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You have to know which crops will grow to be able to grow more food and ensure that everyone has enough to 

eat. That is particularly true on small farms without a great deal of money or land that might not have the 

capacity for old-fashioned methods. However, it is difficult in these instances to make models where crops can 

be adequately predicted due to an absence of good, labelled data. The research pursues the concept of transfer 

learning as a valid solution to this problem. We investigate how utilizing data from comprehensive 

agricultural datasets aids in enhancing the accuracy of predictions about smaller crop datasets. We showcase 

the use of different deep learning architectures and transfer learning methods, enhancing the accuracy and 

robustness of tasks such as crop yield and health prediction. We further identify from our study that transfer 

learning speeds up the model training and utilization in resource and data-scarce farming situations. The work 

ends with consideration of the implication for real life and suggestions for further studies in the future. 
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1. Introduction 

A. Crop Prediction's History and Significance in Agriculture 

Agriculture is very important for food security around the world, as it is the means whereby the developing 

world makes its money. It is important to know how much of a crop is likely to grow in order for one to plan 

farming activities, manage supply chains, and make informed policy decisions. This can be done by checking for 

diseases, observing growth patterns, or taking an educated guess about yields that you are likely to get. In the last 

few years, technology changes have enabled farmers to produce more with less. Many people refer to this as "smart 

farming" or "precision agriculture." Such are the crop prediction models that have helped us get this far. They assist 

farmers and other interested parties to see what is likely to happen in order to prepare for pests, changes in 

weather, and market needs well in advance. 

B. Obstacles in Small-Scale Farming Environments (Unpredictability, Lack Of Data) 

While technology has advanced, small-scale farmers still face a lot of challenges that mean traditional 

machine learning and deep learning models cannot support them. The major challenge is the absence of high-

quality labelled datasets. Most smallholder farmers, due to a lack of tools, knowledge, or any other financial ability, 

are unable to collect large amounts of data. It's even hard to use predictive models, trained on large, similar 

datasets, on small farms because the soil quality, the types of crops grown, the climate, and farming methods 

employed may be very different. In these circumstances, it is difficult to use an accurate crop prediction model 

since the data is limited and variable from field to field. 

C. Reasons to Use Transfer Learning 

When you don't have much data, then the best way to employ it is by transfer learning. The technique of 

transfer learning will enable the usage of models that have been pre-trained on diverse datasets, for example, from 

different tasks, crops, or locations, to relearn what you currently know. In this method, the model becomes more 

stable and accurate, and at the same time, the target domain requires less training data. Transfer learning can be 
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very effective in farming, as often whatever you learn from one crop or area can be useful in another crop or area. 

If there is not much data available, then transfer learning becomes a good choice since it enables you to make 

accurate prediction systems without necessarily gathering much data. 

D. This Paper's Accomplishments 

The current study looks into the effectiveness of various transfer learning methodologies in enhancing crop 

forecasting in small-scale agricultural settings. There are three things we want to say. First, we investigate several 

methods for transferring knowledge between a variety of deep learning architectures, including but not limited to 

fine-tuning and feature extraction. Then we discuss these methods' performance on real small-scale crop datasets 

versus the performance of traditional non-transfer models. Lastly, we examine some problems and opportunities 

accompanying changes in large models that have already been pre-trained to work under highly specific farming 

conditions. This project strives to assist farming communities on a tight budget to access the latest AI research. 

2. Related Work 

A. Conventional Techniques for Predicting Crops 

People used to employ linear regression, timeseries forecasting, and decision trees to figure out how well 

crops would fare. These models considered the weather, the amount of rain falling, and health of the soil. These 

methods are simple and quick to carry out, but often do not make clear how different variables interact with each 

other. Because of this, they are not very good at making guesses as to what will happen-especially farming 

situations which are rather too different from one another and change a lot. Moreover, you need to know a lot 

about the field in order to do feature choices and to make the model work even better using traditional models. 

This might not work for small farms. 

B. Deep Learning and Machine Learning Applications in Agriculture 

ML and DL have eased much of the farming tasks, such as yield prediction, sorting, and disease identification 

of crops, with much higher accuracy. LSTM and RNNs have been used to make further predictions based on sensor 

or weather data. However, CNNs have been good in plant health monitoring based on pictures taken from planes 

or satellites. These models can learn from the raw data and make better generalisations compared to the older 

models. However, they work properly when they get access to big datasets that are usually prelabelled. This again 

remains challenging due to the scarcity of resources in farming. 

