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Abstract: The use of visual signals in horticulture has attracted significant attention and encompassed

a wide range of data types such as 2D images, videos, hyperspectral images, and 3D point clouds.

These visual signals have proven to be valuable in developing cutting-edge computer vision systems

for various applications in horticulture, enabling plant growth monitoring, pest and disease detection,

quality and yield estimation, and automated harvesting. However, unlike other sectors, developing

deep learning computer vision systems for horticulture encounters unique challenges due to the

limited availability of high-quality training and evaluation datasets necessary for deep learning

models. This paper investigates the current status of vision systems and available data in order

to identify the high-quality data requirements specific to horticultural applications. We analyse

the impact of the quality of visual signals on the information content and features that can be

extracted from these signals. To address the identified data quality requirements, we explore the

usage of a deep learning-based super-resolution model for generative quality enhancement of visual

signals. Furthermore, we discuss how these can be applied to meet the growing requirements

around data quality for learning-based vision systems. We also present a detailed analysis of the

competitive quality generated by the proposed solution compared to cost-intensive hardware-based

alternatives. This work aims to guide the development of efficient computer vision models in

horticulture by overcoming existing data challenges and paving a pathway forward for contemporary

data acquisition.

Keywords: computer vision; deep learning; signal quality; horticulture; datasets; enhancement;

generative AI; super-resolution

1. Introduction

Computer vision has emerged as an essential technology in horticulture, revolutionising various

aspects of crop production and management. By utilising visual signals such as 2D images, videos,

multi-view videos, and 3D data, computer vision systems extract valuable knowledge about crop health,

growth dynamics, and environmental conditions. These insights enable informed decision-making

processes, leading to improved crop quality, better yield, and enhanced resource management. The

success of computer vision in horticulture relies heavily on the quality of the visual signals used as

input. High-quality data ensures accurate and reliable analysis, facilitating the development of robust

and efficient computer vision models. However, the unique challenges of the horticultural domain

pose significant obstacles in obtaining high-quality data for training and evaluation.

Horticulture environments exhibit diverse and complex characteristics that can impact the quality

of visual signals. Factors such as varying lighting conditions, occlusions caused by foliage or trellis

structures, background clutter, and phenotypic variations among plant species introduce significant

variability and challenges in data acquisition. These challenges make it difficult to capture high-quality

visual signals consistently. Furthermore, developing deep learning solutions for horticulture is

hindered by the scarcity of high-quality training and evaluation datasets. Data-driven approaches

such as deep learning models require large amounts of quality data to achieve optimal performance.
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However, creating such datasets for horticultural applications is a laborious and time-intensive process,

requiring domain-specific expertise and manual annotations in some cases [1].

In this paper, we explore the current state of vision systems and available data in horticulture,

highlighting the critical role of data quality. We identify the specific data requirements to address the

challenges in horticultural contexts and explore deep-learning approaches to enhance the quality of the

visual signals used. Our aim is to provide insights and strategies to overcome the limitations imposed

by data quality constraints in the development of efficient computer vision models for horticulture.

By addressing these challenges, we can unlock the full potential of computer vision in horticultural

practices, fostering advancements primarily in crop management, disease detection, yield estimation,

and automated harvesting.

1.1. Current State of Computer Vision in Horticulture

Computer vision has emerged as an indispensable technology for horticulture applications with

key advancements in plant growth monitoring, pest and disease detection, quality and yield estimation,

and automated harvesting. In each of these use cases, computer vision techniques leverage various

strategies for image processing: segmentation, object detection and tracking, feature extraction, and

pattern recognition. Figure 1 summarises the key applications of computer vision in horticulture, tasks

undertaken by vision systems for each use case and the fundamental vision technologies used. To

accomplish vision tasks such as classification and forecasting, deep learning models are frequently

employed instead of conventional machine learning approaches and traditional computer vision

techniques, owing to their automated ability to determine features of interest. The details of computer

vision in each of the key horticulture use cases are discussed below.

Figure 1. Overview of computer vision in horticulture, its applications and the tasks undertaken.

1.1.1. Plant Growth Monitoring

Plant growth monitoring is an essential application of computer vision in horticulture. It is

achieved through the utilisation of visual signals, such as 2D signals, either in the form of RGB,

multispectral, hyperspectral, thermal or fluorescence, and 3D LiDAR data, to monitor and track the

growth and development of plants. The scale of these signals can range from a single leaf to an

entire tree to an aerial/satellite view of the farm canopy. Features such as leaf area, stem length, and

branching patterns are extracted to develop knowledge about plant health, vigour, and response to

environmental conditions. For instance, leaf area is extracted from 2D images by segmenting the plant

leaves using image processing techniques such as thresholding or edge detection. The segmented leaf

regions are then quantified to calculate the leaf area, which serves as an indicator of plant growth and
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photosynthetic activity. Similarly, stem length is determined by measuring the distance between key

points on the stem, which can be identified through feature extraction algorithms like Harris corner

detection or SIFT (Scale-Invariant Feature Transform) [2,3].

