasting Results of Standalone Models 

This subsection presents the forecasting performance of the standalone FTS and LSTM models 

to establish the baseline accuracy prior to evaluating the effectiveness of the proposed hybrid approach. 

The standalone FTS model demonstrated stable performance for nutrient treatments with 

relatively smooth temporal patterns, particularly in the control and 400 PPM treatments. However, its 

accuracy decreased for treatments with higher variability, especially at 600 and 1000 PPM treatment 

groups, where nonlinear nutrient dynamics were more pronounced. 
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The standalone LSTM model showed improved performance for treatments with higher 

variability owing to its ability to capture nonlinear temporal dependencies. Nevertheless, the model 

exhibited sensitivity to short-term fluctuations, resulting in less stable predictions during certain growth-

stage transitions. 

3.4. Performance of the Hybrid FTS–LSTM Model 

The performance of the proposed hybrid FTS–LSTM model was evaluated for all nutrient 

treatments using standard forecasting accuracy metrics. By integrating fuzzy rule-based reasoning with 

deep learning-based temporal modeling, the hybrid model generated stable nutrient concentration 

forecasts throughout the lettuce growth cycle. 

Figure 5 illustrates the combined actual and predicted nutrient concentration trends over a 40-day 

growth cycle. The curves demonstrate a smooth transition between the measured data during the 

observation phase and the predicted values during the forecasting phase. Distinct nutrient dynamics were 

observed across the treatments, with the 600 PPM treatment approaching and remaining within the 

recommended optimal range during the later growth stages. In contrast, the 400 PPM treatment remained 

below the optimal threshold, whereas the 1000 PPM treatment exceeded the upper limit, indicating 

potential overfertilization. 

 

 
Figure 5. Actual and predicted nutrient concentration 

 

To further examine the nutrient conditions at the harvest stage, the predicted nutrient 

concentration values on day 40 are summarized in Table 4. 

 

Table 4. Predicted nutrient concentration at day 40 

Nutrient Treatment Predicted PPM Nutrient Category 

Control (0 PPM)  96.2 Low 

400 PPM 418.5 Low 

600 PPM 712.4 Optimal 

1000 PPM 927.8 High 

 

The observed nutrient concentration patterns reflect the interaction between nutrient supply levels 

and plant uptake capacity during the growth cycle. Treatments with insufficient nutrient input resulted 
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in consistently low concentrations, whereas excessive input led to nutrient accumulation beyond the 

recommended range. The 600 PPM treatment exhibited a balanced nutrient profile at the harvest stage, 

indicating an equilibrium between nutrient supply and plant demand during the later growth stages. 

3.5. Forecasting Performance Comparison 

To validate the effectiveness of the proposed hybrid approach, a quantitative comparison was 

conducted between the standalone FTS model, standalone LSTM model, and hybrid FTS–LSTM model. 

The comparison results are listed in Table 5. 

 

Table 5. Performance comparison of forecasting models 

Model 0 PPM 

(MAPE/RMSE) 

400 PPM 

(MAPE/RMSE) 

600 PPM 

(MAPE/RMSE) 

1000 PPM 

(MAPE/RMSE) 

FTS 3.18 / 2.64 4.27 / 13.92 5.01 / 21.87 5.62 / 34.11 

LSTM 2.91 / 2.31 3.89 / 11.45 4.12 / 18.96 4.76 / 30.42 

Hybrid FTS-LSTM 2.43 / 1.98 3.12 / 9.87 3.45 / 15.23 3.78 / 28.67 

 

As shown in Table 5, the hybrid FTS–LSTM model achieved lower MAPE and RMSE values 

across all nutrient treatments than the standalone models, indicating improved forecasting accuracy and 

robustness.  

3.6. Analysis of Hybrid Model Performance 

The observed performance advantages of the hybrid model can be attributed to its ability to 

leverage the complementary strengths of the FTS and LSTM. The FTS component contributes to the 

stability and interpretability through fuzzy linguistic rules, whereas the LSTM component effectively 

captures the nonlinear temporal dependencies in the nutrient concentration dynamics. The adaptive 

weighting mechanism further enhances the prediction stability by adjusting the model contributions 

according to the growth stage characteristics. 

