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Abstract 

In this study, the accuracy and efficiency of four machine learning models, 

Random Forest, Decision Tree, Multiple Linear Regression and Support 

Vector Machine were evaluated for predicting the yield of Nsukka yellow 

pepper. This kind of predictive study will help farmers and other related 

workers in informed decision making with farm inputs, resource 

optimization, risk management and market planning. The study was 

carried out at the Research Farm, Department of Agricultural and 

Bioresources Engineering, University of Nigeria, Nsukka, Enugu State, 

Nigeria. Historical data for temperature, humidity and solar radiation 

were collected from the Meteorological Station of the National Centre for 

Energy Research and Development, University of Nigeria, Nsukka. The 

historical data covered a period of three months, 9th January to 9th April 

2024, corresponding to the period when crop parameters such as plant 

height, leaf length, leaf width and crop yield were measured and collated 

for one hundred and seven plants of Nsukka yellow pepper. This period 

covers the time from transplanting to harvesting. The machine learning 

regression algorithms were trained, validated and tested using yield data 

from the pepper farm. The algorithms developed with Python codes were 

trained in Google Colab. Results revealed that the Multiple Linear 

Regression model had the best performance metrics with an MSE of 45.23, 

RMSE of 6.73 and R2 of 0.67. This implies that the Multiple Linear 

Regression model is an effective tool for predicting the yield of Nsukka 

yellow pepper, and hence useful for decision support to farmers. 

Furthermore, to statistically confirm the performance differences among 

the models, one-way ANOVA and ANCOVA tests were conducted. ANOVA 

results (F = 25.76, p < 0.001) showed significant variation among the 

mean predicted yields for the four models, while the ANCOVA (F = 18.92, 

p < 0.001), controlling for actual yield, confirmed that the models differed 

significantly even after accounting for real yield effects.  This confirms that 

the Multiple Linear Regression and Support Vector Regression models 

outperformed Random Forest and Decision Tree models in terms of 

predictive consistency.
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1.0  INTRODUCTION 

Many smallholder farmers in Africa rely on pepper 

growing as a source of income [1]–[6]. A distinctive 

pepper species that is extensively grown as a 

commercial vegetable crop in Southeast Nigeria is 

the Nsukka yellow pepper. In Nsukka, peasant 

women's primary, and even exclusive, agricultural 

endeavor is cultivating it [7]. Because it was mostly 

grown by women, this crop was once known as a 

"women's crop." However, because pepper is so 

profitable, many males are now involved in its 

production.  
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The Nsukka yellow pepper is a common species with 

widespread acceptance and promise that has provided 

many farmer families in the Nsukka agricultural zone 

with a substantial source of revenue, despite the fact 

that Nigeria is home to a large variety of pepper 

varieties. Usually grown in Enugu State, the yellow 

pepper is native to Nsukka. Perhaps because other 

ecologies would not be able to support its 

development as well as those in Nsukka and the 

surrounding area, it is uncommon in other areas of 

the country. The fruits of this particular pepper 

species are fairly large and turn yellowish-green 

when fully ripe. It also has a unique scent. In the 

local rural and urban markets, the pepper is more 

popular than other pepper varieties due to its unique 

flavor, color, and aroma. 

 

Maximizing pepper yield at the lowest cost while 

preserving a healthy ecological is one of the 

fundamental goals of agricultural production. Many 

crop management and financial choices depend on 

yield estimation, and early detection and resolution 

of pepper yield limit problems can help increase 

output and subsequent profit. In the food production 

industry, pepper yield prediction is crucial because it 

helps farmers and other relevant personnel make 

well-informed decisions about planting, fertilizer, 

irrigation, resource optimization to maximize 

productivity, risk management, and marketing. 

Policymakers depend on precise estimates to make 

prompt import and export choices in order to 

improve national food security [8], [9].  

 

Even though the Nsukka yellow pepper has 

enormous economic potential, not much research has 

been done to anticipate the yield utilizing 

contemporary research approaches like machine 

learning prediction algorithms. Nsukka yellow 

pepper is not often grown in the majority of Nigerian 

states, according to observations. The production of 

premium peppers, like Nsukka yellow pepper, needs 

to be increased in other parts of Nigeria. Nonetheless, 

a method to forecast Nsukka yellow pepper yield in 

regions with distinct soil and environmental variables 

from Nsukka is crucial. Using information from 

crops, soil, climate, satellites, and other sources, 

machine learning has been utilized by several 

academics to estimate crop yields [10], [11].  

