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Abstract

Agriculture has sustained human civilisation for centuries, yet it remains a sector in critical need of technological advancement. Existing crop-
growth and yield-prediction methods lack a simple and generic framework that relies on climate data with minimal parameters, particularly for
leguminous crops. Addressing this gap, this study develops a Crop Growth Rate Computation Model (CGRCM) to simulate crop growth with
a focus on soil nitrogen utilisation. The CGRCM integrates climate variables and nine parameters to predict cowpea growth in terms of above-
ground biomass and final yield, derived from biomass at maturity and harvest index. Climatic input data and soil parameters were obtained through
remote sensing for Makurdi and Mokwa in North Central Nigeria, covering 32 growing seasons (1990–2021). The model was calibrated for the
FUAMPEA cultivar and implemented using a Python-based neural network post-processor. Training was conducted on data from 1990–2017 and
testing on data from 2018–2021. Results show that the CGRCM effectively captures biomass responses to drought, temperature and heat stress.
The model achieved strong agreement with observed yields, with an MAE of 134.2, an RMSE of 153.6 and a prediction accuracy of 91.4% for
Makurdi, and an MAE of 109.4, an RMSE of 113.7 and a prediction accuracy of 93.5% for Mokwa. Bootstrap confidence interval, paired t-test
and Diebold–Mariano tests confirmed that the CGRCM performed better, demonstrating its reliability as a scalable and data-efficient tool for
crop-growth prediction.
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1. Introduction

Over the years, agriculture has supported the growth of hu-
man societies. However, it is among the numerous fields that
urgently require technical assistance. The agricultural sector

∗Corresponding Author Tel.: +2348038710118;

Email address: onyeke.idoko@uam.edu.ng (Onyeke Idoko Charles )

may not have entirely benefited from the latest technology, such
as the Internet of Things (IoT). Through the application of in-
telligent monitoring techniques and the facilitation of automatic
sensing for farm situations, a farmer can guarantee optimal pro-
duction and yield by ensuring that the most effective methods
are employed on their farm [1]. Environmental change is affect-
ing both food and agricultural production. Variability in rain-
fall patterns and temperature swings has a negative impact on
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crop output, leading to reduced yields. Crop models have been
widely used to evaluate the effects of climate change on crop
growth [2].

Recently, there have been notable innovations in the appli-
cation of machine learning across a range of fields and stud-
ies. Systems that apply machine learning to agriculture can
also be developed for the benefit of the farming community
[3]. Farmers are able to make intelligent choices regarding crop
planting, watering and harvesting, thanks to machine learning,
whose main goal is to maximise agricultural yield and reduce
waste [4]. Menon et al. [5] suggested a system that fore-
casts crop conditions, suggests suitable remedies and identifies
what crops need to be grown based on real-time data. It also
follows field circumstances using climate analysis and detects
large-scale crop diseases using decision trees. Worrall et al.
[6] demonstrated how to use a domain-guided neural network
(DgNN) to integrate agronomic understanding of agricultural
growth factors into seasonal crop-growth appraisal. Geng et
al. [7] proposed an enhanced system for modelling soil that in-
corporates data on crop-growth changes and machine-learning
techniques. The authors highlighted the key benefits of includ-
ing crop-growth characteristics based on remote sensing in soil-
feature inversion during crop-covered scenarios and provided
valuable information for computerised soil mapping.

Crop growth is frequently simulated using flexible crop
models, but because these models are typically complicated,
they have problems with parameter non-identifiability [8]. To
achieve the goal of training one system for multiple cultivars,
Li et al. [9] developed a Vision and Sensor Transformer (ViST)
for crop-growth prediction by combining data from images and
sensors. Kumar et al. [10] presented an intelligent system for
tracking the progress and growth of leafy crops and provid-
ing real-time status reports. Using IoT, image processing and
machine-learning technology, the approach was an innovative
method to track the growth of leafy crops and provide real-time
updates on their condition. Grindstaff et al. [11] created a sys-
tem that uses Raspberry Pi devices to track plant development
in buildings at a reasonable cost.

Previous studies have proposed a number of methods to
address crop-growth prediction. Nevertheless, these methods
were not sufficiently robust to present a simple, unified and
generic model that is based on climate data and has few pa-
rameters for predicting the growth rate of all crop types, es-
pecially leguminous crops. Most of the research is focused
on monitoring the impact of uncertainties from climate change
on crop growth without considering nutrient utilisation, which
also affects crop growth. To fill this gap, this study devel-
ops a hybrid crop-growth and yield-prediction framework that
combines a neural network post-processor with a process-based
crop growth rate computation model, using the basic environ-
mental variables that account for crop growth while taking nu-
trient utilisation into consideration.

1.1. Review of related literature

Crop forecasting is crucial in agriculture because of soil and
climatic elements, including temperature, humidity and rainfall.

