
 

1 

Different Transfer Learning Approaches for 1 

Insect Pest Classification in Cotton  2 

 3 

Raul Toscano-Mirandaa,b, Jose Aguilarb,c,d, William Hoyosa,b,e,  Manuel Caroa, Anibal 4 

Trebilcok f, Mauricio Torob 5 
 6 

aDepartment of Educational Informatics, Universidad de Córdoba, Colombia 7 
bGIDITIC, Universidad Eafit, Medellín, Colombia 8 

cCEMISID, Universidad de Los Andes, Mérida, Venezuela 9 
dIMDEA Networks Institute, Leganés, Madrid, Spain 10 

eISI Research Group, Universidad Cooperativa de Colombia, Colombia 11 
fDepartment of Agronomic Engineering, Universidad de Córdoba, Colombia 12 

 13 

Abstract 14 

Boll weevil is an important pest that affects cotton crops worldwide, causing significant 15 

economic losses. The classification of the boll-weevil population is crucial for developing 16 

effective pest management strategies. However, the low availability of data and features 17 

makes classification a challenging task. This study aimed to investigate the use of Transfer 18 

Learning (TL) techniques to improve the classification of boll weevil populations. Three 19 

types of TL techniques, instance-based, feature-based, and parameter-based, were studied to 20 

improve the classification performance of the machine learning algorithms. This work used 21 

data from two domains, one with few instances and the other with few features, to test the 22 

proposed approaches. Also, climate variables (temperature, humidity, and rainfall) were 23 

incorporated as features to predict the level of the boll-weevil attack. The most relevant 24 

results of this work are that define 1) How to measure and quantify the similarity or 25 

relationship between tasks of different domains; 2) How to select, align, or adapt the relevant 26 

features, instances, or models from the source task/domain to the target task/domain; 3) How 27 

to reuse parameter settings from the source domain; and 4) How to evaluate and validate the 28 

performance and robustness of the TL model on the target task/domain. The proposed 29 

approach achieved significant improvements in classification over previous results in the 30 

metrics of accuracy and F-measure. For example, in the case with few instances reached an 31 

accuracy of 90.79%, while in the case with few features reached an accuracy of 96.28%. 32 

Thus, the results demonstrate the effectiveness of TL techniques in improving the 33 

classification of boll-weevil populations in cotton crops when few data and/or features are 34 

available.  35 

 36 
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1. Introduction 40 

Machine learning technologies have showcased the amazing capabilities of artificial 41 

intelligence in various technological applications. For example, with its multi-layered neural 42 

networks, deep learning excels in tasks such as image recognition and natural language 43 

processing (Huang et al., 2022; Thenmozhi & Srinivasulu Reddy, 2019). Reinforcement 44 

learning and deep reinforcement learning are also types of machine learning where an agent 45 

learns to make decisions in an environment based on reward feedback (Cuartas et al. 2023). 46 

They have demonstrated state-of-the-art performance in diverse domains, including game 47 

playing, robotics, and natural language processing technologies (Liu et al., 2022; Morales et 48 

al., 2019; Sánchez et al., 2020). Recently, quantum machine learning has emerged, 49 

combining quantum computing and machine learning algorithms (Zidan et al., 2021; Zidan 50 

et al., 2023), with the potential to solve complex problems beyond traditional techniques. 51 

These advancements continue to push the boundaries of AI. An area of machine learning of 52 

special interest in recent years is Transfer learning (TL), which utilizes pre-trained models to 53 

enhance learning on smaller datasets (Cody & Beling, 2023). TL techniques have shown 54 

remarkable success in improving the performance of machine learning algorithms by 55 

transferring knowledge from one domain to another (Xu et al., 2023). 56 

On the other hand, the boll weevil (Anthonomus grandis) is an important pest that affects 57 

cotton crops worldwide, causing significant economic losses (Ben Guerrero et al., 2020; 58 

Grigolli et al., 2017). The classification of the boll-weevil population is crucial for 59 

developing effective pest management strategies (Toscano-Miranda, Toro, et al., 2022). 60 

However, the classification of boll-weevil populations is a challenging task due to the limited 61 

availability of data and features. Thus, traditional classification methods have been used to 62 

classify boll weevil populations, but they have limitations in terms of accuracy. For instance, 63 

a previous work developed models to classify the population of boll weevils (Toscano-64 

Miranda, Hoyos, et al., 2022). The results achieved good precision (88%), however, there 65 

were limitations related to the number of instances and characteristics in some contexts 66 

studied. In this work, we attack these limitations with TL.  67 

 68 

1.1 Related Works 69 

 TL techniques have been used to improve the classification of various pests in different 70 

contexts (Al Sahili & Awad, 2023; Coulibaly et al., 2022; Hadipour-Rokni et al., 2023; 71 

Huang et al., 2022; Li et al., 2021; Thenmozhi & Srinivasulu Reddy, 2019). For example, TL 72 

techniques have been used to improve the classification of pests in crops such as citrus fruit, 73 

and tomato (Hadipour-Rokni et al., 2023; Huang et al., 2022). Specifically, (Al Sahili & 74 

Awad, 2023) used TL to develop accurate models for agricultural classification tasks with 75 

few data. The study applied TL on ImageNet pre-trained models, where ImageNet was the 76 

generic dataset and AgriNet was the target dataset. The pre-trained models were then fine-77 

tuned on the AgriNet dataset to improve their performance. The study found that VGG19 78 

surpassed all other models with an accuracy of 94% and an F1 score of 92%. VGG16 was 79 

ranked second, followed by InceptionResNet-v2. The study evaluated the superiority of the 80 

proposed models using TL on two agricultural datasets. The AgriNet models achieved higher 81 

accuracies than the ImageNet models, and VGG19 was the best-performing model. 82 
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(Thenmozhi & Srinivasulu Reddy, 2019) used TL to retrain deep-learning models and 83 

improve the efficiency and accuracy of insect classification tasks. The study used a wide 84 

range of insect pests from different field crops such as rice, maize, soybean, sugarcane, and 85 

cotton crops. The pre-trained models such as AlexNet, ResNet, GoogLeNet, and VGG were 86 

used as fixed feature extractors. By fine-tuning the pre-trained models with TL, the 87 

proposed convolutional neural networks (CNN) model achieved higher accuracy in insect 88 

classification compared to the pre-trained models alone. The proposed model was evaluated 89 

on three different insect datasets, and it achieved high accuracy for each dataset (between 90 

92.25% and 95.97%). The study also analyzed the effects of different hyperparameters on 91 

the performance of the proposed model.  92 

Similarly, (Meena et al., 2023) used TL with pre-trained CNNs to be adapted by retraining 93 

them with smaller datasets, with a different distribution than the larger datasets used to train 94 

the network. In this study, multiple types of CNN architecture (Densenet 201, Mobilenet, 95 

