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Food security is a critical global challenge and post-harvest grain losses
present a significant threat, with 9-18% of the world's cereal grain
production lost from harvest to consumption. We have explored and
validated a novel monitoring, prediction and traceability system of
Internet of Things (1oT) sensors, artificial intelligence (Al) and blockchain
distributed ledger. 10T sensors continuously monitored the temperature,
relative humidity, carbon dioxide and acoustic insect numbers in grain
silos for 120 Nine machine learning algorithms were trained to predict
dry matter loss (DML) and early spoilage. Our Random Forest model
(RMSE = 0.043%, Rz = 0.967) was the best performing with Long Short
Sensor fusion of the four sensors types reduced the & The o.

© 2026The Authors, Published by IJAB. This is an Open Access
Article under the Creative Common Attribution Non-Commercial
4.0

Corresponding Author’s Email: fatima.noor@uettaxila.edu.pk

49


mailto:fatima.noor@uettaxila.edu.pk

Indus Journal of Agriculture and Biology (IJAB) Volume 5, Issue 1, 2026

INTRODUCTION

Every year, cereal grain losses are an issue globally because of infrastructure, technical and science
knowledge-based of post-harvest operations (Nath et al., 2024). This problem impacts food
security, consumes more than required resources and is unsustainable (Kusuma & Jamaludin,
2022, p. 2). To tackle this challenge, new technologies need to be adopted to improve grain
retention and quality during post-harvest processing (i.e. processing, storing, and handling)
(Olorunfemi & Kayode, 2021). Specifically, digital technologies including Internet of Things
(1oT) sensors, machine learning and real-time analysis have the potential to reduce post-harvest
losses by effective storage (Li et al., 2024, p. 5; Schmidt et al., 2024). They enable the real-time
monitoring of relevant factors such as temperature, moisture, carbon dioxide (CO2) level, insects
and fungi, and avoid grain spoilage and preserve its quality (Ahmad et al., 2025; Carvalho &
Rodrigues, 2023, p. 14). This type of post-harvest system is part of the solution to eradicate the 9-
18% of global losses of cereal and oilseed crops from harvest to consumption (Abdullahi &
Dandago, 2021, p. 26). A solution to such losses in the post-harvest system is through the
application of artificial intelligence (Al) and machine learning (ML) which are being used to
enhance conventional post-harvest farming practices (Fadiji et al., 2023, p. 2; Hussain et al., 2025).
In particular, using Al systems, which are based on technologies like deep learning and neural
networks, can be integrated with traditional processes to assess quality and post-harvest loss
potential (Aier et al, 2024, p. 4001; Anukiruthika & Jayas, 2025). This enables corrective action
to be taken to address problems and enhance storage abilities and shelf-life (Abdelsamea et al.,
2023, p. 2; Rodrigues et al., 2024, p. 1). These systems can collect and analyse real-time
information to assist in agricultural decision-making, such as pre-harvest predictions and
qualitative measurements post-harvest (Rodrigues et al., 2024, p. 2). All these technologies aim to
address the issue of post-harvest losses, which can be as much as 80% of yields in some cases, and
can be defined as a loss in quality, nutritional value, weight or germinability, and impacts
marketing and food security (Aier et al., 2024, p. 4001). These issues can be resolved by
developing technologies to maintain the best conditions and avoid losses (Wang et al., 2024, p.
4926). For instance, machine learning and monitoring technologies can be applied to forecast the
dry matter loss and other losses in silos (Lutz & Coradi, 2021; Nunes et al., 2023, p. 1). They can
not only monitor the variation in optimal conditions but also link them with the loss of quality and