Due to the rapid changes in environmental conditions, farm-
ers now find it difficult to keep cultivating. In recent times,
machine-learning techniques, some of which have been used in
research to compute agricultural production, have replaced tra-
ditional prediction tasks. To ensure a high level of accuracy,
the data itself must be preprocessed using effective feature-
selection methods to create a dataset that is easily calculable
and machine-learning friendly. Appropriate choice of traits
helps ensure that only the most relevant traits are incorporated
into the model. The findings show that an ensemble approach
performs better than existing classification approaches in preci-
sion [12].

Huang et al. [13], in a review, addressed the key dis-
tinctions and underlying relationships between several Bayes-
theorem-based data-assimilation (DA) techniques. Building
on that framework, the authors examined the development of
various DA algorithms for assimilating data from crop mod-
els and remote sensing. DA has emerged as a key field of
study for early-season crop-production forecasts over a wide
area by combining the benefits of remote-sensing measure-
ments and crop-growth models. Ntakos et al. [14] demon-
strated how a crop-growth model may be parameterised using
remote-sensing data, reducing the requirement for lengthy field
measurements and taking crop-variety diversity into account
while giving yield projections and crop-growth tracking. The
study combined the state-rate World Food Studies (WOFOST)
crop model with the Soil Canopy Observation of Photosynthe-
sis and Energy (SCOPE) radiative-transfer model. The yield
simulation produced encouraging results, with an average dif-
ference between measured and simulated values of 1800 kg/ha.
The authors inferred that a coupled WOFOST–SCOPE model
could enhance the use of remote-sensing data for crop-growth
monitoring and yield prediction.

Gul et al. [2] used the Crop Environment Resource Syn-
thesis (CERES) wheat model to demonstrate close agreement
between observed and simulated grain-yield estimates. Annan-
dale et al. [15] used the soil water balance model to set the val-
ues for growth features of 19 vegetable varieties, and field mea-
surements were used to create a database of crop-development
requirements. Zhao et al. [16] developed a generic crop model
(SIMPLE) to simulate crop growth and yield. The model em-
ploys readily available inputs, such as daily weather data, crop
management and soil water-holding parameters. It estimates
biomass as a product of radiation, fraction of intercepted so-
lar radiation, radiation-use efficiency, the effect of carbon diox-
ide (CO2), the effect of temperature, heat stress and drought
stress. The results showed an anticipated response of the model
to gradual increments in temperature and CO2. When com-
pared with the Agricultural Systems Simulator (APSIM), De-
cision Support System for Agrotechnology Transfer (DSSAT)
and WOFOST crop models, the SIMPLE model takes fewer in-
put parameters, of which nine are species parameters and four
are cultivar parameters. The low data requirements make it suit-
able for application to a wide range of crops. As a result of its
simple nature, however, the model has limitations, including the
absence of reaction to vernalisation and photoperiod effect on
phenology. The model accounts for water utilisation but does
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not take nutrient dynamics into consideration.
Many studies have used machine learning to forecast crop

yield, with a focus on specific case studies. Paudel et al. [17]
predicted yield for wheat, barley, sunflower, beetroot and pota-
toes by designing explainable predictors using machine learn-
ing (ML). Maimaitijiang et al. [18] evaluated the impact of data
fusion using heat sensors and a deep neural network. The study
improved prediction accuracy with a coefficient of determina-
tion (R2) of 0.72. Sharifi [19] predicted barley yield based on
remote-sensing and climate data using four machine-learning
models, with Gaussian process regression performing best with
an R2 of 0.84. Huang et al. [13] predicted winter-wheat yield
using multisource data and multiple ML models. The study pro-
jected support vector machine (SVM), Gaussian process regres-
sion and random forest as the best-performing models for pre-
dicting yield among the eight machine-learning models tested.

These days, much plant development takes place in green-
houses, and modern greenhouses enable the control of climatic
conditions to guarantee maximum crop output. An essential
precondition for effectively managing greenhouse factors is
accurately predicting agricultural yields based on designated
ecological factors. A new technique for forecasting green-
house crop output was developed by combining the tempo-
ral convolutional network (TCN) and recurrent neural network
(RNN) [20]. An improved soil-modelling system that integrates
machine-learning techniques with evolving crop-growth infor-
mation was proposed by Geng et al. [7]. Four practical set-
tings were developed to determine the effect of crop-growth
indicators as indicated by phenological metrics and the Nor-
malised Difference Vegetation Index (NDVI). When compared
with models that only used natural components, the results
showed that adding time-series NDVI and phenological charac-
teristics significantly improved model reliability, with predic-
tions improving by as much as 36%.

Ahmed et al. [21] used NDVI and the chlorophyll green
vegetation index (CI green VI) to predict winter-oat height and
yield across three distinct phases of growth (flowering, grain
filling and ripening) using a drone equipped with multispectral
image sensors. Using the chemical indicators of crop quality
and soil health, a logistic-regression machine-learning model
was created to forecast oat yield. The authors concluded by
outlining the range of soil nutrient concentrations and the crop-
quality metric that growers need to maintain to maximise oat
harvest yields.