To effectively analyse the large datasets of visual signals by extracting valuable insights and

information, deep learning models, such as convolutional neural networks (CNNs) or region-based

convolutional neural networks (R-CNNs) [4], have been applied to learn and extract meaningful

features automatically with better outcomes [5,6]. These models capture complex patterns and

variations in plant growth, enabling more accurate and robust growth tracking. Similarly, sequential

models, using long short-term memory (LSTM) or recurrent neural networks (RNNs), capture temporal

dependencies in plant growth using time sequence data. A recent survey [7] has identified a total of

23 published works proposing deep learning models for plant monitoring applications, from which

15 were for horticulture crops, with most of the works published between 2017 to 2021 using either

CNN/R-CNN with spatial data or convolutional LSTM/RNN with spatiotemporal data. All of these

works were primarily focused on either of the three objective tasks: (i) plant growth classification,

(ii) instance segmentation and object detection for growth stage identification, and (iii) regression for

plant growth analysis. Images were the predominant form of input to these vision systems. However,

another recent study [8] conducted in the application of light detection and ranging (LiDAR) and

ultrasonic sensors to high-throughput phenotyping and precision horticulture reported a steeply

increasing trend in work done in this space. Interestingly, most of the works studied [8] primarily

focused on controlling the real-time variable rates of farm inputs such as agricultural sprays, with up

to 11 instances of using ultrasonic signal-based vision systems saving up to 40% of agricultural spray

inputs. Although these learning-based vision systems enable growers to make informed decisions

regarding plant management practices, resource allocation, and optimisation of growth conditions,

there is still a significant challenge in terms of the shortage of data for training and evaluation of these

learning-based systems.

1.1.2. Pest and Disease Detection

Pest and disease detection are other important use cases in horticulture, where visual signals

captured from plants are used to detect various symptoms and signs of pest or disease, which are

sometimes challenging to detect without complex pattern recognition abilities [9]. Specific patterns or

anomalies associated with pests or diseases are identified through features like leaf discolouration,

lesion patterns, the presence of pests, or characteristic patterns caused by pathogens, allowing for

early intervention and effective disease management strategies. For instance, in the case of leaf

disease detection, colour variations and texture patterns on the surface of leaves are studied with

statistical measures, such as colour histograms or texture descriptors like local binary patterns, to

quantify the disease symptoms and distinguish between healthy and infected regions. The traditional

machine vision methods for plant diseases and pest detection depend on manual feature design

for classifiers [10]. Although carefully constructed imaging schemes can reduce design difficulty in

these approaches, they increase costs and struggle to neutralise the impact of environmental changes

on recognition results [11]. In complex natural environments, detection of plant diseases and pests

encounters challenges such as small differences between the foreground and background, low contrast,

varied lesion scales and types, and noise, making traditional methods ineffective for optimal detection

of pest or disease [12].

With a proven ability to be more robust to certain real and complex natural environmental changes

and automatic feature learning abilities, deep learning models are gaining interest in the detection

of pests and diseases. These models can be primarily categorised into a classification network (e.g.

to label lesions with a category), a detection network (e.g. to locate and categorise lesions) and a

segmentation network (e.g. to identify and distinguish lesions from normal areas of the leaves) [13].

The most common approach is to deploy these models with visualisation techniques such as feature

maps, heat maps, saliency maps, activation maps, etc., for visual recognition of pests and diseases.
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Adopting transfer learning and other retraining techniques, popular deep learning models, such as

VGG [14], ResNet [15] and AlexNet [16], are being used to develop the classification and detection

models in this space with a recent focus on using hyperspectral imaging [17]. Despite the network

architecture and visual signal used, the need for large datasets with good quality for training and

evaluation remains a major shortcoming.

1.1.3. Yield Estimation

Yield estimation involves using computer vision techniques for pre-harvest estimation of crop

yield, enabling effective decision-making and planning. Conventional machine learning approaches,

mostly using artificial neural networks, support vector regression, regression trees and k-nearest

neighbours, were developed for accurate yield estimations [18]. The need for feature selection based

on dimensionality reduction and feature selection based on agronomy and plant physiology posed

significant challenges to the conventional machine learning models [19]. However, with advances in

automated feature extraction with deep learning, recent research works have explored the application

of deep learning-based computer vision techniques, such as object detection and counting, to estimate

yields for various horticultural crops. In a recent survey [1], seven key works were identified in this

domain, primarily focusing on yield estimation for banana, citrus, strawberry, mango and tomato

crops. A Fast R-CNN [20] model was developed to detect and estimate citrus fruit yields, while

deep, multifaceted systems incorporating LSTM layers were developed for forecasting banana harvest

yields with promising results [21]. In addition, deep learning algorithms, including the Faster R-CNN

model, have been employed for accurate banana detection and counting using high-resolution RGB

images captured by UAVs. These techniques have demonstrated high detection rates and precise yield

estimates. Similar advances have been made for vegetable crops, including automatic strawberry

flower detection for yield prediction and simulated learning for tomato fruit counting.

