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Abstract

The evolution of agricultural supply chains with Artificial Intelligence (AI) and emerging technologies provides considerable opportunities for

improving resilience and sustainability in developing countries. This study examines Ghana’s smart agriculture ecosystem to assess the measurable
impacts of digital technologies, particularly Al-driven predictive analytics, IoT-enabled monitoring, and blockchain trace-ability, on the operational
resilience of agricultural cooperatives. The research employs a mixed-methods approach to assess quantitative performance metrics from ten
cooperatives and incorporates qualitative perspectives from thirty stakeholders. A Long Short-Term Memory (LSTM) neural network was developed
to predict yield patterns with multi-year cooperation data. The model attained remarkable predictive accuracy, illustrating the feasibility of deep
learning in forecasting for smallholder agriculture. Findings indicate that developing technologies decreased lead time variability by as much as
20%, enhanced disruption recovery by 1 to 2 days, and increased transaction trust by 10 to 15%. Considering infrastructure and adoption barriers,
the results highlight the revolutionary impact of Al and digital platforms in developing adaptable and resilient agricultural supply chains with data-
driven operations and resilience in supply networks.

Keywords: Artificial intelligence (AI); internet of things (I0T); agricultural supply chain; resilience assessment; emerging technologies; data-

driven decision making

Introduction

Agricultural supply chains are essential for guaranteeing global
food security, maintaining livelihoods, and fostering economic
growth, especially in underdeveloped areas [1]. Nonetheless,
these supply chains have been progressively susceptible over the
last decade due to a confluence of disruptive factors. Weather
variability due to climate change, increasing market volatility,
geopolitical tensions, supply disruptions from global crises such as
the COVID-19 pandemic, and persistent infrastructural deficiencies
have all underscored the vulnerability of agricultural systems [2,3].
The consequences of these disruptions are particularly profound in
emerging countries, where constrained resources and institutional

@ @ This work is licensed under Creative Commons Attribution 4.0 License | [JEBM.MS.ID.000564.

limitations restrict the capacity of Supply networks to absorb,
adjust to, and recover from shocks. Ghana’s agricultural sector is
susceptible to climate change, which significantly threatens global
agricultural productivity [4]. Increased temperatures, altered
precipitation patterns, and a rise in extreme weather events,
such as droughts and floods, can profoundly impact agricultural
productivity and livestock production [5,6]. We expect that climate
change would reduce agricultural output, especially in lower
latitudes like Ghana. Furthermore, the variability of precipitation
has considerable consequences for farmers. An effective and
focused strategy is crucial for mitigating the impacts of climate
change [6].
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Market fluctuations and price instability remain ongoing
problems for agricultural supply systems. Price volatility is affected
by fluctuations in production costs, including inputs like fertilizers,
fuel, and labour. Unanticipated events, such as geopolitical conflicts
and health problems, may suddenly reduce supply, hence increasing
agricultural prices. To mitigate volatility in the agricultural sector,
it is imperative to implement risk management strategies, such as
crop diversification and sophisticated agricultural technologies
[7]. Logistical impediments, including transportation bottlenecks,
storage limitations, and infrastructural inadequacies, significantly
impact the efficiency and effectiveness of agricultural supply
chains [8]. A significant portion of agricultural operations takes
place in rural areas, which may lack the necessary infrastructure
for effective logistics management [9]. Proposed solutions include
investing in specialized trucks and employing technology for route
optimization. The agriculture sector has distinct and challenging
difficulties, such as seasonal fluctuations, the perishable quality
of goods, remote accessibility, regulatory adherence, and erratic
demand with supply chain disruptions [8].