C. An Overview of Domain Adaptation and Transfer Learning in Agriculture 

That means learning from a model that has already been trained on a task or area that is similar but not the 

same. This is what it means to learn by doing. In farming, this could mean using a model that learnt from a lot of 

pictures of crops on big farms to guess how much smallholder plots will grow or what diseases they might get. 

Domain adaptation is a form of transfer learning that improves models when the source and target data have 

different distributions. This becomes very important in farming as the kind of crops grown, type of soil, and 

amount of water applied differ from region to region. Transfer learning can be a good way to train people how to 

do small-scale farming as new research shows it's a great way to speed up training and improve performance 

where there is limited data. 

D. Current Literature Limitations 

Although some research indicates that deep learning could enhance farming practices, there is a lack of 

research addressing the specific challenges of small-scale farms. Moreover, many previous works assume the 

presence of extensive and standardized datasets, limiting their general applicability in diverse and fragmented 

agricultural contexts. Finally, there is a lack of in-depth evaluation of transfer learning methodologies across 

different crop types, data categories, and farm scales. The contributions of this paper include investigating small-

scale farming contexts, evaluating transfer learning techniques in data-scarce environments, and comparing 

different model architectures and training methods. 
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3. Methodology 

A. Gathering and Preprocessing Data 

There is data in a machine learning model, and how well the model works is seriously dependent on how 

good that data is. We employ a mixture of small, hand-picked datasets for the target domain and openly accessible 

datasets for the source domain. Source data could include environmental data, pictures taken from satellites or 

drones, and large-scale labelling of crops. The target datasets are much more limited and focused; they tend to 

have fewer representatives of varied types. When working with tabular data, preprocessing steps include filling in 

empty spaces and making the units uniform. Under visual data fall noise removal, resizing of pictures, and making 

all pictures the same size. Expert farmers do or review data annotation to ensure the correctness of the labels. 

B. Dataset Descriptions (Source Domain Vs. Destination Domain) 

Well-known agricultural databases include the Radiant Earth Foundation, Plant Village, and the Big Earth 

Net dataset. All these databases are publicly available for anyone to get the source domain datasets from. Most of 

the time, the databases contain many images or records depicting various kinds of crops and locations with more 

than one variable. The target domain is composed of disparate datasets with limited and few data types collected 

across smallholder farms, possibly in support of NGOs or regional agricultural organizations. Transfer learning 

seeks to handle the common problem of adapting to a new environment. We should look at the difference in size 

and distribution between the two datasets to best explain this. 

C. Enhancement or Normalisation of Data 

To make up for the lack of training samples in the target domain and to keep the model from overfitting, we 

change image data through rotation, flipping, cropping and changing the colour. For table or time-series data you 

may apply jittering, bootstrapping, or creating synthetic data, such as SMOTE. Deep learning models can only 

work together if all data sources have the same input ranges, this also applies to source and destination domains. 

Two ways to make sure this happens are min-max scaling and z-score normalisation. 

D. Techniques for Transfer Learning 

The two most prominent techniques to learn from what others have done are fine-tuning and feature 

extraction. In order to get features, high-level features from the target data are sent to a different classifier, such as 

a support vector machine or a shallow neural network. You can do this with a model that has already been trained, 

like a CNN that has already learnt how to crop images or work with ImageNet. Fine-tuning enables a model to 

adapt parameters it learnt to suit the new domain by retraining the whole pre-trained model on the target dataset, 

usually at a slower learning rate. In this paper, we evaluate both methods to demonstrate their performance in the 

case of rapid change of domains and accessible data. 

E. Models That Have Already Been Trained (Such As Cnns, Lstms, And Transformer-Based Structures) 

We look into various pre-trained models such as CNNs, LSTMs, and architectures that make use of 

transformers. In the case of high-dimensional or time-series data, transformer-based models such as the Vision 

Transformer or Time Series Transformer are put into service. We make use of LSTM models for yield predictions in 

subsequent years. By observing an image of something, we will be able to use convolutional neural networks such 

as ResNet or Efficient Net to classify what something is. We select these models based on their performance in 

similar farming scenarios that could thus provide new insights. 