Nitrogen remains the most limiting nutrient for crop devel-
opment. The concept of the critical nitrogen dilution curve
(CNDC) has been refined over time, with Zhou et al. [22]
demonstrating that unified dilution curves can be created for
irrigated corn. The merger of remote-sensing techniques has
improved nitrogen-status assessment, with studies showing that
drone imagery combined with ML methods can estimate ni-
trogen content accurately, with an R2 of 0.77 for wheat [23].
Process-based crop models such as APSIM have been evaluated
for their site-specific nitrogen-management capability, showing
capacity to simulate maize-yield response to nitrogen with a rel-
ative root mean square error (RRMSE) of 12% [24]. Multiple-
year prediction of the nitrogen nutrition index using UAV-based

Table 1: Description of input data.

SN Description Unit

1 All-sky surface PAR (radiation) W/m2

2 Daily maximum temperature (max_T) ◦C
3 Daily minimum temperature (min_T) ◦C
4 Atmospheric CO2 concentration (CO2) ppm
5 Soil nitrogen (N) g/kg
6 Plant-available water (PAW) mm
7 Reference evapotranspiration (RETo) mm

multisource remote sensing has achieved remarkable results,
with the extremely randomised tree machine-learning model
achieving an R2 of 0.60 and a root mean square error (RMSE)
of 0.14 for winter wheat, thus providing a strong argument for
nitrogen management [25]. Crop-growth prediction remains a
vital research problem in agriculture because researchers are fo-
cused on the prediction of yield, which remains the main inter-
est of the farmer. Further research can be directed to developing
models specifically for the prediction of not only yield but also
the growth rate of crops as a function of above-ground biomass,
while considering non-climatic growth factors such as nitrogen
utilisation in the deployment of growth models [26].

1.2. Motivation and contributions
Accurate prediction of crop biomass and yield under chang-

ing environmental conditions remains a major gap in agricul-
tural modelling. Process-based crop-growth models such as
that of Zhao et al. [16] have offered a useful framework for cal-
culating biomass using environmental variables, but they have
significant drawbacks that restrict their usefulness in practical
applications. In particular, the Zhao model ignores soil–crop
nutrient dynamics, especially nitrogen availability, which is es-
sential for crop yield and biomass build-up. As a result, the
model assumes optimal nutrient conditions and thus produces
overestimated biomass predictions under nutrient-limited envi-
ronments.

Therefore, this study develops an improved crop-biomass
and yield-prediction framework that integrates soil nutrient dy-
namics into the biomass-estimation process to accurately rep-
resent vital crop physiological processes while utilising easily
accessible environmental data such as remote-sensing and cli-
mate datasets. The contributions of the study are as follows:

1. generation of novel environmental data for cowpea, a re-
gionally important but understudied crop, in Makurdi,
Benue State, and Mokwa, Niger State, both in North Cen-
tral Nigeria;

2. formulation of a model that incorporates nutrient utilisa-
tion for cowpea biomass prediction, with fewer parame-
ters than existing models and with the ability to predict
biomass accumulation of up to 175 kg/ha for the two
study locations;

3. creation and testing of a novel hybrid architecture that
shows a consistent performance increase with a predic-
tion accuracy of 91.4% for the Makurdi test and 93.4%
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Table 2: Description of parameters.

SN Description Parameter type Calibration Unit

1 Cumulative temperature requirement from sowing to
maturity (Tsum)

Species 1200 ◦C

2 Cumulative temperature for leaf-area development at
50% radiation (ctLad)

Species 600 ◦C

3 Cumulative temperature for leaf senescence at 50%
radiation (ctCS)

Species 600 ◦C

4 Base temperature for crop growth (base_T) Species 10.0 ◦C
5 Optimal temperature required for biomass growth

(opt_T)
Species 26 ◦C

6 Radiation-use efficiency (raduse_eff) Species 0.82 g MJ−1 m−2

7 Extreme temperature threshold at which raduse_eff is 0
(ext_T)

Species 38.0 ◦C

8 Increase in raduse_eff per ppm of elevated CO2 (S CO2) Species 0.07 g MJ−1 m−2

9 Nitrogen Soil Makurdi (55), Mokwa (44) g/kg
10 Plant-available water (PAW) Soil Makurdi (23), Mokwa (22) mm
11 Threshold temperature (heat_T) Species 28 ◦C
12 Sensitivity of raduse_eff to arid index (water_S) Species 0.5 Dimensionless
13 Half-saturation point of nitrogen (NK) Species 25 Dimensionless
14 Harvest index (HI) Species 0.40 Dimensionless

1990 1991

1992 1993

Figure 1: Cumulative biomass trend for Makurdi, 1990–1993.
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Table 3: Algorithm of the proposed CGRCM.