 

Numerous factors, such as rainfall, temperature, and 

season, were considered in order to forecast the crop 

production. Since no further machine-learning 

methods were used on the datasets, there was no way 

to compare how well various algorithms performed. 

Computer simulation models based on MLR and RF 

were used by [12] to evaluate yield prediction and 

nitrate loss accounting. The most accurate and 

dependable approaches, according to a report 

from [13], are the average ensemble and the optimal 

weighted ensemble. However, the effectiveness of 

ensemble modeling is impacted by the selection of 

many machine learning models; therefore, further 

research is needed. The work by [14] extended 

conventional neural networks for regression. The 

conformal prediction (CF) framework was used to 

predict tomato output in a greenhouse by accounting 

for temperature, radiation, CO2, and vapor pressure 

deficit (VPD). This approach required the utilization 

of almost 60,000 records. Satellite imagery and 

meteorological data were used by [15] to anticipate 

soybean yield in real time using LSTM, OLS linear 

regression, and RF models. The LSTM performed 

remarkably well in comparison to RF and 

multivariate OLS regressions. The DNN model 

outperformed the SVR, RFR, and PLSR regression 

techniques as the number of input features rose. 

Research carried out by [16] discovered that soybean 

production could be precisely determined using a 

DNN technique that used RGB, multispectral, and 

temperature sensors in conjunction with UAV-based 

multimodal data fusion.  

 

In a hybrid MLR-ANN model created by [17], the 

ANN's input layer weights and bias were initialized 

using the MLR's coefficients and bias rather than 

random weights and bias initialization. The 

suggested hybrid MLR-ANN model outperformed 

SVR, K-NN, and RF in terms of prediction accuracy 

on the same agricultural dataset. The use of SVR, 

OLS, and GWR models by [18] showed that the 

GWR model fared better than the SVR and OLS 

models since it assigned different weight values to 

geographical grids. In a comparison of the efficacy of 

SVR, RF, ANN, and K-NN, it was determined 

by [19] that the RF algorithm is better since it attains 

the best accuracy. In general, hybridized prediction 

algorithms outperform single prediction algorithms. 

A mathematical optimization method that predicts 

potato yield using the model's projected biomass was 

created by [20]. Predicting wheat production is 

another well-liked study in this area that has been 

conducted by numerous researchers.  

 

According to [21], the spatial NN model was able to 

estimate wheat production for a particular planting 

region with excellent accuracy, in contrast to the 

temporal NN models. However, because they only 

included one component—the planting area—the 
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model is less reliable. A yield forecast model based 

on climate and satellite data was created 

by [22] using the LASSO, SVM, RF, and NN 

algorithms. Their increased precision led them to the 

conclusion that using satellite data to create an 

annual wheat map would be easier because it reduces 

errors. A modeling approach that included data from 

the soil, climate, and vegetation index to predict 

winter wheat output was investigated by [23]. SVM, 

GPR, and RF were the top three techniques for yield 

prediction, according to the researchers' analysis of 

eight popular machine learning models. In their 

research, a new activation function for MLP was 

proposed by [24], which also updated the random 

weights and bias values. The findings demonstrated 

that newly created activation functions worked better 

than the sigmoid, which is the NN's default activation 

function. The use of RGB and NDVI data separately 

with the CNN model by [25] led to the claim that 

RGB images performed better than NDVI. Maize 

yield at the county level in China was forecasted 

by [26] using the RF, LASSO, LSTM, and XGBoost 

algorithms in combination with thermal, optical, 

fluorescence, and environmental satellite data. The 

investigation's findings showed that SIF's poor 

signal-to-noise ratio and coarse spatial resolution 

allowed it to outperform EVI in terms of output 

quality. The forecast of potato yield utilizing NDVI 

and soil property datasets was performed 

by [27] using LR, SVR, and k-NN algorithms. When 

it came to forecasting potato yield, the SVR models 

fared better than the other three models. However, 

additional climatic, chemical, meteorological, and 

physical factors caused forecasts in related areas to 

differ in different years.  