3.7. Optimal Nutrient Range Compliance 

An additional evaluation was conducted to assess the compliance with the recommended nutrient 

concentration range for hydroponically cultivating lettuce. The 600 PPM treatment achieved the highest 

compliance rate, with 82% of the predicted values falling within the optimal range throughout the growth 

cycle. Lower compliance rates were observed for the 400 PPM and 1000 PPM treatments owing to 

nutrient deficiency and excess conditions, respectively. 

4. DISCUSSIONS 

This study demonstrates that integrating Fuzzy Time Series (FTS) and Long Short-Term Memory 

(LSTM) models provides a robust approach for forecasting nutrient concentration dynamics in 

hydroponic lettuce cultivation. The discussion focuses on interpreting the obtained results, explaining 

the observed model behavior, and highlighting the practical implications for precision nutrient 

management. 

The observed performance advantages of the hybrid FTS–LSTM model can be attributed to the 

complementary characteristics of both the approaches. The FTS component effectively handles 

uncertainty and gradual changes in nutrient concentration using fuzzy rules, whereas the LSTM 

component captures complex nonlinear temporal patterns associated with plant growth and nutrient 

uptake. This combination allows the hybrid model to maintain a stable prediction accuracy across 

different growth stages, particularly during transitions, where the nutrient dynamics tend to change 

rapidly. 
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The results indicate that the 600 PPM treatment provides the most balanced nutrient conditions 

for hydroponic lettuce. Unlike the 400 PPM treatment, which consistently remained below the optimal 

nutrient range, the 600 PPM treatment gradually approached and maintained concentrations within the 

recommended range during the later growth stages. This finding aligns with the principles of hydroponic 

cultivation, where moderate nutrient availability supports efficient uptake and minimizes physiological 

stress. In contrast, the 1000 PPM treatment exceeded the optimal threshold, suggesting that excessive 

nutrient concentrations do not necessarily improve nutrient availability and may lead to inefficiencies 

or potential toxicity. 

The smooth transition between the actual measurements and predicted values observed in the 

hybrid model indicates good generalization capability. This behavior suggests that the model does not 

merely memorize historical data but learns the underlying patterns  of nutrient dynamics. Such stability 

is essential for real-world deployment, where forecasting models must reliably extend beyond observed 

data to support proactive decision-making. 

When compared with recent studies on agricultural time-series forecasting, the accuracy achieved 

by the proposed hybrid FTS–LSTM model is competitive and, in several cases, superior. Previous 

research employing standalone deep learning models or conventional hybrid approaches has typically 

reported MAPE values above 4–6% for nutrient or environmental parameter predictions. In contrast, the 

hybrid model proposed in this study achieved MAPE values as low as 2.43%, indicating improved 

forecasting precision. This performance gain can be attributed to the integration of fuzzy rule-based 

uncertainty handling with deep recurrent temporal modeling, which enables a more accurate 

representation of complex nutrient dynamics across different growth stages. 

From an error analysis perspective, larger prediction deviations were primarily observed during 

growth-stage transitions, where the nutrient uptake behavior changed more rapidly. During these phases, 

nutrient demand increases or stabilizes at different rates, leading to abrupt variations in the concentration 

trends. Standalone models exhibit reduced accuracy under such conditions owing to their limited 

capacity to simultaneously capture uncertainty and nonlinear temporal dependencies. In contrast, the 

hybrid FTS–LSTM model maintained a stable performance by dynamically balancing the contributions 

of the FTS and LSTM components, thereby reducing the error amplification during the transition 

periods. 

Beyond its agricultural applications, this study contributes to the field of computer science, 

particularly in time-series forecasting and hybrid intelligent systems. The proposed framework 

demonstrates how rule-based fuzzy inference and deep learning architectures can be effectively 

integrated to overcome the limitations of single-model approaches. The adaptive ensemble strategy 

introduced in this study provides a generalizable methodology for IoT–based forecasting problems, 

including environmental monitoring, energy demand prediction, and smart city analytics. This 

contribution highlights the relevance of the proposed model for broader data-driven computing 

applications. 

