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Abstract

This whitepaper is an encapsulation of the research conducted by Cyient in introducing a 
system designed for assessing fruit ripeness utilizing a hyperspectral camera paired with 
a 2D Convolutional Neural Network (CNN) architecture. The research project is a  part of 
the Action Learning Project (ALP) within the Technology Leadership Program (TLP).  The 
development of this architecture took place on Google Colab, a cloud-based platform 
offering GPU access to boost the performance of deep learning models like CNNs. 
Evaluation of the architecture involved utilizing a dataset containing ripening avocados, 
kiwis, and various other fruits, subjecting them to testing with diverse sets of features. The 
architecture's effectiveness was further improved through the integration of an optimal 
HyperSpectral Image (HIS) visualizer and the incorporation of additional features, such 
as those provided by the Gray-Level Co-occurrence Matrix (GLCM). This architecture 
demonstrated robust performance on the Colab platform, producing results consistent with 
findings from similar studies conducted previously.

Introduction
HyperSpectral Imaging or HIS, is a cutting-edge 
non-destructive technique that captures  
and analyzes material properties across a  
broad electromagnetic spectrum. Unlike 
traditional imaging methods, it acquires data  
in multiple contiguous bands, unveiling a wealth 
of previously hidden information.

This technology extends beyond its niche 
origins, finding applications in diverse fields, 
from agriculture and food quality inspection to 
environmental monitoring and remote sensing.  
HSI excels in fruit ripeness measurement, 
offering precise insights into attributes like 
sugar content, firmness, and overall ripeness, 
benefiting agriculture and food industries.

As part of the Action Learning Project (ALP) 
within the Technology Leadership Program 
(TLP), an internal initiative led by CYIENT to its 
associates, a comprehensive analysis of fruit skin 
characteristics, ranging from unripe to overripe 
stages has been made. This analysis was made 
possible through the application of HSI, coupled 
with the adaptation and enhancement of the

HyperSpectral Convolutional Neural Networks 
(HS-CNNs) presented in [1], developed in  
Pytorch Lightning. 

With a portfolio of various fruit images 
captured using three specialized hyperspectral 
cameras1, it was possible to analyze their skin 
characteristics and test different AI algorithms 
performance under different types of fruits. 
All the models were first prepared, tested and 
underwent troubleshooting using Visual Studio 
Code before being migrated into Google Colab2 
for the very first time. This allowed for heavy 
processing using NVIDIA V100 and A100 Tensor 
Core GPU’s

The research and development have not just 
accomplished the adaptation of the AI Model to 
Google Colab, running the latest state-of-the-
art GPUs, but has also been able to successfully 
expand the testing capabilities introducing 
an automatic optimal Hyperspectral Image 
selector and visualizer or the inclusion of other 
features such as the ones provided by GLCM 
(Gray-Level Co-occurrence Matrix).

1Hyperspectral Imagery collected using Conering HIS, INNOSPEC Redeye and Specim FX10

2Colab is a hosted Jupyter Notebook service that requires no setup to use and provides free access to computing resources, including GPUs 
and TPUs. Colab is especially well suited to machine learning, data science, and education. More information at https://colab.google/



02

Healthcare & Life Sciences | Whitepaper

Data Set
To validate the architecture entailed utilizing a 
dataset containing ripening avocados, kiwis,  
and various other fruits, subjecting them to 
testing with diverse sets of features. The 
dataset was grouped in two groups, one 
containing Avocado and Kiwi and other with  
the remaining fruits which included Kaki,  
Mango, and Papaya. 

The main data set contained 1038 recordings 
of Avocados and 1522 recordings of Kiwis. It 
covered the ripening process from unripe to 
overripe. Two measurement series covering 
a total of 28 days in the years 2019 and 2020 
were collected. Two cameras were used in this 
experiment, INNO-SPEC Redeye and Specim  
FX 10. 

At a later stage a third camera was introduced, Cornering HIS, which was also used just for reference 
to measure Avocado, Kaki, Mango, and Papaya. All of these are represented in the following Figure-1 
as a reference.