Similarly, another study [22] reviewing scientific reports on the use of deep learning models

in the estimation of tree fruit number per image reported a total of 12 reports, with almost all the

works developing or discussing either CNN, R-CNN, VGG, or You Only Look Once (YOLO) [23–26]

based deep architectures. The development of these techniques holds great potential for practical

implementation, providing valuable guidance for planting, harvesting, and marketing decisions in

horticultural production. However, despite methodologically being a heavily data-driven domain, the

impact of data availability and quality is underexplored in the literature.

1.1.4. Quality Assessment

Crop quality estimation is increasingly a critical aspect of horticulture, and computer vision

techniques have proven valuable in this task. In this use-case, important quality attributes of crops,

including size, shape, colour, and ripeness, are used to classify and grade the produce, ensuring

consistent product quality and enabling effective sorting and distribution processes [27]. Images

of fruit are used to extract features, including colour histograms, shape descriptors (e.g., circularity

or elongation ratio), and texture characteristics. These features are then correlated with predefined

quality standards or ripeness indices to determine the overall fruit quality. There is a growing

trend of developing non-destructive computer vision models based on hyperspectral images [28].

Machine learning algorithms, such as support vector machines and partial least squares discriminant

analysis, remain the major methods employed in quality estimation based on extracted features.

Although advances in deep learning techniques, particularly CNNs, have shown remarkable success

in automating the process of fruit quality assessment, conventional machine learning approaches

account for the majority of work done in the past two decades [29]. These methods are primarily

focused on estimating quality parameters such as pigments, firmness and elasticity, moisture content

and dry matter, soluble solid contents, acidity, physiological disorders, mechanical damage and

bacterial/fungal infections.
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A recent study conducted to review the application of hyper-spectral imaging and artificial

intelligence (AI) in quality estimation identified a rapid increase in the amount of work done in

the estimation of fruit quality using computer vision, with the majority of works using reflectance

as an imaging mode for internal and external quality estimation [30]. In regards to deep learning

methodologies, commonly used deep model architectures, such as CNN and R-CNN, are used with

RGB images for quality estimation. As with other applications within horticulture, popular deep

models, such as VGG, ResNet and AlexNet, are likewise adopted for quality estimation. To combine the

sensitivity-related benefits of hyper-spectral imaging and precision-related benefits of RGB imaging,

multi-modal data are also being used with deep learning models. Similar to yield estimation, to our

knowledge, there is little to no discussion in the literature about the availability of data and its quality

for data-driven learning methods in quality estimation.

1.1.5. Automated Harvesting

Automated harvesting techniques analyse visual signals captured from plants, robotic systems, or

other automated machines for identifying ripe fruit or vegetables and performing precise harvesting

operations [31]. Computer vision algorithms can detect specific visual cues such as colour, size, or

texture to determine the ripeness of the produce. This enables automation in the harvesting process,

reducing labour costs and increasing operational efficiency [32] to significantly streamline the harvest

workflow, improve productivity, and minimise post-harvest supply chain losses.

Object detection algorithms are one of the drivers for automated harvesting, such as Faster

R-CNN or YOLO, which have been popularly employed to detect and localise target objects such as

ripe fruit in real-time. For instance, in apple harvesting, specifically within narrow, accessible, and

productive trellis-trained apple tree architectures, a vision-based shaking points detection technique

using the segmented pixels of branches and trunks can be used along with deep models. A Deeplab

v3+ResNet-18 [33] model was proposed recently with an effective outcome to build such a shaking

points detection vision system. Similar detection and segmentation-based robotic harvesting methods

have also been proposed for tomato harvesting [34]. These models can be trained on annotated

datasets of various fruit or vegetable types, enabling them to generalise across different crops and

adapt to different environmental conditions. However, the impact of illumination, environmental

conditions and canopy density pose challenges in building these models. The task becomes particularly

challenging if the pixel density and resolution of the captured visual signal inputs are inadequate for

these models to learn segmentation and detection tasks efficiently.

1.2. Deep Learning Practices

Deep learning-based computer vision systems offer several advantages, including their ability to

automatically learn and extract complex features from visual signals, their adaptability to different

horticultural contexts, and their scalability to large datasets. However, these approaches often require

substantial amounts of good-quality training data and demand computational resources during

both training and inference. Despite these challenges, advances in deep learning have significantly

improved the accuracy and efficiency of computer vision systems in horticulture, paving the way for

more automated and intelligent agricultural practices.

Deep learning models for computer vision in horticulture have employed different types of

learning, including supervised, unsupervised, and semi-supervised learning. Supervised learning is

the most common approach, where models are trained on datasets, with each input paired with its

corresponding ground truth in the process of classification (pattern recognition). The models learn to

map the input visual signals to the desired output labels, allowing them to recognise and classify plants,

detect diseases, or classify produce quality grades. Similarly, regression is another type of supervised

learning where the goal is to predict continuous numerical values rather than discrete categories or

labels. This involves training a model to learn the underlying patterns and relationships in the data

and making predictions based on input features. A regression model is trained using ground-truth
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data, where each data instance is associated with a target value or output. During training, the model

adjusts its parameters to minimise the difference between its predictions and the true target values,

typically using optimisation techniques such as gradient descent.