VGG 16, Hyper-parameter Search, and Inception V3) were used on agricultural image data 96 

for plant leaf disease detection, pest detection, and weed detection. The fine-tuned Inception 97 

V3 model achieved 87.85% accuracy, while the Mobilenet and VGG 16 models achieved 98 

accuracies of 91.85% and 78.71%, respectively. The Densenet model performed well with 99 

99.62% accuracy, and the Hyper-parameter Search had 71.07% accuracy. (Hadipour-Rokni 100 

et al., 2023) used TL with a deep learning model to leverage pre-existing knowledge from a 101 

previously trained model for a different task. The researchers used a pre-trained model on a 102 

large image dataset (ImageNet) to extract general features from the citrus fruit images and 103 

then fine-tuned the model using the dataset of citrus fruit images to classify the pests. The 104 

study found that TL was an effective technique for the early detection of pests in agricultural 105 

products using machine vision systems and deep learning. The AlexNet and GoogleNeT 106 

models had the highest accuracy (99.33% and 99.27%, respectively) in diagnosing citrus fruit 107 

disease, with the AlexNet model having the lowest calculation time. The study suggested that 108 

pre-trained models could be used in similar applications to save time and computational 109 

resources. 110 

Additionally, (Coulibaly et al., 2022) used TL to improve the accuracy of the classification 111 

model in insect pests. TL used the Inceptionv3 model, which achieved an accuracy of 67.88% 112 

in the test set. By leveraging the pre-trained layers of Inceptionv3, the authors were able to 113 

reduce the number of network parameters by 41% without affecting the accuracy and loss 114 

classification. Also, TL made it possible to use visualization methods to understand what the 115 

model has learned, identify biases in the data that affect the training process, and debug the 116 

model to visualize these biases. Finally, TL contributed to improving the overall performance 117 

of the deep learning model in this study. (Huang et al., 2022) achieved that the knowledge 118 

learned from one problem was transferred to another problem in a different but related field. 119 

In this case, TL-based CNN models were used to identify tomato pests by transferring 120 

knowledge learned from other image recognition tasks. The authors improved the accuracy 121 

of tomato pest identification with CNN models (AlexNet, InceptionV3, VGG16, and 122 

ResNet50) and image augmentation technology. This approach improved learning efficiency 123 

and reduced training time.  In summary, these studies used TL techniques with images to 124 

improve learning tasks in insect pest classification. However, to the best of our knowledge, 125 

the use of TL techniques to classify boll weevil populations has not been explored. 126 

Specifically, the use of TL techniques with structured data to classify boll weevil populations 127 
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has not been analyzed. Therefore, there is a need to investigate the use of TL techniques to 128 

improve the classification of boll weevil populations.  129 

In previous works, and to the best of our knowledge, the emphasis was usually on reusing 130 

previous models either to save training time or due to lack of data. There is no study that does 131 

an exhaustive analysis of how to work on cases where there is a lack of data and features in 132 

a problem at the same time. This work seeks to respond to this by proposing various TL 133 

schemes. 134 

 135 

1.2 Contributions 136 

This study aims to investigate the use of TL techniques to improve the classification of boll 137 

weevil populations by incorporating climate variables as features. Three types of TL 138 

techniques, instance-based, feature-based, and parameter-based, were studied to improve the 139 

classification performance of the XGBoost algorithm, which is the best machine learning 140 

algorithm for this type of task according to (Toscano-Miranda, Hoyos, et al., 2022). The 141 

study also aims to test the proposed approach using data from two domains, one with few 142 

instances and the other with few features. In summary, our study works with structured data 143 

about climate data, insect pest data, and three types of TL.  The contributions of this study 144 

are the following:  145 

 The definition of a procedure to measure/quantify the similarity or relatedness 146 

between two tasks or domains (called source and target). The experiments show how 147 

can affect the transferability and effectiveness of the knowledge transfer.  148 

 The design of a method to select, align, or adapt the relevant features, instances, or 149 

models from the source task/domain to the target task/domain, which may require 150 

different strategies depending on the type and level of TL.  151 

 The specification of a strategy to reuse parameter settings from the source domain 152 

and how to measure and determine their validity.  153 

 The definition of a procedure to evaluate and validate the performance and robustness 154 

of the TL model on the target task or domain, with appropriate metrics and 155 

benchmarks. 156 

The rest of the paper is organized as follows: Section 2  introduces the dataset of the boll 157 

weevil in cotton crops and the TL approaches existent in the literature. Section 3 presents the 158 

design of our approach of TL for the classification of boll-weevil populations. Section 4 159 

shows the instantiation of our TL approach in different case studies in cotton crops. Section 160 

5 presents the results of the case studies, and Section 6 concludes the paper by highlighting 161 

some of the future directions of this work. 162 

2. Materials and method 163 

2.1 Mathematical formulation of the TL problem 164 

A domain D = D(X, Px) consists of a feature space X and a probability distribution Px for 165 

each feature xX. Given a domain of interest, a task T can be defined by a label space Y and 166 

a predictive function f: X -> Y.  167 
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In TL, we have two domains, a source domain Ds and a target domain Dt. On the other hand, 168 

we have that Ts corresponds to the task executed in Ds and Tt corresponds to the task 169 

performed in Dt. Thus, if we have Ds, then Ts is represented as (Xs, Ys), and in Dt, Tt is 170 

represented as (Xt, Yt). In our case, the objective is to find the parameters, instances or 171 

features Wt for the task Tt to determine Yt. In this case, the idea is to minimize the equation: 172 

 173 

𝑎𝑟𝑔𝑚𝑖𝑛𝑊𝑡
(𝐶(𝑋𝑡, 𝑌𝑡)) 174 

 175 

where 𝐶(𝑋𝑡, 𝑌𝑡) is the cost function defined on task Tt of domain Dt to determine Yt  (for 176 

example, the error); and Wt is the result of a TL process, which can be of parameters, 177 

instances or features. 178 

2.2. TL approaches in the literature 179 

According to (Pan & Yang, 2010), TL approaches can be divided into four categories: 180 

instance-based transfer, feature-based transfer, parameter-based transfer, and relational-181 

based transfer. These categories provide a general framework for understanding the different 182 

approaches to transfer learning and are the basis for the development of new TL methods. 183 

 184 

Instance-based transfer learning  185 
According to (Pan & Yang, 2010), Instance-based TL is an approach that assumes that certain 186 

parts of the data in the source domain can be reused for learning in the target domain. Thus, 187 

the instance-based transfer involves transferring instances from the source domain to the 188 

target domain (see Fig 1). This approach involves measuring the similarity between a source 189 

and a target domain and selecting a similar source domain that has much more training data 190 

than the target domain. The approach can choose a pre-trained model that was learned from 191 

the source domain and fine-tunes it on the target domain using the re-weighted data (Pan & 192 

