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Abstract 

Accurate crop identification and yield estimation are vital for effective agricultural planning and 

food security in Nigeria. Traditional statistical approaches often fall short due to data 

inconsistency, non-linearity, and limited scalability. This study applies Convolutional Neural 

Networks (CNNs) to detect three major crops maize, rice, and soybean using satellite imagery, 

UAV data, and ground-truth observations across Kano, Kaduna, and Katsina states during the 

2023 cropping season. 960 farmers per crop were sampled from 96 communities, each 

contributing a 0.153-hectare plot. Data was collected at four crop growth stages and processed 

into tensors for CNN model training. Results showed variation in detection accuracy across six 

LGAs. Karaye had the best model performance, where we observed the lowest mis-detection 

incidence rate (14.3%) and highest detection accuracy for soybean (61.0%) and rice (54.1%). In 

contrast, maize was consistently more difficult to detect, with misdetection rates reaching 34.8% 

in some of the LGAs. The pooled model recorded a moderate error rate of 21.6%, highlighting 

the general feasibility of the CNN approach. Key challenges included detection imbalance, 

spectral overlap among crops, and ecological complexity. Despite these, the CNN model 

demonstrated strong potential for scalable, image-based crop monitoring, primarily when 

supported by localized high-quality field data. The study recommends enhancing model 

performance through improved data balance, higher-resolution imagery, synchronized image 

capture with crop growth stages, and location-specific model training. These measures can 

significantly improve detection accuracy and support the integration of machine learning tools 

into Nigeria’s agricultural monitoring systems. 

Introduction  
Reliable data on cropland area, crop output, and yield are 

essential for informed agricultural decision-making. In 

Nigeria, these metrics are key in policy formulation, resource 

planning, and food security strategies. However, traditional 

statistical methods, such as descriptive statistics and multiple 

regression, have been the primary tools for estimating 

agricultural data. These approaches are proving inefficient in 

making accurate predictions in complex, non-linear 

environments or when data contains extreme values. 

Regression models are particularly limited due to assumptions 

like linearity and issues such as multi collinearity, which can 

reduce their effectiveness in real-world agricultural contexts. 

As food demand increases, stakeholders including farmers, 

researchers, and policymakers seek more accurate tools to 

improve agricultural outcomes. One major obstacle is the lack 

of detailed and consistent farm-level records. Most Nigerian 

farmers do not document their activities, resulting in 

fragmented, missing, or unreliable data. This challenge 

highlights the need for modern solutions such as satellite 

imagery and machine learning, which offers accurate, scalable 

estimates of cropland characteristics (Sun et al, 2019, 

Terliksiz et al, 2019, Han et al, 2022). Satellite imagery- from 

Earth observation satellites or drones (UAVs) captures 

detailed visual data of land surfaces, including crops, water 

bodies, and built environments.  The National Space 

Development Agency (NASDA) manages large-scale satellite 

imaging in Nigeria. At the same time, UAVs can be used for 

localized data collection. These images can be processed 

using Convolutional Neural Networks (CNNs), a deep 
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learning model designed for image recognition and 

classification. 

CNNs are highly effective in extracting patterns from image 

data. By applying convolution operations, the algorithm 

identifies important visual features, such as color, shape, and 

texture, to distinguish between objects (Wang et al, 2023). In 

agriculture, CNNs can detect crop types, estimate land area, 

and predict yields based on image inputs and supporting field 

data ground-truthing (Yang et al, 2021). These models are 

adaptable across different regions and crop types. 

Given the limitations of existing national estimates, such as 

those produced by NAERLS/ABU, which have been used for 

over 30 years but are sometimes questioned for their 

methodology, this study seeks to develop a more reliable 

alternative. With Nigeria’s population projected to reach 402 

million by 2050 (U.S. Census Bureau), ensuring food security 

requires precise, up-to-date information on the country’s 

agricultural capacity. In this study, we examined the 

application of a CNN-based model that integrates satellite 

imagery, UAV data, and ground-truth observations to detect 

and classify crop types, estimate cropland area, output, and 

yield for key crops in three Nigerian states during the 2023 

cropping season. The goal is to provide a scalable and 

accurate method for national agricultural monitoring, which 

can support policy planning and food security efforts. 