Pre-condition: The CGRCM set is a dataset of radiation (rad), max_T, min_T, CO2, N, PAW, RETo and DAP for the years 1990–
2021, which are input data to CGRCM. The fields Tsum, ctLad, ctCS, base_T, opt_T, raduse_eff, ext_T, max_T and S_CO2 are
species parameters for the reference crop.
Post-condition: Steps 1–30 compute the cumulative biomass and yield for the reference crop.

Stage 1 Calibration of parameters and data loading
1 Calibrate Tsum, ctLad, ctCS, base_T, opt_T, raduse_eff, ext_T, max_T, harvest index (HI) and S_CO2 with standard

species-specific values.
2 Load climate data for training years (1990–2017).
3 Load observed yield data for evaluation years (2018–2021).

Stage 2 Training-data preparation
4 For each training year (1990–2017):

(a) for each day after planting (DAP = 1 to end of season, approximately 62 days);
(b) compute FCO2 according to equation (9);
(c) compute Nrad_eff according to equation (13);
(d) compute Fsol according to equation (4);
(e) compute stress factors Ftemp, Fheat and Fwater according to equations (7), (8) and (10);
(f) compute base biomass according to equation (14);
(g) end for.

5 End for.
6 Compute seasonal_base_yield = cum_biomass × HI.
7 Compute target adjustment = average_observed_yield/seasonal_base_yield.
8 Save training data.

Stage 3 Neural-network configuration and training data
9 Initialise neural network with three inputs, three hidden layers (32, 16 and 8 neurons with rectified linear unit

(ReLU) activation) and one linear output neuron.
10 Split data into training set (1990–2017) and validation set (2018–2021).
11 For epoch = 1 to 300.
12 Shuffle training samples.
13 For each batch of 32 samples.
14 Forward pass (using Ftemp, Fheat and Fwater) through all layers to get predicted adjustment.
15 Compute error = predicted adjustment – target adjustment.
16 Compute loss = error2.
17 Compute gradient of loss in backward pass.

Table 4: Continuation of the algorithm of the proposed CGRCM.

Step Algorithm continued

18 Update network parameters.
19 End for.
20 End for.

Stage 4 Testing
21 For test years, load daily climate data.
22 Set cum_biomass = 0.
23 Pass (Ftemp, Fheat, Fwater) through the trained network to obtain learned correction as Φ.
24 Compute final_biomass = base_biomass + Φ.
25 Set cum_biomass = cum_biomass + final_biomass.
26 End for.
27 Compute yield = cum_biomass × harvest index.
28 Compare predicted yield with observed yield for test years.
29 Compute error metrics.
30 Exit.
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1994 1995

1996 1997

Figure 2: Cumulative biomass trend for Makurdi, 1994–1997.

Table 5: Performance evaluation of the CGRCM for Makurdi
yield.

Model MAE RMSE Prediction accuracy (%)

CGRCM 134.2 153.6 91.4
SIMPLE 196.6 311.0 81.0

Table 6: Performance evaluation of the CGRCM for Mokwa
yield.

Model MAE RMSE Prediction accuracy (%)

CGRCM 109.4 113.7 93.5
SIMPLE 167.3 172.4 90.2

for the Mokwa test by fusing process-based crop mod-
elling with neural network learning;

4. provision of a reproducible framework that can be ap-
plied to other crops and geographic areas.

1.3. Outline of the work
This article is outlined as follows. The background of the

research, review of related studies, research motivation and
contributions are presented in Section 1. Section 2 presents the

materials and methods, stating the source of data and study area,
formulating the model equations and presenting the algorithm
for the study. Section 3 presents the implementation results.
Section 4 discusses the results and provides further insights into
the significance of the contributions of this study. Section 5
presents the conclusion, including the background, the problem
solved, the method used, the findings, the implications of the
findings, the limitations of the study and suggestions for further
research.

2. Materials and methods

2.1. Study area and data source
The reference crop for this study is cowpea, specifically

the variety Federal University of Agriculture Makurdi PEA
(FUAMPEA)–FUAM14122-17-7. The study focused on two
selected sites: Mokwa and Makurdi towns, located at 9.2948◦N,
5.0541◦E and 7.733◦N, 8.5158◦E, respectively. Makurdi and
Mokwa were selected because they are both located in the
Guinea Savanna agro-ecological zone but exhibit differences in
rainfall and temperature patterns. Makurdi has a mean annual
rainfall of approximately 1200–1500 mm/year and a mean daily
temperature of 26–28◦C. Mokwa has a mean annual rainfall of
approximately 1000–1300 mm/year and a mean daily tempera-
ture of 27–30◦C.
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Table 7: Statistical significance testing for CGRCM predictions.