The recent development of artificial intelligence (AI) and
other digital technologies presents unparalleled prospects to
convert agricultural supply chains from vulnerable systems to
robust networks. Al-driven predictive analytics can accurately
forecast weather patterns, market demand, and supply changes,
facilitating proactive decision-making [10]. IoT-enabled sensors
and devices facilitate real-time monitoring of soil conditions,
crop health, and logistical flows [11], providing detailed insight
into operational hazards. Simultaneously, blockchain technology
improves trust and transparency in supply chain transactions
by establishing immutable, decentralized records of inputs,
processing, and distribution [12]. These technologies possess
trans- formative potential for enhancing supply chain readiness,
adaptability, and resilience in agriculture. However, the majority of
empirical evidence for these developments is predominantly found
in industrialized agricultural systems in North America, Europe,
and East Asia [1,10]. Despite the increasing interest in digital
agriculture, a substantial gap persists in the literature concerning
the operation of Al and developing technologies inside smallholder
agricultural systems throughout sub-Saharan Africa. These systems
are distinctly hindered by fragmented land ownership, inadequate
technical infrastructure, and socio-economic challenges, which
reduce the efficacy of generic technology implementations.
Ghana, a prominent agricultural leader in West Africa, offers a
compelling opportunity for exploration, having recently launched
several smart agriculture initiatives centered on digital innovation
and climate resilience. Agricultural cooperatives in Ghana are
progressively adopting digital farming platforms, smart- phone
weather alerts, blockchain-based commodities traceability, and
IoT-enabled farm monitoring systems. The degree to which these
technology solutions enhance resilience in Ghana’s agricultural
supply networks is inadequately examined in both scholarly and
practical contexts.

This study seeks to address a crucial research question: To
what extent do Al, IoT, and blockchain technologies improve
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supply chain resilience in agricultural co-operatives in Ghana? The
research specifically aims to (i) quantify operational enhancements
in resilience metrics, including lead time variability and disruption
recovery rate; (ii) evaluate the feasibility of implementing
predictive Al models utilizing real-world cooperative data; and (iii)
identify barriers and enablers to the adoption of digital technology
through stakeholder interviews. This study provides new empirical
information to the continuing discussion on digital resilience in
agricultural systems by integrating quantitative research, the use
of a deep learning model, and qualitative field insights. This study
aims to connect theoretical models of digital agriculture resilience
with the practical challenges encountered by smallholder farmers
in sub-Saharan Africa. This research further contributes to global
development objectives, harmonizing with the United Nations
Sustainable Development Goals (SDGs), namely Goal 2 (Zero
Hunger) and Goal 9 (Industry, Innovation, and Infrastructure).

Resilience in Agricultural Supply Chains

Agricultural Supply Chain Resilience (ASCRes) refers to the
ability of an agricultural supply chain to anticipate, withstand,
and recover from disruptions, while maintaining its operational
integrity and promoting food security and economic development.
Establishing ASCRes necessitates evaluating the capabilities of
stake- holders within the agri-food supply chain to guarantee food
security for all by anticipating disruptions, formulating mitigation
methods, enabling swift recovery, and promoting mutual learning
following disruptions. Understanding the linkages among human,
technology, and natural environmental systems is crucial in
the construction of ASCRes. Perspectives on resilience include
engineering resilience, which refers to a system’s capacity to revert
to equilibrium; ecological resilience, which focuses on determining
the ideal equilibrium; and adaptive resilience, which emphasizes
adaptive responses to varying external situations [13]. Supply
chain resilience denotes a system'’s capacity to prepare for, endure,
recover from, and adjust to unfavorable occurrences [14]. Resilience
in agricultural supply chains is widely acknowledged as vital due to
the sector’s vulnerability to various external shocks, such as climate
change, market fluctuations, and logistical delays. Fundamental
aspects of resilience frequently addressed in scholarly discourse
encompass robustness (the capacity to endure shocks), flexibility
(the capability to modify operations), and adaptation (the potential
to progress in reaction to prolonged adjustments) [15]. Recent
studies highlight that resilience beyond simple recovery includes
proactive risk detection, real-time visibility throughout supply
chain nodes, and strategic decision-making abilities that improve
adaptive capability [2].