Traditional methods of crop yield prediction rely heavily on 

manual surveys, which involve field-based data collection 

such as plant counting, health assessment, and pest damage 

evaluation. These surveys typically forecast yield by 

comparing current season data with historical observations 

using statistical techniques. While effective to some extent, 

manual surveys are labor-intensive, costly, and challenging to 

scale, especially over large geographic areas (Griffit 2013). 

 An alternative method is Crop Simulation Modelling (CSM), 

which estimates crop yields using climatic variables and 

historical yield data. Simple CSMs have been applied to 

forecast yields across broad regions (Michael and Dale, 2013). 

However, these models require substantial datasets for 

calibration and validation, which are often unavailable or 

incomplete in developing countries. Moreover, CSMs are 

more suited to controlled or theoretical applications and are 

less effective when dealing with complex, heterogeneous 

national datasets across multiple crops. 

In contrast, remote sensing offers a more scalable and cost-

effective solution for yield forecasting. The increasing 

availability of free and open-source satellite imagery, along 

with the deployment of Unmanned Aerial Vehicles (UAVs), 

enables the remote monitoring of cropland area and yield with 

relatively high accuracy. Countries such as the United States, 

Canada, and India have successfully implemented remote 

sensing techniques for agricultural monitoring (Adrian, D. 

2012; Sud et al, 2017). In Africa, nations like Tanzania, 

Kenya, and Morocco have recently begun exploring the 

potential of remote sensing for crop yield estimation. 

However, to the best of our knowledge, there is currently no 

documented evidence of the systematic application of remote 

sensing technologies for cropland area estimation and yield 

forecasting in Nigeria. 

3.0 Methodology 
3.1 Study Area 

This pilot study was conducted in a carefully selected 

geographical area, guided by three primary considerations. 

First, the study focused on two staple food crops, rice and 

maize, and one cash crop, soybean. Second, the crops of 

interest were chosen based on their relatively short maturity 

periods to fit within the 24-month time frame and their high 

popularity at the target sites. Third, the prevailing security 

situation in various parts of the country was considered, with 

volatile areas deliberately excluded from consideration. Based 

on these criteria, three states located within the Sudan 

Savannah and Guinea Savannah zones of Nigeria, Kano, 

Kaduna, and Katsina, were purposively selected for the study 

due to their suitability for the targeted crops and their relative 

security. 

3.2 Sampling Procedure and Sample Size 

The study adopted a multistage sampling procedure using a 

stair-step approach to ensure representative and secure 

coverage of farming communities. The first stage involved the 

purposive selection of the three states, with the rationale being 

to avoid regions facing security challenges. A comprehensive 

list of local government areas (LGAs) within each selected 

state was compiled. The third stage focused on identifying and 

selecting specific communities within these LGAs where the 

farms to be studied were located. 

A reconnaissance survey was conducted, during which 2,880 

farmers per crop were identified across the selected 

communities. From this pool, a sample of 960 farmers per 

crop was selected for the actual study. In total, 96 

communities were distributed across four LGAs under two 

Agricultural Development Programme (ADP) zones in each 

of the three selected states. Each participating farmer was 

required to provide a portion of their farm measuring 85 

meters in length and 18 meters in width equivalent to 0.153 

hectares for data collection. 

 

Figure 1 Map showing the Area 

3.3 Method of Data Collection 

Data was collected on selected farms across four critical crop 

growth stages: pre-planting (following land preparation), the 

vegetative stage (approximately 6 to 7 weeks after sowing), 

the flowering/fruiting or heading stage, and finally, at harvest. 
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At each of these stages, key datasets were obtained. These 

included geolocation and farm area measurements using 

Global Positioning System (GPS) devices, crop health 

indicators derived from satellite imagery, and photographic 

records captured using digital cameras. 