Yang, 2010; Yang et al., 2020). The rationale behind this approach lies in the premise that 193 

there are similarities between the source and target domains that can be exploited to improve 194 

performance in the target domain. By transferring specific instances from the source domain 195 

to the target domain, one seeks to leverage existing knowledge and adapt it to solve similar 196 

tasks in the new context. This technique becomes an effective strategy when the source 197 

domain has a large amount of training data and significant similarities to the target domain 198 

can be identified. However, this approach has its limitations and challenges. One of the 199 

potential problems is the assumption that instances from the source domain are applicable 200 

and useful in the target domain. If the similarities between the domains are not properly 201 

understood, or if there are subtle but significant differences between the data distributions of 202 

the two domains, instance-based transfer can lead to poor performance in the target domain. 203 

In addition, the quality of the transfer is highly dependent on the correct identification of the 204 

relevant instances and the similarity measure used to select them. 205 

 206 

 207 
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 208 
Fig. 1. Example of Instance-base TL 209 

 210 

Feature-based transfer learning  211 
Feature-based TL is an approach that involves transferring the feature representations learned 212 

from the source domain to the target domain (Aguilar et al., 2019; Pan, 2010; Pan & Yang, 213 

2010). This approach assumes that the feature spaces between the source and target domains 214 

are similar or can be aligned. The learned features from the pre-trained model are then fed as 215 

input to a new model, which is trained on a different dataset or task.  The advantage of 216 

feature-based TL is that it can be used when there is not enough data to fine-tune the entire 217 

pre-trained model, but still, the learned features can be useful in the new task (Oquab et al., 218 

2014; Pan, 2010; Pan & Yang, 2010; Yosinski et al., 2014). Figure 2 shows the process of 219 

transferring features. The rationale behind the assumption that the feature spaces between 220 

source and target domains are similar or can be aligned is based on the idea that certain 221 

features relevant to a specific task can be generalized and reused in related tasks.  Despite the 222 

logic behind the assumption, there are several limitations and factors that can affect the 223 

results of feature-based TL. For example, the introduction of learned features can lead to 224 

overfitting if the target dataset is small. On the other hand, while the learned features may be 225 

useful for generic tasks, certain tasks may require more specific knowledge that is not 226 

captured in the transferred features. In such cases, feature-based TL may not be sufficient to 227 

improve performance. Finally, in some cases, fine-tuning of the pre-trained model is 228 

necessary to better adapt it to the new task. Fine-tuning involves training some model settings 229 

on the new dataset to refine the learned features. 230 

 231 

 232 
Fig. 2. Example of Feature-based TL. 233 
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 234 

Parameter-based transfer learning  235 
Parameter-based TL is an approach that involves transferring the parameters, or prior 236 

distribution of hyperparameters, from the source domain to the target domain (see Figure 3). 237 

This approach assumes that the models for related tasks share some parameters or prior 238 

distribution of hyperparameters. This involves learning the source task first and then 239 

transferring the learned parameters to the target task. The pre-trained model is adapted to a 240 

new task by reusing some or all its pre-trained parameters, which are then fine-tuned on the 241 

new task using additional data. The advantage of parameter-based TL is that it can lead to 242 

higher performance on the new task, especially when the new task is like the pre-training 243 

task (Bashath et al., 2022; Chakraborty et al., 2022; Pan & Yang, 2010). The rationale behind 244 

this approach lies in the observation that certain features and patterns learned during the pre-245 

training task may be applicable and relevant to the target task. By transferring the pre-trained 246 

parameters, the target model can benefit from this prior knowledge, which can speed up the 247 

training process and, in some cases, significantly improve performance on the new task. This 248 

is especially true when the target task is like the pre-training task. However, it is important 249 

to note that the success of parameter-based TL is highly dependent on the similarity between 250 

the source task and the target task. If the tasks are too different in terms of structure, nature 251 

of data or requirements, then direct parameter transfer may not be beneficial or even 252 

detrimental to performance on the target task. In addition, another critical factor that can 253 

affect the results of parameter-based TL is the quantity and quality of data available for the 254 

target task. If the target task data is sparse or of low quality, then pretrained parameter transfer 255 

may be more prone to overfit the model to the limited training data, leading to poor 256 

performance on unseen data. In such situations, it is important to consider strategies such as 257 

regularization and careful fine tuning to avoid overfitting. 258 

 259 

 260 

 261 
 262 

Fig. 3. Parameter-base TL. 263 
 264 
 265 
 266 

 267 
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Relational-based transfer learning  268 
Relational-based TL is an approach that focuses on learning the relations between the source 269 

and target domains (Mihalkova & Mooney, 2009; Pan & Yang, 2010). Particularly, 270 

relational-based transfer involves transferring relational knowledge from the source domain 271 

to the target domain (see Fig. 4). This approach finds past knowledge in the source domain 272 

to be used in the current context by the target domain. This assumes that there is a relationship 273 

between the source and target domains that can be leveraged to improve the performance of 274 

the target task. Relational-based TL can be used in scenarios where the domains of the source 275 

and target tasks are not the same but interrelated (Day & Khoshgoftaar, 2017; Pan & Yang, 276 

2010; Tan et al., 2017).  277 

 278 

 279 

 280 

Fig. 4. Relational-base TL. 281 
 282 

2.3 Study area and datasets 283 

To validate our proposal, we utilized cotton crops as a case study, which are in various 284 

regions of Córdoba, Colombia. These regions include cities that make up the Sinú Valley, 285 

namely High, Middle, and Low Sinú, as mentioned in (Trebilcok, 2020), and are situated at 286 

approximately ~8°55'33.6"N, 75°48'16.5"W (see Fig. 5). We collected data for our study 287 

from the net of monitoring of the boll weevil established by the Colombian Agricultural 288 

Institute (ICA) and climate data recorded by the Colombian Institute of Hydrology, 289 

Meteorology and Environmental Studies (IDEAM). Specifically, we analyzed data from the 290 

cities of Montería, Cereté, Lorica, and Ciénaga de Oro, covering the period of 2018 to 2021. 291 

The reason for selecting these areas was due to their cultivation of cotton and the availability 292 

of pheromone trap records. 293 

 294 
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 295 
Fig. 5. Geographical regions of cotton crops in Córdoba 296 

 297 

Datasets from regions of the Sinú Valley were used. These datasets included three climatic 298 

variables (rainfall, humidity, and temperature) and the number of red and black boll weevils 299 

captured in pheromone traps. Rainfall is the amount of rain that falls during the day, measured 300 

in millimeters. Rainfall can affect the survival and reproduction of boll weevils, as well as 301 

the growth and quality of cotton plants. Humidity is the hourly relative humidity (average of 302 

the day), measured in percentage. Humidity can also influence the development and activity 303 

of boll weevils, as well as the susceptibility and resistance of cotton plants to pests and 304 

diseases. Temperature is the average daily temperature, measured in degrees Celsius. 305 