 

In light of irrigation season and water management, it 

was found by [28] that RF was the most effective 

way to forecast mango fruit yield. A strategy for 

utilizing MLR and RF to predict the yield of maize, 

potatoes, and wheat was proposed by [29]. The RF 

considerably outperformed MLR in terms of crop 

yield prediction. Across a variety of crop datasets, it 

was found by [30] that M5-Prime and K-NN 

approaches performed better than other ML and LR 

models for agricultural yield prediction.  

 

Knowledge representation, model structure, training 

time, management of missing data, and 

implementation costs are some factors that affect the 

accuracy of the previously stated methodologies. The 

purpose of this project is to use machine learning 

models based on crop and weather data to forecast 

the yield of Nsukka yellow pepper. The work will 

specifically create a pepper farm dataset that will be 

used to train the models, build machine learning 

regression models using the dataset, and 

quantitatively assess and validate the models' 

accuracy by using them to forecast pepper yield and 

compare the yield that was predicted to the actual 

yield. 

 

2.0  MATERIALS AND METHODS 

 

2.1  Data Collection  

Crop data were collected from an experimental 

pepper farm (Figs. 1 and 2) at the Department of 

Agricultural and Bioresources Engineering, 

University of Nigeria, Nsukka. One hundred and 

seven stands of pepper were used for the project. 

They were all tagged using paper tape. Steel meter 

rule was used to measure the crop height and the 

measurement was taken from the ground level. The 

leaf length and width were also measured. The 

longitudinal direction was taken as the length. The 

measurement was taken from the apex to the base of 

the leaf. The transverse direction was taken as the 

width, measurement was taken one-third distance 

from the leaf base. The leaf length and width 

measurements were taken randomly and the average 

was taken for each pepper stand. These 

measurements were taken weekly. Yield data were 

recorded in terms of the weight of the harvested 

peppers. 

 

 
Figure 1: Pepper stands 6 weeks after 

transplanting with drip irrigation installations 

Weather data were collected from Meteorological 

Station of the National Centre for Energy Research 

and Development, University of Nigeria, Nsukka for 

three (3) months starting from 9th January to 9th 

April 2024. This period covers the time from 

transplanting to harvesting. A weighing balance was 

used to weigh the pepper after harvesting per stand. 
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Figure 3 is a flowchart showing the general process 

involved in the prediction 

 

 Figure 2: A stand of pepper with ripe fruits 10 

weeks after transplanting 

 

 

Figure 3: Flowchart of the methodology used for this 

study 

 

2.2  Data Cleaning and Preprocessing  

The data gathered from  different data sources  were 

tabulated, cleaned, and sorted using Microsoft Excel. 

Information on each of the features from the 

observations  were collected separately to create the 

final dataset that was used to train the model. 

Resolving missing or null values was one of the pre-

processing steps that each dataset went through. All 

of the rows with null values were eliminated since 

the yield data contained null values. 84 data points 

were used for this investigation after cleaning. 

Differentiating between independent and dependent 

variables in a dataset is crucial for machine learning. 

The dataset's independent variables include 

temperature, humidity, solar radiation, leaf length 

and width, leaf area, and final crop height, while the 

dependent variable is yield.   

 

One of the most important aspects of data preparation 

is dividing the dataset into Train and Test sets, as this 

will improve the performance of the machine 

learning models. Therefore, developing a machine-

learning model that performs well on both the 

training and test datasets is crucial. The following is 

how the dataset was divided: Following the 

consolidation of all feature variables into a single 

file, there were 80% training data and 20% testing 

data. 

 

2.3  Feature Selection 

According to an investigation by [31], choosing 

pertinent features is crucial since the feature subsets 

utilized for model training have a significant impact 

on a prediction model's accuracy. 

 

 A feature selection algorithm determines which 

subsets of the features are the best. The correlation 

matrix (CORR) is utilized in this investigation to 

determine which feature subsets offer the highest 

accuracy. Without cross-validation, the models are 

implemented using the set of features chosen using 

the mentioned technique. Pearson's correlation 

matrix, which is used to display correlations, shows 

coefficients among the variable groupings. There is a 

correlation between every randomly selected variable 

from the dataset and every other variable in the 

dataset. The correlation between the features is 

compared using a heat map and the P-value 

generated in the correlation matrix. For the given 

data, the Pearson's coefficient values of the variables 

corresponding to the yield variable are compared. 

