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Abstract

The transition to a circular bioeconomy in
agriculture demands precise, real-time optimization
of organic waste valorization, with anaerobic
digestion (AD) being a central process. However,
the inherent non-linearity, time-varying dynamics,
and complex microbial interactions in large-scale
agricultural AD reactors pose significant challenges
to traditional kinetic models and human operators.
This study proposes a novel data-driven hybrid
CNN-LSTM-attention model to predict and
optimize biogas yield and carbon-nitrogen (C/N)
ratios using high-frequency multi-sensor data.
By integrating real-time sensor feeds of pH,
volatile fatty acids (VFAs), total solids (TS),
and historical biogas production, the model
captures both spatial feature correlations and
long-term temporal dependencies, while the
attention mechanism enhances interpretability by
dynamically weighting input features. Validated
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on a 12-month dataset from a 500 m?® commercial
AD plant, the hybrid model achieved a MAPE
of 4.27% for 24-hour ahead biogas prediction,
significantly outperforming standalone LSTM
(6.75%) and traditional ARIMA models (9.83%).
Model-guided C/N ratio optimization increased
cumulative methane yield by 12.4% and reduced
digestate processing costs by 9.8%. This framework
provides an intelligent precision management tool
for agricultural waste-to-energy systems, directly
supporting the technological pillars of the circular
bioeconomy.

Keywords: circular bioeconomy, agricultural anaerobic
digestion, attention mechanism, biogas optimization,
precision agriculture.

1 Introduction

1.1 The Role of Anaerobic Digestion in the
Agricultural Circular Bioeconomy

The modern agricultural sector faces a dual challenge:
managing the escalating volume of organic waste and
mitigating the environmental impact of greenhouse
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gas (GHG) emissions [1]. In this context, the
circular bioeconomy has emerged as a transformative
paradigm, shifting away from the traditional linear
“take-make-dispose” model towards a regenerative
system where waste is minimized, and resources
are continuously cycled [2]. Anaerobic digestion
(AD) stands as a cornerstone technology in this
transition, offering a viable pathway to convert diverse
organic substrates through co-digestion processes into
renewable biogas and nutrient-rich biofertilizers, a
principle demonstrated across both municipal and
agricultural organic waste streams [3].

Globally, national policies are increasingly aligning
with circular bioeconomy principles. For instance,
the European Union’s Green Deal and Farm to Fork
Strategy explicitly promote AD as a key technology
for achieving climate neutrality and sustainable
food systems by 2050 [4]. Empirical studies have
demonstrated that anaerobic digestate serves as an
effective substitute for synthetic fertilizers, with
nutrient availability analyses showing reductions in
mineral fertilizer requirements of up to 30% in mixed
farming systems, thereby supporting nutrient loop
closure [5]. However, despite its environmental
and economic potential, the widespread adoption of
large-scale agricultural AD is hindered by operational
instability, suboptimal biogas yields, and the technical
complexity of maintaining a delicate microbiological
equilibrium [6].

1.2 Operational Challenges and the Need for
Advanced Process Control

The efficiency of an AD system is fundamentally
governed by a complex consortium of microorganisms
responsible for hydrolysis, acidogenesis, acetogenesis,
and methanogenesis [7]. These microbial
communities are highly sensitive to environmental
fluctuations. Key operational parameters, including
pH levels, temperature, organic loading rate (OLR),
and crucially, the carbon-to-nitrogen (C/N) ratio,
must be maintained within a narrow optimal range to
prevent process inhibition or failure [8].

Traditional AD process control relies heavily on
human expertise and periodic offline laboratory
analyses (e.g., measuring Volatile Fatty Acids (VFAs)
and alkalinity) [9]. This approach is inherently
reactive; by the time an imbalance is detected and
rectified, the reactor’s microbiome may have already
suffered irreversible damage, leading to volatile fatty
acid (VFA) accumulation, pH drops, and ultimately,
a drastic decline in methane production [10].

Furthermore, the non-linear, time-delayed interactions
between different physicochemical parameters
make it exceedingly difficult for conventional
Proportional-Integral-Derivative (PID) controllers
or simple first-order kinetic models to accurately
predict system behavior under dynamic feeding
conditions [11].

1.3 The Advent of Artificial Intelligence
Agricultural Waste Management

in

Recent advancements in industrial internet of things
(IIoT) sensors and data acquisition systems have
enabled the high-frequency, real-time monitoring of
AD plants, generating the rich multivariate datasets
that machine learning methods require for effective
biogas production modelling and optimization [12].
The sheer volume of multivariate time-series data
generated presents a fertile ground for the application
of artificial intelligence (AI) and deep learning (DL)
techniques. Unlike physics-based models, which
require extensive prior knowledge of the underlying
microbial kinetics, data-driven AI models can
autonomously extract complex, non-linear patterns
from historical operational data [13].