Temperature can determine the life cycle and population dynamics of boll weevils, as well 306 

as the phenology and yield of cotton plants. Red boll weevils are the youngest stage of the 307 

pest, which has not yet reached maturity. This feature represents the number of captures of 308 

these boll weevils in a trap. Red boll weevils indicate the presence and intensity of infestation, 309 

as well as the potential damage to the cotton buds and flowers. Black boll weevils are the 310 

ones that can procreate, which have reached maturity and can mate and lay eggs. This feature 311 

represents the number of captures of these boll weevils in a trap. Black boll weevils indicate 312 

the reproductive capacity and the future generation of the pest, as well as the potential damage 313 

to the cotton bolls and seeds. Table 1 shows the distribution after processing and cleaning the 314 

dataset (Toscano-Miranda, Hoyos, et al., 2022). Lorica, Cereté included the climate variables 315 

and the red and black boll weevils. However, Ciénaga de Oro and Montería did not have 316 

enough samples for the red boll weevils and climatic variables. This particularity made it 317 

suitable to apply our proposal of TL. 318 

 319 

 320 

 321 
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Table 1. Dataset distribution. 322 
City Samples Temperature Humidity  Rainfall 

Lorica 1800~ ✓  ✓  ✓  

Cereté 4000~ ✓  ✓  ✓  

Ciénaga de Oro 900~ ✓    | ✓ Black   | ✓ Black 

Montería 1000~ ✓  
 

  | ✓ Black 

 323 

We used five techniques, eXtreme Gradient Boosting (XGBoost), Random Forest, Decision 324 

Tree, Support Vector Machine, and Artificial Neural Network with multilayer perceptron, 325 

which were chosen because they have been techniques that have given very good results in 326 

previous works in various disciplines (Toscano-Miranda, Toro, et al., 2022). In that work, 327 

these techniques were subjected to a process of optimizing their parameters before comparing 328 

them, using the grid search hyperparameter optimization method (Aguilar et al., 2020). As a 329 

result of the comparison of these five techniques, XGBoost gave the best accuracy (88%). 330 

These analyses and results were presented in previous works (Toscano-Miranda, Hoyos, et 331 

al., 2022). Therefore, XGBoost is used in the present study.  332 

In this work, several domains with few instances or few features are presented, which reach 333 

very poor quality metrics values compared to the domains with more instances and features. 334 

This is an opportunity to design and apply TL strategies, in order to improve the results of 335 

domains with few instances or features. 336 

3. Design of our TL approaches 337 

The TL was applied from the source domain (Xs) to the target domain (Xt) using a metric to 338 

determine the similarity between the domains. For the determination of this similarity metric, 339 

a statistical analysis with mean, standard deviation and variance was used. This study uses 340 

the instance-, feature-, and parameter-based TL techniques. In the next subsections, we will 341 

describe each technique in our work. 342 

Instance-based transfer learning  343 

This technique uses a horizontal treatment of the data set (that is, samples/instances). From 344 

now on, we will call them instances. The source domain transfers data because the datasets 345 

of the target domain are few. Fig. 6 shows the use of the instance-based TL approach. We 346 

use the similarity of the instances with all the features (F1, F2, F3) between the source domain 347 

and target domain to compare the different sources. The source domain that has major 348 

similarity with the target domain, and also, good accuracy, is selected. Thus, this process 349 

generates new instances in the target domain according to the similarity of the instances.  350 

 351 
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 352 
Fig 6. Instance-based TL in our case study. 353 

 354 

Algorithm 1 shows the steps to reach the instance-based TL. A similarity threshold is defined 355 

to establish the instances to select. Instances with a similarity greater than 75% were selected. 356 

Thus, during step 4 of algorithm 1, the instances of the source domain that are like the target 357 

domain are determined, and then, added to the target domain dataset as new instances. Then, 358 

in step 5 of algorithm 1, the model for the target domain is trained with both old instances 359 

and new instances. Finally, in step 6, the set of tests is used in the model of the target domain 360 

to evaluate its quality. 361 

 362 

 363 

Algorithm 1: instance-based TL algorithm  

Input:  

Xs: Source domain of boll weevil 

Xt: Target domain of boll weevil 

 

Output: TL in the target domain 

  

1.  Train several Xs
i 

2.  Test Xs
i 

3.  Analysis of statistical similarity of all instances of the best Xs
i‘s 

vs Xt, using the features F1, F2, F3  

4.  The best instances similar to the selected Xs
i pass as new 

instances to the Xt 

5.  Train with the entire Xt with the new instances  

6.  Test Xt 

 364 

Feature-based transfer learning 365 

This technique uses a vertical treatment of the dataset. We used as the source domain the 366 

datasets of the cities with the best accuracy and similarity to the target domain. Suppose we 367 
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have three features (e.g., F1, F2 and F3). The selected source domain transfers features to the 368 

target domain because the target domain datasets do not have all the features (missing 369 

features, e.g., F2 and F3). We applied statistical similarity of the common features (i.e., F1) 370 

between possible source domains (with good accuracy) and the target domain to select one 371 

of them. Like the previous technique, samples were selected whose features (columns) 372 

obtained a similarity greater than 75%. Then, F2 and F3 from the selected source domain are 373 

transferred to the target domain (see Fig. 7). Note that the similarity analysis was made based 374 

on the statistical metrics of F1.  375 

 376 

 377 
Fig. 7. Feature-based TL in our case study. 378 

Algorithm 2 shows the steps to reach the TL. A similarity threshold was defined to establish 379 

the instances to select. In this case, samples were selected whose features (columns) obtained 380 

a similarity greater than 75%. In step 3.2 of algorithm 2, the source dataset whose F1 is most 381 

similar to the F1 of the target dataset is selected. Then in step 4, the most similar instances 382 

according to feature F1 of the selected source dataset are selected to take their other features. 383 

In step 5, the new features (F2, F3) are added to the target domain dataset. Finally, the model 384 

of the target domain is trained and tested with both the old and new features (see steps 6 and 385 

7). 386 

 387 

 388 

Algorithm 2: feature-based TL algorithm  

Input:  

Xs: Source domain of boll weevil 

Xt: Target domain of boll weevil 

 

Output: TL in the target domain 

  

1.  Train several Xs
i 

2.  Test Xs
i 

3.  Select the best Xs
i’s 
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3.1 Analysis of similarity of F1 (temperature) between each 

selected Xs
i and Xt 

3.2 Select the Xs
i more similar to Xt 

4.  Select the instances more similar from the selected Xs
i (according 

to F1) 