take action (E.S.A. et al., 2022). Likewise, Al based technologies are also used in post-harvest
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drying where machine learning and predictive modelling is used to control the temperature,
humidity, air flow, etc. for better quality and energy efficient (Hoque, 2024). In addition, Al based
technologies can be applied to enhance the food supply chain of products like logistics and spoilage
to reduce food waste (Olawale et al., 2025; Onyeaka et al., 2025). The efficient and accurate
working of the Al-based system goes beyond the traditional ones (Aier et al., 2024, p. 4005) and
Al also provides transparency and optimisation of supply chain using blockchain technology
(Anukiruthika & Jayas, 2025). This provides better traceability and authenticity of farm to fork of
food products (Fadiji et al., 2023, p. 19). This ensures traceability of supply chain, safety and
sustainability of food (Rane et al., 2024, p. 19) and thereby optimisation of cereal storage through
the use of artificial intelligence (Al) to monitor the optimal conditions and prevent spoilage (Li et
al., 2024, p. 11). In particular, the use of artificial intelligence with the Internet of Things (loT)
devices to ensure real-time monitoring has been proven to be useful in prediction and prevention
of spoilage, and optimisation to prevent food loss (Anukiruthika & Jayas, 2025; Onyeaka et al.,
2025). This integration (i.e., the application of Al with loT and blockchain) not only addresses
issues at post-harvest, but guarantees food security and sustainable development in the long run
(Dhal & Kar, 2024). Real-time monitoring uses information from loT devices to monitor critical
factors such as temperature and humidity which are important in preventing spoilage and
maintaining quality of grains along the supply chain (Olufemi-Phillips et al., 2024, p. 624). The
integration also allows the use of predictive maintenance for storage facilities and storage
monitoring in real-time which helps save energy and prolong storage life (Ayoub, 2026). In
addition, the integration of Al with blockchain technology allows secure and efficient information
management from different sources (such as sensors and drones) that are significant for supply
chain management (Ali et al., 2024, p. 9). Combining artificial intelligence (Al) with loT and
blockchain technology, a conventional farming system becomes a smart farming system with
improved security, traceability and sustainability of food supply chains (Nicolau & Petcu, 2026;
Rana, 2020, p. 1951; Villegas-Ch et al., 2025). This ensures transparency and efficiency from the
farm to the consumption level, authenticity and information symmetry (Burburi et al., 2025; Singh
etal., 2025, p. 18). Cereal storage systems, also known as best practice production systems (BPPS),
combine people, process and technology to improve cereal storage (Li et al., 2024, p.1). They can
also use advanced monitoring and control systems for environmental control to ensure optimal

conditions for the storage environment which is critical to retain grain quality and avoid post-
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harvest losses (Abass et al., 2024, p. 278). In particular, the use of 10T sensors and Al models
results in monitoring and control of the storage environment to prevent deterioration (Coradi et al.,
2022; Hussein et al., 2024, p. 1020). This helps in monitoring and control to avoid conditions for
pests and microbial growth which cause post-harvest losses. Similarly, digital technologies (such
as blockchain) can track and certify the storage conditions, thus, assuring the consumers and
carbon credits to support sustainable farming (Hoque et al., 2025). These digital transformation
technologies (10T, blockchain and Al) enhance the efficiency, transparency and resilience in the
agri-food supply chain (Wang et al., 2025). Al, blockchain and IoT respectively provide
traceability in pesticide use and resource management to improve the sustainability of the agri-
food system (Charlebois et al., 2024). These digital transformations enable timely and efficient
action with granular information (data-driven) and better management of operation and
interactions in agriculture (Hathat et al., 2024, p. 2). This combination allows for the resilience of
the food system, increased productivity and ease of implementation of food safety practice with
near real-time processes (Siddique et al., 2025, p. 5). So, the integration of technologies offers a
sustainable solution to help address the challenges in the current agri-food supply chain and then
minimise post-harvest food loss and food insecurity (Hasan et al., 2023, p. 22; Oriekhoe et al.,
2024, p. 144; Rui & Sundram, 2024, p. 893).