All field-based, or ground truthing, data were collected 

electronically using Computer-Assisted Personal Interviewing 

(CAPI) technology. Trained enumerators used tablets and 

Android-enabled devices equipped with the Open Data Kit 

(ODK) application to collect and upload data in real time. 

This digital approach enhanced data acquisition accuracy, 

consistency, and timeliness throughout the crop growth cycle. 

3.8.1 Input Data 

The input data utilized for training the Convolutional Neural 

Network (CNN) algorithm comprised various sources, 

including satellite imagery, UAV-captured images, ground-

truth photographs taken with digital cameras, and yield or 

crop output data. The CNN model interprets all input data in 

the form of tensors, which are mathematical representations of 

data as multi-dimensional arrays. 

A tensor is essentially a vector or an n-dimensional matrix, 

where any form of input data is transformed into a 

homogeneous numerical structure suitable for machine 

learning. In cases where the data is organized in a tabular 

format, it is treated as a two-dimensional tensor, with each 

column representing a feature and each row corresponding to 

a training sample. The resulting matrix contains some number 

of variables, as illustrated in Figure 2. 

 

Figure 2: Structural Model of the CNN 

Satellite imagery: These were distance earth observation 

imagery or space-borne photography by satellites from space. 

They were presented as raster images. These datasets were 

collected at the four stages mentioned earlier and were 

acquired from the National Space Development 

Agency, Abuja (NASDA). 

 

Figure 3: Satellite Imagery of the study at Two different 

Periods 

4.0 Result and Discussion 
Table 1 presents the total area cultivated for maize, rice, and 

soybean across twelve study communities, reflecting 

significant variations in crop distribution and land use 

intensity. Maize occupies the largest total area across all 

communities at 696.14 hectares, indicating its prominence in 

the region. Soybean follows with a total of 594.18 hectares, 

while rice covers 417.34 hectares, suggesting it is the least 

cultivated of the three crops in these locations. 

 The data shows that communities such as Kokami, Likoro, 

Karaye, and Unguwar Bedi allocate substantial land to all 

three crops. Kokami, for example, has 77.25 hectares under 

maize and 81.90 hectares under soybean, showing a balanced 

and intensive cropping system. Likoro similarly maintains a 

high maize cultivation area at 79.75 hectares, and soybean at 

51.44 hectares, suggesting a focus on cereal-legume cropping 

patterns that soil conditions, farmer preferences, or access to 

input and output markets may influence (Onyibe et al, 2024). 

On the other hand, Gubuchi exhibits the highest area under 

rice cultivation, with 79.87 hectares, indicating a strong 

orientation towards rice production that may be due to 

irrigation infrastructure or favorable water retention soils. In 

contrast, Yola has the lowest rice plot area at just 6.35 

hectares, with relatively modest areas under maize and 

soybean, which may reflect smaller landholdings, less 

commercialized agriculture, or ecological constraints. 

Some communities show a degree of crop specialization. For 

instance, Karaye and Unguwar Bedi report over 80 hectares 

under soybean cultivation, with Unguwar Bedi having the 

highest single-community soybean area at 97.11 hectares. 

Garu and Gangara report large areas under maize 69.25 and 

65.13 hectares, respectively but much lower figures for 

soybean, indicating either market-driven decisions or agro-

ecological limitations. 

This variability in crop area distribution highlights the 

heterogeneity across the study locations and has important 

implications for modeling and remote sensing applications. 

Communities with large, contiguous crop plots offer ideal  

satellite image training and classification conditions. In 

contrast, areas with smaller or intercropped plots may require 

higher-resolution imagery or more intensive ground-truthing 

to ensure accuracy (Nalepa et al, 2014; Hegarty-Craver et al, 

2020). The spread and concentration of crop areas in each 
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community also provide insights into local agricultural 

practices and potential intervention points for improving 

productivity and sustainability. 