The Specim FX 10 has 224 channels, and a 
spectral range from 400 to 1000 nm. This 
range holds the VIS (VISible spectrum) range 
with the addition of the lower NIR (Near 
InfraRed) range. The INNO-SPEC Redeye 1.7 
records 252 channels. Their spectral range ran 
from 950 to 1700 nm.

According to the camera specification and 
fruits samples, each dataset group was 
organized into three separate groups: Visible 
Spectrum (VIS), Visible Spectrum w/ Color 
(VIS-COR) and Near-InfraRed (NIR). The 
following table maps each fruit to the camera 
and spectrum range being used.

Table 1 - Dataset mapping to each camera and fruit sampled

Figure 1 - Hyperspectral cameras used to collect the used dataset

Dataset Camera Fruit Samples

VIS SPECIM_FX10 Avocado, Kaki, Kiwi, Mango, and Papaya

VIS_COR CORNERING_HSI Avocado, Kaki, Mango, and Papaya

NIR INNOSPEC_REDEYE Avocado, Kiwi



03

Healthcare & Life Sciences | Whitepaper

Model Overview
Conventional CNNs employ 2D convolutions, 
which operate across spatial dimensions 
but lack the capability to handle spectral 
information. In contrast, 3D convolutions can 
capture both spectral and spatial information 
simultaneously, albeit with a heightened 
computational complexity. Another approach 
to concurrently harness spatial and spectral 
information involves applying 2D convolutions 
on transformed data.

Our HS CNN Model is a small 2D neural network, 
which was specialized for the application 
of ripening fruits. The input comprises a 
hyperspectral recording of a fruit, characterized 
by two spatial dimensions and a channel 
dimension. Extracting feature maps from this 
input involves three convolutional layers, where 
convolutions are divided into smaller separable 
convolutions to optimize parameter count. 
Average-pooling layers, due to their empirically 
superior performance, are used according to 
the experiments in [1]. 

Additionally, batch normalization is 
implemented to expedite the training process. 

The final classification occurs in the 
convolutional neural networks (CNN) head, 
consisting of a global average pooling layer 
and a fully connected layer. The global average 
pooling layer significantly reduces parameters, 
leading to more stable predictions compared 
to a fully connected head of similar size. In this 
instance, the network classifies three distinct 
categories visible in the output of the final layer. 

This architecture is specifically designed 
for hyperspectral recordings with around 
200 channels of wavelengths, when new 
cameras with different number of channels are 
introduced, adjustments to the hidden layers 
need to take place.

Figure 2 summarizes the architecture of the 
Convolutional Neural Network provided in 
Measuring the Ripeness of Fruit with HSI and 
Deep Learning [1][2].

Figure 2 - Architecture of the Convolutional Neural Network has provided in Meas-
uring the Ripeness of Fruit with HIS and Deep Learning [1][2]
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Model Preparation & Training
Using a normal desktop computer with 
Visual Studio Code installed we prepared 
the necessary environment to setup the 
HS-CNN network, including the Weights & 
Biases (W&B) platform for logging, visualizing, 
and analyzing machine learning experiment. 
This initial setup was used to make all the 
necessary changes to the existing models. 

Using Avocado and Kiwi hyperspectral Images 
samples we run several model ranging from 
classical ML (Machine Learning) such as the 
Support Vector Machine (SVM) algorithms  
used in early classification of hyperspectral 
images to deep learning models such as our  
HS CNN. In total seven models were tested: 
SVM [5], CNN, ResNet-18, ResNet-18-SE 
(Squeeze-and-Excitation), DeepHS-Net, 
DeepHS-Net-SE and SpectralNet [6].

For training purposes, several augmentation 
technics were used such as flip, rotate, noise, 
cut, crop, intensity and color jitter as well 
has different learning rates, batch sizes and 
maximum number of epoch although an early 
stopping method was already in place based  
on the validation loss to prevent over-fitting.  
By default, all training started with batches of 
32, and a learning rate of 0.001.

Although Google Colab is more powerful 
and stable, for testing and troubleshooting 
it doesn’t offer such advanced debugging 
possibilities as any traditional software.

Later, all the code was migrated to Google 
Colab, a cloud based Jupyter notebook  
service provided by Google primarily designed 
for data analysis, machine learning, and 
collaborative research. 