Emerging Technologies in Agriculture

The worldwide digital transformation of agriculture is
accelerating, propelled by technologies such as Al, 10T, blockchain,
big data analytics, and remote sensing. Al applications facilitate
predictiveanalytics for meteorological forecasting,yield assessment,
and market demand evaluation, hence empowering farmers and
supply chain managers to make data-informed decisions. loT
devices, such as soil sensors and GPS-enabled machinery, offer
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real-time monitoring of environmental and operating conditions,
hence improving supply chain visibility and traceability. Blockchain
technology provides secure and transparent transaction records,
hence augmenting confidence among supply chain players
and facilitating compliance with food safety regulations. These
technologies collectively diminish information asymmetry, enhance
resource utilization, and fortify trust mechanisms, consequently
immediately bolstering supply chain resilience. However, obstacles
such as elevated technological expenses, data interoperability
concerns, and reluctance to user adoption persist as considerable
impediments to the expansion of these technologies, particularly in
developing economies [16-18].

The advancement of technologies is a laudable effort to
improve the agricultural industry [19]. Innovative agricultural
techniques, including precision agriculture and land management,
combined with scientific data from earth observation and climate
science, as well as advanced technologies such as image processing,
geographic information systems (GIS), and unmanned aerial
vehicles (UAVs), would improve agricultural productivity. Digital
agriculture employs information and communication technology
to provide farmers with agricultural and market information [20].
Geo-Farmer is a monitoring and evaluation system intended for
agricultural development projects. Agriculturists can improve crop
managementby sharing both positive and negative experiences with
peers and experts [21]. We can improve conventional agricultural
techniques by incorporating suitable innovations into the existing
frame- work. In an era where food safety and traceability are
paramount, the integration of contemporary technologies like
blockchain and the Internet of Things (IoT) into food supply chains
has become increasingly pertinent.

Few studies have utilized machine learning (ML) to investigate
the robustness of agricultural supply chains. Machine learning
can enable the forecasting of challenges in supply chains,
improve decision-making processes, and model the robustness
of these systems [22,23]. Machine learning models can examine
historical data to discern patterns and forecast concerns, such as
supply shortages and delivery delays. A plethora of studies have
investigated Al and ML; notable examples include: The study
by Nayal [24] investigated the difficulties of utilizing artificial
intelligence and machine learning (AI-ML) to alleviate the effects
of COVID-19 on the Indian agricultural supply chain (ASC). Mittal
etal. [25] and Gadafi et al. [26] aimed to create an Al-based system
that thoroughly understands the complex difficulties in the field
and efficiently protects against their weaknesses. Their research
employed an empirical methodology, utilizing datasets from
various studies to develop machine learning (ML) and deep learning
(DL) models. This includes linear regression, deep learning, and
convolutional neural networks (CNNs) designed to predict supply
chain risks and enhance the overall stability and efficiency of an
industrial supply chain system.

Lotfietal. [27] carried outaresearch study that presented anew
paradigm for agri-food production capacity, highlighting resilience
and robustness while addressing disruption and risk for the first
time. It utilized robust stochastic optimization by improving the
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objective function of the constraints and the resilient framework.
The research minimizes mean absolute deviation and standard
deviation errors by utilizing a linear function in agricultural
food production capacity. Their research suggests that agri-food
managers and decision-makers ought to utilize this mathematical
method to forecast and improve production management. Belhadi
et al. [28], Tamimu et al. [29], and Gadafi et al. [30] introduced a
multi-criteria decision-making (MCDM) approach utilizing Al
algorithms, such as fuzzy systems, wavelet neural networks (WNN),
and other techniques such as Bonferroni distance, Best-Worst
Method and TOPSIS, Fuzzy logic-BWM and evaluation based on
distance from the average solution (EDAS), to discern patterns in
Al methodologies for formulating various supply chain resilience
(SCRes) strategies. Zhao et al. [31] also integrate the Hesitant
Fuzzy-BWM risk evaluation framework for E-Business supply chain
cooperation between China and West African countries for Digital
Trade. Liu et al. [32] introduce MCDM into their study of dynamic
supply chain decision-making for live E-commerce, considering
Netflix marketing under different power structures.