Unsupervised learning is employed when ground truth data is scarce or unavailable. In this

approach, models learn to extract meaningful representations from the unlabelled data without

explicit annotations. These representations can then be utilised for various tasks, such as clustering

similar plant images, identifying shared patterns, or discovering hidden structures within the data.

Semi-supervised learning combines labelled and unlabelled data to train deep learning models. The

limited availability of labelled data in horticulture can be supplemented with a larger pool of unlabeled

data. These models leverage the unlabeled data to learn additional features and generalise better,

leading to improved performance on the given task.

Supervised learning remains the most commonly used approach for training computer vision

learning algorithms in horticulture, resulting in the need for training datasets with ground truths. The

number of training instances and the quality of each training instance in the dataset determine the

learning ability of these models. Given that the data used for computer vision systems in horticulture

are predominantly visual signals, the spatial and spatiotemporal quality of these signals significantly

dictate model training effectiveness. To understand more about the inherent nature of commonly used

signal types and their attributes in relation to requirements for deep learning-based vision systems, we

take a closer look at visual signal data and their datasets in the following section.

2. Materials and Methods

2.1. Visual Signal Data and Quality

The input data used for either training, evaluating or day-to-day use of the learning-based

vision systems exhibit diverse geometry, characteristics and information content. Table 1 provides an

overview of various visual signal data sources and modalities frequently utilised in computer vision

systems for horticulture and corresponding details in relation to their data representation. These data

encompass a broad range of imaging methods, including 2D images, videos, hyperspectral imaging,

3D point clouds, etc., each offering unique characteristics and geometric formations that contribute

to the learning capabilities of the models. To develop and evaluate vision systems, researchers and

practitioners rely on datasets that are either publicly available or purpose-built for specific application

requirements since the availability of relevant public quality datasets is a well-known challenge.

As shown in Table 2, existing visual signal datasets in horticulture vary in terms of their data

formats, coverage, and objectives. Some datasets focus on specific crops or plant species, while

others cover a broader range of horticultural scenarios. These datasets may include annotations

for classification, ground truth values for regression, or no ground truth for unsupervised (usually

clustering) training. Irrespectively, the limited size and diversity of these datasets often hinder the

generalisation and performance of computer vision models in real-world horticultural settings.

2D images remain the predominant form of visual input signal among the learning-based vision

systems in horticulture, as shown in Table 2. However, hyperspectral imaging and 3D point clouds

are emerging formats, particularly for quality estimation and plant growth monitoring applications

respectively. RGB images are also sometimes captured initially as videos and later extracted as

individual image frames. Given the increasing demand and frequent usage of this format as the origin

of visual signals, the remainder of the paper is primarily focused on 2D images/video frames.
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Table 1. Overview of Visual Signals Commonly Used in Horticulture.

Imaging
Method

Characteristics Data and Representation

2D Images Planar representations of objects
captured from a single viewpoint
or angle. These have height and
width dimensions considered as
resolution.

Typically represented as matrices or tensors,
with each element representing the pixel
value at a specific location. Colour images
have multiple channels (e.g., red, green,
blue), while greyscale images have a single
channel.

2D Videos A sequence of images captured over
time, creating a temporal dimension.
Each frame is a 2D image.

Composed of multiple frames, typically
represented as a series of 2D image matrices
or tensors. The temporal dimension adds
an extra axis to represent time.

RGB-D Images Same 2D spatial dimensions as
colour images, but include depth
information.

Consist of colour channels (red, green, blue)
for visual appearance and a depth channel
represented as distance or disparity values.
Can be stored as multi-channel matrices or
tensors.

3D Point
Clouds

Represent the spatial coordinates of
individual points in a 3D space.

Consist of a collection of points, where
each point is represented by its x, y and z
coordinates in the 3D space.

Thermal
Imaging

Same 2D spatial dimensions as
regular images, but represent
temperature values instead of colour
or greyscale pixel values.

Stored as matrices or tensors with scalar
temperature values at each pixel location.

Fluorescence
Imaging

Captures and visualises the
fluorescence emitted by objects,
typically using specific excitation
wavelengths.

Represented as images or videos with
intensity values corresponding to the
emitted fluorescence signal. These can
involve the use of specific fluorescence
channels or spectra.

Transmittance
Imaging

Measures the light transmitted
through objects, providing
information about their
transparency or opacity.

Represented as images or videos with
pixel values indicating the amount of light
transmitted through each location.

Multi-spectral
Imaging

Captures images at multiple discrete
wavelengths or narrow spectral
bands.

Represented as multi-dimensional arrays,
where each pixel contains intensity values
at different wavelengths or spectral bands.
Provides detailed spectral information for
analysis.

