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Abstract:  The Amazon ecological system has been studied several times over the years, and possibilities for such research have 

only increased since the prospect of utilising satellite imagery for the purpose opened up. One of the major concerns here is the 

alarming rate at which the forests in the rainforest is being chopped off, even to convert the land into other commercially profiting 

establishments such as farms and plantations. With the advent of deep neural networks and transfer learning, breaking down images 

taken even from great altitudes to be able to decipher the change in landforms from one piece of land to another became a credible 

solution to spot deforestation through an entirely automated process. A reliable and acceptably accurate Convolutional Neural 

Network (CNN) should not only enable the administration to nab perpetrators, warn the general public of the impending nature 

crisis that the world is headed towards and distinguish what the newly deforested regions are being used for - coffee plantations, 

roads, human settlements, or date palm plantations as the commonly observed patterns suggest. A successful solution of this nature 

can then be replicated for natural landscapes of all kinds that are being subjected to exploitation across the world. 

 

Index Terms – Deep Learning Architecture, Amazon Rainforest, Deforestation Detection, Convolutional Neural Network 

I. INTRODUCTION 

The Amazon rainforest, rightly titled 'the lungs of the earth', is the world’s largest tropical rainforest and carbon sink, famed for 

its rich diversity of flora and fauna and its role in fighting climate change. However, it has been established by a number of modelling 

studies that today, the Amazon may have two “tipping points”, namely, a temperature increase of 4°C or deforestation exceeding 

40% of the forest area.[1] The Amazon sequesters an excess of two billion tonnes or 5% of the annual emissions of carbon out of the 

air. Hence it becomes precarious to take immediate action to protect this precious resource, in turn ensuring a better prospect of life 

on Earth for humanity itself.   

Deforestation has been one of the major causes of the climate crisis that the Earth has been battling for years now. A number of 

technological innovations and ecological preservation mechanisms have been suggested and taken up by people and organizations 

across the world. Favourably, it has been observed by recent studies that satellite imagery being captured for other scientific research 

can be effectively utilised to detect deforested regions in dense forests[2] such as the Amazon where it is humanly impossible to 

manually inspect each unit of area. Such images have to be processed using image processing and deep learning techniques - perhaps 

enhanced by transfer learning - to automate the inspection process. Harnessing the power of artificial intelligence, it can be expected 

to have a better view of the human enterprises being carried out within the Amazon, thereby enabling an improvement in regulations 

accordingly through images captured by satellites and common computer vision applications. [3] 

A convolutional neural network uses a three-dimensional neural network to process the red, blue and green channels of the image 

at the same time.[4] This provides the major advantage of considerably reducing the number of neurons required in comparison to 

traditional feed-forward neural networks. The network receives images as an input and uses them to train a classifier. Although it is 

infeasible to simply employ someone to continuously analyse satellite imagery, the deployment of a well-trained deep neural network 

can automate this entire process. Such a modification would also serve to replace the currently applied methodologies that involve a 

lot of manual operations. CNN architectures have been found by several studies to be extremely effective in learning similarity 

functions between image pairs[5] that implicitly suffered some transformations and other kinds of effects such as rotation, translation 

and illumination. The common observation has been that transfer learning provided much better results than models that had been 

specially hand-crafted to suit this application. 
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Fig. 1 Deforestation in the Amazon rainforest, Brazil region from 2008 to 2021 (source: Mongabay News) 

 

A number of researchers have proposed the development of a tool to detect deforestation in the rainforest on a day-to-day 

basis using satellite images from the MODIS/TERRA sensor[6] by applying Artificial Neural Networks and U-net 

architectures. They mostly conducted spectrum-temporal natured studies on satellite images. Maps of deforestation hotspots 

were generated in the Venezuelan forests using these very images, attaining an accuracy of 92.5% to analyse vegetation covers 

over a span of 5 years.[7] Prominent accomplishments in the area were also marked by Multitemporal Deforestation 

Detection[8] using reflectance values on the original image and target image and combining NDVI and dNBR in the algorithm 

for improved accuracy on bigger datasets, and processing of high-resolution remote sensing data from the Kompsat-3[9] 

satellite achieving an accuracy of 98.4%. NDVI values were also applied to track deforestation in the Yavatmal district of 

Maharashtra state, computing the parameter separately for each pixel.[10] Fused optical and radar images were trained on a U-

net architecture model as well but faced challenges from the multidimensionality and complexity of data.[11] 

Getting unbiased, global insights on a frequent basis might be crucial to encourage the fight against climate change. Hence, the 

project will be built with the intention to automate the monitoring of human activity and operations in the Amazon rainforest by 

training multiple deep convolutional neural networks and analysing them for performance. A simple and straightforward 

Convolutional Neural Network, models with the exact same structures as the VGG16[12] and VGG19 models have been built, and a 

pre-trained ResNet50 model[13] has been chosen to perform in-depth performance analysis. The utilisation of a novel FastAI[14] 

approach is also attempted here, in comparison with the conventional TensorFlow classes and functions, to make the best out of the 

limited computational resources offered by Google's Colaboratory.[15] The best performing among the experimented models will be 

made accessible for easy use and exploration through a user-friendly web application interface, which would also raise awareness 

among people about the global climate crisis.  