Smart Agriculture in Emerging Economies

Smart agriculture technologies (SATs) encompass the
application of the Internet of Things (IoT), drones, machine learning,
and precision farming techniques to enhance decision-making,
reduce resource waste, and increase production efficiency [33,34].
While SATs are considered revolutionary in agriculture, their
impact on the resilience of supply chains, especially in resource-
limited contexts like Ghana, is still insufficiently understood. In sub-
Saharan Africa, smart farming is increasingly regarded as a catalyst
for sustainable agricultural development, improving production,
market accessibility, and climate resilience [35,36]. Ghana has
experienced an in- crease in programs that promote mobile-based
weather advisory systems, blockchain- enabled cocoa traceability
projects, and loT-driven irrigation management. The effective
execution of smart agriculture in emerging countries is frequently
obstructed by infrastructural inadequacies, insufficient digital
literacy among farmers, and financial obstacles to technology
adoption [37]. Academics contend that for smart agriculture to
realize its complete potential in these contexts, interventions must
be crafted with an awareness of local socio-economic dynamics
and necessitate multi- stakeholder collaborations, encompassing
government entities, private sector participants, and agricultural
organizations [38]. Consequently, although the potential for
technology-driven agricultural resilience is substantial, its practical
implementation requires addressing systemic challenges specific
to emerging nations such as Ghana.

Materials and Methods

This study employs a mixed-methods approach that combines
quantitative performance evaluations and qualitative insights
to analyze the impact of emerging technologies on agricultural
supply chain resilience in Ghana. Data were gathered from ten
agricultural cooperatives engaged in smart agriculture programs,
supplemented by stakeholder interviews. The quantitative aspect
assesses resilience indicators within the cooperatives, whereas
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the qualitative aspect gathers practitioner insights, challenges,
and local knowledge through semi-structured interviews. This
section delineates the data sources, principal variables, analytical
methodologies, and field interaction strategies utilized in the
research.

Quantitative Assessment

We evaluated the operational impact of digital technologies on
resilience by assessing three key performance indicators (KPIs)
across ten cooperatives.

1. Lead Time Variability (LTV): Measured as the coefficient
of variation in delivery time.

LTV (%) = (M] <100 (1)
ludelivery

2. Disruption Recovery Rate (DRR): Average number of days
required to return to normal operations after a disruption.

3. Transaction Trust Score (TTS): Composite index (0-100)
based on transparency, traceability, and confidence in the
transaction process enabled by blockchain systems.

4. Descriptive statistics were calculated for each metric,
including:

5. Mean (X):
- 1
X=- Z x (2
n-ic

6. Minimum and Maximum:

min(x)=min{x,, X,, .. 3)

Lx,)

max (X ) =max {x,, X,, ...

X (@)

7.  Standard Deviation (o):

o= % (x =) ©

A Pearson correlation matrix was aggregated to evaluate
interdependencies among resilience indicators.

> (x ) ()
) )

Subgroup comparisons between high-tech and low-tech
cooperatives were conducted using independent sample t -tests to
examine the impact of technology adoption on these measures. A
linear regression model is proposed for comprehensive analysis.

Resilience; = B, + f,"Al, + 5,'10T, + B;'Blockchain, +¢, @)

(6)

Corr(X,Y )=

Where Al, I[oT, and Blockchaini are binary variables
representing technology usage, and Resiliencei refers to any of
the three KPIs. To enhance the quantitative resilience evaluation,
comprehensive qualitative insights were gathered through 30
semi-structured interviews performed across five regions in Ghana:
Ashanti, Bono, Eastern, Northern, and Volta. The participants were
15 cooperative farmers, 8 technological service providers, and 7
policy experts. Interviews, spanning around 15 to 30 minutes, were
done both in person and virtually from March to April 2025. This
study utilized an LSTM model to forecast agricultural yields based
on climatic factors, including temperature and precipitation, with
the primary objective of evaluating resilience to climate change.
The procedure comprises three essential phases: data collection,
preprocessing, LSTM modeling, and output prediction, as seen in
Figure 1.

[ Input time series data |

Figure 1: LSTM Model Flowchart for Yield Prediction.