Table 1: Total area covered by the crops in the study 

locations 

Community 

Total Area Covered By the 

Crops 

Maize 

plot 

area_ha 

Rice 

plot 

area_ha 

Soybean 

plot 

area_ha 

Beli 21.57 23.58 43.38 

Gangara 65.13 30.55 19.13 

Garu 69.25 25.23 5.06 

Gubuchi 42.56 79.87 54.49 

Karaye 70 16.57 81.67 

Kofar Fada 50.34 26.25 42.46 

Kokami 77.25 36.87 81.9 

Likoro 79.75 31.55 51.44 

Nahuce 56.93 40.04 20.95 

Rogo 46.94 67.92 66.16 

Unguwar Bedi 70.2 32.56 97.11 

Yola 46.21 6.35 30.43 

Total 696.14 417.34 594.18 

The table presents the performance of the crop classification 

model training across six Local Government Areas (LGAs), 

focusing on misclassification rates for maize, rice, and 

soybean. Key performance indicators include the Sum of 

Squares Error (a measure of model fit), average percentage of 

incorrect classifications, class-specific error rates, and the 

training time required for each LGA model. 

Among the LGAs, Karaye achieved the lowest average 

misclassification rate at 20.2%, with a notably low error rate 

for rice (9.8%) and soybean (19.4%). However, maize 

misclassification in Karaye was relatively high at 31.3%, 

suggesting that while the model trained well overall, it 

struggled to distinguish maize plots accurately in that area. 

Kudan similarly performed well overall, with a 20.4% 

average error. It recorded the lowest misclassification rate 

for soybean at 15.1%, which may point to distinctive 

spectral or spatial features of soybean fields in that area, 

enabling more precise classification. However, maize 

misclassification remained relatively high at 29.9%. 

Rogo reported the lowest Sum of Squares Error (892.797) 

and the shortest training time (2.6 seconds), yet its average 

misclassification rate was 25.0%. Maize classification 

performed best here (19.7% error), but soybean again 

presented the most difficulty (32.2%). The low training time 

may reflect fewer training samples or simpler landscape 

features, though at a slight cost to model accuracy. Kafur had 

the highest average misclassification rate at 26.6% and the 

highest soybean misclassification rate (32.0%). These figures 

suggest that the model had  difficulty differentiating crop 

types in Kafur, possibly due to spectral similarity between 

crops, more intercropping, or noisier ground-truth data. Kafur 

also had the longest training time (30.7 seconds), possibly due 

to a more complex dataset or a larger training set. 

Danja and Makarfi posted moderate performances, with 

average misclassification rates of 24.0% and 24.1%, 

respectively. Notably, Danja had relatively balanced error 

rates across all three crops, which may indicate a more 

uniform dataset or less complexity in landscape heterogeneity. 

The pooled model aggregates data across all LGAs and 

shows an overall average misclassification rate of 23.4%, 

reflecting a compromise across the variations in individual 

LGAs. Crop-specific misclassification in the pooled model 

was lowest for rice (18.9%) and highest for maize (26.7%). 

The pooled training time was comparable to that of individual 

models (27.2 seconds), implying scalability without excessive 

computational cost. 

Overall, the results suggest that while crop type classification 

using the model is generally feasible, certain crop types 

particularly maize and soybean pose greater classification 

challenges across most LGAs. This underlines the importance 

of localized model training, spectral differentiation 

enhancement, and perhaps integration of higher-resolution 

data or additional crop-specific indicators to improve model 

accuracy. 