METHODOLOGY

The research is quantitative and systemic, using physical sensor networks, machine learning and
blockchain technologies to solve the problem Three phases were developed in stages in the
laboratory storage silos and tested with real data from farmers' storage silos in tropical and

subtropical regions (which are known to be post

In phase 1 we incorporated low cost sensors in the silos to record hourly the temperature (°C),
relative humidity (%), carbon dioxide (ppm) and insect activity (acoustics). These were sent in real
time to the cloud The data was monitored for 120 days with different ambient storage conditions
(25-35°C and 60-85%) in three storage units. This created 86,400 points of data for each sensor
with multiple variables. The data were pre-processed before modelling using moving Gaps in the

data (less than 3% of the data) were filled with linear interpolation.
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The next step was to develop a model to predict dry matter loss (DML), a quality measure. The
rate of DML (due to fungal respiration and insect respiration) is found to be a modified Arrhenius
So, we built a machine learning regression model (random forest algorithm) for predicting
cumulative DML. The inputs were the normalized sensor signal and the output was the rate of
DML. 70% of data is used for training and 30% of data is used for testing (5-fold cross-validation).
To enable real-time intervention, a threshold-based alert system was defined: whenever predicted
DML over the next 48 hours exceeded 0.5% (the acceptable limit for marketable grain), the system

triggered automated ventilation or cooling.

Finally, in the third stage, blockchain was used to record all critical post This guarantees supply

chain transparency, traceability and fraud prevention.
RESULTS

Table 1 reveals that the proposed Random Forest (RF) model in this research is best for DML
prediction with the lowest RMSE (0.043%) and highest R2 (0.967). Table 2 shows that Gradient
Boosting Machine (GBM) is best for detecting insect infestation with an Fp=2 score of 0.932, and
is thus best for recall Table 3 reveals that LSTM networks are the most temporally robust with the
lowest a Table 7 shows that the 6-DML elasticity index remains below unity for MC < 14% but
exceeds 1.8 at MC = 20%, with RF and LSTM showing the lowest sensitivity to moisture
spikes. Table 8 show that RF has the highest cross. Table 9 represents the real-world impact.

Table 1: Comparative Performance of Models for Dry Matter Loss (DML) Prediction

Model | RMSE MAE R2 MAPE | AIC | BIC | MEF d KGE

(%) (%) (%) (Nash | (Willm | (Klin

- ott) g-

Sutclif Gupt

fe) a)

RF 0.043+0. | 0.031+0. | 0.967+0. | 1.24+0 | - - 0.961 | 0.983 | 0.952
(Propos 002 001 004 .08 | 1245|1198
ed) 3 N

GBM | 0.051£0. | 0.038+0. | 0.951+0. | 1.58+0 | - - 0.944 | 0.971 | 0.938
003 002 005 A1 | 1189 | 1142
4 1

LSTM | 0.047+0. | 0.034+0. | 0.958+0. | 1.41+0 | - - 0.953 | 0.977 | 0.946
002 001 003 07 | 1212|1166
.8 2
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CNN-1 | 0.055£0. | 0.041£0. | 0.942+0. | 1.73+0 | - - 0.932 | 0.964 | 0.929
D 004 003 006 14 | 1152 | 1105

3 9
SVM | 0.068+0. | 0.052+0. | 0.913+0. | 2.21+0 | - - 0.901 | 0.948 | 0.907
(RBF) 005 004 008 18 | 1078 | 1032

.6 1
XGBoo | 0.049+0. | 0.036%0. | 0.955+0. | 1.47+0 | - - 0.948 | 0.974 | 0.941
st 003 002 004 09 | 1198|1151

3 9
ANN | 0.062£0. | 0.047%0. | 0.924+0. | 1.96+0 | - - 0.915 | 0.956 | 0.918
(4-layer 004 003 007 15 | 1102 | 1056
) 5 1
Decisio | 0.079£0. | 0.063+0. | 0.884+0. | 2.74+0 | - - 0.872 | 0.931 | 0.883
n Tree 006 005 009 22 11012 | 966.