5.  The instances more similar pass to the target domain with their 

new features (F2, F3) to the Xt 

6.  Train with the entire Xt with the new features  

7.  Test Xt 

Parameter-based transfer learning  389 

With the parameter-based TL technique, we improved the target domain (Xt) using the 390 

parameters of the best model applied to the source domain (Xs). For this purpose, firstly, we 391 

selected the best model trained on the source domain. Second, we transferred the parameters 392 

of this model to the model of the target domain to improve it. Source domains (Xs) are those 393 

machine learning models with the highest precision and whose data sets it trained on have a 394 

most statistically similar to the target domain (Xt). The most similar and best model is the 395 

one used to transfer all its parameters (see Fig. 8).  396 

 397 

 398 
 399 

Fig. 8. Parameter-based TL in our case study. 400 
 401 

 402 

Algorithm 3 shows the steps to reach the TL. The best source domain is selected for 403 

transferring its parameters to the target domain (see steps 3.1 and 3.2). In step 4, the model 404 

of the target domain is trained with the new parameters. Finally, in step 5, testing is performed 405 

with the target domain model.    406 

 407 

Algorithm 3: parameter-based TL algorithm  

Input:  

X1
s: Source domain of boll weevil  

X2
s: Source domain of boll weevil 
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Xt: Target domain of boll weevil  

 

Output: TL in the target domain 

  

1.  Train several Xs
i’s  

2.  Test Xs
i’s  

3.  If the accuracy of Xt  is not good 

 

 

3.1 Select the best Xs
i 

3.2 Transfer the parameters of the selected Xs to Xt 

4. Train Xt with the transferred parameters 

5. Test Xt 

4. Instantiation of our TL approaches in our Case study 408 

TL techniques were applied using the XGBoost algorithm. XGBoost is the technique with 409 

the best results in previous works (Guo et al., 2020; Liu et al., 2020; Tawalbeh et al., 2020; 410 

Toscano-Miranda, Hoyos, et al., 2022). The experiments included the datasets with 411 

information about climate data (temperature, rainfall, and humidity) and the level attack of 412 

the red boll weevil. The black boll weevil obtained low accuracy in all the cases (lower than 413 

70%) in a previous work (Toscano-Miranda, Hoyos, et al., 2022), and therefore, it was not 414 

used in this study. 415 

Table 2 shows the distribution of the dataset in each city and the TL technique that was used 416 

in each case study. In previous work, Lorica city had the best results of accuracy in the 417 

classification model (see Table 2 and (Toscano-Miranda, Hoyos, et al., 2022)). The city of 418 

Cereté had more samples but less accuracy than the city of Lorica. Therefore, we used 419 

parameter-based TL from Lorica to Cereté to improve its accuracy. Ciénaga de Oro city has 420 

less samples than Lorica city, therefore, we used instance-based TL from Lorica to Ciénaga 421 

de Oro to improve its accuracy using the similarities between these domains. Monteria city 422 

did not have all the climatic data. Montería only had the temperature. Therefore, we used 423 

with Montería city a feature-based TL approach to improve the accuracy using the statistical 424 

similarity between the common features.    425 

 426 
Table 2. Dataset distribution vs TL technique. 427 

City Remarks Samples TL  Previous Accuracy 

Lorica The best accuracy. 

Used as a source 

domain 

1800~ NA 88% 

Cereté With more 

instances. Used as 

source and target 

domains 

4000~ C  76,68% 

Ciénaga de 

Oro 

Used as a target 

domain 

900~ A, C NA 

Montería Used as a target 

domain 

1000~ B NA 

Abbreviations: A = Instance-based TL, B = Feature-based TL, C = Parameter-based TL, NA = Not apply 428 
 429 
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Eq. (1) and Eq. (2) were used to determine the similarity between source and target domains. 430 

The similarity of each feature is given by: 431 

 432 

𝑆(𝑖) =  [1 −
|𝑋𝑠𝑜𝑢𝑟𝑐𝑒

𝑖 | − 𝑋𝑡𝑎𝑟𝑔𝑒𝑡
𝑖

𝑚𝑎𝑥(𝑋𝑡𝑎𝑟𝑔𝑒𝑡)
] (1) 

 433 

where i indicates the current feature, S is the percentage of similarity, Xsource is the source 434 

domain, Xtarget is the target domain. 435 

 436 

The similarity of all features per instance is given by, 437 

 438 

𝑆(ℎ) =  
1

𝑛
∑ 𝑆(𝑖)

𝑛

𝑖=1

 (2) 

 439 

 440 

where h is the current instance and n is the number of features.  441 

Instance-based transfer learning  442 

The purpose of this technique was to improve the target domain (Ciénaga de Oro) using as 443 

the source domain Cereté and Lorica. In a previous work (Toscano-Miranda, Hoyos et al., 444 

2022), the Ciénaga de Oro domain failed because it did not have enough instances in each 445 

class. The dataset of the target domain had 985 instances. The quantity of red boll weevil 446 

captured in pheromone traps was recorded and classified as Low, Medium, and High. The 447 

Low class means the number of red boll weevils between 0 to 4. The Medium class means 448 

the number of red boll weevils between 5 to 20. High class means the number of red boll 449 

weevils is greater than 20. For the Low class, there were 946 instances with information about 450 

of the number of boll weevils, 36 for Medium, and 3 for High (see Table 3). 451 

 452 
Table 3. Target domain: Distribution of the quantity of instances per Low, Medium, and High class.  453 

Class of boll weevil Instances 

Low (0 to 4) 946 

Medium (5 to 20) 36 

High (> 20) 3 

Total 985 

 454 

In this case, the oversampling technique failed in the target domain due to there were few 455 

instances in the High class.  456 

Feature-based transfer learning 457 

In a previous work ((Toscano-Miranda, Hoyos, et al., 2022), the results of the Montería 458 

domain only included the feature of temperature. For this reason, it was selected as the target 459 



 

16 

domain in this study. Thus, the Montería dataset is the target domain because it has one 460 

feature of climate. In our case study, we used as the source domain the datasets of the cities 461 

with the best accuracy (i.e., Lorica and Cereté). The source domains have three features 462 

(temperature, humidity, and rainfall).  463 

We applied statistical similarity of the common features (in this case, the temperature) 464 

between the possible source domains and the target domain. Feature 2 (humidity) and feature 465 

3 (rainfall) from the selected source domain, are then transferred to the target domain 466 

according to the similarity of feature 1 (temperature) between the selected source domain and 467 

the target domain. The similarity analysis was made based on Eq. (1). 468 

The source domain included climate data (temperature, rainfall, and humidity) and the level 469 

attack of the red boll weevil (i.e., categorized as Low, Medium, or High class). The two 470 

domains were compared focusing on the common feature (temperature). If the instance of 471 

the target domain was in the same class (level attack Low, Medium, or High) of the source 472 

domain, then Eq. (1) was applied to determine the percentage of similarity between the 473 

feature of the temperature of the target domain and source domain. If the feature was in the 474 

threshold of similarity, then the other two features (humidity and rainfall) were transferred 475 

as new features to the target domain (for the same instance).  476 

For the target domain, 1052 instances with only one feature were analyzed. In the source 477 

domains, 1775 and 4083 instances with three features were analyzed (see Table 4). In 478 

summary, only the temperature features that reach the similarity threshold are considered to 479 

pass their features to the target domain as new features.   480 

 481 

 482 
Table 4. Target domain and source domains with their instances and features. 483 

City Domain Instances 

Features 

Temperature Humidity Rainfall 

Montería Target 1052 ✓   

Lorica Source 1775 ✓ ✓ ✓ 

Cereté Source 4083 ✓ ✓ ✓ 

 484 

Parameter-based transfer learning  485 

In our case study, first, we selected the dataset of the city of Cereté as the target domain. 486 