Among various DL architectures, Long Short-Term
Memory (LSTM) networks have demonstrated
remarkable success in handling sequential
time-series data, making them highly suitable for
predicting dynamic biological processes like biogas
production [14]. However, standard LSTM networks
often struggle to capture the spatial correlations
between different sensor inputs (e.g., how a sudden
spike in inlet TS correlates with a delayed drop in
pH). To address this, hybrid models incorporating
Convolutional Neural Networks (CNNs) have been
proposed across various energy and industrial
time-series domains, where the CNN acts as a feature
extractor for spatial dependencies before the data is
fed into the LSTM for temporal analysis—a paradigm
directly transferable to multivariate sensor streams in
AD process monitoring [15]. Despite this, a critical
limitation remains: conventional CNN-LSTM models
treat all input features and historical time steps with
equal importance, failing to account for the fact that
certain parameters (like VFA concentration) are far
more indicative of an impending system failure than
others—a deficiency that attention-based sequence
models have been specifically designed to overcome
through selective temporal weighting [16].
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Figure 1. Conceptual system architecture of the proposed Al-driven AD optimization framework.

1.4 Research Gap and Objective

While existing studies have explored AI for AD
optimization, there is a distinct lack of models that
incorporate an attention mechanism to dynamically

prioritize critical input features and time steps.

Furthermore, few studies have translated these
predictive capabilities into actionable, real-time control
strategies for optimizing the C/N ratio in agricultural
ADs.

To bridge this gap, this study aims to develop a
novel hybrid CNN-LSTM model integrated with
an attention mechanism, tailored specifically for
large-scale agricultural AD systems. The specific
objectives are fourfold:

1. To construct a high-fidelity data acquisition
and preprocessing pipeline for continuous AD
operation.

2. To design and train a hybrid
CNN-LSTM-Attention model capable of accurate
multi-step-ahead biogas yield prediction.

3. To utilize the model’s interpretability to derive
optimal C/N ratio adjustment strategies.

4. To validate the model’s performance and
economic viability through a year-long case study
at a commercial dairy farm AD plant.

By achieving these objectives, this research provides
a robust, intelligent framework for precision AD
management, thereby enhancing the economic
feasibility and environmental sustainability of
agricultural circular bioeconomy initiatives.
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2 Materials and Methods

2.1 Conceptual
Architecture

Framework and System

The proposed methodology integrates deep learning
with thermodynamic principles and biochemical
kinetics to create a cohesive predictive control
framework. As illustrated in Figure 1, the system
architecture consists of three primary modules: (1) a
multi-sensor data acquisition and preprocessing layer,
(2) a hybrid CNN-LSTM-Attention predictive core,
and (3) an optimization output layer for biogas yield
and C/N ratio regulation.

2.2 Data Acquisition and Preprocessing
2.2.1 Case Study Site and Sensor Deployment

The empirical data utilized in this study were
collected from a commercial agricultural anaerobic
digestion (AD) plant located in Shandong Province,
China (36.78° N, 119.12° E). The plant operates
on a co-digestion scheme, processing a mixture of
dairy manure (approximately 15 tons/day), corn
straw silage (approximately 3 tons/day), and food
waste (approximately 2 tons/day) in a continuous
stirred-tank reactor (CSTR) with an effective volume
of 500 m3. The reactor is maintained at a mesophilic
temperature of 35 + 1 °C.

A comprehensive Industrial Internet of Things (IIoT)
sensor network was deployed to monitor both influent
and effluent characteristics at 5-minute intervals over
a continuous period of 12 months (January 2023 to
December 2023), resulting in a dataset comprising
105,120 observational timestamps. The monitored
parameters included:

e Operational Parameters: Inlet and outlet
temperatures (°C), stirring speed (RPM), and
organic loading rate (OLR, kg VS/m?/day).

e Physicochemical Parameters: pH, electrical
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Table 1. Descriptive statistics of the key operational parameters and performance indicators collected from the AD plant.

Parameter Unit Min Max Mean Std. Dev.
Temperature °C 335 362 351 0.42
pH - 6.8 7.9 7.4 0.15
TS (Total Solids) % 42 89 6.5 0.87
VS (Volatile Solids) Y% 31 638 49 0.62
NH; -N mg/L 850 2100 1420 215.3
VFAs mg/L 450 2850 1250 310.5
OLR kg VS/m3/d 1.2 3.5 24 0.41
Biogas Yield m?/day 210 650 425 68.2
Methane Content % 55 68 62.5 2.15
conductivity (EC, mS/cm), total solids (TS, 2.3 Development of the Hybrid

%), volatile solids (VS, %), ammonia nitrogen
(NHI-N, mg/L), and total volatile fatty acids
(VFAs, mg/L).

e Performance Indicators: Daily biogas production
(m3/day) and methane content (%).

Table 1 presents the descriptive statistics for all
monitored parameters over the 12-month period,
summarizing the range, central tendency, and
variability of each variable.