II. DATA AND STUDY AREA 

A majority of the studies attempting to use satellite data for detecting deforestation use the 'Planets: Understanding the Amazon 

from Space' dataset to train their deep learning models. It has been derived from the Planets 4-band satellites' full-frame analytic 

scene products, while in a sun-synchronous orbit (SSO) and International Space Station (ISS) orbit. Hence the images have four 

bands of data each, viz. red, green, blue and near-infrared. GeoTIFF data may also be captured. The dataset reasonably represents the 

places of interest in the Amazon basin. It has been observed that the label primary is associated with almost all of the 17 classes, 

implying that most images have some degree of primary forests along with other labels. The label agriculture has been associated 

with a few labels like road, habitation and cultivation by the Planets Impact team.  

The Planets dataset contains over 20,000 images with a ground-sample distance (GSD) of 3.7 m and an orthorectified pixel size 

of 3 m. The data was collected from satellites between January 1, 2016, and February 1, 2017. It is a multilabel dataset, and an image 

can belong to up to 9 classes as found from exploratory data analysis. The study aims to compare and analyse the performance of 

several Convolutional Neural Networks on this dataset from the Amazon basin, and to try and account for their behaviours, ultimately 

leading to the model that suits the application best and can be worked upon that would enable automation of the entire deforestation 

detection process in the future.    

 

III. RESEARCH METHODOLOGY 

The study is proposed to be conducted on a variety of Deep Neural Networks, starting with a very basic Convolutional Neural 

Network before heading on to more complex ones, and finally using a pre-trained network to analyse the performance improvement 

attained by transfer learning[16]. The dataset described previously was first subjected to Exploratory Data Analysis to get a first-hand 

understanding of the images in it and their classes. The implementation strategies and characteristic models experimented with are 

described below. 

 

Exploratory Data Analysis 

With the objective of analyzing and investigating the data, to summarize its main characteristics, data visualization and image 

processing techniques were applied on the dataset. It was found that the label ‘Primary’ is associated with most images, implying that 

a majority of the images have detectable spreads of forest cover, along with possible matches for features of other labels too. It was 

also observed that the label ‘Agriculture’ matched a couple of other labels such as habitation. It was a conscious decision, in 
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accordance with previous studies[17], to not include habitation as a deforestation indication, since these regions could be villages or 

other domains occupied by people from several years ago.  

 
Fig. 2 Number of samples belonging to each class as found by Exploratory Data Analysis 

 

Deep Neural Networks 

The study aims to analyse the performance of different kinds of Convolutional Neural Networks (CNNs)[18] on the dataset, with 

the same parameters, and attempts to best decipher the cause for the observed behaviour. CNNs work on the principle of applying 

2D convolution kernels or filters of different sizes and values (or weights) in parallel on an image matrix to detect the specific features 

that the filter is designed for. The outcome of applying these filters is a set of matrices – one each for a filter. This outcome is fed to 

an activation layer, the output of which is input to a pooling layer, for reducing the size of the matrices, thereby also achieving the 

objective of making the obtained features deeper. These layers are repeated for a different number of times depending on the number 

of features that the model must learn for the application in question. It is commonly observed that a pooling layer may follow a set 

of two or more convolutional layers. The aforementioned layers are usually partially connected, and a fully connected artificial neural 

network is mounted on top of this setup for the purpose of classification. The model is trained in a similar fashion as a generic neural 

network, by the strategy of back propagation. 

The choice of CNN for the application is justified since each standard image typically has hundreds of pixels and features, and a 

fully connected neural network would imply huge expenditure of resources on computations and weight adjustment. CNN overcomes 

this issue by using partially connected layers, drawing inspiration from the working of the visual cortex in the brain. 

The convolutional layer in combination with the activation function, usually the Rectified Linear Unit (ReLU)[18], is typically 

responsible for extracting the most important feature or the feature looked for by the filter in a small region of the image matrix. The 

activation function is responsible for bringing non-linearity to the model. The ReLU function promotes all negative input values to 0 

and retains all other values as such. 