Statistical test Makurdi Mokwa Significance

Bootstrap CI (CGRCM RMSE) 118.6, 193.6 kg/ha 89.3, 141.2 kg/ha Non-overlapping
Paired t-test t = 4.82, p = 0.017 t = 3.67, p = 0.035 p < 0.05
Diebold–Mariano DM = 2.34, p = 0.028 DM = 2.01, p = 0.048 p < 0.05
Cohen’s effect size d = 1.92 (large) d = 1.46 (large) Large effect

1998 1999

2000 2001

Figure 3: Cumulative biomass trend for Makurdi, 1998–2001.

The data for the study were obtained from remote sensing,
and the analysis used a diverse dataset comprising daily and
multi-year aggregated variables obtained from various authori-
tative sources. Data were obtained for a 62-day period from 15
August to 15 October, spanning 1990–2021, for Mokwa and
Makurdi in North Central Nigeria. Precipitation data, mea-
sured in millimetres (mm), and all-sky surface photosyntheti-
cally active radiation (PAR), measured in watts per square me-
tre (W/m2), were sourced from NASA POWER [27]. Similarly,
daily minimum and maximum temperature data at a 2-m height,
recorded in degrees Celsius, were also obtained from the NASA
POWER database [28]. Atmospheric CO2 concentrations, re-
ported in mol/mol and later converted to parts per million (ppm)
for use in the model, were sourced from [29], providing daily
temporal resolution. In addition to these daily datasets, soil
nitrogen content (g/kg) and plant-available water (PAW, mm)

were included as multi-year aggregate datasets. These data
were derived from [30] and [31], respectively. Reference evap-
otranspiration (RETo), expressed in millimetres (mm), was in-
corporated from [33] on a daily temporal scale. The evapo-
transpiration, OCO-2, soil nitrogen content and plant-available
water datasets were downloaded as spatial maps, and data vari-
ables for the study sites were extracted using ArcMap 10.3.1.
The data utilised in this study are publicly available at [32].

2.2. Description of input data and parameters

The details of the input data and parameters for the study
are presented in Tables 1 and 2.

2.3. Description of the Crop Growth Rate Computation Model

This study is based on the SIMPLE model by Zhao et al.
[16], which models crop growth as a function of above-ground
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2002 2003

2004 2005

Figure 4: Cumulative biomass trend for Makurdi, 2002–2005.

2006 2007

Figure 5: Cumulative biomass trend for Makurdi, 2006–2007.

biomass without taking nutrient-utilisation dynamics into con-
sideration. The base model is given as:

ratebiomass = Rad × Fsol × radeff × FCO2

× Ftemp ×min(Fwater, Fheat),
(1)

cum_biomassi+1 = cum_biomassi + ratebiomass, (2)

final_yield = cum_biomassharvest × HI, (3)

where ratebiomass is the biomass growth for each day,
cum_biomass is the total biomass on a given day, final yield
is the overall yield at maturity and HI is the harvest index.

Fsol is the percentage of solar energy taken in by the crop,
radeff is the radiation-use efficiency of the species, FCO2 is the
impact of CO2, Ftemp is the temperature impact, Fheat is the im-
pact of heat and Fwater is the drought impact. The fraction of

8
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1990 1991

1992 1993

Figure 6: Cumulative biomass trend for Mokwa, 1990–1993.

solar radiation intercepted by the crop, Fsol, was obtained as:

Fsol =


Fsol_max

1 + e−0.01(cmT−ctLAD) , leaf-growing,

Fsol_max

1 + e0.01(Tsum−ctCS) , leaf-senescence.
(4)

where Fsol_max is the highest percentage of solar-energy absorp-
tion that a crop can attain.

The cumulative temperature (cmT) was obtained as:

∆cmT =

Temp − baseT , Temp > baseT ,

0, Temp ≤ baseT ,
(5)

cmTi+1 = cmTi + ∆cmT, (6)

where baseT is the base temperature for crop growth and cmTi

is the cumulative temperature on day i.
The impact of temperature on biomass growth (Ftemp) was

obtained as:

Ftemp =


0, dmt < baseT ,

dmt − baseT

optT − baseT
, baseT ≤ dmt < optT ,

1, dmt ≥ optT ,

(7)

where dmt is the daily average temperature, and baseT and optT
are the base temperature and optimal temperature for biomass
increase for a specific crop.

The value for the heat impact (Fheat) on biomass growth is:

Fheat =


1, maxT ≤ heatT ,

1 −
maxT −heatT
extT − heatT

, heatT < maxT ≤ extT ,

0, maxT > extT .

(8)

where maxT is the maximum daily temperature, heatT is the
threshold temperature when heat starts depleting the rate at
which biomass grows, and extT is the temperature when the
growth rate of biomass reaches 0 owing to the impact of heat.

The impact of CO2 (FCO2) was obtained as:

FCO2 =

{
1 + S CO2(CO2 − 350), 350 ≤ CO2 < 700 ppm,
1 + S CO2 × 350, CO2 > 700 ppm.