Second, we use a parameter-based TL to improve its model results. We used the machine 487 

learning models developed by the dataset from the city of Lorica as source domains to 488 

improve the machine learning models from the city of Cereté. Thus, the parameters of the 489 

best models in the selected source domain are transferred to the model in the target domain. 490 

The Cereté dataset was used as the target domain because the precision was lower than that 491 

of Lorica. Thus, this technique used the configuration of the parameters from the source 492 

domain to the destination domain. In this way, this experiment aims to reduce the time to 493 

configure hyperparameters in the target domain. 494 
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5. Results 495 

In this section, the proposed approaches to improve the prediction using TL paradigm are 496 

presented. The results of ((Toscano-Miranda, Hoyos, et al., 2022) were improved with our 497 

three techniques of TL. Based on the confusion matrix, three metrics (Accuracy, Recall, and 498 

F1 score) were used to evaluate the performances of our models. These metrics are given by 499 

(Pacheco et al., 2014),  500 

 501 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑜𝑙𝑙 𝑤𝑒𝑒𝑣𝑖𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑝𝑢𝑡 𝑏𝑜𝑙𝑙 𝑤𝑒𝑒𝑣𝑖𝑙 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 502 

 503 

 504 

 505 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑜𝑙𝑙 𝑤𝑒𝑒𝑣𝑖𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑐𝑎𝑠𝑒𝑠
 506 

 507 

 508 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 ∗ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
 509 

 510 

Additionally, to test the results of our parameter-based transfer learning approach, we defined 511 

the following hypotheses (Vizcarrondo et al., 2012; Sánchez et al., 2016): 512 

 513 

𝐻0: 𝛾̅𝑇𝐿 =  𝛾𝑛𝑜−𝑇𝐿 514 
 515 

𝐻1: 𝛾̅𝑇𝐿 >  𝛾𝑛𝑜−𝑇𝐿 516 
 517 

where 𝛾̅𝑇𝐿 is the accuracy mean of 1000 runs on the testing set using the parameters 518 

transferred from Lorica city and 𝛾𝑛𝑜−𝑇𝐿 corresponds to the accuracy of the model without the 519 

application of transfer learning. To test the hypotheses, the Student's t test with superior tail 520 

alternative and 95% confidence was used. Finally, for each of the case studies, the XGBoost 521 

parameters were optimized using the grid search hyperparameter optimization method 522 

(Aguilar et al., 2020). 523 

Instance-based transfer learning  524 

In this case study, we used as source domain the datasets of the cities with the best accuracy 525 

(i.e., Lorica and Cereté cities). The target domain was Ciénaga de Oro. After applying Eq. 526 

(1) and Eq. (2), the experiments were conducted with 75%, 90%, and 95% of similarity. Also, 527 

three experiments were conducted: The first experiment included the source domain of 528 

Cereté and the data of the red boll weevil.  The second experiment included the source 529 

domain of Lorica and the data of the red boll weevil. The third experiment included the source 530 

domain using the combination of instances of Cereté and Lorica with the data of the red boll 531 

weevil.  532 
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The two domains (source and target) were compared using the algorithm (1): if the instance 533 

of the target domain was in the same class (Low, Medium, or High-level attack) as the source 534 

domain, then the Eq. (2) was applied to determine the percentage of similarity. If the instance 535 

was in the threshold of similarity, then it was transferred as a new instance to the target 536 

domain. Finally, new instances were added, with a minimum of 170.56% (see Table 5) and 537 

a maximum of 691.68% (see Table 6) of increase. Table 5 shows the increase of new 538 

instances in the target domain using the best results from the best source domain (Lorica) and 539 

different similarity thresholds (A, B, C). 540 

 541 
Table 5. Increase of new instances in the target domain. 542 

Class 
S-L T-C-O T-C-TL 

Instances Instances A B C 

0 1668 946 2614 2591 2544 

1 95 36 129 127 113 

2 12 3 11 8 8 

Total 1775 985 2754 2726 2665 

Increase of new instances: 1769 1741 1680 

Percentage increase: 179.59% 176.75% 170.56% 

Similarity between source and target domains: A: 75%, B: 90%, C: 95%. 543 
Abbreviations: S-L= Source Lorica, T-C-O: Target - Ciénaga de Oro - Original, T-C-TL: Target - Ciénaga de 544 
Oro - Processed with TL. 545 
 546 

Table 6 shows that the combination of the two source domains (Lorica and Cereté) added 547 

more instances than just Lorica (shown in Table 5).  548 

 549 
Table 6. Increase of new instances in the target domain using as source domains the combination of Lorica 550 

and Cereté 551 

Class 
S-LC T-C-O T-C-TL 

Instances Instances A B C 

0 5510 946 7402 7379 7332 

1 268 36 338 334 276 

2 80 3 58 23 11 

Total 5858 985 7798 7736 7619 

Increase of new instances: 6813 6751 6634 

Percentage increase: 691,68% 685,38% 673,50% 

Similarity between source and target domains: A: 75%, B: 90%, C: 95%. 552 
Abbreviations: S-LC= Source Lorica+Cereté, T-C-O: Target - Ciénaga de Oro - Original, T-C-TL: Target - 553 
Ciénaga de Oro - Processed with TL. 554 
 555 

The target domain was then balanced with SMOTE and normalized with StandardScaler. 556 

Table 7 shows the results of the experiments with the different combinations of the source 557 

domains and the similarity threshold. The results showed that the model was improved and 558 

gave an accuracy of 90.79%. 559 
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 560 

 561 
 562 

Table 7. Results for the set of testing using the target domain to Ciénaga de Oro and three source domains. 563 

Source domains 
A B C 

Accuracy 

F1-

Score Accuracy 

F1-

Score Accuracy 

F1-

Score 

Cereté 0.8329 0.8329 0.8821 0.8821 FoO 

Lorica 0.9018 0.9018 0.9074 0.9074 0.9079 0.9079 

Lorica + Cereté 0.8982 0.8982 0.8862 0.8862 0.8875 0.8875 

Similarity between source and target domains: A: 75%, B: 90%, C: 95% 564 
 565 

In general terms, the results showed that the accuracy increased with the similarity. It means 566 

that using 95% of similarity as the threshold gave the best results. Also, of the source domains 567 

used, Lorica showed the best accuracy. It is worth mentioning that experiments with 98% of 568 

similarity failed in oversample. Also, the results show that the instance-based TL gave better 569 

results in Ciénaga de Oro city (90.79%), compared with the best result of Lorica city (88%) 570 

found in (Toscano-Miranda, Hoyos et al., 2022). In general, with least similarity threshold, 571 

the experiments gave less precision, although more instances were added (see Tables 5 and 572 