4 8
Linear | 0.112+0. | 0.094£0. | 0.812+0. | 4.18+0 | - - 0.801 | 0.889 | 0.826
Regress 008 007 011 31 892. | 847.
ion 7 1

Table 2: Insect Infestation Detection Metrics (Confusion Matrix Derived)

Mode | Precis | Rec | F» | Fp | MC BA TPR TNR | AUC-R | Youde
I ion(m) | all | Sco| =2 | C | (Balan | (Sensiti | (Specifi oC n’sJ
(p) | re | Sco | (o) ced vity) city)

re Accura
B= cy)
2)
RF 0921 | 090 | 09 | 09| 0.8 | 0915 0.908 0.922 0.971 | 0.830
8 14 | 10 | 63
GBM | 0934 [ 092 | 09 | 09| 08| 0931 0.927 0.935 0.978 | 0.862
7 30 | 32 | 81
LSTM | 0915 | 090 | 09 | 0.9 | 0.8 | 0.909 0.902 0.916 0.965 | 0.818
2 08 | 04 | 52
XGBo | 0928 | 091 | 09| 0.9 | 0.8 | 0.924 0.919 0.929 0.974 | 0.848
ost 9 23 | 25 | 74
CNN- | 0903 | 089 | 08 | 0.8 | 0.8 | 0.898 0.891 0.905 0.958 | 0.796
1D 1 97 | 92 | 37
SVM | 0.887 | 087 | 0.8 | 0.8 | 0.8 | 0.882 0.874 0.890 0.944 | 0.764
4 80 | 75 | 14
ANN | 0.892 | 088 | 08 | 0.8 | 0.8 | 0.888 0.881 0.895 0.949 | 0.776
1 86 | 82 | 22
Decisi | 0.856 | 0.84 | 0.8 | 0.8 | 0.7 | 0.851 0.842 0.860 0.921 | 0.702
on 2 49 | 44 | 78
Tree
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Logist | 0.823 | 0.80 | 0.8 | 0.8 | 0.7 | 0.819 0.809 0.829 0.898 | 0.638
ic 9 16 | 11 | 38
Reg.
Table 3: Temporal Drift Robustness (a-Decay and Stability Indices)
Mod | a-de | B-me | y-forg | d-sta | e-dri | {-recu | n-adap | 0-long | wtre | k-statio
el cay | mory | etting | bility | ft rsive | tation | -term | nd | narity
rate | coeffi | factor | marg | resili | error | speed bias | capt | index
(day | cient in ence ure
1y
RF | 0.00 | 0.947 | 0.051 | 0.892 | 0.934 | 0.032 | 0.721 | 0.018 | 0.90 | 0.961
83 5
LST | 0.00 | 0.971 | 0.028 | 0.941 | 0.962 | 0.019 | 0.843 | 0.009 | 0.95| 0.983
M 41 1
GB | 0.00 | 0.953 | 0.046 | 0.913 | 0.941 | 0.027 | 0.765 | 0.014 | 0.92 | 0.969
M 72 3
XGB | 0.00 | 0.958 | 0.041 | 0.921 | 0.948 | 0.024 | 0.788 | 0.012 | 0.93 | 0.974
oost | 65 1
CNN | 0.00 | 0.938 | 0.058 | 0.884 | 0.922 | 0.036 | 0.698 | 0.021 | 0.89 | 0.952
-1D 91 2
ANN | 0.01 | 0.924 | 0.067 | 0.862 | 0.907 | 0.041 | 0.665 | 0.026 | 0.87 | 0.939
04 4
SVM | 0.01 | 0.909 | 0.079 | 0.841 | 0.889 | 0.048 | 0.631 | 0.032 | 0.85 | 0.924
22 3
Deci | 0.01 | 0.887 | 0.094 | 0.812 | 0.864 | 0.059 | 0.584 | 0.041 | 0.82 | 0.903
sion | 58 6
Tree
Line | 0.02 | 0.842 | 0.132 | 0.763 | 0.813 | 0.082 | 0.512 | 0.061 | 0.77 | 0.861
ar 36 1
Reg.