 
Fig. 3 The graph for the ReLU activation function 

The filter then moves horizontally by a fixed number of steps called stride. Since the convolution operation produces one single 

value for each time the filter aligns with the image matrix after the jump specified, a bigger stride length reduces the dimension of 

the image by a greater proportion than a smaller stride length does. To avoid or bring down such a reduction, as well as to ensure that 

the information in the edges is not lost due to being involved in very few convolutions, zero padding is used around the image matrix. 

This is achieved by inserting additional rows and columns of 0’s to the left and right of, above and below the matrix being processed. 

The number of rows and columns required depends upon the filter size and stride length. 
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Fig. 4 Zero padding to retain the size of the image matrix after convolution[19] 

 

The outcome of the convolutional-pooling sets of layers in the network is a set of matrices, each obtained by applying different 

filters and then reducing the dimension, then repeating this process again. The fully connected neural network at the end, however, 

expects a single dimensional vector as its input. To make the matrices obtained from the previous layers compatible with this, the 

process of flattening[20] is applied, which converts all the matrices into a single, long line of values that will finally be used for 

classification. 

The fully-connected Artificial Neural Network following the feature extraction section[21] of the CNN described above is 

responsible for classifying the image sample into one class – in case of single class classification problem, or all those classes that 

the image fits into – in case of a multiclass classification[22] problem such as this one. The activation function in the uppermost layer 

of this network is a sigmoid function for binary classification, and a softmax function[23] if there are more than two classes of data 

samples. Models that were designed specifically for the ImageNet dataset such as the VGG16, VGG19, AlexNet, Inception, 

MobileNet, ResNet – some of which are explored in this study, have a softmax activation function with 1000 neurons in the last layer, 

one each for the 1000 classes of images in the ImageNet dataset. In this problem, the dataset being dealt with has 17 classes, and 

hence the ultimate layer of the deep neural network has 17 neurons, and is followed by a softmax activation function. The softmax 

activation function assigns labels to a data sample on the basis of probability values for it belonging to each class. The class for which 

the probability value is the highest, or ones for which it is above a specific threshold value will be assigned to the data sample. This 

probability is computed as follows: 

𝜎(𝑧𝑖) =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗𝐾

𝑗=1

  (1) 

Here, σ represents the sigmoid function, and the probability that a data sample belongs to a class i where 1 ≤ i ≤ K for a dataset 

with samples belonging to K different classes is given by the ratio of the standard exponential function of the input vector zi to the 

summation of the standard exponential functions of output vectors zj.  

The models are trained using mini-batch gradient descent[24] strategy since it would be infeasible to pass the entire dataset 

through the network for every epoch – the limited resources available to this research team would not support it. A batch size of 100 

was settled upon after multiple trials. Accordingly, a set of 100 satellite images would be passed through the network, predictions 

would be made based on arbitrarily assigned weights, or those obtained from the pre-trained models, and the errors computed 

separately for each would be stored. At the end of these 100 loss computations, the weights would be modified by deducting or 

incrementing the existing weights by a partial derivative of the loss with respect to the weight being recomputed. This weight 

modification is done from the upper layers down to the lower layers. In case of models where transfer learning is applied, the weights 

in the lower layers would not be changed. Only those in the upper layers would be modified by this logic. This process completes 

one iteration. Once all the batches have been passed through the network and weights modified accordingly, one epoch is said to be 

completed. Most popular models are trained for a huge number of epochs, but since this study was limited by the availability of 

resources, the maximum number of epochs attained for any model was 10. 

The dataset was split as 60 – 20 – 20 for training, testing and validation. Training is the process wherein the deep learning model 

‘learns’. The data is passed through the network along with the labels. The model predicts, computes the error and adjusts the weights. 

After every epoch, the model is subjected to a process called validation, during which it is exposed to a section of the dataset that it 

has never seen before. This gives the developers an idea of how well the model will perform on new images. Validation may also be 

used as an indication to stop training when the model has achieved scores high enough. Testing is conducted once the model is 

completely trained and there will no longer be any kind of modification to its weights. This is an indication of the quality of the 

training process on the fully trained model. 

The experimentation in the scope of this study began with a simple CNN of just 10 layers, putting together four sets of 

convolutional-pooling layer sets piece by piece using the Sequential() API. The number of layers were then gradually increased, 

making observations on the achieved results along the way. Models from the AlexNet contest – VGG16 and VGG19 – were given 

special attention in an attempt to understand what actually made them shine in the contest, and if at all they would display the same 

kind of efficiency on the dataset being considered.  

