Instructional Plan: Computer Vision for Farm Observation

Project Introduction
What we are trying to solve – Let’s start with the problem, and how we will solve it.
We are devising a way for a computer to label images or stills from video.  We want a system that works whether the internet is connected or not, and that is as accurate as reasonably possible with limited computing power.
Imagine we have cameras on our farm, we have security cameras, and we also have an automated security drone that does preprogrammed flybys, monitoring the grass near the water, the airplane landing strip we have (it’s an awesome farm), the road that passes by in the front, everything is monitored.  We are looking to identify the following and set up automated alerts. 
	Airplanes
	Automobiles
	Birds
	Cats
	Deer

	Dogs
	Frogs
	Horses
	Ships
	Trucks



	The footage from these devices is fed into a central computer (consumer-grade), where we can do processing.  This will also be the computer on which the training and retraining are completed.  It is too much to have someone watch all these cameras all day, so we want a bit of help identifying these things using AI.

Class discussion and collaboration:
-Why might we want to identify frogs?  Same question for cats?
-Could it be science, could it be pest control?
-Why might we want to know when an automobile or an airplane is identified?
-Could it be for security, or to monitor the busiest days?

We will be utilizing the images of these feeds as a test to determine a baseline for the activity on the farm, in the future we will feed this data into other algorithms to determine anomalies.  To identify these elements in the image, we will use labeled data to train a machine learning model.  Does anyone remember what kind of machine learning problem this would be?

Class discussion and collaboration:
-If I said it was unsupervised, would I be right?
-Why?  Or why not?

It is supervised, as we are using labeled data.  We have the input images and need to map them to one of the items on our list.
Specifically, this is an image classification problem.  The above talks about how image classification will be used in the context of the problem.  Let’s go further into how industries use image classification in real-world applications.

Industry Examples of Image Classification
	Let’s review how people are utilizing image classification for tasks in modern industry.
Precision Agriculture
Class discussion and collaboration:
-What uses can you think of for using an image classification model in agriculture?
		-Discuss their ideas and what would be required to implement them.

When growing crops, tilling the soil is a common practice. Tilling of fields is often done at regular intervals rather than when needed, leading to wasted time and effort, increased soil erosion and degradation, with no increase in yield (Magesh, 2025).  
 We can use image classification to analyze an image of the soil, use “Convolutional Layers” to extract visual features of the soil, and classify the soil as one of 7 levels of tilled; “No Till”, “Strip Till Coulter”, “Vertical Tillage”, “Tandem Disk”, “Disc Tillage”, “Chisel Plow”, “Moldboard plow” (Magesh, 2025).  

Class discussion and collaboration:
-Any questions?  
-Did anyone ask about the different types of soil tillage?  If so, talk about them briefly, and explain that this deals with domain knowledge.
 	-Did anyone ask what a Convolutional Layer was… whether they did or not, I will ask them to explain it to me.  
-Take a few minutes to review the link:
-poloclub.github.io/cnn-explainer
-In a few minutes, I will ask you a few questions about Convolutional Layers, and have your answers ready in case I call on you to explain them to the class.
-What is the input layer?
-What is padding, kernel size, and stride?
-What can you see is special about the Convolutional Layer images as opposed to the original? How could this be helpful for a machine?

Back to agriculture.  In the article A convolutional neural network model and algorithm-driven prototype for sustainable tilling and fertilizer optimization the image classification model is used as part of a larger algorithm to help farmers decide how to optimally care for their soil, as shown below (Magesh, 2025, Figure 1).
Figure 1
The end-to-end solution with inputs, outputs, and a core algorithm

[image: ]
Note. From "A convolutional neural network model and algorithm driven prototype for sustainable tilling and fertilizer optimization," by S. Magesh, 2025, npj Sustainable Agriculture, 3, p. 5 (https://doi.org/10.1038/s44264-024-00046-w). CC BY 4.0.

Medical Diagnostics
Class discussion and collaboration:	
-Who has heard of ultrasounds?  What are these used for?
	