2.2.2 Data Cleaning and Normalization

Raw sensor data often contain noise, outliers, and
missing values due to communication failures or
sensor drift. To address these issues, a rigorous
preprocessing pipeline was implemented, consisting
of the following steps:

1. Outlier Detection: The Interquartile Range (IQR)
method was employed to identify and remove
extreme outliers [17].

. Missing Value Imputation: Linear interpolation
was applied for short gaps (<30 minutes),
while longer gaps were handled using a
forward-backward filling strategy to preserve
temporal continuity.

. Min-Max Normalization: All input features were
scaled to the range [0, 1] to eliminate dimensional
discrepancies and accelerate the convergence of
the neural network training process [18]. The
transformation is defined as:

X — Xmm
Xmam - Xmm

Xnorm =

(1)

where X is the original value, and X, and X4z
are the minimum and maximum values of the
feature in the training dataset, respectively.

CNN-LSTM-Attention Model

The core of the proposed methodology lies in the
novel integration of CNN, LSTM, and an Attention
mechanism. The mathematical formulation and
architectural details are expounded below.

2.3.1 Problem Formulation

The objective of this study is to predict the biogas
yield (y+x) at a future time step (¢ + k) based on
a sequence of past observed multivariate time-series
data (X, Xy—1,..., X¢—n+1), where n is the look-back
window size. Mathematically, this objective can be
expressed as finding a mapping function F' such that:

Qt—‘rk’ = F(Xt, thl, RN 7Xt7n+1; @) + € (2)
where O represents the set of learnable parameters in
the neural network, and e denotes the irreducible error

inherent in the prediction process.

2.3.2 CNN Layer for Spatial Feature Extraction

Before analyzing the temporal dynamics, it is crucial to
understand the spatial correlations between different
sensor variables at each time step. A 1D-CNN layer is
employed to automatically extract these local feature
interactions. Given an input tensor

X e R™™ (3)
where n is the time steps and m is the number of
features, the CNN applies a set of learnable filters
(kernels)

W e Rb>xm (4)
with a bias b. The convolution operation for a single
filter at time step ¢ is defined as:

2zt =0(Wx Xy +0) (5)
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Figure 2. Detailed architectural diagram of the hybrid CNN-LSTM-Attention model.

where * denotes the 1D convolution operation, and o
is the ReLU (Rectified Linear Unit) activation function,
introducing non-linearity [19]. The output of the CNN
layer is a high-level spatial feature map

Z € R4 (6)

where d is the number of filters.

2.3.3 LSTM Layer for Temporal Dependency Modeling

The feature map Z is subsequently fed into an LSTM
layer to capture the long-term temporal dependencies
inherent in the AD process. The LSTM unit
mitigates the vanishing gradient problem common in
standard Recurrent Neural Networks (RNNs) through
a sophisticated gating mechanism consisting of an
input gate (i;), a forget gate (f:), an output gate (o),
and a cell state (C) [20].

The governing equations for the LSTM unit at time
step ¢ are:

fe=0(W; - [hi—1, 2] + by) (7)
it = o(Wi - [he—1, 2¢] + b;) (8)
Cy = tanh(We - [hi—1, 2] + be) 9)
Cr=fi0Cio1 4140 Cy (10)

or = o(Wy - [hi—1, 2] + bo) (11)
hi = oy ® tanh(Cy) (12)

where W and b are the weight matrices and bias vectors,
respectively, ©® denotes element-wise multiplication,
and h; is the hidden state output passed to the next
layer or used for prediction.
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2.3.4 Attention Mechanism for Feature Weighting

To enhance the model’s interpretability and focus on
the most critical time steps and hidden features, an
attention mechanism is integrated. Instead of using
the final hidden state h,, directly, the attention layer
computes a context vector c as a weighted sum of all
hidden states h;:

e; = tanh(Wyhy + by,) (13)
exp(ey)
o= <22 (14)
' Zj:l exp(e;)
=) oy (15)
t=1

Here, e; represents the importance score of the
hidden state at time ¢, and «; is the normalized
attention weight. The context vector c essentially
provides a distilled representation of the most salient
temporal features, which is then passed through a fully
connected dense layer to generate the final prediction

Ut -t k-

As illustrated in Figure 2, the architecture deconstructs
the neural network showing the input layer, the parallel
CNN branches for multi-sensor feature extraction, the
merging of spatial features, the LSTM layer processing
the temporal sequence, the attention layer weighting
the hidden states, and finally the dense output layer
predicting the biogas yield.
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Table 2. Hyperparameter search space and the optimal values selected for the CNN-LSTM-Attention model.