Table 2Model training Misclassification 

Model  Training 

LGA 

Sum of 

Squares 

Error 

Avg % 

Incorrect 

% Incorrect 

(Maize) 

% Incorrect 

(Rice) 

% Incorrect 

(Soybean) 
Training Time 

Kafur 1125.573 26.60% 28.30% 19.50% 32.00% 00:30.7 

Danja 1050.697 24.00% 24.00% 19.80% 28.30% 00:13.6 

Rogo 892.797 25.00% 19.70% 23.00% 32.20% 00:02.6 

Karaye 652.075 20.20% 31.30% 9.80% 19.40% 00:27.7 
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Makarfi 978.004 24.10% 27.10% 24.90% 20.30% 00:24.3 

Kudan 860.332 20.40% 29.90% 16.40% 15.10% 00:27.2 

Pooled 926.58 23.40% 26.70% 18.90% 24.50% 00:27.2 

 

The table presents the model testing mis-detection rates for 

crop type identification across six Local Government Areas 

(LGAs) and a pooled dataset. It evaluates the model's 

performance after training, focusing on the Sum of Squares 

Error, average percentage of incorrect predictions, and 

crop-specific mis-detection rates for maize, rice, and 

soybean. Among the LGAs, Karaye exhibited the best 

overall testing performance, with the lowest average 

misclassification rate at 14.3%, and the lowest errors for 

both rice (8.7%) and soybean (12.6%). This suggests that 

the model effectively distinguished between crops in Karaye, 

possibly due to clearer boundaries between crop types, higher-

quality imagery, or more homogeneous farming patterns. 

Kudan also performed well with an average error of 16.6%, 

including the lowest misclassification rate for maize at 

28.7% (compared to other LGAs). Both rice (10.4%) and 

soybean (10.8%) also showed low misclassification rates, 

indicating consistent performance across all crop types in this 

location. In contrast, Makarfi had the highest average 

misclassification rate at 25.9%, with high errors in maize 

(32.9%) and rice (28.6%). Despite a relatively lower soybean 

error (16.2%), the high rate of confusion between cereal crops 

suggests more complex intercropping patterns, spectral 

overlaps, or variability in ground-truth data in that LGA. 

Kafur, Danja, and Rogo  had similar average error rates of 

22.9% and 25.3%. In Kafur, maize had the highest 

misclassification rate (34.8%), while rice was most accurately 

identified (14.2%). Rogo showed similar patterns, with the 

maize error at 29.5% and rice at 18.3%. These LGAs reveal 

consistent difficulty in accurately predicting maize, which 

may indicate that maize shares visual or spectral similarities 

with other crops in the imagery used. 

 The pooled dataset aggregates samples across all LGAs and 

had an average error of 21.6%. This reflects a balanced 

generalization of the model across varied agro-ecological 

contexts. Misclassification in the pooled model was highest 

for maize (29.3%) and lowest for rice (16.1%), reaffirming the 

trend observed in individual LGAs. Overall, the testing results 

align with the training performance, reinforcing that maize is 

the most challenging crop to classify accurately, likely due 

to its spectral overlap with other vegetation or variability in 

field characteristics. Rice consistently yielded the lowest 

error rates, possibly due to its unique growth patterns and 

reflectance characteristics, while soybean performance 

varied across locations. The results emphasize the value of 

location-specific model tuning and multi-source data 

integration for improving crop classification accuracy across 

diverse agricultural zones. 

Table 3: Model testing   Misclassification 

Model Testing 

LGA Sum of Squares Error Avg. % Incorrect 
% Incorrect 

(Maize) 

% Incorrect 

(Rice) 

% Incorrect 

(Soybean) 

Kafur 265.102b 25.30% 34.80% 14.20% 26.70% 

Danja 263.806b 22.90% 28.60% 16.60% 23.40% 

Rogo 215.413b 24.70% 29.50% 18.30% 26.30% 

Karaye 165.594b 14.30% 21.60% 8.70% 12.60% 

Makarfi 246.756b 25.90% 32.90% 28.60% 16.20% 

Kudan 197.404b 16.60% 28.70% 10.40% 10.80% 

Pooled 225.679b 21.60% 29.30% 16.10% 19.40% 

The table presents the Maize Model Prediction Accuracy 

across six Local Government Areas (LGAs), detailing the 

performance for both training and testing phases, with 

specific breakdowns for non-maize, maize, and overall 

accuracy. These figures shared insights on   the effectiveness 

of the model to distinguish maize plots from non-maize plots 

within each LGA. 