Right.  So, like how doctors examine babies, this same technology can be used to examine the heart.  When used this way, it is called an echocardiogram.  This is a non-invasive test that uses high-frequency waves to create a live picture of the heart (American Heart Association, 2024).  With this, doctors can see the heart's chambers in motion, allowing them to assess how effectively the heart is pumping blood.
	This technology produces a great deal of information, which needs to be interpreted.  This task can be done manually, but it is difficult and prone to human variation (Pinto-Coelho, 2023).  A critical part of this interpretation is calculating the Ejection Fraction, the percentage of blood that leaves the heart with each contraction (American Heart Association, 2024).  To get an accurate Ejection Fraction, a doctor must perform segmentation.  This means tracing the boundaries of the heart’s left ventricle and using a formula to convert the two-dimensional tracings into a volume measurement (American Society of Echocardiography, 2015).  This tracing is a complex task because echocardiogram images often have low contrast and ‘speckled noise’, making the borders look blurry (Pinto-Coelho, 2023).  These challenges lead to experts having a 15-20% variance in their own segmentation measurements (Thavendiranathan et al., 2013).
	Long story short, we have many, many images that need to be interpreted manually.  Humans find the task difficult to do effectively.

Class discussion and collaboration:
		-Does this sound like a good candidate for a ML solution?
	
This is another situation where a Convolutional Neural Network has an advantage.  Instead of a cardiologist manually tracing the lines, the raw ultrasound data can be processed through a CNN.

Class discussion and collaboration:
-Read part 3.  (Technical Innovations), and Part 3.1 (Transformers) of the article at https://pmc.ncbi.nlm.nih.gov/articles/PMC10740686/
-Draw a chart that describes the processes described in the article of CNNs
-Explain the process of CNNs
-Explain the benefits of CNNs
		- What is transfer learning, and how does it help?
	
Now that we have a good grasp of the possible uses for CNNs and Transformers, let’s summarize both.

CNNs
	Convolutional neural Networks use sliding filters to extract local features from images.  This allows the model to learn a hierarchy of visual patterns, from simple edges to complex objects (Khan et al., 2022).
	CNNs are efficient because they come wired with two specific biases.  One of these is locality, the idea that pixels near each other are related.  The other is translation invariance, the idea that an object is the same regardless of its location in an image. (Khan et al., 2022).

Transformers
	Transformers, or more specifically Vision Transformers (ViTs), leverage attention mechanisms from language processing for vision tasks.  An image is broken into a sequence of fixed-sized patches, treated similarly to how a word in a sentence is handled in a language transformer.  Once the image is broken into these patches, transformers use a process called Global Self-Attention.  Where a CNN may be distracted by a specific texture or a small section of the image, a ViT considers many patches simultaneously and computes a relationship score between them (Khan et al., 2022).
	Transformers have a wide field of view.  They have a global receptive field from the very first layer.  Every part of the image can relate to the others simultaneously.  Allowing a transformer to better understand the image (Khan et al., 2022).

Notable differences
A CNN, given an incredibly vast amount of training data, will hit an accuracy plateau before a Transformer would.  A transformer, given vast amounts of data, can often continue to improve.  With less data, a transformer lacks the built-in biases of a CNN.  A Transformer’s global view may not support robust training with limited data, as it focuses on the overall and is unable to exploit local clues that a CNN could have already learned in a reasonable amount of computing time.

Table 1
Comparison of CNN and Transformer Architectures
	Feature
	CNNs
	Transformers

	Data Requirements
	Low to Moderate: Very efficient on smaller, specialized datasets (Khan et al., 2022).
	High: Requires massive datasets to outperform CNNs due to a lack of built-in image bias.

	Memory Requirements
	Linear: Usage scales steadily with the number of pixels.
	Quadratic: Usage grows much faster as image resolution or "patches" increase.

	Processing Requirements
	Efficient: Highly optimized for standard hardware and real-time use.
	High: Computationally expensive to calculate "attention" scores for every pixel pair.