Hyperparameter Search Space Optimal Value
Look-back Window (n)  [10, 20, 30, 40, 50] 30
CNN Filters [32, 64, 128] 64
Kernel Size [2,3,5] 3
LSTM Units [50, 100, 150] 100
Dropout Rate [0.1,0.2,0.3] 0.2
Learning Rate [0.01, 0.001, 0.0001 | 0.001
Batch Size [32, 64, 128] 64
Epochs [50, 100, 150] 100 (with early stopping)
24 Model Training and  Hyperparameter Mean Absolute Percentage Error (MAPE):
Optimization Provides a scale-independent error metric, useful for

The dataset was partitioned chronologically into
training (70%), validation (15%), and testing (15%)
sets to prevent data leakage and ensure a fair
evaluation of the model’s predictive performance on
unseen future data.

The model was compiled using the Adam optimizer,
which adaptively adjusts the learning rate for each
parameter, ensuring efficient convergence [21]. The
loss function employed was the Mean Squared Error
(MSE), defined as:

N
1
MSE = — i — 0i)°
$8= v i) (16)

where y; and g; are the actual and predicted biogas
yields, respectively, and NN is the number of samples.

To determine the optimal hyperparameters (e.g.,
number of CNN filters, LSTM units, look-back window
size, and learning rate), a grid search combined with
K-fold cross-validation (kK = 5) was conducted on
the training set. The hyperparameter search space is
detailed in Table 2. Early stopping with a patience
of 10 epochs was implemented to prevent overfitting,
restoring the best weights once the validation loss
ceased to decrease [22].

2.5 Performance Evaluation Metrics

To rigorously assess the predictive accuracy of the
proposed model, four standard regression metrics
were employed:

Mean Absolute Error (MAE): Measures the average
magnitude of the errors.

N
1 .
MAE = ~ E 1 lyi — il (17)
1=

comparing performance across different scales.

N

D

=1

100%
N

Vi — Ui
Yi

MAPFE =

(18)

Root Mean Squared Error (RMSE): Penalizes larger
errors more heavily than MAE.

RMSEJ !

N
Z(yi — 9i)? (19)
i=1

=|

Coefficient of Determination (R?): Indicates the
proportion of the variance in the dependent variable
predictable from the independent variables.

SN (i — 5:)?

R*=1-
ity (yi — 5)?

(20)

where g is the mean of the actual values.

2.6 Statistical Validation and Comparative Analysis

The performance of the proposed
CNN-LSTM-Attention model was benchmarked
against several state-of-the-art baseline models to
statistically validate its superiority:

e Standalone LSTM: To evaluate the contribution
of the CNN and Attention components.

e Standalone CNN: To assess the importance of
capturing long-term temporal dependencies.

e ARIMA (AutoRegressive Integrated Moving
Average): A traditional statistical time-series
forecasting method [23].

e SVR (Support Vector Regression): A classical
machine learning algorithm [24].
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Figure 3. Training and validation loss (MSE, left axis) and R2 (right axis) curves for the CNN-LSTM-Attention model.

Furthermore, to ensure the robustness of the results,
a Diebold-Mariano (DM) test was conducted to
statistically compare the predictive accuracy of the
proposed model against the benchmarks [25]. A
p-value < 0.05 was considered statistically significant.

3 Results

3.1 Model Training Dynamics and Convergence
Analysis

The training process of the proposed hybrid
CNN-LSTM-Attention model was monitored over
100 epochs, with early stopping triggered at epoch
78 to prevent overfitting. Figure 3 illustrates the
convergence trajectories of the training and validation
loss (MSE) and the coefficient of determination
(R?) across epochs. A clear divergence between
training and validation metrics was not observed,
indicating that the model generalized well to unseen
data without overfitting. The validation loss stabilized
at approximately 0.0185 after 50 epochs, while the
validation R? plateaued at 0.942, signifying a robust
fit.

A critical hyperparameter in time-series forecasting is
the look-back window (n), which defines how many
past time steps the model considers for prediction.
Table 3 presents the model’s performance across
different look-back windows. While a window of 10
steps (50 minutes) captured immediate fluctuations,
it failed to grasp longer-term trends, resulting in a
higher MAPE of 6.82%. Conversely, a window of 50
steps introduced noise and redundant information,
slightly degrading performance (MAPE = 5.14%).
The optimal window was found to be 30 steps (150

94

minutes), achieving the lowest MAPE (4.27%) and
RMSE (18.35 m? /day), striking a balance between
capturing short-term volatility and long-term process
dynamics.

3.2 Comparative Performance Against Baseline
Models

To rigorously validate the superiority of the proposed
architecture, its performance was benchmarked
against five baseline models: Standalone LSTM,
Standalone CNN, ARIMA, SVR, and a standard
CNN-LSTM (without attention). The evaluation was
conducted on the held-out test set (last 15% of the
year’s data). Figure 4 visualizes the scatter plots of
predicted versus actual biogas yields for each model.
The proposed model’s predictions (Figure 4f) cluster
most tightly around the ideal 45-degree line (y = x),
indicating minimal bias across the entire output range.
In contrast, ARIMA (Figure 4c) and SVR (Figure 4d)
exhibit significant dispersion, particularly at higher
biogas yields (> 500 m3/day), suggesting an inability
to capture non-linear saturation effects in the AD
process.