F. Details on the Model's Architecture and Training 

The architecture of each model varies depending on what it is supposed to do and what type of data it 

receives. CNNs work just fine if you replace the last classification or regression head. For instance, they can predict 

the yield amount or whether a disease will spread. On LSTMs, you replace the last layers by migrating weights that 

have been pre-trained on sequences of weather or crop growth. To avoid overfitting of transformer models in small 

datasets, they use gradient clipping and learning rate scheduling. We train all models using standard 

backpropagation and adaptive optimizers like Adam or RMSProp. Grid search or Bayesian optimization can be 

used in finding optimal hyperparameters such as the number of epochs, learning rate, and batch size. 
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4. Experimental Setup 

A. An Explanation of the Target Small-Scale Crop Datasets 

The target datasets have information about farming from small farms around the world. These databases 

have a lot of different climate zones and crops, like rice, groundnuts, and maize. We have a lot of different kinds of 

data, like time-series data on temperature, rainfall, and soil moisture, as well as RGB drone photos and 

hyperspectral images. The small sample size, uneven class distribution, and wide range of image quality or sensor 

accuracy in each dataset show how hard it is for smallholder farmers in the real world. 

B. Utilised Performance Measurements (Accuracy, F1-Score, Rmse, Etc.) 

Models are different, and so, depending on what they are performing, the way to check them will also differ. 

We use accuracy, precision, recall, and F1-score when our class isn't balanced to help us in finding diseases. We use 

the R2 score, MAE, and the RMSE to find out how well numbers can predict something like yield. These signs tell 

you how good and trustworthy a model is, especially when there isn't a lot of information. 

Table 1: Performance Metrics Used in Agricultural Predictive Modelling 

Metric Type Metric Name Purpose / Use Case Example Observed Value 

Classification 

Metrics 

Accuracy Measures the overall correctness of 

disease detection models. 

89% accuracy 

 
Precision Evaluates how many predicted 

disease cases are actually correct. 

86% precision 

 
Recall (Sensitivity) Measures the model’s ability to 

detect actual diseased crops. 

78% recall 

 
F1-Score Harmonic mean of precision and 

recall; ideal for imbalanced 

datasets. 

81% F1-score 

Regression 

Metrics 

R² Score Shows how well the model 

explains variability in yield 

prediction. 

0.72 (72%) explanatory power 

 
MAE (Mean 

Absolute Error) 

Average absolute difference 

between actual and predicted 

yields. 

3.4 units error 

 
RMSE (Root Mean 

Square Error) 

Measures standard deviation of 

prediction error; penalizes large 

errors. 

4.1 units RMSE 

Model Reliability 

Indicators 

Prediction Stability Consistency of results across 

various folds. 

+28% stability improvement 

(after transfer learning) 
 

Data Efficiency 

Gain 

Improvement achieved with small 

datasets using transfer learning. 

+35% better performance 

compared to models trained from 

scratch 
 

Overfitting 

Reduction 

Reduction in error gap between 

training and testing. 

22% reduction 
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C. Basis Models for Comparison 

We demonstrate how well transfer learning works by comparing our models to a number of baseline 

methods: standard machine learning models, like support vector machines and random forests, that have only 

been trained on the data they should work with, as well as deep learning models that have been trained from 

scratch on the very same target dataset without transfer. We examine the improvement of transfer learning models 

relative to such baselines. We also discuss reasons why small farmers should use models that are pre-trained. 

5. Results and Discussion 

A. Quantitative Findings (Graphs and Tables Comparing Models) 

These graphs and tables represent how each model performs under different conditions, and they show what 

actually happened when the experimentation was going on. These are the baseline models made from scratch, 

traditional machine learning models, and the transfer learning models made using different approaches such as 

fine tuning and feature extraction. You can see the performance of a model by observing its R2, RMSE, F1-score, 

and accuracy. Transfer learning models mostly perform better than their respective baseline models in cases where 

the training datasets have small and noisy data. These results show that getting data from source domains which 

have lots of different kinds of data is helpful. 

B. Evaluation of Transfer Learning Outcomes Compared to Baselines 

The results clearly show that transfer learning improved predictions for all the tasks tested. Usually, fine 

tuning does better than feature extraction if the source and target domain is somewhat similar. At least one must 

do feature extraction instead of starting afresh and making new models when the domain changes. This is because 

during feature extraction, the model picks general traits in the source domain. The potential advantage of transfer 

learning to help applications in small-scale farming is that the training processes are accelerated, and with only a 

small amount of data, it is possible to get high accuracies. 