(9)

where S CO2 is the crop-specific sensitivity of radeff to high CO2
level.

The drought impact (Fwater) on biomass growth was ob-
tained as:

Fwater = 1 − waterS × ARD, (10)

where ARD is the aridity index and waterS is the sensitivity of
radeff to the aridity index. ARD is obtained as:

ARD = 1 −
min(RETo, 0.096 × PAW)

RETo
, (11)

9
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1994 1995

1996 1997

Figure 7: Cumulative biomass trend for Mokwa, 1994–1997.

where PAW is plant-available water.
Given that nitrogen availability in optimal quantity has a re-

sultant impact on crop biomass, this study adopts a Michaelis–
Menten-type equation from [34] for nitrogen uptake. The up-
take of soil nitrogen is given as:

FN =
N

N + NK
, (12)

where NK is the half-saturation point of nitrogen. The impact
of f (N) on radeff is computed as:

Nrad_eff = radeff × fN . (13)

To account for the impact of nitrogen utilisation on biomass,
equation (13) is substituted into equation (1) to give an im-
proved biomass-computation model, the CGRCM, as:

biomassimp = Rad × Fsol × Nrad_eff × FCO2

× Ftemp ×min(Fwater, Fheat).
(14)

2.4. Algorithm of the proposed CGRCM

The algorithm for the study is data-driven and process-
driven and is presented in Table 3. It is meant to predict biomass
and seasonal yield. The algorithm initialises parameters such
as temperature thresholds, radiation-use efficiency and harvest
index and loads daily climate data for Makurdi and Mokwa.

Using the model in equation (14), the algorithm partly deter-
mines the base biomass for each day of the planting season us-
ing values of solar radiation (Rad), canopy interception (Fsol),
carbon dioxide (FCO2) and the impact of nitrogen on radiation-
use efficiency (Nrad_eff). The algorithm uses computed values
of temperature stress (Ftemp), heat stress (Fheat) and water stress
(Fwater) for two functions. First, they are fed into a trained neu-
ral network that has already learnt the connection between pat-
terns of environmental stress and variations in biomass produc-
tion during a training phase (1990–2017). Over the course of
the growing season, the final daily biomass values are added
up to determine the total biomass, which is subsequently con-
verted into seasonal yield using a predetermined harvest index.
The trained neural network is applied to unknown data during
the testing phase (2018–2021), and model performance is as-
sessed using conventional metrics by comparing the projected
yields with observed yields.

3. Results

The CGRCM was implemented in the Python programming
language. A class named ModelEquation was defined with
nine functions to compute cumulative temperature (cmT), frac-
tion of solar radiation (Fsol), impact of temperature (Ftemp), heat
impact (Fheat), impact of CO2 (FCO2), drought impact (Fwater),
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Figure 8: Cumulative biomass trend for Mokwa, 1998–2001.

aridity index and daily biomass rate (rate_biomass), each per-
forming specific operations as specified in the algorithm in Sec-
tion 2.4. The implementation includes a neural-network post-
processor class that integrates a learned neural network with
CGRCM. The network was trained on data from 1990 to 2017
for Makurdi and Mokwa, respectively, and tested on data from
2018 to 2021 for Makurdi and Mokwa, thus producing observed
trends for FUAMPEA cumulative biomass and yield.

In Makurdi, North Central Nigeria, biomass production fol-
lowed a radiation-dominated growth pattern with sigmoid-like
trajectories in the growing seasons of 1990–1995 (Figures 1 and
2; Tables A1–A6, see Appendix). The primary factor that in-
fluenced biomass accumulation in every season was radiation
interception (Fsol), which aided the change from early-stage
growth limitations (DAP 1–20), mid-season growth (DAP 20–
45) and late-season saturation (DAP 45–62). In the 1996–2001
growing seasons, the biomass rates showed a shift from early-
stage growth limitation (DAP 1–20), which was marked by low
Fsol, to a mid-season acceleration phase (DAP 20–45) (Fig-
ures 2 and 3; Tables A7–A12). Heat stress caused periodic
late-season variation, but the temperature response remained
stable in the timeframe. Together, the growing seasons of 2002–
2007 (Figures 4 and 5; Tables A13–A18) show daily biomass
accumulation shifts from early structural shortfalls (DAP 1–
20), caused by low Fsol, to a prominent mid-season accelera-