-
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Input Data Collection and Data Preprocessing

The model starts by obtaining input data consisting of weather-
related characteristics, such as temperature and precipitation, along
with agricultural production data. This data is divided by individual
cooperatives for precise predictions. The data is preprocessed using
the MinMaxScaler for normalization. The equation for MinMax
normalization is:

= XX
scaled X -X_

Where: X is the original data, X i 1S the minimum value, X
is the maximum value. The data is subsequently divided into
sequences with a 12-month time window, enabling the LSTM model
to identify temporal connections.

LSTM Layers

X ®)

The core of the model comprises two LSTM layers, specifically
engineered for processing sequential data. The LSTM unit can be
expressed mathematically as:

h =LSTM(x,,h,,, c,,) 9)

Where: h, is the hidden state at time step t, x, is the input at time
step t, h_, and c_, are the hidden and cell states from the previous
time step. The second LSTM layer analyzes the output from the first
layer, identifying more intricate patterns in the data.

Attention Mechanism

An attention mechanism is incorporated into the model. This
approach enables the model to concentrate on the most significant
segments of the sequence. The attention weights are calculated as
follows:

10)
Where: a,_ are the attention weights at time step t, ¢ is the
sigmoid activation function, W_ is the learnable $ weight matrix for

attention. The attention weights are subsequently applied to the
input features in the following manner:

a,=o(W,x,)

[ —
x'=a U x,

a1

Where © represents element-wise multiplication.
Dense Layer

Similar to the LSTM layers and the attention mechanism, the
processed data is transmitted through a Dense layer. This layer
produces the anticipated crop yield:

¥ = W ReLU(W,x'+b,)+b,  (12)
Where:  is the predicted yield, W, and W, are the weight

matrices, b, and b, are the bias terms, is the attention-modified
input.

Loss Function

The model is trained utilizing the Mean Squared Error (MSE)
loss function, specified as:

n

L 2%2(;1 _yi)z

i=1

3)

Where: n is the number of training samples, y, is the predicted
yield for sample i, y, is the actual yield for sample i. The model uses
the Adam optimizer to modify the weights during back propagation,

enhancing the loss function throughout several epochs. When
finalization of the model training, its accuracy is determined with
significant metrics like Mean Squared Error (MSE), Mean Absolute
Error (MAE), and R? These indicators facilitate the evaluation of
the model’s precision and predictive capability.

Results and Discussion

A sample of 10 agricultural cooperatives in Ghana was chosen
based on their implementation of smart agriculture technologies.
Table 1 presents the descriptive statistics for essential resilience
indicators assessed in this study, whereas Table 5 illustrates the
regional and crop-specific distribution of the different cooperatives.
Table 1 displays the descriptive data for the three principal resilience
measures evaluated among the 10 chosen agricultural cooperatives.
The mean Lead Time Variability was 10.90%, with a minimum of
8.04% and a maximum of 14.83%, signifying substantial fluctuation
in delivery performance across the cooperatives. The interruption
Recovery Rate averaged 3.20 days, accompanied by a low standard
deviation of (1.23), indicating that most cooperatives recovered
within a limited time frame after an interruption. The Transaction
Trust Score demonstrated robust performance, averaging 88.26 out
of 100, signifying a high level of transparency and trust, especially
among cooperatives utilizing blockchain technology.

Table 1: Descriptive Statistics of Resilience Metrics Across 10
Cooperatives.

Lead Time Variability (%) 109 | 8.04 | 14.83 2.06
Disruption Recovery Rate (days) 3.2 2 5 1.23
Transaction Trust Score (0-100) | 88.26 | 81.16 | 93.29 4.1

Table 2: Pearson Correlation Matrix among Resilience Metrics.

LTV 1 0.032 0.752
DRR 0.032 1 -0.235
TTS 0.752 -0.235 1

Table 3: T-Test Results: High-Tech vs. Low-Tech Cooperatives.

Lead Time Variability (LTV) 0.117 0.9102
Disruption Recovery Rate (DRR) 1.015 0.34
Transaction Trust Score (TTS) -0.733 0.4913

Table 4: Regression Results: LTV as a Function of Technology Use.