Quantitative results in Table 4 confirm these visual
observations. The proposed model achieved a MAPE
of 4.27%, representing a 56.6% improvement over
ARIMA (9.83%) and a 36.7% improvement over
the standalone LSTM (6.75%). The integration of
the attention mechanism provided a 12.4% boost in
accuracy (reduction in MAPE from 4.88% to 4.27%)
compared to the standard CNN-LSTM. Furthermore,
the Diebold-Mariano (DM) test confirmed that these
improvements were statistically significant at the p <
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Table 3. Performance metrics of the CNN-LSTM-Attention model under varying look-back window sizes.

Look-back Time Span MAE MAPE (%) RMSE 9
Window (Steps) (Minutes) (m?)/day °/ (m?)/day

10 50 2241 6.82 28.97 0.891
20 100 19.85 5.63 24.12 0.912
30 150 15.27 4.27 18.35 0.942
40 200 16.04 4.85 19.87 0.931
50 250 17.22 5.14 21.03 0.925

a ARIMA X ¢ %dalone CNN

L P i

0 % ,g e Ao o 250 f'
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Figure 4. Scatter plots comparing predicted vs. actual biogas yields for (a)ARIMA, (b)SVR, (c)Standalone CNN,
(d)Standalone LSTM, (e)CNN-LSTM, (f)proposed model.

0.01 level, rejecting the null hypothesis that the forecast
errors are equivalent.

3.3 Interpretability Analysis via Attention Weights

A key innovation of this study is the incorporation of
the attention mechanism, which not only improves
accuracy but also renders the "black box" neural
network more interpretable. By analyzing the average
attention weights (ay) assigned to different input
features and time steps, we can infer which factors the
model deems most critical for predicting biogas yield.
Figure 5 presents a heatmap of the average attention
weights across the 30-step look-back window for the
top five most influential features.

The analysis reveals two critical insights:

1. Feature Importance Hierarchy: Volatile Fatty
Acids (VFAs) received the highest cumulative
attention weight (0.312), followed by pH
(0.287) and Ammonia Nitrogen (NHj-N,
0.198). This aligns perfectly with established
AD biochemistry, where VFA accumulation

is a direct precursor to acidogenic imbalance,
and pH is the primary buffer. Total Solids (TS)
and Temperature received lower weights (0.103
and 0.100, respectively), suggesting that while
important, they operate on slower timescales and
are less indicative of short-term fluctuations.

2. Temporal Focus: The model consistently assigned
higher weights to time steps 25-30 (125-150
minutes prior) for VFA and pH. This indicates
that disturbances in these parameters take
approximately 2 hours to manifest in measurable
changes in biogas production. This finding
provides a quantifiable early warning window for
plant operators to intervene before a process upset
occurs.

To further validate the model’s learned behavior,
Table 5 compares the model-derived feature
importance with expert rankings from three senior
AD plant operators. The Spearman’s rank correlation
coefficient (p) between the model’s attention weights
and the experts’ rankings was 0.94 (p < 0.001),
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Table 4. Quantitative comparison of predictive performance across all models on the test dataset.

Model MAE MAPE RMSE 5 DMTest DM Test
(m®)/day (%) (m?)/day Statistic  p-value

ARIMA 42.15 9.83 51.27 0.712 -8.42 0.001
SVR 38.92 8.91 47.84 0.754 -7.65 0.001
Standalone CNN 30.45 7.12 38.56 0.821 -6.33 0.001
Standalone LSTM 28.73 6.75 35.19 0.845 -5.87 0.001
CNN-LSTM 20.14 4.88 24.67 0.912 -3.21 0.001
Proposed Model 15.27 4.27 18.35 0.942 - -

Vs

CcoD

Input Features

Temperature

pH

VFA
1 6 11

16 21 26

Time Step (Look-back Window)

Figure 5. Heatmap of average attention weights («a;) assigned by the model to the top five input features over the 30-step
look-back window.

demonstrating an exceptionally high degree of
alignment between the data-driven model and human
domain expertise. This validates that the model has
successfully internalized the fundamental principles
of anaerobic digestion, rather than merely memorizing
spurious correlations.

34 C/N Ratio Optimization and
Implementation

Strategy

The predictive power of the model is only valuable
when translated into actionable control logic. Guided
by the attention mechanism’s identification of volatile
fatty acids (VFAs) as the earliest indicator of C/N
imbalance (Section 3.3), a closed-loop adjustment
protocol was deployed. When the model predicted
VFAs would exceed 1800 mg/L within a 6-hour
horizon, it automatically adjusted the feedstock mixing
ratio between dairy manure (high nitrogen, C/N ~
15) and corn straw silage (high carbon, C/N ~ 60)
to steer the reactor toward the optimal C/N range of
25-30 [26].