Variables with comparable values between 0 and 0.9 

are designated as characteristics for model training. 

Therefore, crop height, leaf area, temperature and 

solar radiations are the features that were chosen 

using the correlation matrix. 

 

2.4  Experimental Models 

Random Forest Regression, Decision Tree 

Regression, Multiple Linear Regression, and Support 

Vector Regression were all employed and examined 

in order to meet the goal of this study. 

 

Google Colaboratory (Colab), a hosted Jupyter 

Notebook service was used to write the codes in 

Python Language for the four models. 

 

One well-liked machine-learning technique for 

creating prediction models is Random Forest. 

Regression and classification trees, which are 
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fundamental models that employ binary splits on 

predictor variables to forecast results, are a subset of 

Random Forests. The approach generates a large 

number of decision trees during data training so that 

an output can be obtained by simply calculating the 

average forecast of each decision tree separately. The 

over-fitting issue in decision trees is addressed by the 

Random Forest algorithm. For optimal results, a 100-

tree Random Forest approach has been used in this 

work. A decision tree (DT) is a machine-learning 

technique that divides data into many segments 

according to a given parameter. 

 

The decision tree has an if-then structure where each 

node is broken into two or more branches using only 

one independent variable. Whether the independent 

variable is continuous or categorical is irrelevant. A 

decision tree consists of leaf nodes that indicate final 

choices or forecasts, internal nodes representing 

characteristics or traits, and branches representing 

potential outcomes. 

 

Experts frequently utilize the multiple linear 

regression (MLR) algorithm to forecast crop output. 

This model has been used by numerous academics to 

forecast yield in a variety of domains. The dependent 

variable in an MLR regression model has a linear 

relationship with several independent factors. 

 

According to [32], the model equation is given as 

                         (1)                                        

 

Since there are numerous regression lines, A is the 

intercept, ε is the sum of the residual errors computed 

for each regression line, Y is the response, X1, X2, 

X3,…, and B, C, D,… are independent variables and 

their slopes, respectively. 

 

In contrast to previous models, Support Vector 

Regression (SVR) is distinct. It uses the support 

vector machine (SVM) approach, commonly used to 

classify data samples, to make predictions about a 

continuous variable. In order to forecast the target 

variable using the input qualities or to split data 

points into discrete classes, it finds the optimal 

hyperplane. A hyperplane is a decision boundary that 

separates data points from different classifications. 

Support vector machines (SVM) are designed to find 

the optimal hyperplane to maximize the margin, 

which is the distance between the hyperplane and the 

nearest data points from each class. SVM seeks to get 

the best possible class separation by optimizing this 

margin. Support vectors are the data points that are 

closest to the hyperplane or decision boundary. They 

are crucial to SVM because they set the decision 

boundary. The SVR requires a kernel function in 

order to perform linear regression on high-

dimensional data. 

 

A kernel is a function that aids in transforming a 

sample of lower-dimensional data into a higher-

dimensional dataset. The SVR model in this work 

employs a linear kernel function. 

 

2.5  Evaluation of the Models 

Mean squared error (MSE), root mean squared error 

(RMSE), and r-squared (R2) were used to evaluate 

the models' accuracy and performance. Pepper yield 

was anticipated using the models, and Microsoft 

Excel was used to compare the expected and actual 

yield numbers.   

 

The average squared difference between the expected 

and actual yields is measured by the MSE. 

 

Mathematically, MSE  =                (2)                                                                

 

Where....   is the actual yield,   

  is the predicted yield,  

and N is how many peppers stands there are. The 

square root of the MSE is the RMSE. RMSE is 

frequently used to compare models and can be 

interpreted in the same units as the expected yield. 

 

Mathematically, RMSE=                  (3)                                        

 

The percentage of the dependent variable's variation 

that can be predicted from the independent variables 

is indicated by the coefficient of determination, or 𝑅2 

value. 