6). On the other hand, with the source domain of Lorica is obtained the best results than with 573 

other combinations (e.g., Cereté, or Lorica + Cereté). Finally, instance-based TL helped a 574 

target domain that was having trouble finding predictions because it didn't have enough 575 

instances can now achieve higher accuracy. The results showed that instance-based TL can 576 

achieve high accuracy rates by selecting the most similar instances from the source domain 577 

to the target domain, based on a similarity measure. This reduces the negative transfer and 578 

increases the relevance of the transferred data. 579 

Feature-based transfer learning 580 

In this case study, we use as source domains the datasets of the cities with the best precision 581 

(i.e., the cities of Lorica and Cereté) and as the target domain to Montería. The datasets 582 

included information related to the red boll weevil and climate data. Four experiments were 583 

conducted. In each experiment, two new features were added to the target domain using Eq. 584 

(1), and then, further actions were applied as follows: The first experiment used class 585 

balanced with SMOTE. The second experiment included new instances belonging to the High 586 

class of boll-weevil attack level. These instances were manually selected. Then, the entire 587 

dataset was balanced with SMOTE. In the third experiment, SMOTE was not used. The 588 

fourth experiment applied an automatic hybrid technique (feature-based plus instance-based).  589 

After adding the two features using feature-based TL, new instances were automatically 590 

added using instance-based TL by Eq. (2). Then, the dataset was balanced with SMOTE. 591 

Table 8 shows a summary of these experiments. 592 

 593 

 594 

 595 

 596 
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Table 8. Description of the four experiments with feature-based TL. 597 
Experiment Description 

First (SMOTE) Two features were added, and the dataset was balanced with SMOTE. 

Second (Hybrid: Manual + 

SMOTE) 

Two features were added. Additionally, a set of instances of the High class of 

boll-weevil attack level were selected of the source domain and added to the 

target domain. This set of instances had three features. Then, the dataset was 

balanced with SMOTE. 

Third (Pure) Two features were added. 

Fourth (Automatic hybrid) Two features were added. Then, new instances were automatically added 

using the instance-based TL approach Finally, the dataset was balanced with 

SMOTE. 

 598 

In summary, of the four experiments to test the feature-based TL approach, two experiments 599 

had instances added (manually or using the instance-based TL approach) and the other two 600 

did not. The experiments were conducted with 75%, 90%, and 95% of similarity. 601 

Table 9 shows the results of the four experiments with the three similarity thresholds. The 602 

first experiment had better quality by including the source domain of the city of Lorica and 603 

the oversampling technique with SMOTE. This was because similarity was better between 604 

the temperature characteristic of the source and target domains, compared to the other three 605 

experiments. The second experiment gave a lower precision than the first, although the 606 

difference was small. Manually selecting certain instances helped but was not the best 607 

strategy. The third experiment with the pure technique could not oversample because there 608 

were not enough instances in the high class. Finally, the results showed that the predictive 609 

model improved with the feature-based TL technique and gave an accuracy of up to 96.28%, 610 

surpassing the results of the city of Lorica (88%) found in (Toscano-Miranda, Hoyos et al., 611 

2022). The feature-based TL technique demonstrates that it is possible to transfer learning 612 

from one domain to another. The results showed that feature-based TL can achieve high 613 

accuracy rates by using cross-domain feature similarity analysis, allowing those features to 614 

be reused in the target domain to enrich its information and build more robust models. 615 

 616 
Table 9. Results for the set of testing using the target domain to Montería and four experiments source 617 

domains. 618 

Experiment 
A B C 

Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score 

First (SMOTE) 0.9442 0.9442 0.93 0.93 0.9628 0.9628 

Second (Hybrid: Manual + 

SMOTE) 0.9256 0.9256 0.9344 0.9344 0.9584 0.9584 

Third (Pure) FoO  FoO  FoO  FoO  FoO  FoO  

Fourth (Automatic hybrid) 0.887 0.887 0.8928 0.8928 0.8836 0.8836 

Similarity between source and target domains: A: 75%, B: 90%, C: 95%. Abbreviation: FoO = Fail on 619 
oversample. 620 

Parameter-based transfer learning  621 

The purpose of the experiment was to assess whether the best model for one city could result 622 

in better classification results for Cereté. As a hyperparameter optimization process was 623 
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carried out in XGBoost, we transferred the values of the parameters with which the best 624 

performance of the model was obtained, which significantly affected the results. Table 10 625 

shows the hyperparameters transferred from the source domain to the target domain, based 626 

on the previous work (Toscano-Miranda et al., 2023), where a significant number of 627 

hyperparameters were tested and it was found that those defined in Table 10 are the ones that 628 

are really relevant to obtain the best possible model. To mention one example, the parameter 629 

called min_weight_fraction_leaf, which defines the minimum weighted fraction of the total 630 

sum of weights, was not carried over because it does not affect the model performance. Other 631 

parameters such as min_impurity_decrease, random_state, verbose, among others, also do 632 

not contribute to the superior performance of the model, therefore, they were not transferred 633 

either. 634 

 635 
Table 10. Brief description of parameters transferred from the source domain to the target domain. 636 

Parameter Brief description Value 

subsample The portion of samples allocated for fitting the individual base learners. 0.8 

n_estimators  The quantity of boosting rounds to execute. 1000 

min_child_weight  denotes the smallest total weight a node must have to split into a child. 1 

max_depth Defines the depth of the tree based on the quantity of splits performed. 4 

learning_rate Reduces the tree weights in each round of boosting 0.4 

 637 

 638 

Table 11 shows the mean and standard deviation of the metrics that evaluate the performance 639 

of the models. Additionally, it shows the results of the statistical test to check if the use of 640 

TL allows the improvement of the performance of the model without TL. Based on the 641 

results, the use of the parameter-based TL approach significantly improves the performance 642 

(accuracy and F1-score) of the model without TL (p-value = < 0.001).  643 

 644 
Table 11. Descriptive statistics and Student's t-test (p-value) results to determine performance improvement 645 

using TL. 646 
Metric 𝛾̅𝑇𝐿 𝜎𝑇𝐿 𝛾𝑛𝑜−𝑇𝐿 p-value 

Accuracy 0.792 0.006 0.670 < 0.001 

F1-Score 0.771 0.006 0.710 < 0.001 

 647 

In summary, the results showed an increase in accuracy levels from 67% to 79.2%. In other 648 

words, the parameters that worked best for Lorica (88%) also performed better in Cereté. 649 