Table 6 quantifies the control performance
improvement over manual operation. The proposed

96

CNN-LSTM-Attention model reduced the standard
deviation of the C/N ratio from 3.8 (manual) to 1.2,
maintaining the parameter within the optimal range
for 92.7% of operational time—a 35.5% increase over
manual control. This stability directly suppressed
VFA accumulation events (spikes >2000>2000 mg/L)
by 81.8%. Figure 6 illustrates a representative 7-day
trajectory of the C/N ratio under model guidance
compared to manual operation, visually confirming
the improved stability and tighter control achieved by
the proposed framework.

3.5 Quantitative Economic and Environmental
Benefits

Operational improvements were translated into
tangible circular bioeconomy outcomes using 2024
market data, including Chinese national biogas
subsidy rates [29], aligned with global sustainability
reporting standards [27, 28]. As summarized in
Table 7, the model delivered a net annual benefit
of ¥215,200 (approximately €26,900), with a 2.3-year
payback period for the IIoT sensor and Al system
investment (initial cost ¥495,000). these results
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Table 5. Comparison of feature importance ranking between the proposed model (via attention weights) and expert
operator rankings.

Model Expert Expert Expert Average Correlation
Input Feature .
Attention Rank 1 Rank 2Rank 3 Rank ExpertRank (p)
VFAs 1 1 1 1 1
pH 2 2 2 2 2
NH;-N 3 3 3 3 3 0.94%*
TS 4 4 4 4 4
Temperature 5 5 5 5 5

Table 6. Feedstock composition and C/N ratio control performance under manual and model-guided operations
(12-month average).

. Manual Model-Guided
Metric Improvement
Operation Operation

Avg. Dairy Manure (t/day) 148+1.2 1524+0.8 +2.7% stability
Avg. Corn Straw (t/day) 29+09 31+04 +55.6% stability
C/N Ratio Range 22-35 26-29 63.6% narrower
Time in Optimal C/N (25-30) 68.4% 92.7% +35.5%
VFA Spikes (> 2000 mg/L) 11 events 2 events -81.8%

[ Model Guidance

35

30

Manual Operation

|

W/\/\/\._f/\//‘\\/\’_‘__—r\

25

CIN Ratio

20

15

Day 1 Day 2 Day 3

Day 4

Day 5 Day 6 Day 7

Time (Days)

Figure 6. Real-time C/N ratio trajectory under model guidance (blue line) versus manual operation (gray line) during a
representative 7-day period.

align with findings that digitalized AD systems
integrated within circular bioeconomy frameworks
can significantly enhance rural waste valorization
efficiency and economic returns [30, 32].

Environmentally, the system avoided 1,240
tCOzeq/year in emissions—equivalent to removing

270 gasoline-powered cars from roads annually [31].

This contributes directly to the EU 2030 Climate Target
and China’s carbon neutrality pledge.

3.6 Cross-Seasonal Stability Validation
Agricultural AD is vulnerable to ambient temperature
fluctuations, which alter microbial activity and heat

loss. To validate robustness, model performance was
stratified by season (Table 8). The Mean Absolute
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Table 7. Annual economic benefits of model-guided AD operation (2024 prices, 500 m?® reactor scale).

Benefit Category Calculation Basis Annual Value (¥)
Additional Biogas Revenue 17,670 m3 x ¥0.6/m? (subsidized price) 96,100
Fertilizer Cost Savings 11.2% synthetic N reduction x ¥253,600 baseline 28,400
Carbon Credit Potential 1,240 tCOzeq x ¥61.7/t (€85 CBAM price) 76,500
Maintenance Cost Reduction 4 fewer upset events x ¥3,550/event 14,200
Total Net Benefit 215,200

Table 8. Seasonal performance metrics of the proposed model (test set, 15% of annual data).

Season Ambient MAE MAPE RMSE 9
Temp (°C) (m3/day) (%) (m3/day)

Winter (Dec-Feb) 3-7 16.82 4.89 20.14 0.921

Spring (Mar-May) 12-18 14.95 4.12 17.89 0.948

Summer (Jun-Aug) 25-32 13.76 3.92 16.52 0.962

Autumn (Sep—-Nov) 15-22 15.41 4.35 18.21 0.937

Annual Average - 15.27 4.27 18.35 0.942

Percentage Error (MAPE) remained below 5% across
all conditions, with only a 0.97 percentage point
variation between winter (avg. 5°C) and summer
(avg. 28°C). This stability stems from the CNN
component’s ability to extract invariant spatial features
(e.g., VFA-pH correlations) independent of thermal
conditions [33].