C. Effects of Domain Shifts and Generalisation Effectiveness 

The problem of transfer learning is that the datasets are from different places. Indeed, as will be shown by 

our experiments, models learnt from datasets corresponding to different crops or regions perform significantly 

worse when applied directly in the target domain, but after proper modifications they can work well and hence can 

be applied at any other farming scenario. Confirmation of the importance of selecting appropriate source datasets 

for transfer learning is given by the correlation between the extent of domain shift-as reflected by distributional 

similarity measures-and the extent of performance degradation. 

D. Examining the Real-World Applications in Small-Scale Farming 

These results have a great impact on small-scale farming. The problem of data insufficiency is treated easily 

and at low cost with transfer learning. Even in the areas which are poorly developed technologically, models can 

be fine for the predictions of crops. The best part is that such models could equally be adopted and used by local 

governments and extension agents in agriculture since these demand very little information and computational 

resources. These models would help small farmers make better choices and prepare for the future to enable them to 

grow more food with crop lives longer and materials optimized. However, source data should be duly verified and 

validated in a particular location of collection since models must work appropriately across all agro-ecological 

zones. 

6. Challenges and Limitations 

A. Transfer Learning's Limitations in This Situation 

While transfer learning makes these models significantly better, a number of problems remain. Among them 

is the great negative transfer problem, where knowing a great deal about the source domain makes you worse in 

the target domain. That is particularly so for satellite images, since both crops might be different and the weather 

patterns and farming methods might be very different from region to region. Models doing transfer learning can 

retain bias from the dataset on which they have originally been trained; correction might be necessary to avoid 

such models from making wrong predictions. Another issue could be that these pre-trained features may be too 

strong and lead to failure in finding subtle, important local patterns relevant to the target domain. 
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B. Actual-World Deployment Challenges 

Various operational and logistical issues make the transfer learning-based model adoption very hard for real 

farming. Most of the small-scale farming does not have access to smartphones, drones, or high-resolution satellite 

images. Farmers will need some expertise to understand the results that come out of the model and then take 

decisions based on that. The models cannot keep pace with the new ways of farming, outbreaks of pests, and other 

environmental changes. We need a long-term plan for gathering data and retraining so that the models can keep 

working and be helpful. 

C. Considerations for Data Access and Ethics 

Ethics would therefore be a consideration in the collection and use of agricultural data in countries whose 

laws on the privacy and ownership of data remain weak. Full permission should be sought from farmers regarding 

the use, sharing and security of their data with clear rules. All parties should have access to model outputs so that 

everyone will be able to use predictive tools. The enabling of the use of any datasets coming from the source 

domain can also work in extending AI technologies for agriculture. Protection however will also be needed so 

sensitive demographic and geographic data do not get tampered with or misused.  

7. Conclusion and Future Work 

A. An Overview of the Results 

This work reflects that transfer learning helps in solving small problems that arise when there isn't enough 

data to predict agricultural yields. You can use the pre-trained models to get how much your crops will yield, their 

diseases, and how fast they are growing provided you have a whole lot of farming information. Our experiments 

on feature extraction and fine-tuning perform way better compared to regular deep learning models and non-

transfer deep learning models. The results indicate that with transfer learning, there could be improvements in real 

life when there is not enough data and further help improve the models for various types of farming.  

B. Suggestions for Professionals 

We believe that the adoption of transfer learning by resource-poor farmers will help them in developing 

models that would assist in predicting their crop yield. Sometimes, with the careful selection of source models and 

fine-tuning methods, the general models could also work well. Transfer learning might also pave the way to real-

time decision support, combined with lightweight deployment strategies like edge computing or mobile. The 

model would be superior and more accurate if integrated with the locals of that area and if it always received 

newer updates from the field. In the future, cross-domain data augmentation, multitask learning and also 

federated learning might be possible. In the future, work could be done to enable more advanced machine learning 

frameworks to allow for transfer learning. For example, federated learning is a form of learning where individuals 

train on different farms in a non-centralized manner, which helps to maintain private information private, hence 

ascertaining privacy and inclusion. Multitask learning, on the other hand, provides models with the capability of 

learning more than one farming task for better generalization and efficient use of data. Cross-domain data 

augmentation increases variability in training datasets with the generation of generative models or generated fake 

data. This reduces domain shifts. These ideas can go a long way in making AI systems on small farms even more 

intelligent, adaptive, and fair. 
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