 

Mathematically, ),         (4) 

                                           

Where, SSE is the Sum of squared Errors, 

Calculated as 

 

 SSE =                                     (5)   

 

TSS is the Total Sum of squares, Calculated as  

 

TSS =                                    (6) 
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  is the mean of all the actual yield. 

 

2.6  Statistical Analysis. 

To strengthen the comparison between model 

performances, inferential statistical analyses were 

carried out-using Python’s pandas and stats models’ 

libraries. A one-way ANOVA was applied to 

determine whether significant differences existed in 

the mean predicted yields of the four models—

Random Forest, Decision Tree, Support Vector 

Regression, and Multiple Linear Regression. 

Additionally, an Analysis of Covariance (ANCOVA) 

was performed with the Actual Yield as a covariate 

to control for differences due to natural yield 

variability.  

 

The ANOVA returned an F-statistic of 25.76 (p = 

4.56×10⁻¹⁵), indicating a highly significant difference 

among model predictions. The ANCOVA confirmed 

that, even after adjusting for actual yield, model type 

remained a significant factor (F = 18.92, p = 

1.34×10⁻¹¹), while the covariate itself (Actual Yield) 

was highly significant (F = 169.35, p = 7.82×10⁻³⁰). 

These results statistically validate that not all models 

predict equally and that certain models consistently 

produce closer approximations to actual yields. 

 

3.0  RESULTS AND DISCUSSION 

  

3.1  Results 

The four regression models: Random Forest, 

Decision Tree, Multiple Linear and Support Vector 

Regressions were successfully trained and tested to 

predict pepper yield. Predictions made by each model 

were compared to the actual yields. Table 1 and 

Figures 4 to 7 show the actual versus predicted yields 

for each model.  

 

   Table 1: Actual and predicted yields of the models 
STAND 

NO 

ACTUAL 

YIELD 

(grams) 

Random Forest 

Prediction 

(grams) 

Decision 

Tree 

Predictions 

(grams) 

Support Vector 

Regression 

Predictions 

(grams) 

Multiple Linear 

Regression 

Predictions 

(grams) 

1 39 35.7 29 39.18 40.17 

2 49 47.1 49 31.29 36.09 

3 59 52.49 59 38.38 43.06 

4 30 37.05 30 47.40 47.49 

5 57 31.55 29 32.02 36.41 

6 20 22.17 20 27.25 30.10 

7 10 11.2 10 9.94 12.42 

8 57 51.74 57 47.00 45.36 

9 11 18.18 11 27.59 29.50 

10 54 44.31 54 32.24 32.69 

11 13 14.12 14 13.20 14.10 

12 32 34.65 32 31.90 35.70 

13 20 33.15 54 27.37 30.95 

14 51 49.78 51 33.19 35.90 

15 53 51.89 53 44.39 44.58 

16 14 14.7 14 15.48 16.00 

17 59 53.93 59 43.89 42.19 

18 20 22.93 20 28.87 29.92 

19 27 25.67 27 31.11 31.61 

20 45 48.37 45 44.83 43.87 

21 60 53.17 60 44.18 44.84 

22 29 26.88 29 26.93 28.67 

23 25 26.38 29 27.00 28.83 

24 27 26.97 27 27.95 29.94 

25 29 35.43 29 34.86 37.95 
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STAND 

NO 

ACTUAL 

YIELD 

(grams) 

Random Forest 

Prediction 

(grams) 

Decision 

Tree 

Predictions 

(grams) 

Support Vector 

Regression 

Predictions 

(grams) 

Multiple Linear 

Regression 

Predictions 

(grams) 