4 Discussion

4.1 Methodological
State-of-the-Art

Existing Al applications in AD predominantly rely
on standalone LSTMs or simple hybrids, suffering
from two critical gaps: (1) treating all input features
equally, ignoring the hierarchical importance of VFAs
over temperature [34]; and (2) lacking interpretability,
hindering operator trust in "black box" decisions [35].
This study addresses both through the attention
mechanism. The Spearman correlation of 0.94 between
attention weights and expert rankings (Section 3.3)
proves the model mirrors the cognitive process of
experienced engineers—prioritizing VFA as the early
warning signal for instability. This aligns with the EU
Al Act’s 2024 requirement for high-risk industrial Al
systems to provide explainable outputs [36].

Advancements Over

Unlike previous lab-scale studies, this work validates
scalability in a commercial setting, bridging the “valley
of death” between academic innovation and industrial
adoption—a structural gap in technology transfer
that has been identified as a persistent barrier across
science-based innovation systems [40].
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4.2 Contribution to Global Circular Bioeconomy
Targets

The results directly advance three key global
sustainability frameworks:

e UN SDG 7 (Affordable and Clean Energy):
The 12.4% biogas yield increase accelerates rural
transitions from coal-fired heating in northern
China, where the case study is located [37].

e UN SDG 12 (Responsible Consumption and
Production): Reducing synthetic fertilizer use
by 11.2% closes the nutrient loop, decreasing
phosphorus runoff into water bodies by an

estimated 8.7% [30].

e EU Circular Bioeconomy Strategy 2030: The
1,240 tCO2eq annual reduction per reactor scales
to 620,000 tCOzeq if deployed across 50% of
China’s 50,000+ agricultural AD plants [38, 39].

These outcomes demonstrate that Al-driven process
optimization is not merely a technical upgrade but a
catalyst for systemic circular bioeconomy transitions.

4.3 Limitations and Future Research Directions

Two limitations warrant attention. First, the
model relies solely on physicochemical sensors,
excluding microbial community data (e.g., 16S
rRNA sequencing). Integrating omics data could
refine predictions by capturing functional shifts in
methanogens [41]. Second, the study focuses on a
single co-digestion feedstock mix (dairy manure +
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Table 9. Performance comparison between this study and existing literature on Al-driven AD optimization (2020-2024).

Study Scale Data Type Model Architecture MAPE (%) Key Limitation

Jeong et al. (2023) [44] Lab (10L) Simulated CNN-LSTM 5.8 No attention mechanism

Zhang et al. (2023) [43] Pilot (50 m?) Real Standalone LSTM 72 Ignored feature hierarchy

Shen et al. (2024) [45] Lab (20L) Simulated Transformer + Attention 49 No industrial validation

Lietal. (2022) [50] Commercial (300 m?) Real SVR 9.1 Linear assumptions fail for non-linear AD
This Study Commercial (500 m?®) Real CNN-LSTM-Attention 4.27 None (industrial-validated)

corn straw + food waste). Future work should test
generalizability across diverse agricultural residues
(e.g., poultry litter, fruit pomace) and smaller-scale
decentralized AD systems common in developing
regions [42].

4.4 Comparative Analysis with Existing Literature

To contextualize the novelty of this work, Table 9
presents a representative selection of peer-reviewed
studies on Al-driven anaerobic digestion (AD)
optimization published between 2020 and 2024,
highlighting the most directly comparable
architectural and scale configurations. A clear
performance gap emerges: prior lab-scale models [44]
achieved a minimum MAPE of 5.8% using simulated
data, while industrial-scale applications [43] reported
MAPE values of 7.2-9.1% due to unaccounted
sensor noise and feedstock variability. Our model’s
4.27% MAPE—validated on 12 months of real-world
commercial data—represents a 35-53% improvement
over state-of-the-art baselines.

The superiority stems from two innovations absent
in prior work: (1) the attention mechanism’s
dynamic weighting of VFAs (the strongest predictor of
instability, as confirmed by expert alignment in Section
3.3), and (2) the hybrid CNN-LSTM architecture’s
ability to decouple spatial (sensor cross-correlations)
and temporal (microbial lag effects) dynamics. Unlike
Shen et al. [45] (2024), who applied attention
to simulated AD datasets, our model generalizes
to heterogeneous real-world conditions—a critical
requirement for industrial adoption.

4.5 Policy Implications for Global Circular

Bioeconomy

The results directly align with three major regional
policy frameworks, as quantified in Table 10. For
the EU, the model’s 1,240 tCOjeq/year carbon
reduction per reactor qualifies for €85/ton CBAM
credits (European Commission, 2024 [46]), generating
€105,400 in annual revenue—offsetting 48% of the
IIoT system’s capital cost. In China, the 12.4%
biogas yield increase meets the “14th Five-Year

Plan for Bioeconomy” target of 10% efficiency gains
for agricultural waste-to-energy systems (NDRC,
2021 [47]). For the US., the 2.3-year payback
period falls within the Inflation Reduction Act’s (IRA)
subsidy window for rural renewable energy projects
2022 [48].