Regarding training accuracy, most LGAs show higher 

accuracy for non-maize plots than maize plots. For instance, 

Makarfi had a very high non-maize accuracy (94.4%) but a 

much lower maize accuracy (34.8%), resulting in an overall 

training accuracy of 75.1%. A similar trend is seen in Kafur 

(86.3% vs. 51.9%) and Rogo (91.3% vs. 56.0%). This 

discrepancy indicates that the model had difficulty to 

distinguish the features of maize compared to other crops 

during training, possibly due to spectral similarities or class 

imbalance in the training dataset. However, Karaye and 

Kudan deviate from this trend. In Karaye, maize training 

accuracy was much higher (82.8%) than non-maize (48.3%), 

and in Kudan, maize training accuracy (89.8%) also far 
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exceeded non-maize (33.7%). This could suggest that in these 

LGAs, maize fields exhibit more distinct or consistent 

patterns that the model easily captures, or that the training 

data was skewed toward maize plots. 

In the testing phase, overall accuracies range from 65.2% in 

Kafur to 78.4% in Karaye, reflecting relatively consistent 

generalization performance across LGAs.  However, there is a 

noticeable gap in maize vs. non-maize accuracy. For example, 

in Makarfi, non-maize accuracy was 88.0%, but maize 

accuracy dropped to just 24.8%, suggesting a strong bias 

toward predicting non-maize in the test set. Likewise, Rogo 

showed a high non-maize accuracy (92.4%) but struggled 

significantly with maize (39.8%). Conversely, Karaye and 

Kudan maintained strong maize prediction performance 

during testing, with maize accuracies of 85.2% and 84.5%, 

respectively. Their balanced and relatively high testing 

performance (78.4% and 71.3% overall accuracy) indicates 

that these LGAs offered more apparent separation in maize 

plot characteristics, or that the model was more effectively 

trained using the local data. 

Overall, the table highlights a persistent challenge in 

accurately identifying maize plots, especially in LGAs 

where the maize features are not distinctly separable from 

other crops. The model tends to perform better on non-maize 

classification, particularly where maize plot variation is high 

or where there is an imbalance in training data. Improvement 

in maize classification may require additional ground truth 

data, better feature engineering, or refined spectral band 

selection. Notably, Karaye stands out as the most balanced 

and accurate in maize identification across both training and 

testing stages, offering a valuable benchmark for model 

performance in other locations. 

Table 4: Maize Model Prediction accuracy 

LGA 
Training Accuracy Testing Accuracy 

Non-maize:  Maize:  Overall  Non-maize:  Maize:  Overall  

Kafur 86.30% 51.90% 71.70% 88.00% 44.40% 65.20% 

Danja 85.60% 65.00% 76.00% 87.20% 59.40% 71.40% 

Rogo 91.30% 56.00% 80.30% 92.40% 39.80% 70.50% 

Karaye 48.30% 82.80% 68.70% 63.40% 85.20% 78.40% 

Makarfi 94.40% 34.80% 75.10% 88.00% 24.80% 71.40% 

Kudan 33.70% 89.80% 70.10% 29.70% 84.50% 71.30% 

The table presents the Rice Model Accuracy across six Local 

Government Areas (LGAs), showing how well the model 

predicted rice and non-rice plots during both the training and 

testing phases. Accuracy is broken down into predictions for 

non-rice, rice, and the overall classification performance. A 

clear pattern emerges: across all LGAs, the model shows 

exceptionally high accuracy in predicting non-rice plots, with 

most LGAs recording 100% non-rice accuracy in both 

training and testing. This indicates the model is highly 

confident and consistent when identifying areas that are not 

planted with rice. 