26 42 44.43 42 45.19 44.56 

27 18 23.8 18 28.64 32.13 

28 33 35.89 33 38.26 39.49 

29 66 56.88 66 33.13 36.04 

30 18 17.11 18 17.53 19.69 

31 31 38.47 31 65.73 67.01 

32 70 58.23 70 31.79 35.12 

33 34 40.27 34 33.93 37.14 

34 45 43.39 32 41.60 43.05 

35 27 28.99 27 35.88 35.46 

36 19 19.97 19 21.74 22.43 

37 30 30.91 30 34.78 36.03 

38 61 57.14 61 47.01 46.30 

39 49 47.24 49 44.17 43.71 

40 28 33.63 28 36.92 38.40 

41 21 19.25 18 21.57 23.24 

42 24 24.84 24 34.31 34.80 

43 23 23.63 23 25.00 27.01 

44 29 36.03 29 31.72 36.89 

45 27 26.4 27 27.34 28.65 

46 23 20.61 23 20.27 20.04 

47 14 18.42 14 22.69 25.81 

48 32 40.34 33 33.48 35.26 

49 34 32.55 34 29.30 32.20 

50 58 56.22 58 45.57 46.13 

51 23 22.32 23 22.95 24.46 

52 31 34 31 37.47 38.41 

53 14 16.44 14 18.85 22.38 

54 38 40.33 38 32.21 36.38 

55 31 32.74 34 28.89 32.33 

56 19 19.16 19 18.68 21.67 

57 32 34.24 32 37.71 41.30 

58 29 28.08 29 24.60 25.20 

59 40 37.1 34 35.22 39.61 

60 15 14.89 15 11.92 12.92 

61 29 29.52 29 30.14 31.93 

62 31 32.03 31 35.74 37.43 

63 32 32.85 32 30.41 34.19 

64 32 31.39 32 33.24 34.68 

65 25 22.7 25 23.93 28.46 

66 39 39.73 34 40.85 40.91 

67 49 46.02 49 29.38 33.69 
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STAND 

NO 

ACTUAL 

YIELD 

(grams) 

Random Forest 

Prediction 

(grams) 

Decision 

Tree 

Predictions 

(grams) 

Support Vector 

Regression 

Predictions 

(grams) 

Multiple Linear 

Regression 

Predictions 

(grams) 

68 57 54.31 57 39.66 43.49 

69 30 35.87 30 43.78 45.48 

70 56 43.31 56 32.51 38.58 

71 20 24.41 25 27.32 31.65 

72 10 11.21 10 10.33 12.84 

73 57 52.48 57 41.19 41.47 

74 45 44.41 32 41.67 42.73 

75 27 27.18 27 32.30 34.12 

76 19 18.13 19 20.13 21.92 

77 30 31.66 30 34.74 37.19 

78 31 31.2 31 29.83 31.20 

79 19 18.73 19 19.22 20.37 

80 32 34.49 32 36.14 41.06 

81 29 28.69 29 26.29 27.19 

82 40 46.65 59 36.63 41.33 

83 15 14.89 15 11.92 12.94 

84 29 28.86 29 28.57 30.82 

 

Figure 4: Actual yield vs random forest. 

 

 
Figure 5: Actual yield vs Decision Tree 
 

 
Figure 6: Actual yield vs support vector regression 

 

 
Figure 7:  Actual yield vs multiple linear regression. 

The outcomes of the four models are shown in Table 

2. The Random Forest model yielded a mean squared 
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error (MSE) of 58.15, a root mean squared error 

(RMSE) of 7.62, and an R-squared value of 0.58. 

 

The Decision Tree model, on the other hand, reported 

an R-squared value of -0.21, an RMSE of 12.97, and 

an MSE of 188.29. Finally, MSE values of 48.69 and 

45.23, RMSE values of 6.98 and 6.73, and R-squared 

values of 0.50 and 0.67 were shown by the Support 

Vector Regression and Multiple Regression models, 

respectively. 

 

 

Table 2: Regression models and Performance metrics scores 

Model Mean Squared 

Error (MSE) 

Root Mean 

Squared Error 

(RMSE) 

R-

Squared 

 

ANOVA F-

statistic (p-value) 

 

ANCOVA F-

statistic (p-value) 

Random Forest 58.15 7.62 0.58   

Decision Tree 168.29 12.97 -0.21   

Support Vector 

Regression 

48.69 6.98 0.65   

Multiple Linear 

Regression 

45.23 6.73 0.67   

Overall Model 

Comparison 

   25.76 (4.56e-15) 18.92 (1.34e-11) 

 

3.2  Discussions 

The models' varying efficacy is revealed by the 

performance evaluation based on MSE, RMSE, and 

R2. For this particular dataset, a linear approximation 

reasonably reflects the link between the independent 

variables (plant height, leaf dimensions, and climatic 

data) and yield, according to the better performance 

of the MLR model (R² = 0.67). The SVR model's 

capacity to simulate possible non-linear patterns is 

demonstrated by its comparable performance (R² = 

0.65). While the catastrophic failure of the single DT 

(R² = -0.21) emphasizes its instability and 

unsuitability for this prediction, the modest 

performance of RF (R² = 0.58) may be explained by 

overfitting on a smaller dataset. 