tion (DAP 25–45), which is driven by strong radiation-use effi-
ciency. The 2008–2013 seasons (Figures A1 and A2; Tables
A19–A24) featured late-stage stabilisation marked by rapid
mid-season acceleration (DAP 25–45), driven by increases in
Fsol, and slow development (DAP 1–20), caused by reduced
canopy interception. Heat stress and few water fluctuations
serve as temporal safeguards during this season while the tem-
perature response is favourable. Biomass growth in the 2014–
2019 seasons (Figures A3 and A4; Tables A25–A30) main-
tained late-season moderation reflecting physical saturation and
stress balancing, and rapid mid-season expansion driven by Fsol
increments (0.928–0.932). The 2020–2021 period (Figure A4;
Tables A31–A32) saw a lower peak conversion efficiency due
to temperature response, which is favourable but exhibits early-
season inefficiency in comparison to mid-decade years. In con-
trast to heat dynamics, water stress acts as an extra control and
stays contained within small ranges. With 2020 reaching 180
kg/ha and 2021 surpassing 185 kg/ha, the cumulative biomass
curves show excellent seasonal performance, making 2021 one
of the most productive years in the Makurdi dataset.

In the Mokwa experiment, an early development phase
(DAP 1–20) hampered by limited canopy interception (Fsol), a
rapid leafy expansion window (DAP 21–45) marked by gains in
the efficiency of radiation capture, and a maturity phase (DAP
46–62) marked by peak biomass gains along with mild decline
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Figure 9: Cumulative biomass trend for Mokwa, 2002–2005.

2006 2007

Figure 10: Cumulative biomass trend for Mokwa, 2006–2007.

linked to thermal regulation are the hallmarks of the 1990–
1995 biomass pathways (Figures 6 and 7; Tables A33–A38).
The seasons of 1996–2001 (Figures 7 and 8; Tables A39–A45)
demonstrate that different degrees of thermal and moisture con-
trol shaped late-season dynamics (DAP 46–62), mid-season ex-
pansion (DAP 21–45) was influenced by an increase in Fsol,
and early growth (DAP 1–20) was affected by less canopy inter-
ception. Early growth (DAP 1–20) was reduced by incomplete

canopy closure and low interception efficiency, according to the
2002–2007 predictions (Figures 9 and 10; Tables A46–A51).
This was followed by a rapid vegetative acceleration window
(DAP 30–48) that was closely timed with rising peak radiation-
use efficiency. The 2008–2013 seasons (Figures A5 and A6;
Tables A52–A57) show a productive and radiation-driven pro-
duction cycle where cumulative paths maintained the sigmoidal
architecture of tropical cowpea development. A steep leafy ex-
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Figure 11: Cowpea yield trend for Makurdi and Mokwa, 2018–2021.

pansion timeframe characterised by rising Fsol (DAP 30–48), a
maturity period shaped by heat and temperature-induced cur-
vature, and an establishment phase limited by a decline in in-
terception (DAP 1–20) are features of the 2014–2019 growing
seasons (Figures A7 and A8; Tables A58–A63). With peak
biomass values of approximately 156 kg/ha (2014), 175 kg/ha
(2018) and 178 kg/ha (2019), the high-productivity years of
2014, 2018 and 2019 showed strong exponential growth pe-
riods that indicate optimum radiation capture and favourable
water–heat balance. The results (Figure A8; Tables A64–A65)
for 2020–2021 show that canopy radiation interception controls
biomass ceilings and mid-season slope intensity, whereas ther-
mal stress swings (Ftemp and Fheat) are primarily responsible for
late-season biomass stability.

The research was extended beyond growth-rate prediction
as a function of above-ground biomass to include the predic-
tion of final cowpea yield as a function of harvest index and
cumulative biomass at maturity, as a way of validating the per-
formance of CGRCM against observed yield data from [35] and
predicted yield from SIMPLE. The model was trained on 3384
data points from Makurdi and Mokwa, respectively. A compar-
ison of the observed yield and the CGRCM-predicted yield for

the 2018–2021 validation period is shown in Figure 11, Tables
A66 and A67. The CGRCM predictions show better agreement
with observed yield values. With a mean absolute error (MAE)
of 134.2, RMSE of 153.6 and prediction accuracy of 91.4%,
compared to the SIMPLE model’s MAE of 196.6, RMSE of
311.0 and accuracy of 81.0% for the test years 2018–2021,
the Makurdi trend plot shows that the CGRCM generally pro-
duces more accurate yield predictions. In Mokwa, the CGRCM
showed closer clustering to the observed yield, suggesting a
closer match with observed yields. Therefore, the Mokwa yield
trend plots support the Makurdi outcomes, demonstrating that
the CGRCM improves prediction reliability with an MAE of
109.4, RMSE of 113.7 and prediction accuracy of 90.2%, com-
pared to the SIMPLE model’s MAE of 167.3, RMSE of 172.4
and prediction accuracy of 90.2% for the entire test period
(2018–2021) across the two locations. The result of the eval-
uation of both models for both study locations is presented in
Tables 5 and 6.