However, the situation is quite different for rice plot 

predictions, where the model struggles significantly. For 

example, in Kafur, training accuracy for rice is just 4.5%, and 

only 8.5% during testing. Similarly, Danja shows extremely 

low rice prediction accuracies of 8.4% (training) and 2.2% 

(testing). These figures suggest that the model has substantial 

difficulty distinguishing rice from other crops or land types, 

possibly due to overlapping spectral signatures, low 

representation of rice in the dataset, or temporal limitations 

during image capture that fail to reflect distinct growth stages 

of rice. Karaye, despite showing a high overall accuracy of 

91.3% in testing, also suffers from low rice accuracy (4.8%), 

meaning the model achieves good overall performance by 

being very accurate with non-rice plots while misclassifying 

most rice plots. This indicates a strong class imbalance, where 

the rice class is underrepresented and the model tends to 

default predicting non-rice. 

Rogo stands out as an exception. While non-rice accuracy is 

still high (88.6% training and 90.8% testing), rice prediction 

accuracy is significantly better than in other LGAs, reaching 

50.3% during training and 54.1% in testing. This suggests that 

rice fields in Rogo may have more distinct or better-captured 

characteristics in the input data, allowing the model to 

differentiate them more effectively. Another relatively better-

performing LGA is Makarfi, where rice testing accuracy 

reaches 21.1%, higher than most other locations though still 

low. 

Kudan remains in line with the general trend, showing only 

5.2% accuracy for rice in both training and testing, despite a 

high overall performance. 

Overall, the model is highly skewed toward accurate 

prediction of non-rice plots, with rice plots being severely 

under-identified across almost all locations. This raises critical 

issues around model bias, data imbalance, and the need for 

improved representation of rice plots during both image 

acquisition and ground truthing phases. Efforts to address this 

could include collecting more targeted data during key 

phenological stages of rice, enhancing spectral feature 

selection, or applying oversampling techniques during 

training to balance the classification performance. 
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Table 5: Rice Model accuracy 

LGA 
Training Accuracy Testing Accuracy 

Non-rice: Rice: Overall  Non-rice: Rice: Overall  

Kafur 100.00% 4.50% 80.50% 100.00% 8.50% 85.80% 

Danja 100.00% 8.40% 80.20% 100.00% 2.20% 83.40% 

Rogo 88.60% 50.30% 77.00% 90.80% 54.10% 81.70% 

Karaye 100.00% 4.20% 90.20% 100.00% 4.80% 91.30% 

Makarfi : 100.0% 17.30% 79.70% 100.00% 21.10% 83.80% 

Kudan 100.00% 5.20% 83.60% 100.00% 5.20% 89.60% 

The table presents the Soybean Model Accuracy across six 

Local Government Areas (LGAs), distinguishing between 

prediction performance for non-soybean plots, soybean plots, 

and the overall classification accuracy, during both training 

and testing phases. Across all LGAs, non-soybean prediction 

accuracy is consistently high, ranging from 86.8% to 100% 

during training, and slightly higher during testing. This 

indicates that the model reliably identifies plots that do not 

contain soybean, suggesting a strong pattern in the data that 

makes non-soybean areas easier to distinguish. In contrast, 

soybean plot prediction accuracy is generally low, though it 

varies considerably between LGAs. For example, Karaye 

achieves the highest soybean prediction accuracy at 45.2% in 

training and 61.0% in testing, with an impressive overall 

accuracy of 87.4% during testing. This indicates a relatively 

balanced model performance in Karaye, where soybean plots 

may have more distinguishable features or better training 

representation. 

Rogo also shows moderate soybean prediction performance, 

with 37.7% (training) and 42.4% (testing). These figures, 

though lower than Karaye, are significantly better than those 

seen in LGAs like Kudan and Makarfi, where soybean 

prediction accuracy is extremely low15.4% and 17.3% in 

training, and 18.6% and 21.1% in testing, respectively despite 

perfect classification of non-soybean plots. These results 

suggest that soybean plots are either underrepresented in these 

areas or exhibit spectral or temporal features that closely 

resemble other crops, leading to frequent misclassification. 