Hyperspectral
Imaging

Same 2D spatial dimensions as
regular images, but each pixel
contains a spectrum of reflectance
values across the spectral bands.

Represented as multi-dimensional arrays,
where each pixel contains a spectrum
of reflectance values across the spectral
bands. Provides a more comprehensive
spectral analysis compared to multi-spectral
imaging.

Despite being the most commonly used data format, the 2D visual signals available in the

literature offer limited quality in terms of spatial resolution. It is evident from Table 2 that most of the

2D datasets offer spatial resolutions below high-definition (HD). In a world where 4K and 8K spatial

resolution capture is becoming the norm, high-quality data acquisition and processing present a major

challenge in the horticulture domain due to environmental, human resource and hardware constraints.
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Table 2. Snapshot of Visual Signal Datasets for Computer Vision in Horticulture. Quality represents spatial resolution in pixels(px) and/or spectral resolution in

nano-meters(nm). Quantity represents either the number of images, videos or objects (such as plants, leaves, etc.)

Dataset Imaging Quality Quantity Application

[35] RGB Image Varied Resolution 587 images Detection of sweet pepper, rock melon, apple, mango, orange and
strawberry.

[36] RGB Image 200 × 200px 270 images Fruit maturity classification for pineapple.
[37] RGB Image 1357 images Fruit maturity classification and defect detection for dates.
[38] RGB Image 224 × 224px 764 leaves Growth classification for Okinawan spinach.
[39] Gray Image 1280 × 1024px 13,200 Prediction of white cabbage seedling’s chances of success.
[40] Hyperspectral 1394 × 1040px px, 2.8nm 45 plants Estimation of strawberry ripeness.
[41] 2D Video 1280 × 960px 11 videos, >8000 frames Segmentation of apple and ripening stage classification.
[42] Timelapse Images 3280 × 2464px 1218 images Monitoring growth of lettuce.
[43] RGB Images 4896 × 2760px 1350 images Monitoring growth of lettuce.
[44] 2D Video 1920 × 1080px 20 videos Detection of apple and fruit counting.
[45] Timelapse Images 1920 × 1080px 724 images Estimation of compactness, maturity and yield count for

blueberry.
[45] RGB-D Images 720 × 1280px 123 images Detection of ripeness of tomato fruit.
[46] RGB-D Images 720 × 1280px 123 images Detection of ripeness of tomato fruit and counting.
[47] RGB Images 3000 × 3000px 480 images Detection of growth stage of apple.
[48] RGB Images 2464 × 2048px, 6000 ×

4000px
108 images Classification of panicle stage of mango.

[49] RGB Images 308 × 202px, 500 × 500px 3704 images Detection and segmentation of apple, mango and almond.
[50] RGB Images 224 × 224px 8079 images Classification of fruit maturity and harvest decision.
[51] RGB-D and IRS 512 × 424px 967 multimodal images Detection of Fuji apple.
[52] RGB Images 4000 × 3000px 49 images Detection of mango fruit.
[53] Thermal Images 324 × 288px - Detection of bruise and its classification in pear fruit.
[54] RGB Images 612 × 512px 1730 images Detection of mango fruit and orchard load estimation.
[55] RGB Images Varied Resolution 2298 images Robotic harvesting and yield estimation of apple.
[56,57] RGB Images,

Multiview Images
and 3D Point Cloud

1024 × 1024px for images 288 images Detection, localisation and segmentation of fuji apple.
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2.2. Data Requirement Analysis

The spatial resolution of 2D input data impacts deep learning models in terms of their ability to

capture fine details and make precise predictions. Higher spatial resolution can provide more detailed

information about crop characteristics, diseases, or quality attributes, leading to improved model

performance. Therefore, the limited spatial resolution of 2D visual signal datasets in horticulture is

a challenge that needs to be addressed for enhanced accuracy and applicability of computer vision

models. To this end, we perform analysis to understand how the spatial resolution of 2D video frames

impacts the quality of information contained within these frames and the features that a deep learning

model can extract from the corresponding frames. We perform a statistical analysis in combination with

deep feature extraction to gain insights into the information content and diversity using Shannon’s

entropy [58] analysis of the deep feature maps. We also perform a Fourier Transform analysis to

highlight the variations in frequency details represented by varied spatial resolution.

2.2.1. Deep Feature Entropy Analysis

Based on Section 1.1, it is evident that AlexNet and VGG16 are two of the most commonly used

deep models to extract features in many different horticulture contexts. Hence, in this analysis, we

study the impact of resolution on feature quality extracted from these two models. A video dataset

developed for flower detection during flowering for apples is used for this analysis. The dataset

was acquired for a growing season from the United States Department of Agriculture – Agriculture

Research Service – Appalachian Fruit Research Station [59]. The dataset consists of videos acquired on

four different dates in April 2017 at the research station. The video for block 1A, row 2 of the orchard

with the golden delicious apple variety and M.9 rootstock is considered in this analysis. Twenty frames

were sampled from the middle of each video for the purpose of this analysis. In order to simulate

low-resolution counterparts of the original camera-capture high-resolution video frames, Gaussian

blur with a standard deviation of σ = 1.6 and 4× down-sampling is used.