To ensure that the improvements from this study were sta-
tistically significant, three supplementary tests were conducted.
First, bootstrap confidence intervals (CIs) for RMSE showed
non-overlapping intervals between SIMPLE and CGRCM. For
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Makurdi, SIMPLE’s RMSE CI was 267–358 kg/ha, while
CGRCM achieved 119–194 kg/ha. The absence of overlap
means the difference is statistically significant. Second, a paired
t-test on absolute percentage errors rejected the null hypothesis
that both models perform equally. The p-values were 0.017 for
Makurdi and 0.035 for Mokwa, both below the 0.05 threshold.
Third, the Diebold–Mariano (DM) test, specifically designed
for comparing forecast accuracy, produced p-values of 0.028
and 0.048, confirming that the CGRCM generates predictions
that are significantly more accurate. Additionally, the Cohen’s
effect sizes were 1.92 and 1.46, with both considered large ef-
fects in statistical terms, meaning that the improvement is not
only statistically significant but also practically meaningful. To-
gether, these tests show that the CGRCM’s outstanding perfor-
mance is not accidental but represents a genuine improvement
in prediction accuracy. A summary of the statistical tests car-
ried out is presented in Table 7.

4. Discussion

Using a 32-year dataset covering 64 simulated growing sea-
sons across two sites in Nigeria, Makurdi and Mokwa, both
located in the North Central Guinea Savanna, this study as-
sessed the predictive power of the CGRCM for the period 1990
to 2021. The findings show that important biological realism
is introduced by the CGRCM formulation. The model incor-
porates an additional parameter that sets its hybrid architecture
apart from the process-based core of the SIMPLE framework,
which uses six main environmental response functions: temper-
ature, heat, water, CO2, radiation interception and radiation-use
efficiency. Solar radiation interception (Fsol) was clearly the
most important driver of biomass growth in all the 62 simulated
growing seasons (31 years × 2 sites). In the majority of years,
temperature responsiveness (Ftemp) functioned as a permissive
efficiency modulator rather than a primary limiter. Compared
with temperature response, heat stress (Fheat) showed greater
interannual variation, with notable late-season reduction occur-
ring at both locations between DAP 45 and 60. Over the 32-
year record, water stress (Fwater) showed very little variation,
with values between 0.50 and 0.60 and little daily variation.

Crop models that focus exclusively on maximising biomass
accumulation often systematically overpredict yields because
they fail to account for the complex interactions between stress
factors and partitioning limitations. A model that predicts
slightly lower biomass but with greater accuracy to observed
yields provides more practical value for agricultural decision-
making; hence, CGRCM stands out in this direction. The un-
derlying premise of the SIMPLE model is that nitrogen is non-
limiting. In contrast, nitrogen availability is explicitly included
in the CGRCM as a dynamic variable that affects biomass ac-
cumulation and, eventually, grain yield. In tropical agricultural
systems, where smallholder farmers typically lack access to
synthetic fertilisers and must rely on organic inputs, biologi-
cal nitrogen fixation and residual soil fertility, nitrogen is the
most commonly limiting nutrient. In these situations, a model
that disregards nitrogen dynamics is not only insufficient but

also fundamentally incorrect. The CGRCM hybrid model’s im-
proved performance in all test years and locations, especially in
the Makurdi and Mokwa environments, provides strong empir-
ical support for the need to include nitrogen dynamics in crop
models for agricultural systems in Sub-Saharan Africa.

5. Conclusion

Agriculture has sustained human civilisation for centuries,
yet it remains a sector in critical need of technological ad-
vancement. Existing crop-growth and yield-prediction meth-
ods lack a simple and generic framework that relies on cli-
mate data with minimal parameters and nutrient-utilisation ca-
pabilities, particularly for leguminous crops. To solve this
problem, this study developed an improved crop-biomass and
yield-prediction framework that integrates soil nutrient dynam-
ics into the biomass-estimation process to accurately represent
vital crop physiological processes while utilising easily acces-
sible environmental data such as remote-sensing and climate
datasets. This was achieved by creating a hybrid crop-growth
and yield-prediction framework that combines a neural net-
work post-processor with a process-based CGRCM. The net-
work was trained on data from 1990 to 2017 for Makurdi and
Mokwa, respectively, and tested on data from 2018 to 2021
for Makurdi and Mokwa, thus producing observed trends for
FUAMPEA biomass and yield. A comparison of the observed
yield and the CGRCM-predicted yield for the 2018–2021 val-
idation shows better agreement with observed yield values for
both study locations.

The study shows that crop models that focus exclusively on
increasing biomass estimates often systematically overpredict
yield because they do not account for the complex interactions
between stress factors and limiting conditions. A model that
predicts slightly lower biomass but with greater accuracy to
observed yields provides more practical value for agricultural
decision-making; hence, CGRCM stands out in this direction.
The limitation of this study is that it did not capture the impact
of pest and disease dynamics on biomass accumulation. Future
studies should include pest and disease factors in their growth-
prediction models and also develop a user-friendly decision-
support system with real-time data acquisition for practical de-
ployment.
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