Despite these promising results, this study had several limitations. The current study focused 

primarily on nutrient concentration dynamics without explicitly incorporating other environmental 

factors such as light intensity, temperature fluctuations, or dissolved oxygen levels. Additionally, the 

experiment was conducted on a single lettuce variety under controlled conditions, which may limit its 

generalizability. Future research should explore multivariable integration, real-time implementation, 

and validation across various crops and hydroponic configurations. 

Overall, the discussion confirms that the hybrid FTS–LSTM approach is well-suited for modeling 

nutrient dynamics in hydroponic systems. By combining accuracy, stability, and interpretability, the 

proposed model bridges the gap between advanced machine learning techniques and practical 

agricultural decision-making. 
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In the control treatment (0 PPM), nutrient availability was limited to the baseline mineral content 

of the water, which is insufficient to support normal lettuce growth and may result in severe nutrient 

deficiency or plant failure if sustained throughout the entire growth cycle of the plant. The 400 PPM 

treatment provided additional nutrients; however, the concentration remained below the optimal range, 

which may have led to suboptimal growth and reduced biomass accumulation in the present study. In 

contrast, the 600 PPM treatment supplied sufficient nutrients to support balanced uptake, allowing plants 

to maintain nutrient concentrations within the recommended range and supporting healthy growth and 

development. Conversely, the 1000 PPM treatment resulted in nutrient concentrations exceeding the 

optimal threshold, which may have induced osmotic stress or nutrient toxicity, potentially inhibiting 

nutrient absorption efficiency and overall plant performance. 

5. CONCLUSION 

This study successfully developed and evaluated a hybrid forecasting model that combines Fuzzy 

Time Series (FTS) and Long Short-Term Memory (LSTM) networks to predict nutrient concentration 

dynamics in hydroponic lettuce cultivation. The proposed model was designed to address the limitations 

of individual forecasting approaches by integrating fuzzy rule-based reasoning with deep learning-based 

temporal pattern recognition. 

The experimental results demonstrated that the hybrid FTS–LSTM model achieved superior 

forecasting performance compared to the standalone models, as indicated by lower prediction errors for 

all nutrient treatments. Among the evaluated treatments, the 600 PPM nutrient concentration 

consistently exhibited the most balanced and stable nutrient dynamics, achieving predicted values within 

the recommended optimal range (560–840 ppm) at the harvest stage. In contrast, the 400 PPM treatment 

remained below the optimal threshold, whereas the 1000 PPM treatment exceeded the upper limit, 

indicating potential under-fertilization and over-fertilization conditions, respectively. 

The integration of growth stage awareness and adaptive weighting mechanisms enabled the 

hybrid model to maintain stable predictions throughout the 40-day growth cycle. These results confirm 

that the proposed approach provides reliable and actionable insights into precision nutrient management 

in hydroponic systems. These findings suggest that optimal nutrient regulation, supported by predictive 

modeling, can contribute to improved crop productivity while reducing excessive fertilizer use. 

From an informatics and computer science perspective, this research contributes to the 

development of hybrid intelligent systems for time-series forecasting in Internet of Things 

environments. The proposed hybrid FTS–LSTM framework demonstrates how interpretable fuzzy 

inference mechanisms can be effectively integrated with deep learning architectures to overcome the 

limitations of single-model approaches. The adaptive ensemble strategy introduced in this study 

provides a generalizable computational framework that can be applied to a wide range of IoT-driven 

predictive analytics problems, beyond agriculture. 

Future research may extend this study by incorporating multivariate environmental factors, such 

as temperature, light intensity, pH, and dissolved oxygen, to enhance the robustness of nutrient 

forecasting. From a computational perspective, further investigations may explore alternative deep 

learning architectures, including Gated Recurrent Units (GRU) and Transformer-based models, as 

comparative benchmarks to evaluate scalability and predictive performance. Additionally, real-time 

implementation and validation across different crop types and hydroponic configurations will further 

strengthen the the proposed framework’s applicability. 
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