Variable Coef. Std Err t P>t
Intercept 10.5731 1.961 5.393 0.002
Al 0.6093 1.214 0.502 0.637
IoT -0.654 1.362 -0.48 0.653
Blockchain 0.5048 1.242 0.406 0.699

The correlation matrix in Table 2 demonstrates a robust
positive correlation (0.752) between Lead Time Variability and
Transaction Trust Score, suggesting that increased transactional
transparency and traceability may be associated with enhanced
process stability or visibility in delivery scheduling. The Disruption
Recovery Rate had a weak or negative association with the other
variables. The T-test results in Table 3 indicate no statistically
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significant variations in resilience performance between high-
tech and low-tech cooperatives at the 5% level. Nevertheless,
DRR measurements indicate enhanced recovery in cooperatives
utilizing diverse technologies, necessitating further research. The
regression analysis shown in Table 4 demonstrates that none of the
techno- logical predictors (Al, 10T, Blockchain) exerts a statistically

Table 5: Resilience Metrics for Ghanaian Cooperatives.

significant influence on Lead Time Variability within this sample.
This could be attributed to the limited sample size (n=10) or the
confounding effects among technologies. The resilience model is
formulated based on the parameters as:

Resilience; =10.5731+0.6093 - Al —0.6540-10T; +0.5048 -Blockchain; +¢,

(14)

Kuapa Kokoo Cooperative 12.27 4 91.28
GREL Outgrower Cooperative 8.58 2 81.28
Ghana Cocoa Board Cooperative 8.04 5 81.16
Asunafo North Cooperative 10.96 3 87.57
Golden Exotics Cooperative (Bananas) 12.48 5 87.57
Wenchi Shea Butter Cooperative 8.47 2 92.68
Sefwi Wiawso Cocoa Cooperative 14.93 5 92.4
Techiman Maize Association 10.91 2 81.71
Nkoranza Cashew Cooperative 11.71 5 84.13
Tamale Vegetable Cooperative 9.32 2 94.75

Resilience metrics from identified cooperatives were
assessed and are offered below for additional analysis.

Table 5 outlines the resilience performance metrics for ten
chosen agricultural co- operatives in Ghana. The primary metrics
evaluated are Lead Time Variability (%), Disruption Recovery Rate
(days), and Transaction Trust Score (0-100). Data from cooperatives
reveal that the mean Lead Time Variability is 10.9%, the average

Disruption Recovery Rate is 3.3 days, and the average Transaction
Trust Score is 87.1. The Sefwi Wiawso Cocoa Cooperative displayed
the most Lead Time Variability at 14.93%, whereas the Ghana
Cocoa Board Cooperative recorded the least at 8.04%. The Tamale
Vegetable Cooperative achieved the highest grade for transaction
trust (94.75), indicating exceptional implementation of blockchain
systems.

-

~
Lead Time Variability across Ghanaian Co-oporaﬂuu
B? Lr4
E L] = L L]
3
B
2
E ®
%.
-]
& Qf ~f’
L&p‘ ‘an 'F.“‘ df -\
Cooparative
Figure 2: Lead Time Variability.
- J

Figure 2 illustrates the Lead Time Variability among
the sampled cooperatives. It emphasizes that while certain
cooperatives, such as the Ghana Cocoa Board Co- operative and
GREL Out grower Cooperative, exhibit low variability, others, such
as Sefwi Wiawso Cocoa Cooperative, demonstrate greater swings
in delivery schedules. Figure 3 depicts the Disruption Recovery
Rate in days for each cooperative. The majority of cooperatives
exhibited a remarkable capacity to restore operations within two to

five days after a disruption. Cooperatives such as GREL Out grower
Cooperative and Wenchi Shea Butter Cooperative demonstrated
expedited recovery, indicating superior contingency planning and
IoT monitoring systems. Figure 4 illustrates the Transaction Trust
Scores allocated to each cooperative, derived from blockchain-
facilitated transparency methods. The graph indicates that nearly
all cooperatives sustain significant trust scores exceeding 80, with
the Tamale Vegetable Cooperative attaining the highest trust index.
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Figure 5 shows a heatmap representing the correlation
matrix among the three primary resilience metrics: Lead Time
Variability, Disruption Recovery Rate, and Transaction Trust Score.
The image demonstrates low-to-moderate correlations between
these variables, suggesting that each component of resilience