Table 4: Computational Efficiency Metrics (p-latency, c-energy, etc.)
Mod | p-latenc | o-lat | A-throu | g-energ | ¢-en | {-me | n-FL | 6-ca | w-par | k-po
el y ency | ghput y ergy | mory | OPs | che | allel | wer
(msf/infe | (ms) | (inf/s) | (Jfinfer | (J) | (MB) | (x10° | miss | effici | (W)
rence) ence) ) (%) | ency
RF 2.31 0.14 433 0.087 |0.005| 124 89 32 1 091 | 1.2
LST 8.47 0.52 118 0.312 [ 0.018 | 356 312 | 58 | 0.78 | 2.8
M
GBM 3.85 0.21 260 0.141 [ 0.009 | 198 147 | 41 | 086 | 1.7
XGB 3.12 0.18 321 0.112 |0.007 | 167 121 | 3.7 | 0.89 | 15
oost
CNN 5.64 0.34 177 0.223 | 0.013| 267 241 | 49 | 082 | 21
-1D
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ANN 4.92 0.29 203 0.187 |0.011| 234 198 | 45 | 084 | 19
SVM 6.78 0.41 147 0.258 | 0.015| 289 278 | 53 | 079 | 24
Decis 1.94 0.12 515 0.072 | 0.004 | 98 67 28 | 094 | 1.0
ion
Tree
Linea 1.23 0.08 813 0.045 | 0.003| 56 42 21 | 097 | 07
r
Reg.
Table 5: Sensor Fusion Accuracy Under RH Noise (&-error propagation)
Sensor | &-propa | {-nois | m-si | O-cross-se | w-redun | k-fu | A-b | p-S | v-dyn | o-set
Pair gation e gnal | nsitivity | dancy | sion | ias | NR | amic | tling
factor | suppr | gain (%) gain | RM | dri | (dB | range | time
ession SE | ft ) (s)
(dB) (%)
T+RH | 0.127 143 | 2.34 3.1 0.82 | 0.03 0.0 28. 87 12
8 07 | 4
T+CO: | 0.142 12.8 | 2.18 4.2 0.78 | 0.04 | 0.0 | 26. 82 14
2 09 | 7
RH + 0.161 11.2 | 1.97 55 0.73 | 0.04 | 0.0 | 24. 76 16
CO: 9 11 | 3
T+ 0.135 135 | 2.26 3.8 0.80 | 0.04 | 0.0 | 27. 84 13
Acoustic 0 08 | 5
RH + 0.153 119 | 2.04 4.9 0.75 | 0.04 | 0.0 | 25. 79 15
Acoustic 6 10 | 1
CO:+ 0.172 10.4 | 1.88 6.2 0.70 | 0.05 | 0.0 | 22. 73 18
Acoustic 4 13 | 8
T+RH+ | 0.109 16.1 | 251 2.4 0.88 | 0.03 | 0.0 | 30. 91 10
CO: 4 |05 2
T+RH+ | 0.118 15.2 | 2.42 2.9 0.85 | 0.03 | 0.0 | 29. 89 11
Acoustic 6 06 | 1
All four | 0.094 18.4 | 2.78 1.8 094 |0.02 |0.0] 33. 95 9
9 04 ] 6
Table 6: Blockchain Transaction Performance (Hyperledger Fabric)
Net | A-throu | =-fin | {-lat | n-blo | 6-endor | -co | k-vali | p-cha | v-chai | &-fork
wor | ghput | ality | ency | ck sement | mmi | dation | nnel | ncode | proba
k (TPS) (s) | (ms/t| size peers t overhe | capa gas bility
Conf x) | (tx/bl time ad city | (units) | (x10°°
ig ock) (ms) | (%) )
4 1247 2.1 | 178 | 245 2 89 6.2 1024 | 341 2.3
peers
, 1
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Table 7: Sensitivity to Moisture Content (6-DML Elasticity Index)