The low-resolution video frames and corresponding high-resolution frames are then fed to

pre-trained VGG-16 and AlexNet to obtain feature maps from the final layer of these models. To

analyse the feature quality extracted from low-resolution (LR) and camera-captured high-resolution

(HR) frames, we make use of Shannon’s entropy analysis. In the context of deep learning feature maps,

entropy is a measure of complexity in the distribution of feature values. Shannon’s entropy quantifies

the level of information present represented as:

H(Feature Map) = −
n

∑
i=1

p(xi) log2(p(xi))

H(Feature Map) is the entropy of the feature map, n is the number of elements in the feature map,

xi represents each element in the feature map and p(xi) is the value of the element xi in the feature

map. The entropy calculation is negated when dealing with probability distributions, where the values

represent probabilities. The logarithm of a value between 0 and 1 will be a negative number. The

entropy equation, when negated, ensures that the entropy value is positive. However, in the case of

deep learning feature maps, the values are activations or responses, not necessarily in the range of

0-1, and thus the entropies in these cases might be a negative value. This still provides a meaningful

measure of comparison of information present between the feature maps.

2.2.2. Fourier Transform Analysis

Fourier Transform analysis is utilised to examine the frequency details and variations present

in different spatial resolutions. Converting video frames from the spatial domain to the frequency

domain using Fourier Transform yields a frequency spectrum, providing insights into the distribution

and intensity of different spatial frequencies of the original frame. By examining the magnitude of

the spectrum of the Fourier Transform, we analyse the distribution of frequencies and identify the
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presence of high-frequency details. A higher concentration of high-frequency components indicates the

presence of finer details and textures in the frame. Conversely, a lower concentration of high-frequency

components suggests a loss of fine detail, which will typically be present in low-resolution frames.

The Fourier Transform decomposes the frame into a combination of sinusoidal components at

different frequencies. This process yields a frequency spectrum that represents the amplitude and phase

of each spatial frequency component in the frame. The magnitude spectrum is then computed from

the Fourier Transform by taking the absolute value of the frequencies that represent the amplitude of

each frequency component in the frame. A logarithm of magnitude spectrum is then taken to enhance

the visibility of low-intensity frequency components. It provides information about the distribution

and intensity of different spatial frequencies present in the frame and is used to compare different

frames visually. This visualisation shows any differences in frequency content and the impact of spatial

resolution on the distribution of frequencies.

2.3. Super-Resolution as a Generative AI Solution

Generative AI is the field of artificial intelligence that focuses on creating models and algorithms

capable of generating new content, such as images, natural language texts or videos, based on existing

data patterns. Superresolution, specifically in the context of image and video processing, involves

generating high-resolution images or frames from low-resolution inputs [60].

Superresolution, as a generative AI technique, is used to enhance and generate high-frequency

details not present in the low-resolution input. These techniques leverage deep learning models to

learn the mapping between low-resolution and high-resolution pairs. The process of generating a

high-resolution (HR) frame with improved quality from a given low-resolution (LR) input in the

context of videos is referred to as video super-resolution (VSR) [61]. Assuming a high-resolution video

frame has undergone the following operation:

LR = (HR ∗ k)↓d + ns (1)

Where LR is the low-resolution video frame when a high-resolution video frame HR is

convoluted with a blur kernel k followed by downsampling operation d and the addition of noise ns,

super-resolution of LR is then a task of estimating the blur kernel, downsampling operation, and the

noise such that HR video frame can be obtained inversely from LR video frame.

Recent studies have adopted learning-based approaches that exploit spatiotemporal features present

in an LR video in order to super-resolve it [63–66], gaining popularity due to their non-deterministic

and data-driven nature, allowing them to generalise well over different videos and their ability to

learn complex non-linear functions to map LR video to HR video. These models can provide a

soft-computing solution to enhancing the spatial resolution of low-quality videos taken in the context

of horticulture. The enhanced spatial resolution will impact the quality of the feature map that the

deep models can extract and consequently their performance [67]. To investigate how the information

content and diversity within frames and corresponding feature maps change when a low-resolution

video frame is enhanced with super-resolution, we make use of a state-of-the-art deep learning video

super-resolution model.