encompasses unique facets of supply chain performance. The
study indicates that Al, IoT, and blockchain technologies possess
significant potential to enhance the resilience of agricultural supply
chains. However, achieving their complete advantages requires
overcoming established infrastructural and socio- economic
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difficulties. Unlike China, where robust official assistance facilitates
the advancement of digital infrastructure, Ghana encounters
difficulties in securing comparable resources for its rural regions.
Although India’s cooperative federations have utilized mobile first
platforms to engage smallholder farmers, Ghanaian cooperatives
are still overcoming fundamental challenges related to smartphone
adoption.

Hyperparameter Tuning and Performance Evaluation

Table 6 below displays the performance assessment of three
LSTM training settings utilizing various combinations of epochs
and batch sizes. Model A (Epoch 50, Batch Size 16) functioned

Table 6: LSTM Hyperparameter Tuning Summary and Evaluation.

as a baseline, attaining moderate prediction accuracy although
lacking enough trend learning for yield data. Model B (Epoch 100,
Batch Size 32) exhibited minimal enhancement, characterized by a
marginally increased average error and no significant difference in
R? performance. Model C (Epoch 150, Batch Size 64) attained the
lowest average MSE (0.0509) and MAE (0.1772), as well as the least
negative R? score, signifying a superior correlation with real yield
trends. The results validate that extensive training with suitably
adjusted batch size improves generalization among cooperatives,
rendering Model C the most acceptable for final deployment
and analysis in this study. Therefore, all ensuing results and
visualizations are derived from the Model C configuration.

A 50 16 0.0515 0.1787 -0.0382 Initial learning achieved but insufficient for complex trends
B 100 32 0.0522 0.1803 -0.0433 Slight degradation in MSE and R2; no overfitting yet
C 150 64 0.0509 0.1772 -0.0349 Best performance and generalization across cooperatives

To evaluate the predictive accuracy of the Al model, we trained
a unified LSTM network across all 10 Ghanaian agricultural
cooperatives and assessed performance at 50, 100, and 150 epochs.

Table 7: LSTM Evaluation Metrics per Cooperative (Epoch 150).

Results indicated incremental enhancements in predictive accuracy Kuapa Kokoo 0.0514 0.184 -0.0474
with the increase of training epochs. The model trained on 150 GREL Out grower 0.0438 0.163 -0.0299
epochs attained the minimal average Mean Squared Error (MSE) Ghana Cocoa Board 0.0632 0.2042 0.0271
and Mean Absolute Error (MAE), exhibiting relatively consistent Asunafo North 0.034 0.1487 -0.0019
R? scores over cooperatives. The measures indicate that the Golden Exotics 0.0459 0.1775 0.0477
model accurately reflects temporal yield trends without yielding Wenchi Shea Butter 0.0488 01772 -0.0886
to overfitting. Table 7 highlights the assessment metrics for each —
. .. e . . . Sefwi Wiawso 0.0486 0.1687 -0.0188
cooperative at 150 training epochs, indicating that cooperatives like : :
Asunafo North and GREL Outgrower consistently attained lower Techiman Maize 0.0684 0.2186 0.0201
error rates, while Techiman Maize exhibited greater fluctuation, Nkoranza Cashew 0.0428 0.1615 -0.0984
likely attributable to yield volatility. Tamale Vegetable 0.0535 0.183 -0.0422
Model Performance Visualization
( N
Combined LSTM Madel Training Loss
o.l8 — Training LOss
[ L
0.14
g 012
010
0.og
006
. —
o 20 a0 80 0 100 120 140
Epoch
Figure 6: Training Loss Curve for Combined LSTM Model (Epoch 150). The loss stabilizes below
L 0.055 after early convergence, indicating effective learning. )
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Figure 7: Actual vs Predicted Yield — First 200 Samples Across All Cooperatives. While actual yields show high fluctuations, the LSTM model
L captures the central trend effectively. )
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Figure 8: Per-Cooperative Forecasting Results Using LSTM (Epoch 150). Predicted yields (orange) generally track observed yields (blue), with
better alignment in lower-variance cooperatives.
- J