6. Comparison with previous works 650 

This study aimed to investigate the use of TL techniques to improve the classification of boll 651 

weevil populations. Three types of TL techniques, instance-based, feature-based, and 652 

parameter-based, were studied to improve the classification performance of the machine 653 
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learning algorithms. We introduce a set of qualitative criteria in this section to compare our 654 

work with other related works. These criteria include: 655 

 656 

Criterion 1 - Integration of three techniques of TL: whether they proposed the use of 657 

instance-based, feature-based, and parameter-base TL to improve the knowledge 658 

models.  659 

Criterion 2 - TL for insect pests: whether they consider knowledge models related to 660 

insect pests such as boll weevil.  661 

Criterion 3 - Climate data: whether they considered the climate data using structured data.  662 

Criterion 4 - TL for prediction model: whether they propose a TL approach for prediction 663 

models.  664 

Criterion 5 - Adaptability: whether the proposal can be applied to other knowledge 665 

models in other fields. 666 

  667 

According to the above criteria, Table 12 shows the comparison with the related works. The 668 

existing works did not meet all the requirements. All the criteria were considered in our work 669 

because they allow improving the accuracy of the predictive models implemented in previous 670 

works.   671 

 672 
Table 12. Qualitative comparison with other works. 673 

Criteria [1] [2] [3] [4] Our work 

Integration of three techniques of TL     ✓ 
TL for insect pests     ✓ 

Climate data     ✓ 
Prediction model integration with TL ✓ ✓ ✓ ✓ ✓ 

Adaptability  ✓ ✓ ✓ ✓ ✓ 

Abbreviations: [1] Thenmozhi & Srinivasulu Reddy (2019), [2] Meena et al. (2023), [3] Hadipour-Rokni et al., 674 
2023), [4] Coulibaly et al. (2022).  675 
 676 

Some works have used TL techniques to improve the performance of machine learning 677 

algorithms by transferring knowledge from one domain to another. For example, TL 678 

techniques have been used to improve the classification of insect pests in several crops 679 

(Coulibaly et al., 2022; Hadipour-Rokni et al., 2023; Meena et al., 2023; Thenmozhi & 680 

Srinivasulu Reddy, 2019). These works used a feature-based TL approach to improve the 681 

quality of the models in the target domains. In general, the benefits reflect increased accuracy, 682 

efficiency, and the use of pre-trained models that could be used in similar applications to 683 

save time and computational resources. However, none of these works includes the study of 684 

three TL techniques to improve the machine-learning models. This integration facilitates the 685 

identification of the TL technique that leads to enhanced performance in the target domain. 686 

In addition, our proposal includes climatic data to determine the behavior of the boll weevil, 687 

which is not usually considered. Also, the prediction model was integrated with TL and can 688 

be adapted to other scenarios or application domains. 689 

Finally, some works applied TL techniques on structured data to improve results when there 690 

is little data. Thus, three works used instance-based TL (Chowdhury et al., 2021; Wang & 691 

Yang, 2021; Zhang et al., 2020). Four works used feature-based TL with structured data 692 
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(Jung et al., 2021; Qing et al., 2015; Zhao et al., 2017; Zhong et al., 2018). Unlike previous 693 

works, our approach used three techniques of TL (instance-, feature-, and parameter-based 694 

TL), which represents an improvement with respect to previous works. Our approach is more 695 

flexible and adaptable to different scenarios and domains, by allowing us to select, transform 696 

and adjust the most relevant instances, features and/or parameters from the source domain to 697 

the destination domain, as required by the context of the problem. This improves the accuracy 698 

and robustness of the models, by reducing the risk of negative transfers, overfitting, or 699 

underfitting, by enhancing the generalization and representation capabilities of the models, 700 

as can be seen in Table 13, where very good results were obtained with our approach for the 701 

different types of TL.   702 

 703 
Table 13. Quantitative comparison with other works.  704 

Work Instance Feature Parameter 

 Accuracy Accuracy Accuracy 

Zhang et al., 2020 90.68% NU NU 

Wang & Yang, 2021 80% NU NU 

Chowdhury et al., 2021 95.62% NU NU 

Zhao et al., 2017 NU 84% NU 

Qing et al., 2015 NU 81.8% NU 

Jung et al., 2021 NU 97.9% NU 

Zhong et al., 2018 NU 81.13% NU 

Our 90.79% 96.28% 79.2% 

Abbreviation: NU= Not used.  705 

7. Conclusions 706 

This study aimed to investigate the use of TL techniques to improve the classification of boll-707 

weevil populations by incorporating climate variables as features. Three types of TL 708 

techniques, instance-based, feature-based, and parameter-based, were employed to improve 709 

the classification performance of the XGBoost algorithm. The study used data from two 710 

domains, one with few instances and the other with few features, to test the proposed 711 

approach. 712 

Particularly, the study demonstrates the potential of the different TL types to overcome the 713 

limitations of the availability of data or features, which are common challenges in data 714 

analysis in many domains. TL can leverage the existing knowledge from related domains to 715 

enhance the learning performance in new domains, thus reducing the need for costly and 716 

time-consuming data collection. On the other hand, the TL approaches studied in this work 717 

can be applied to other classification problems similar to the one studied in this work, where 718 

there are cases with enough structured data from which good models can be built, and other 719 

cases with little data or characteristics. The application domains can be very different, from 720 

agricultural to medical and industrial fields.  721 

Specifically, the results of this study have important implications for the development and 722 

implementation of climate-smart pest management strategies for cotton crops and can be 723 

adapted to other crops. Climate-smart pest management reduces pest-induced crop losses, 724 

enhances ecosystem services, reduces the greenhouse gas emissions intensity per unit of food 725 

produced, and strengthens the resilience of agricultural systems in the face of climate change. 726 
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The utilization of TL techniques to improve the classification of boll-weevil populations 727 

based on climate variables is useful for monitoring and predicting pest dynamics and risks in 728 

different regions and seasons. 729 

The proposed approach achieved significant improvements in classification accuracy for both 730 

a few-instance domain and a few-feature domain. The target domain with few instances 731 

reached an accuracy of 90.79%, while the target domain with few features reached an 732 

accuracy of 96.28%. The highest accuracies were found with the 95% similarity threshold. 733 

In addition, parameter-based TL experiments were performed. The tests showed that the 734 

target domain improved accuracy. The results demonstrate the effectiveness of TL techniques 735 

in improving the classification of boll-weevil populations in cotton crops when few data and 736 

characteristics exist. 737 

Our models were tested with metrics such as Accuracy, F1 score, and Student's t-test for the 738 

estimation of the quality of the prediction; however, other metrics could be added. In this 739 

sense, in future works, it would be interesting to test with other metrics, in order to test the 740 

sensibility of our approach. Also, we plan to add other cities with more instances, and test 741 

the cases where it failed by oversample. In addition, we plan to merge the work done here 742 

with previous research on autonomous cycles in integrated cotton crop management. Finally, 743 

we would like to use TL techniques to enhance learning in the application of metacognitive 744 

functions in a metacognitive architecture for agriculture. 745 
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