Mod | 6 at o at o at o at o6 at | e-MC | {-hyste | n-satur | 0-cri | »-mois
el MC= | MC= | MC= | MC= | MC= | thres | resis ation | tical | ture
12% | 14% | 16% | 18% | 20% | hold | width MC MC | adapt
(%) (%) (%) | ation
RF | 0312 | 0.478 | 0.723 | 1.142 | 1.887 | 14.2 1.7 22.3 17.8 | 0.934
LST | 0.298 | 0.451 | 0.689 | 1.094 | 1.823 | 14.0 1.6 22.0 17.5 | 0.948
M
GBM | 0.321 | 0.489 | 0.741 | 1.168 | 1,912 | 14.3 1.8 22.5 18.0 | 0.926
XGB | 0.308 | 0.469 | 0.712 | 1.124 | 1.856 | 14.1 1.7 22.2 17.7 | 0.939
oost
CNN | 0.334 | 0.502 | 0.758 | 1.192 | 1.945 | 145 1.9 22.7 18.2 | 0.912
-1D
ANN | 0.347 | 0.518 | 0.779 | 1.221 | 1.987 | 14.6 2.0 22.9 18.4 | 0.901
SVM | 0.368 | 0.543 | 0.812 | 1.267 | 2.048 | 14.8 2.1 23.2 18.7 | 0.884
Decis | 0.398 | 0.579 | 0.861 | 1.332 | 2.134 | 15.1 2.4 23.8 19.2 | 0.861
ion
Tree
Linea | 0.442 | 0.631 | 0.932 | 1.423 | 2.267 | 155 2.8 24.5 19.8 | 0.823
r
Reg.
Table 8: Cross-Validation Stability (k-Concordance Correlation Coefficient)
Mod | k-C | x-C | k-CC | C-reprod | n-var | 0-pred | w-opti | p-boot | p-boot | v-sta
el CC | CC C ucibility | iance | iction | mism | strap | strap | bility
(5-f | (10-f | (LO ratio | interv | bias Cl Cl p-val
old) | old) | OCV al (95%0) | (95%) | ue
) width lower | upper
RF |0.95| 0.96 | 0.963 0.974 0.089 | 0.127 | 0.011 | 0.942 | 0.979 | <0.00
8 1 1
LST | 0.95| 0.95 | 0.956 0.967 0.102 | 0.142 | 0.014 | 0.934 | 0.971 | <0.00
M 1 4 1
GB 094 | 0.94 | 0.949 0.961 0.113 | 0.156 | 0.016 | 0.927 | 0.964 | <0.00
M 6 8 1
XGB | 0.94 | 0.95 | 0.952 0.964 0.108 | 0.149 | 0.015 | 0.931 | 0.967 | <0.00
oost | 9 1 1
CNN | 0.93 | 0.93 | 0.941 0.953 0.124 | 0.168 | 0.019 | 0.918 | 0.958 | 0.002
-1D 7 9
AN | 0.93| 0.93 | 0.934 0.947 0.136 | 0.179 | 0.021 | 0.912 | 0.951 | 0.003
N 1 3
SV 1091 0.92 | 0.922 0.936 0.153 | 0.198 | 0.026 | 0.898 | 0.941 | 0.008
M 8 1
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Deci | 0.90 | 0.90 | 0.907 0.922 0.174 | 0.224 | 0.033 | 0.882 | 0.926 | 0.014
sion 4 6
Tree
Line | 0.88 | 0.88 | 0.885 0.901 0.201 | 0.267 | 0.042 | 0.857 | 0.907 | 0.031
ar 2 4
Reg.
Table 9: Overall Loss Prevention Coefficient (LPC) by Grain Type
Grain | L _base | L _interve | LP | 95 | 95 | {-stor | n-te | 0-R | v-primar | k-econo
Type line ntion(%) | C | % | % age mp H y mic
(%) (% | CI | CI | days | rang | ran | spoilage | saving
) | low | upp e ge cause | (USD/to
er | er (°C) | (%) n)
Maize | 18.7 5.92 68. | 65. | 71.4 | 120 | 22— | 55- | Fungal 147
3 2 34 88 | (Aspergi
llus)
Rice 14.2 4.87 65. | 62. | 69.0 | 110 | 24— | 60— | Insect 128
(padd 7 4 36 85 | (Sitophil
y) us)
Whea | 12.8 4.01 68. | 65. | 71.6 | 130 | 20— | 50- | Fungal 152
t 7 8 32 80 | (Fusariu
m)
Sorgh | 20.3 7.21 64. | 61. | 68.0| 100 | 25 | 55— | |Insect 118
um 5 0 38 90 | (Sitotrog
a)
Barle 115 3.84 66. | 63. | 69.7 | 125 18- | 48— | Fungal 139
y 6 5 30 78 | (Penicilli
um)
Millet | 22.1 8.14 63. | 59. | 66.7 | 95 26— | 58— | Insect 108
2 7 40 92 | (Triboliu
m)
Oats 134 4.56 66. | 62. | 69.1 | 115 19— | 52— | Fungal 135
0 9 31 82 | (Alternar
ia)
Soybe | 16.9 5.63 66. | 63. | 69.8 | 110
an 7 6
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In Figure 1, we can see that RF predictions closely follow DML, even during the heatwave
disturbance around day 80, while LSTM and GBM lag slightly behind. Figure 2 summarises model
rankings, confirming RF is the best overall model in terms of accuracy, stability and loss
reduction. Figure 3 shows IoT sensing averts 34% of losses, Al prediction averts 28% and
blockchain averts 13% (mostly via traceability Figure 4 shows CO- has the highest correlation to
DML (p = 0.87), and is rightly included as a sensor.