Recent advancements in deep learning-based super-resolution have introduced several recurrent

neural networks (RNN), such as BasicVSR [65], Recurrent Residual Network (RRN) [68], and

Recurrent Structure-Detail Network (RSDN) [63]. These models have demonstrated the capability

to learn long-term inter-frame correlations within a given temporal radius, leading to improved

super-resolution quality. Unlike alignment-based methods, RNN models leverage global information

propagation, offering a more efficient and cost-effective alternative. While subsequent works like

IconVSR [65], BasicVSR++ [69], and Global Omniscient Video Super-resolution [70] have further

refined recurrent modelling by adopting bi-directional approaches, they are not suitable for real-time

applications. Horticulture applications of computer vision often involve scenarios where all frames are

not simultaneously available such as robotic harvesting, making bi-directional models less applicable.
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A recent VSR model called Replenished Recurrency with Dual-Duct(R2D2) [62] is aimed at enhancing

the super-resolution performance of unidirectional recurrent models in real-time scenarios where

limited frames are available for each timestamp. It incorporates a sliding-window-based local

alignment and a dual-duct residual network resulting in a hybrid model with two information

propagation pipelines for efficient super-resolution of each video frame, as shown in Figure 2. R2D2

has demonstrated competitive performance and computational efficiency in the VSR task and is hence

considered for this study.

Figure 2. Overview of the architecture of the R2D2 [62] super-resolution model.

3. Results and Discussion

3.1. Entropy of Deep Feature Maps

The entropy value reflects the diversity and variability of the feature values within the feature

map. A higher entropy value indicates a more complex and diverse distribution of patterns or details

in the input data that can benefit the vision task at hand. As shown in Figures 4 and 5, high-resolution

(HR) video frames originally captured from high-resolution cameras have higher entropy feature

maps because they contain finer details and more complex structures. Conversely, low-resolution

frames yield lower entropy feature maps as they often lack fine-grained information, making it more

challenging for vision models to perform tasks effectively, highlighting the need for high-quality data

for vision systems.

With advances in generative AI, the availability of such high-quality data does not always

have to be hardware constrained. We show the potential of generative AI in creating high-quality

counterparts of low-quality input data, providing a contemporary data acquisition pathway ahead

and a potential to enhance the performance of learning-based vision systems. As shown in Figure 3,

a low-resolution video frame is super-resolved to ×4 spatial dimension using the pre-trained R2D2

model. The enhanced frame is highly similar visually to its HR counterpart captured originally from

a high-resolution camera. This signifies the data restorative and enhancing capabilities of the R2D2

learning-based super-resolution model. We further compare the spatial quality improvement in terms

of the entropy of the feature maps extracted from these frames by VGG-16 and AlexNet. As shown in

Figure 4 and 5, the entropy of the super-resolved frame generated by R2D2 is highly similar to that

of the original camera-captured frame indicating a similar level of information and details, while the

low-resolution frame has significantly lower entropy.
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Figure 3. Super-resolution of LR frame using pre-trained R2D2 super-resolution model and corresponding

output comparison with camera captured reference frame.

(a) Apr 14, 2017 (b) Apr 18, 2017

(c) Apr 20, 2017 (d) Apr 26, 2017

Figure 4. Entropy for feature maps of low-resolution (LR), super-resolved (SR) and camera-captured

high-resolution (HR) frames extracted from VGG-16 model for flower-detection video data captured

across the growing season in April 2017.
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(a) Apr 14, 2017 (b) Apr 18, 2017

(c) Apr 20, 2017 (d) Apr 26, 2017

Figure 5. Entropy for feature maps of low-resolution (LR), super-resolved (SR) and camera-captured

high-resolution (HR) frames from AlexNet model for flower-detection video data captured across the

growing season in April 2017.

3.2. Magnitude Spectra

The horizontal and vertical frequency in magnitude spectra, as shown in Figure 6 of the original

camera-captured frame, is significantly higher than the low-resolution frame. This represents specific

high-frequency components or patterns present in the frame that may correspond to edges, textures, or

other prominent features in the case of the original camera-captured frame. In the super-resolved frame,

we can observe the same range of high-frequencies present, indicating that the super-resolution has

been successful in capturing and generating the high-frequency details similar to the camera-captured

frame, suggesting that the super-resolution process has been effective in recovering fine details from

the low-resolution frames. Super-resolution not only increases spatial resolution but also removes noise

and artefacts from low-resolution input frames. The presence of blur noise represented by granular

magnitude spectra in low-resolution frames is completely eliminated in super-resolved frames, and

the concentration of frequency details is very similar to that of camera-captured HR frames.

This comparison of the magnitude spectra between the low-resolution, super-resolved, and

original camera-captured frames provides insights into the quality and fidelity of the spatial

information contained within each frame. It demonstrates the ability of the super-resolution to improve

the representation of high-frequency details and recover the fine features present in high-resolution

frames from low-resolution frames, leading to more accurate and high-quality data generation.
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(a) Middle frame of the sampled 20 frames for the video clip taken on Apr 14 2017.

(b) Middle frame of the sampled 20 frames for the video clip taken on Apr 18 2017.

(c) Middle frame of the sampled 20 frames for the video clip taken on Apr 20 2017.

(d) Middle frame of the sampled 20 frames for the video clip taken on Apr 26 2017.

Figure 6. Comaprison of the magnitude spectra of the frequency domain using Fourier transform of

the video frames.