 
Fig. 5 Structure of VGG16 and VGG19 models [25] 
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Once the performance of these generic CNNs did not show much improvement on increasing the number of layers, the focus was 

shifted to the pre-trained models. Transfer learning has emerged as a reliable technique to train deep neural networks for high 

performances with considerably less requirement of resources, time and training data. In this strategy, well performing model that 

has been trained on a huge generic dataset is saved along with all its weights, so that it can later be imported by a developer working 

on a similar application, and trained only for the upper layers by freezing the lower layers. This allows the model to learn the specific 

features of the dataset in question and to mold it as per the output requirements of the new application. Given that several researchers 

have found that the ResNet model is faster and better than most other ImageNet models, the pre-trained ResNet50 model was 

emphasized upon to explore how the slightly different identity mapping strategy used in it would benefit the model’s performance. 

 

 
Fig. 6 Structure of the original ResNet50 model [26] 

These models were initially trained using the TensorFlow library for its extremely convenient to use and also immensely popularly 

classes and APIs including Keras, which is the conventional method followed by most deep learning applications. Eventually, we 

also attempted the model building and training using FastAI. The difference that was obvious right off the bat was that FastAI did 

not provide the free hand to customize the models as TensorFlow did. However, the trials were carried out since it is known to make 

the process much simpler and faster.  

 

Performance Metrics 

The performance of the deep learning models is evaluated in terms of the F-β score[27] where β=2, giving the F2 score, a metric 

that combines precision and recall, giving the latter a greater weightage. This implies a data sample is more likely to be categorized 

as one in which deforestation is detected although that isn’t the case, rather than it being written off as a piece of land where no 

deforestation is detected while in reality it is subjected to deforestation. This kind of a metric is highly favourable to the application, 

and for a model to score well in these circumstances, it should have fewer false negatives. The F2 score is also the preferred metric 

to evaluate models trained on this dataset by most researchers experimenting on the same, hence giving us benchmarks to compare 

our models against. Besides, as found during the course of this study, the other most popular metric – accuracy – is not as effective 

on the dataset and does not always increase when the overall loss for the network decreases. 

The F-β score is computed as follows: 

𝐹 − 𝛽 𝑠𝑐𝑜𝑟𝑒 =  (1 + 𝛽2)
𝑝𝑟

𝛽2𝑝+𝑟
    (2) 

Here, p stands for precision, r stands for recall, and are computed as: 

𝑝 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (3) 

 

𝑟 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (4) 

The notation TP is used to indicate True Positives – the number of True Positives predicted by the model, FP indicates False 

Positives – the number of samples labelled ‘Positive’ by the model although in reality they belong to the ‘Negative’ class, and FN 

indicates False Negatives – the number of samples that have been labelled ‘Negative’ by the model although they belong to the 

‘Positive’ class. Precision can thereby be viewed as a ratio of the correct number of ‘Positive’ predictions to the total number of 

‘Positive’ predictions, while Recall may be defined as the ratio of the correct number of ‘Positive’ predictions to the total number of 

‘Positive’ labelled samples present in the dataset. Hence, the equation for F2 score becomes: 

𝐹2 𝑠𝑐𝑜𝑟𝑒 = 5
𝑝𝑟

4𝑝+𝑟
   (5) 

Since it is always better to label an image with no deforestation as a deforested region, rather than predicting for a land that has 

been wiped clean of its green cover as a region unaffected by deforestation, the preference given to the F2 score is justified. 

 

Optimization Techniques 

The images in the dataset and the huge number of neurons in the models lead to the extraction of an overabundant number of 

features, which may lead to the problem of overfitting. An overfitted model has learnt the training dataset too well, because of which, 
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although it may perform exceedingly well during training, it fails during testing. To avoid this, the technique of regularization is 

widely used. This study applies the regularization technique called dropout[28]. Here, during training, some neurons are randomly 

turned inactive for a few epochs. This process is controlled by a hyperparameter termed dropout probability. This value is commonly 

set to 0.5. Applying the dropout strategy creates an illusion of a single layer appearing like multiple different ones each time a neuron 

in it is made inactive. Thus, the model is less likely to get overfitted. 

 

 
Fig. 7 Dropping some neurons to avoid overfitting[29] 

 

IV. RESULTS AND DISCUSSION 

The general observation is that the pre-trained models perform much better than the traditional CNNs that were built from the 

scratch, just as expected. This behaviour, as is made pretty obvious by the fact that deep neural networks thrive on training data, can 

be attributed to the huge bulk of the training samples from the ImageNet dataset that the original models were initially trained on, 

and the certainty that heavy computational resources would have been used to train those models for multiple epochs already. Since 

the lower layers are known to learn only the very basic features of an image – borders, lines at angles, colours, contours, etc., the pre-

trained models provide the obvious upper hand in learning the satellite imagery where the possibility of deforestation and the purpose 

for which any deforested land is being used is majorly dependent on these primary features of the image. The performances of the 

two kinds of models were sufficiently far apart. 