 

3.3  Statistical Validation and Comparison with  

   Previous Studies  

One-way ANOVA and ANCOVA were used to 

support the results. The statistical significance of the 

variations in mean expected yields between the 

models is confirmed by the significant ANOVA 

result (F=25.76, p<0.001). The trustworthiness of the 

metric-based ranking is further confirmed by the 

ANCOVA (F=18.92, p<0.001), which controls for 

real yield and confirms that the performance 

differences are intrinsic to the algorithms rather than 

data aberrations. 

This result both follows and deviates from patterns 

found in earlier studies on crop yield prediction. 

Studies like [17], who discovered that a hybrid MLR-

ANN model initialized with MLR coefficients beat 

numerous complicated methods, are consistent with 

the robust performance of simpler models like MLR. 

Similar to this, researchers frequently find that a 

single Decision Tree performs poorly, which is why 

they choose ensemble approaches like Random 

Forest [19]. The outcome, however, is in contrast to 

research such as [29], where RF significantly 

outperformed MLR for forecasting yields of maize, 

potatoes, and wheat, and [15], where LSTM 

networks dramatically outperformed multivariate 

regressions and RF for soybean yield. 

 

This disparity highlights a crucial finding: crop type, 

data quality, feature set, and size all have a 

significant impact on the ideal model. As shown here 

for Nsukka yellow pepper, traditional linear methods 

can be remarkably effective and efficient for smaller, 

well-defined agronomic datasets, while ensemble and 

deep learning models frequently perform well with 

large, multi-source datasets (e.g., satellite imagery 

fused with climate data [16, 26]). 

 

4.0  CONCLUSION AND FUTURE WORK  

In conclusion, the Multiple Linear Regression model, 

which explains 67% of the yield variance, turned out 

to be the most reliable and accurate method for 

forecasting the yield of Nsukka yellow pepper based 

on the gathered crop and meteorological 

characteristics. Although this offers a useful baseline 

for decision-support, an R2 of 0.67 shows that 33% 

of yield variability is still unaccounted for.   
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Future research should consider the following 

suggestions in order to increase predicted accuracy 

toward a goal of 0.90 R2:  

 

-Feature Development and Growth:  More predictive 

variables could be added, such as soil nutrient 

content, specific management methods (e.g., 

irrigation schedules, fertilizer types and dosages), 

precise pest/disease incidence data, and more 

detailed microclimate data. 

 

-Advanced Modeling Techniques:  More complex 

algorithms that have demonstrated great potential in 

other agricultural research could be investigated, 

such as: -Gradient Boosting Machines: Known for 

their great accuracy with tabular data, such as 

XGBoost and LightGBM.   

 

-Deep Neural Networks (DNNs) or Long Short-Term 

Memory (LSTM) Networks: Especially when there 

are more intricate, non-linear interactions or temporal 

data sequences.  

 

-Hybrid or Ensemble Models: According to [13] and 

[17], integrating the advantages of many models 

(such as the recommended MLR-ANN hybrid or 

stacked ensembles) can frequently result in better 

performance. 

 

-Data Enhancement: To improve model 

generalizability and robustness and enable the 

successful training of more complicated models, 

future work could expand the dataset size across 

several growth seasons, locales, and cultivars.   

 

-Hyperparameter Tuning: The RF and SVR models' 

performance may be greatly enhanced with ideal 

parameter choices, possibly outperforming the 

existing MLR baseline. Therefore,  carrying out 

thorough hyperparameter optimization for these 

models could improve the performance of the 

models.  

  

-Expanded Geographical Application: Future work 

should  apply the created framework to localized data 

from other places to find patterns in yellow pepper 

production that are both universal and region-

specific. This will help Nigerian farmers create a 

precision agriculture tool that is scalable. 
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