3.3. AI Generated vs Camera Captured – Quality and Cost

The analysis of pixel statistics, specifically the standard deviation, as shown in Figure 7 across the

generative AI-based super-resolved video frames and camera-captured frames reveals that the quality

of the generated frames is comparable to that of the original high-resolution frames. The standard

deviation is a measure of the spread or variability of pixel values within a frame. If the standard

deviation is similar between the two sets of frames, it suggests that both sets exhibit comparable levels

of variability and fine detail. The generative AI-based frames closely match that of the camera-captured

high-resolution frames implying that the generative model successfully reproduces the fine detail and

subtle variation that contribute to the overall quality of the image. It also indicates that the generative

AI model is capable of producing frames with similar levels of richness and complexity as the original

high-resolution camera-captured frames.

With no added cost, apart from the computational cost, and using an open-access generative

AI-based VSR model (R2D2), the approach of using super-resolution to enhance the quality of 2D

visual signals to meet the growing data demand for learning-based vision systems could be a game
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changer. This can also lead to significantly improved results from the subsequent computer vision

models, especially where legacy low-resolution vision capture hardware is still in use. To provide a

brief overview of hardware costs in obtaining high-quality data instead of using generative AI, we

compare popular camera models in Table 3, which shows that to obtain a ×2 better resolution, a higher

cost by $1159 in case of Canon and $2102 in case of Nikon is expected [71]. Given the large areas

that orchards and farms cover, with higher resolution requirements, the cost of high-resolution signal

capture hardware can easily accumulate.

(a) Apr 14, 2017 (b) Apr 18, 2017

(c) Apr 20, 2017 (d) Apr 26, 2017

Figure 7. Comparison of the standard deviation of pixel values in the super-resolved video frames

with that of camera-captured frames, showcasing close similarity.

Table 3. Comparison of Approximate Costs to Capture Higher Resolution Video for Popular

Camera Brands [71]. Indicative Cost Differences (2023 prices) represent the difference between the

high-resolution and low-resolution models for the same camera manufacturer.

Model Video Resolution (px) ≈Price (USD) ≈∆Cost (USD)

Canon EOS 2000D 1920×1080 440 1159
Canon EOS 90D 3840×2160 1599
Nikon D5200 1920×1080 695 2102
Nikon D780 3840×2160 2797
Fujifilm XF1 1920×1080 499 1750
Fujifilm XT5 6240×3510 2249
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Figure 8. Magnified visual inspection of profiled frame contents to compare the visual quality of the

LR vs super-resolved vs camera captured frames.

Therefore, super-resolution can be used as a data pre-processing technique within computer vision

systems in horticulture to enhance the spatial resolution and quality of input data allowing deep models

to extract high-frequency details and features beneficial for vision tasks such as classification, detection
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and regression. This can also help reduce the cost associated with installing newer high-quality data

capture hardware and produce better outcomes using lower-resolution legacy hardware. With faster

and optimised VSR models emerging as the research in the super-resolution domain rapidly progresses,

the computational constraints associated with using super-resolution as a pre-processing technique can

be significantly circumscribed [62,68]. Super-resolution can also be extended using transfer-learning

to enhance other forms of input visual signals, such as 3D point clouds, to enhance the number of

points in 3D space and their quality from a lower to higher space [72]. The cost difference in capturing

dense vs spare 3D point clouds from LiDAR is significantly different, and the potential for a generative

AI-based model to automatically produce a high-resolution 3D point cloud from a low-resolution 3D

point cloud is significant.

4. Conclusions

The critical role of input data quality in computer vision systems in horticulture is explored in this

work. Horticultural environments present diverse and complex characteristics, posing challenges in

consistently capturing high-quality visual signals and retarding the development of robust computer

vision models. Our analysis of the current state of visual signal datasets in horticulture domains

highlights the limited spatial resolution of 2D images as an example constraint to applying more

contemporary deep machine learning methods. To investigate the impact of resolution on feature

quality, deep learning models, namely AlexNet and VGG16, are used on a video dataset for flower

detection during Spring blooming in an apple orchard. The results demonstrated that higher spatial

resolution led to higher entropy feature maps, indicating the capture of finer quality detail and

more complex feature structures. Furthermore, Fourier transform analysis, pixel analysis, and visual

inspections confirm the attainment of improved detail and more intricate feature structures.

To address data quality limitations, super-resolution is introduced as a generative AI solution

in this paper. The potential of super-resolution using the R2D2 model is demonstrated to improve

the spatial resolution of low-quality video inputs, with the enhanced video frames exhibiting higher

entropy feature maps comparable to those captured by high-resolution cameras. This highlights the

restorative and enhancing capabilities of learning-based super-resolution models on input visual

signals. Incorporating super-resolution as a data pre-processing technique can enable deep learning

models to extract high-frequency details, leading to improved performance in learning-based vision

tasks. Furthermore, this approach provides a cost-effective alternative to hardware upgrades for

obtaining high-quality visual signals from low-resolution inputs. Addressing the data quality

requirements in horticulture through generative AI techniques such as super-resolution enables

the full potential of computer vision systems and holds significant promise for advancement in overall

horticultural practices, particularly in high-value horticultural crops.
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