	Training Requirements
	Stable: Reaches peak performance quickly with standard training techniques.
	Demanding: Requires complex "training recipes" and heavy data augmentation to stay stable.

	Effectiveness
	Best for Local Detail: Superior at finding small, specific patterns in limited data.
	Best for Global Context: Superior at understanding complex, large-scale relationships in massive data.


Note. Content adapted from "Transformers in Vision: A Survey," by S. Khan et al., 2022, ACM Computing Surveys, 54(10s). Table structure generated with AI assistance (Gemini, 2026).

Class Discussion Points:
		-What benefits do transformers have over CNNs for image classification
		-If I said our task would be done with a transformer, what would the pros and cons be?
-If I said our task would be done with a CNN, what would the pros and cons be?

Mitigating Bias
	

Training Diversity

Let’s think about our industrial example of soil tillage.  Imagine when the training examples were created.  Let's say that every time the farmers sent in their example images of a tilled field, it was a beautiful, sunny day.  And let’s say for whatever reason, the farmers were only sending in images of an untilled field on overcast days.  We train this data, and our model predicts untilled fields incredibly well.  Better than any other six tillage classifications in the model.
		
Class discussion and collaboration:
-Would this model make good classifications on new data?
		-Explain how this model has a bias due to how the data is collected.

	The Icelandic Maternal Hospital has provided 10,000 labeled heart scan images from Doctor Jónsson’s patients.  Patient data was removed for patient privacy.  This can be used for heart scans.  
	
Class discussion and collaboration:
		-What data bias could be possible in these heart images?
		-Iceland is a wealthy nation, it is possible their scanning equipment is state-of-the-art at this facility, and less grainy than the majority of echocardiogram data in the world population of heart images.
		-It is at least likely that the data skews female, as this is from a maternity hospital.
		-Iceland’s racial makeup is not representative of the world
		-One doctor collected all the data.  One if Dr Jónsson unconsciously looked closer and tilted the echocardiogram when she thought there was a problem?  The model may pick up on the tilt.
		-The data is from one specific hospital. Is this how the data would be used, or will it be used for different hospitals?  Can it generalize?


	We need diverse training data.  It should come from different locations, under different weather conditions, from different demographic groups, etc.  For a model to generalize, it needs broad data.


The use of Data augmentation – 
	
	Imagine all the ways one could take a picture of a field.  The camera could be lower one day, the image may be blurry, or it may be earlier or later in the day.  We can use Data Augmentation to make a virtual copy of the image with applied transformations.  This is a way to add some diversity to the images.  

Class discussion and collaboration:
		-What types of transformation could simulate an image taken earlier in the day?
		-What types of transformation could be used to simulate an image taken closer to the subject?


Shortcut Learning

One of the things our model will be trying to classify is horses.  Let’s just focus on the horses for now.  Imagine this model achieves 100% accuracy on its training data and 95% accuracy on its test data.  Yet the real-world performance drops to 51%.

Class discussion and collaboration:
    		-How could a model be "perfect" in the lab but fail so completely in the field?


Suppose the model discovered a shortcut: in almost every training photo, the horse was facing the camera, and its large, dark eye was clearly visible. The model might decide that the only thing needed to determine if an image was of a horse was to find the eye.  In the real world, horses are often seen from the side, from behind, or partially hidden by trees. If the model can't see the eye, it can't "see" the horse.  We can "audit" the model using visualization tools to better understand some of these biases.

Auditing for bias

Auditing CNNs with Saliency Maps

To check a CNN, we can use Saliency Maps, which highlight the specific pixels in an image that most significantly impact the model's final classification (Gao et al., 2023).  According to Gao et al. (2023), these maps serve as a diagnostic tool, revealing whether the model is relying on "spurious correlations" (such as a single facial feature) rather than the actual subject.
 So, for the horse example, we look at the saliency map for our horse, and the "reddest," most active pixels are concentrated strictly on the horse's eye, while the rest of the animal is ignored.   This is helpful, and we know the model has found a shortcut that may not generalize well. The model isn't looking at the legs, the mane, or the tail. 