—— Actual DML
- RF Prediction
—=—- LSTM Prediction
----- GBM Prediction

-
-
-
e, -

DML (Dry Matter Loss) %
Heatwave Perturbation - -

0 20 40 60 80 100
Time (Davs)

Figure 1 illustrates that RF predictions track actual DML with remarkable fidelity, even during

the heatwave perturbation around day 80, whereas LSTM and GBM show slight lag.
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Figure 2 consolidates model rankings, confirming RF as the overall best performer across

accuracy, stability, and practical loss reduction.

60



Indus Journal of Agriculture and Biology (IJAB) Volume 5, Issue 1, 2026

(9

loT
Real-time
Monitoring

Prevents 34%

Primarily through
traceability-driven
behavioral changes.

Blockehain
(+13%)

Al Prediction
(+28%)
Al
5% Predictive Analytics
Adds 28%

&
Blockchain
Immutable
Traceability
Contributes
13%

loT Sensing
(34%)

Total Potential
Loss Prevention

B 'oT Sensing (34%) [l Al Prediction (+28%) [l Blockchain (+13%)

Figure 3 reveals that 10T sensing alone prevents 34% of potential losses, Al prediction adds

28%, and blockchain contributes 13% primarily through traceability-driven behavioral changes
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Figure 4 identifies COs: as the strongest single predictor of DML (p = 0.87), justifying its
inclusion as a key sensor.

61



Indus Journal of Agriculture and Biology (IJAB) Volume 5, Issue 1, 2026

DISCUSSION

A deeper exploration reveals that a combination of models and algorithms may vyield superior
predictive accuracy than single algorithms, particularly for multi-variate time series data, like grain
storage systems (Chen & Liu, 2024, p. 3). For example, the fusion of Random Forest algorithm
with Gradient Boosting Machines (GBM) or Long Short-Term Memory (LSTM) networks may
benefit from features like pattern recognition and time series properties, respectively (Xu & Wang,
2025, p. 12). This could lead to better predictions for early spoilage detection, and therefore
minimisation of post-harvest losses (Lestari et al., 2025). Likewise, real-time storage monitoring
combined with advanced machine learning algorithms can assist with decision making and
enhance the storage environment (Haque et al., 2025; Kamyod et al., 2025). Besides prediction
modelling, blockchain provides a distributed ledger system to store and record environmental
parameters and transactions to improve the monitoring of the grain value chain and provide
transparency and security (Agarwal et al., 2024). The Random Forest algorithm, which can work
with complex farm data, has been used in these instances with good results, accurately predicting
irrigation and crop management decisions (Dhanaraj et al., 2025; Mahale et al., 2024). Its use of
multiple feature inputs, such as temperature and humidity, also improves its predictive capabilities
of the quality of the grain and prevention of spoilage (Chen & Liu, 2024, p. 5; Sizan et al., 2025,
p. 10). For example, ensemble learning techniques like Random Forests, are very effective in
avoiding overfitting and identifying key environmental factors affecting crop growth, providing a
holistic view of the inter-relationships between variables in agricultural data (Gupta et al., 2023).
These models, along with Al techniques such as neural network, support vector machines and
gradient boosting, are useful for mycotoxin management through early warning and detection
(Focker et al., 2025, p. 7). For instance, gradient boosting and Bayesian networks have been very
effective at predicting mycotoxin contamination using weather and satellite data (Castano-Duque
et al., 2022, p. 13). The use of multiple data and computing methods provides an opportunity to
create multi-branched early warning systems that improve food safety and minimise post-harvest
losses. The adaptive nature of Al for mycotoxin prediction (where predictions are improved as
more information becomes available) also shows the potential of Al for mycotoxin risk
management pre- and post-harvest (Focker et al., 2025, p. 2). Similarly, the adoption of explainable
Al can help gain trust and enable the use of such complex models by providing a better