 

Deep Learning Libraries and Classes 

The findings with respect to the library used to develop and train the model aligned along the presumptions – the FastAI library 

proves itself to be very useful, especially in transfer learning cases, due to the high speed at which the models completed training and 

the substantial reduction in the size of the code to be written. Each epoch only took up to four and a half minutes to be completed, 

which is an incredible improvement from the TensorFlow variations, which with the exact same structures and parameters took 

around three and a half hours to complete a single epoch. The TensorFlow library, on the other hand, provides classes and APIs which 

have high degrees of customization. Right from the size of the convolution kernel, the stride length and the activation function, every 

single parameter can be adjusted as per the requirement of the application, making way for a much greater horizon of research. Its 

Sequential() API gives the freedom to also include dropout regularization wherever necessary, thereby providing better control over 

the model.  

The choice of the library hence is a delicate tradeoff between the speed at which the model needs to be trained, the quantity of 

resources available for the model, ease of use in terms of lesser code on one hand, and the benefit of multiple resources already 

existing for any setback, the degree of adaptability the model must have and the self-explanatory nature of the functions on the other 

hand. This varies from one application to another, and since in this case, the onus was on studying the behaviour of different models 

on a single dataset rather than a single model on a single dataset but with varying parameters, the FastAI library emerged as the better 

choice. 

 

Traditional CNN Models 

The simple Convolutional Neural Networks that this study stresses upon – the CNN with 10 layers, the CNN resembling VGG16 

and the one resembling VGG19 had several disadvantages. These had to be trained from the scratch, with absolutely no prior 

knowledge of the weights to begin with, which simply implied that the training process was extremely tedious, both in terms of the 

resources consumed and the time taken for training. This was more problematic than initially anticipated, since carrying out such 

intensive processes on PaaS resources put a limit on the maximum duration for which the temporarily allocated resources could be 

used in one stretch, and any disruption meant having to start over from the very beginning. 

Performance-wise, it was found that the scores improved steadily as the number of layers in the model increased. This is because 

a small model – say the one with 10 convolutional layers – would not have the capacity to process the huge number of features that 

would be extracted from a dataset of so many images. The ImageNet contest winning VGG16 model’s replica obviously performed 

better, since it has 6 more convolutional layers, but the results were nowhere close to the leading F2 scores on the Kaggle page for 

the dataset. Another consistent increase was observed with the introduction of the VGG19-like model. However, it was still much 

lesser than what can be accepted as a decent outcome from a deep learning model.  

Another very interesting – although peculiar – observation made while training these models was that the accuracy in some cases 

remained very low even after a couple of epochs had been trained for, and it did not show any kind of relationship with the loss 

computed, must against the expectation that a decrease in loss should have brought about an increase in both accuracy and F2 score. 

Although the F2 score did increase, the accuracy did not. 
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Table 1 Performance of traditional CNN models 

Models and 

their scores 
CNN Model 

 
CNN with 10 layers VGG16-like model VGG19-like model 

Loss 0.2536 0.2312 0.2267 

Accuracy 0.4280 0.9262 0.1447 

F2 score 0.5671 0.5996 0.6188 

  

Model with Transfer Learning 

The ResNet50 model used as a pre-trained model which was later retrained on the satellite imagery dataset from the Amazon held 

a great amount of interest in this study. The ResNet50 model, when imported, came with weights that had achieved an accuracy of 

81% with 30 epochs on the ImageNet dataset. This model was freezed as is and trained for another four epochs, at the end of which 

the accuracy and F2 score both had crossed the value of 0.9. Later the upper layers of the model were trained and the weights were 

modified to suit this application.  

 
Fig. 8 Performance of model developed from the pre-trained ResNet50 model 

From figure 8, it is evident that when the model started retraining the modifiable weights on the dataset, the accuracy dropped for a 
bit before it picked up. This could be attributed to the weight adjustment having gone a little off the track at that point, before the 
values increase again. The loss decreases consistently during both training and validation, while both accuracy and F2 scores increase. 
The time consumed for each epoch too was continuously under five minutes. These results were obtained on training with the FastAI 
library, thereby reinstating with certainty that pre-trained models perform better than traditional CNNs, and that the FastAI functions 
proved very convenient during the course of this study.  
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