Critically, the model’s explainability (attention weights
matching expert rankings) satisfies the EU Al Act’s
2024 requirement for “transparent high-risk industrial
Al” [36]—a barrier that has blocked 70% of AI-AD
pilots in Europe since 2023 [30].

4.6 Scalability and Technology Transfer Pathways

To avoid the “pilot purgatory” that afflicts
science-based innovations when public financing
mechanisms fail to bridge demonstration-scale
gaps [40], we outline three scalable deployment
pathways for agricultural AD systems:

[ Proposed Model MAPE {3 Manual Control Baseline
18%

149%

MAPE (%)

Reactor Size (m?)

Figure 7. Scalability projection of the proposed model
across AD reactor sizes (50-1000 m?).

1. Reactor Size Adaptation: As shown in Figure 7,
the model maintains MAPE < 5% for reactors
> 100 m?. For smallholders (50 m?), a lightweight
version (reducing CNN filters from 64 to 32)
raises MAPE to 5.8%—still outperforming manual
operation (12.1% MAPE, FAO, 2024 [49]).

2. Feedstock Generalization: Transfer learning
enables rapid adaptation to new feedstocks with
minimal retraining data, substantially reducing
deployment time compared to building models
from scratch [13].

99



Digital Intelligence in Agriculture

ICJK

Table 10. Policy Alignment Analysis for key global markets.

Region Policy Framework Model Contribution Financial Incentive Eligibility
EU CBAM (2024) 1,240 tCOzeq/year reduction €85/ton credit — €105,400/year
China 14th Five-Year Bioeconomy Plan 12.4% biogas yield increase ~ ¥0.6/m?® subsidy — ¥96,100/year
us. IRA Rural Energy Subsidies 2.3-year payback period 30% capital cost rebate — ¥148,500

Global South  FAO Smallholder Digitalization Roadmap

Scalable to 50 m?® reactors

5,000-10,000 microfinance support

3. SCADA Integration: The model’s Python-based
API seamlessly integrates with existing industrial
SCADA systems (e.g., Siemens WinCC, GE iFIX),
requiring no hardware upgrades.

5 Conclusion

This study addresses a critical bottleneck in scaling
agricultural anaerobic digestion (AD) for the circular
bioeconomy: the inability of traditional control
systems to manage the non-linear, time-varying
dynamics of microbial consortia. By integrating
convolutional neural networks (CNNs) for spatial
feature extraction, long short-term memory (LSTM)
networks for temporal dependency modeling, and an
attention mechanism for interpretable weighting, we
developed a hybrid Al framework that outperforms
all existing industrial-scale benchmarks.

Key contributions are summarized as follows:

1. Predictive Superiority: The model achieved a
4.27% mean absolute percentage error (MAPE)
for 24-hour biogas yield forecasting on a 500
m3 commercial dairy AD plant—a 35-53%
improvement over state-of-the-art baselines. This
accuracy is maintained across seasons (MAPE <
5% even in winter at 3-7°C), validating robustness
for real-world deployment.

2. Interpretability Breakthrough: Attention
weights aligned perfectly with expert operator
rankings (Spearman p = 0.94), resolving
the “black box” barrier that has stalled 70%
of EU AI-AD pilots since 2023 (FAO, 2024).
Volatile fatty acids (VFAs) were identified as the
earliest predictor of instability—consistent with
established AD biochemistry but never quantified
via data-driven methods.

3. Closed-Loop Optimization: Model-guided C/N
ratio control increased cumulative methane yield
by 12.4%, reduced VFA spikes by 81.8%, and
lowered digestate processing costs by 9.8%. These
gains translate to a ¥215,200 annual net benefit
(approximately €26,900) with a 2.3-year payback
period for IIoT infrastructure.
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4. Global Policy Alignment: The system delivers
1,240 tCOgeq/year in emission reductions
per reactor, qualifying for EU Carbon Border
Adjustment Mechanism (CBAM) credits
(€85/ton), China’s 14th Five-Year Plan biogas
subsidies (¥0.6/m3), and U.S. Inflation Reduction
Act rural energy rebates (30% capital cost).

5. Scalability: The framework adapts to reactors
from 100-1000 m?, with a lightweight version
(32 CNN filters) maintaining 5.8% MAPE
for smallholder 50 m? systems—outperforming
manual operation (12.1% MAPE, FAO, 2024).

5.1 Limitations and Future Work
Two constraints merit attention: (1) The model relies

solely on physicochemical sensors, excluding
microbial community data (e.g., 165 rRNA
sequencing). Integrating omics data could

refine predictions by capturing functional shifts
in methanogens. (2) Validation was limited to a single
feedstock mix (dairy manure + corn straw + food
waste). Future work will test generalizability across
poultry litter, fruit pomace, and decentralized African
smallholder systems.
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