Auditing Transformers with Attention Maps

Since Transformers work differently, we use their internal Attention Mechanisms to see a comparable heat map. Because these models split images into patches, we can extract the "attention weights" to see which patches the model pays the most attention to.
Attention Maps allow us to visualize which parts of the image the model is giving the most "weight" to (Khan et al., 2022). In our horse example, the map would show that the model is ignoring 90% of the patches and hyper-focusing on the patch containing the eye.
By using these tools, we move from guessing why our model failed in the real world to having visual proof. We can see that the model is "cheating" by using a shortcut, allowing us to fix our data and teach the model what a horse looks like (Khan et al., 2022).



Establishing Performance Objectives
Objective 1: The F1-Score
First, decide on what would be a ‘good’ model for our purposes, and set the goal for that metric.
	“Good” is not a good measure for a model.  We want a model that will be useful for our farm purposes.    There were two uses for the algorithm we considered earlier.  We mentioned security and science purposes.  The purpose is important in setting goals for our objectives.  Let’s talk about some metrics that we can use to measure the success of our algorithm.  

Accuracy – 

Imagine a simpler data set.  Half of the images (let’s say 50 for example) are of empty fields, and the other half of the images are of horses in fields.  Accuracy is the measure of how many total guesses were correct.

Class discussion and collaboration:
		-Our model guesses correctly 95% of the time.  
-Is this model good at predicting if horses are in the image?
		-Steer the class to understand that this is solid.

		-Now we have a dataset with 5 images of horses in fields, and 95 images of empty fields.  The model on this data guesses correctly 95% of the time.

		-Is this model good at predicting if horses are in the image?
		-What would the accuracy of the model be if it just blindly guessed “empty field” for all the images in this situation?
		-What would the accuracy of the model be if it just blindly guessed “empty field” on the 50/50 split dataset?

		-When might accuracy be a good metric to use?
			-Explain that it may be ok when data is balanced for a quick understanding of model performance.


Precision and Recall

	Use 1 – For our science goals… we count frogs.

	During a drone flyby, there are 10 frogs near the pond.  The scientist wants to be alerted when frogs are found, and only if the classification algorithm has a high degree of certainty that the image contains a frog.
	
	The AI classifies 5 of the images as a frog.  BUT only 4 of the images labeled as frogs are frogs, and one is a false positive.  This means that there were 6 real frogs that the AI ignored; it falsely classified them as negative.  We can calculate precision as the number of correct predictions divided by the total number of positive predictions.

Class discussion and collaboration:
	-What would precision be in this instance?
	-The model correctly guessed 4 frogs, and it made a total of 5 positive predictions.  80% Precision

-Recall is the number of correct predictions over the count of actual frogs.
	-What would recall be in this situation?
	-Correctly predicted 4 frogs; the total number of frogs is 10, so recall is 40%

	Even though the recall was low (more than half of the frogs were missed), the precision was high, 80% of everything that the model thought was a frog was a frog.  In this instance, where the scientist wants a high degree of certainty, the image is of a frog; prioritizing precision would be a good idea.
	

Use 2 – For Security, we find trucks

	We mentioned using this classification for security.  Imagine that whenever a truck is in a certain location, security must be notified to check it in and ensure it is allowed to be there.  The security personnel do not want to miss a single truck, so they want to minimize the number of trucks the model misses (lower false negatives are important for this use case).
	The actual number of trucks at that location throughout the night was 10, and the model predicted that 20 of the images contained trucks.  10 out of the 10 trucks were discovered.
Class discussion and collaboration:
		-Is this enough information to calculate precision and recall?
		-Calculate them both.
		-Does recall seem to suit this use case?
		-Mention that it does because finding all trucks is important, and that ultimately the use case dictates what metrics we use.