Kafur and Danja fall in the middle range, with soybean testing 

accuracies of 20.7% and 22.5%, respectively. While these are 

low, the relatively higher overall accuracy (above 70%) 

implies the model benefits from strong performance on the 

majority class, non-soybean plots. 

Overall, the data reflects a consistent trend of model bias 

toward the non-soybean class, with soybean plots being 

significantly more complicated to predict correctly. The 

performance discrepancy suggests class imbalance and limited 

model generalization for soybean plots, which could be 

addressed through techniques such as data augmentation, 

balanced sampling, or feature engineering to improve the 

model's sensitivity to the characteristics of soybean 

cultivation. Improved field-level labeling and  image 

acquisition timing to match soybean's key growth stages may 

also enhance model performance in future iterations 

Table 6: Soybean Model Accuracy 

5.0 Conclusion 
The study explores the application of Convolutional Neural 

Networks (CNNs) to improve crop identification and yield 

prediction in three Nigerian states: Kano, Kaduna, and 

Katsina. Often hindered by data inconsistency and linear 

assumptions, traditional methods have proven inadequate in 

delivering accurate agricultural insights. This research utilizes 

satellite imagery, UAV data, and ground-truthing to develop a 

machine learning model capable of classifying three key crops 

maize, rice, and soybean over different crop growth stages. 

LGA 

Training Accuracy Testing Accuracy 

Non-soybean Soybean: Overall  Non-soybean Soybean: Overall  

Kafur 94.50% 23.00% 68.00% 98.10% 20.70% 73.30% 

Danja 95.40% 20.40% 71.70% 95.90% 22.50% 76.60% 

Rogo 86.80% 37.70% 67.80% 89.60% 42.40% 73.70% 

Karaye 96.20% 45.20% 80.60% 94.70% 61.00% 87.40% 

Makarfi 100.00% 17.30% 79.70% 100.00% 21.10% 83.80% 

Kudan 100.00% 15.40% 84.90% 100.00% 18.60% 89.20% 
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960 farmers per crop were selected across 96 communities, 

with farm plots standardized to 0.153 hectares. Data was 

collected electronically using GPS and CAPI tools at four 

critical crop stages. The CNN model trained on multi-source 

data produced varying results in classification accuracy, with 

maize being the most difficult to predict accurately, followed 

by soybean, while rice consistently had the lowest error rates. 

Performance varied across six Local Government Areas 

(LGAs). Karaye consistently showed superior performance in 

both training and testing phases, especially in soybean and 

rice classification. However, maize presented persistent 

classification challenges in most LGAs, indicating issues such 

as spectral overlap and class imbalance. This study 

demonstrates the feasibility and advantages of using CNNs 

Nigeria's agricultural monitoring, especially when integrating 

diverse data sources such as satellite imagery and UAV-

captured visuals. The approach offers a scalable, timely, and 

potentially more accurate alternative to traditional survey-

based methods. However, the study also reveals significant 

challenges in model generalization, especially for maize and 

soybean. Factors such as crop spectral similarity, limited data 

for underrepresented crops, and intercropping complexity 

affect the model’s predictive power. Although rice prediction 

performed better, the model remains biased towards the 

dominant class in many LGAs. 

5.1 Recommendations 
1. Increase the quantity and quality of ground-truth 

data, especially for maize and soybean, to improve 

model training and reduce bias. 

2. Align image acquisition with key crop 

phenological stages to enhance model sensitivity to 

crop-specific features. 

3. Use finer-resolution UAV or satellite data in areas 

with intercropping or fragmented fields for better 

differentiation. 

4. Enhance model robustness by simulating diverse 

crop conditions and engineering crop-specific 

indicators. 

5. Train separate models for each agro-ecological 

zone to improve local accuracy rather than relying 

solely on pooled models. 

6. Government agencies and stakeholders should 

integrate machine learning-based monitoring into 

national agricultural data systems to formulate 

timely, data-driven policies. 
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