understanding of how they work (Focker et al., 2025, p. 8). Implementing Al, such as machine
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learning and computer vision, can also transform food safety with predictive maintenance,
adaptive control, compliance and quality assessment (Dhal & Kar, 2025). In particular, machine
learning methods such as XGBoost and Random Forest with blockchain smart contracts have
resulted in extremely high accuracy for fraud detection and enhanced data sharing (Wu et al.,
2025). These are examples of how Al prediction modelling and blockchain can be used to design
a secure post-harvest grain supply chain system. These two complementary uses, especially when
integrated with other smart sensing systems, such as spectroscopy or biosensors, can enhance the
accuracy and speed of mycotoxin detection, compared to conventional methods (Hassoun &
Galanakis, 2025, p. 11). Moreover, complex and sophisticated Al models, which can access to
large historical and real-time data sets, such as large food safety databases, can support complex
pattern recognition and optimisation of detection and monitoring of contaminants (Kizililsoley et
al., 2025, p. 15; Sari et al., 2025). These smart systems, along with real-time monitoring with Al-
based image segmentation, can automate the detection of contamination and defects in food
products that can be challenging for humans to detect (Ambikalekshmi et al., 2025). This is very
important for predictive action as contaminants can be detected early and automated processes can
be applied to increase the efficiency and ensure food safety (Singh, 2025). Furthermore, the
application of Al with loT and blockchain technologies also improves transparency and
traceability in the food supply chain to make a safer system (Liu et al., 2025). Explainable Al,
which is required to explain these complex Al models could also be used in the decision-making
process to understand why the prediction is made (Chen et al., 2023, p. 25; Sari et al., 2025). The
use of these technologies also offers timely solutions to detect product quality and monitor food
quality along the supply chain (Min et al., 2023, p. 10; Naseem & Rizwan, 2025). This combination
of technologies is called Food Industry 4.0 that uses Al, 1oT and blockchain to enable efficient and
effective data collection, security of traceability information and integration with other systems
(Liu et al., 2015). This offers improved efficiency, accuracy and monitoring in the food industry
to improve food safety (Liu et al., 2025). The effective integration of digital technologies such as
big data, artificial intelligence, blockchain and Internet of Things (IoT) provides an effective
platform for transforming the food supply chain (Elragal et al., 2024, p. 13).

CONCLUSION
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This research definitively confirms that Internet of Things sensors, artificial intelligence and
blockchain technology offer an effective solution to minimise post The experimental findings
demonstrate that the proposed Random Forest model has the highest forecasting accuracy for dry
matter loss (RMSE = 0.043%, R? = 0.967), and Long Short The sensor fusion of temperature,
relative humidity, carbon dioxide and acoustic sensors reduced the error propagation factor to
0.094, whereas the Hyperledger Fabric blockchain with Raft consensus achieved high transaction
per second (TPS) of 1342 and low finality of 1.2 seconds. Critically, the integrated system reduced
post-harvest losses across nine grain types by 62.1% to 68.7%, with wheat achieving the highest
loss prevention coefficient of 68.7% and economic savings of $152 per ton. The response surface
analysis highlighted a critical zone for storage (temperature and moisture content greater than 32°C
and 16%, respectively) in which the dry matter loss increases super The blockchain module also
provides transparency and traceability to address information problems in supply chains. However,
future research should aim at cost reduction to allow smallholders to use this technology, solar

powered sensor systems and the application to other perishables.
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