Use 3 – Our use (Science and Security???).
	Our project objective isn’t well-defined.  This is ok for the project, but in real-world situations, it may be better to determine which is more important: precision or recall.  In our situation, we should try to balance these.  We want a model that doesn’t produce many false positives or false negatives.
	If we are trying to balance these two extremes, the average of both precision and recall is not great.  If I average 100% precision and 1% recall, the answer would be about 50%.  Now, this isn’t a very good score. If my goal is to balance them, I want the score to be BAD in this example, because these numbers are nearly as unbalanced as possible.  F1 scores use the harmonic mean of precision and recall as a metric.  Let’s calculate the F1 score of our 100% and 1% example.

Class discussion and collaboration:
-F1 = 2 x (Precision x Recall) / (Precision + Recall) = .0198
-MUCH WORSE SCORE… Which is what we want.	
		-What is the F1 score when precision is 90%, and recall is at 20%
			-0.32727
		-What is the F1 score when precision is 80%, and recall is at 30%
			-0.43636
		-What is the F1 score when precision is 85%, and recall is at 90%
			-0.87429
		-What is the F1 score when precision is 75%, and recall is at 100%
			-0.85714   Examine these examples and the previous examples. Here, we lowered precision by 10 and increased recall by 10, and the F1 score decreased.
		-What is the F1 score when precision is 15%, and recall is at 20%
			-0.17143
	Use the F1 score in situations like this when the objective is to balance precision and recall, and when the dataset is imbalanced.

Objective 1 - 
	Our first objective is to develop a model with an F1 score of 0.85 or higher.

Objective 2: Generalization and Variance
	Our real-world situation is not perfect.  The farm is not a photography studio with perfect lighting; the cameras do not have perfect lenses that never get dirty. Sometimes it rains. Sometimes the item we are trying to classify will be closer to the camera, sometimes further away. Sometimes the image's angle will be different.  We want a model that can generalize well.
	We want a metric that shows how much the model’s performance on the training data differs from its performance on unseen test data.  For this, we will use the F1 score variance across the training and validation sets. 
Objective 2 – Calculate F1 Score Variance
	Our second objective is to maintain a Generalization Variance of less than 15% between the training and validation F1 scores.  This will quantify the model’s ability to apply learned features to unseen data.  If the variance is too high, the model is likely overfitting.
We will consider our model a success if it completes objective 1 while maintaining an F1 Score Variance of less than 15%.  This objective ensures the model is sufficiently general to handle the various lighting and weather conditions on the farm.
Class discussion and collaboration:
		-If the training F1 score is 99%, and the testing score is 86%, is this variance acceptable?


Architecture Selection
*This is a summary; the model comparisons and information about the chosen neural network needed to be described earlier in the assignment.

	We have discussed two possible Image classification solutions: ViTs and CNNs.  We compared the two and discussed our use in the early sections.  We chose to use a CNN because the training data is limited, and there is a suspicion that it will quickly learn the general outlines and features of the images and perform better with limited data. 
In our description of the use case, we mentioned that a consumer computer would be used to train and run the model.  This is another reason we will use a CNN for the image classification task.  As transformers require higher resource utilization, it is a concern that consumer-grade equipment may not be able to run a transformer model.

Conclusion: Project End Goal and Priorities
	The goal is to supplement the monitoring and become a reliable automated partner for the farm this model will be deployed at.  The hours of footage that would be compiled can be automatically sifted through to relieve the burden of continuous human monitoring.
		Since this model's scope is not particularly limited, choosing to optimize for precision or recall was a difficult call.  Instead, the F1 score will be optimized to balance both.  For this, we will use the F1 score.
On the way to this goal, the class is working to choose a model that prioritizes generalization.  This generalization can be quantified using the F1 score variance between the training and test data.  
	To ensure the model was feasible in a real-world setting, the class considered the lack of reliable internet connectivity and limited computing power in this rural setting.  The considerations of these factors resulted in a system design that can be applied to consumer-grade equipment on a local network.
	The purpose of all the above is to ultimately build a locally hosted computer vision system with an F1 score of 0.85 or greater that performs well on unpredictable new data.
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