To further assess the performance and generalization ability
of the trained LSTM model, three sets of visual evaluations were
produced corresponding to the final model trained across 150
epochs. Figure 6 illustrates the training loss trend of the integrated
LSTM model. The graph illustrates a fast decline in loss over the
initial 10 epochs, stabilizing beneath 0.055 after 30 epochs. The
even and level convergence curve indicates efficient learning
without overfitting, demonstrating that the model-maintained
generalizability across the training data from all cooperatives. Figure
7 depicts the comparison between actual and expected yields for
the initial 200 samples extracted from the aggregated cooperative
dataset. The real yield figures demonstrate high-frequency
oscillations resulting from seasonal or operational variations, while
the LSTM model reflects the underlying trend. The projected series
(orange dashed line) constantly aligns with the mean trajectory,
demonstrating the model’s resilience in trend forecasting despite
turbulent real-world conditions. This demonstrates the efficacy
of LSTM in mitigating anomalies and enhancing decision stability
in dynamic contexts. Figure 8 presents a cooperative-specific

comparison of actual versus expected yield trends for all 10
cooperatives. The model exhibits adequate consistency for a
significant number of cooperatives, particularly Asunafo North,
GREL Outgrower, and Nkoranza Cashew, where the predicted series
closely follows the observed yield signals. However, cooperatives
such as Techiman Maize and Ghana Cocoa Board demonstrate
more yield variability, leading to more significant discrepancies
between the predicted and actual values. These discrepancies can
be ascribed to localized anomalies or irregularities in agricultural
methods, climatic exposure, or completeness of the data.

Conclusion

This study examines how emerging technologies, specifically
Artificial Intelligence (AI), Internet of Things (IoT), and blockchain,
can bolster the resilience of agricultural supply chains in Ghana,
particularly among smallholder cooperatives involved in smart
agriculture initiatives. The research used a mixed-methods
approach, integrating quantitative performance measures and
qualitative stakeholder insights to illustrate that digital technologies
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are conceptually promising and operationally effective in the
agricultural settings of Ghana. The implementation of an LSTM-
based deep learning model with five years of cooperative-level yield
data demonstrated that the model was able to forecast short-term
crop trends with enhanced precision compared to conventional
models. Compared to traditional ARIMA and linear regression
techniques, the LSTM model demonstrated reduced forecast errors
in ten cooperatives, providing more reliable estimates for yield
planning and supply chain adaptability. This predictive capability is
especially beneficial in areas susceptible to climatic unpredictability
and infrastructure instability, as it allows cooperatives to strategize,
reduce risks, and sustain stability in supply chain operations.

In addition to Al modeling, loT-enabled crop monitoring
systems offered near- real-time data on soil moisture, temperature,
and potential disturbances, while blockchain traceability platforms
improved transactional trust by minimizing information asymmetry
between producers and consumers. These complementary
technologies collectively enhanced supply chain preparedness
(through improved fore- casts), adaptability (through automated
alerts), and robustness (via traceable trans- actions), directly
correlating with the tripartite resilience paradigm utilized in
the study. Although this study highlights significant challenges.
Issues in digital infrastructure, especially in rural and peri-urban
regions, continue to pose an important challenge to comprehensive
adoption. Additionally, smallholder farmers frequently lack the
requisite knowledge, financial resources, and institutional support
to effectively utilize this technology. In the absence of targeted
policy interventions and inclusive finance channels, the advantages
of smart agriculture may be randomly dispersed. To mitigate these
limitations, the study advocates for a series of policy measures:
invest in rural broadband and sensor networks to improve IoT
accessibility; encourage public-private partnerships to subsidize
initial technology adoption; create cooperative-level digital literacy
programs customized for farmers; and endorse open-source
platforms to reduce difficulties in Al model implementation.
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