Figure 3 - Development & Testing High Level Architecture
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Obtained Results
For Specim FX 10 hyperspectral samples 
looking at Avocado, and Kiwi, and using 
our HS-CNN, the results were heavily 
satisfactory with values achieving 93,30% 

The results shown in Figure-4 were obtained using the following settings for our HS-CNN model 
which we define has “Modified” model.

for Ripeness for Avocado and 66,67% for 
Kiwi. The INNO-SPEC Redeye didn’t surpass 
the 60% mark on both Avocado and Kiwi.

Figure 4 – Comparison Between UNNOSPEC and SPECIM cameras

Table 2 - HS-CNN Settings - Augmentation Features

Augmentation Features Base Model Modified Model

Color Jitter True True

Random Crop True True

Random Cut True True

Random Flip True True

Random Intensity Scale False True

Random Noise False True

Random Rotate True True
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Other changes include the use of a batch size 
of 64, a learning rate of 0,001 and a maximum 
epoch of 100.

We then proceeded to benchmark all seven 
models using Avocado as a reference to 

understand how they stand with the collected 
hyperspectral images. In this comparison, 
illustrated in Figure-5, the CNN model 
overtakes any other model when tested 
against Avocado samples. 

Figure 5 - Benchmarking Between Deep Learning Networks
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Additional Enhancements
The performance of CNN will only be as  
good had the worst element in the chain.  
In this case, data set shall not be discarded, 
and some tweaking had to be performed 
to gather the best samples. Handling large 
amount of data in particular when it comes 
to Hyperspectral Imaging can be very 
demanding from a resource and  
time perspective. 

Another set of tests were conducted using 
Gray-Level Co-occurrence Matrix (GLCM). 
CNNs are specifically designed to work with 
raw image data, learning features directly 
from the spatial and spectral structures 
within the image. GLCM, on the other 
hand, generates statistical features that 
summarize textures. Integrating these 
two disparate types of data may require a 
thoughtful and complex design.

Hyperspectral images often have high 
dimensionality, and combining these with the 
additional features from GLCM might lead to 
an increased complexity in the input space. 
With our CNN tailored for certain hyperspectral 
image cameras, adaptation is needed so that 
a convolutional concatenation is possible and 
the GLCM feature can be considered. In the 
interest of having better than current results, 
a series of functions were created so that 
this concatenation was possible and could 
contribute as another input to the AI models.

Using spectral library from python, we 
developed an algorithm that goes through 
all bands of the spectrum for all images to 
try identifying and saving the less noisy. The 
results are a visualization algorithm that allows 
us to save the best possible samples while 
also being able to display them for debugging 
purposes, something that was found very 
challenging while using Google Colab. The 
Figure-6 shows an example of such output.

Figure 6 - Hyperspectral Image Visualization (Band 9 - Bad, Band 69 - Average, Band 162 - Good)

Figure 7 - GLCM Model of Operation
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With GLCM, as depicted in Figure-7, 
the additional 25X channels from each 
Hyperspectral Image are enriched with 
4 additional features: Contrast, Energy, 
Dissimilarity and Correlation. These then  
create a tensor which is then concatenated  
with the Hyperspectral tensor for a unique  
set of features.

We successfully integrated Near InfraRed and 
VISual spectrums image samples and

successfully combined these within the 
HS-CNN model. The success of this merge, 
although not fully explored, was more positive 
than expected with the model achieving in 
some cases very close results to the original 
one has displayed in Figure-8 which shows a 
comparison between our base HS-CNN model 
and the modified one with GLCM for the Specim 
FX10 Hyperspectral Camera.

Figure 8 - HS-CNN Model vs GLCM Enabled Model
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Conclusion
Future WorkThis study presented a comprehensive 

system for assessing fruit ripeness using 
hyperspectral imaging and a 2D Convolutional 
Neural Network (CNN) architecture. The 
development of this architecture, carried out 
on Google Colab with GPU support, involved 
the integration of an optimal HyperSpectral 
Image Selector and additional features 
such as the Gray-Level Co-occurrence 
Matrix (GLCM). The evaluation, conducted 
on a dataset comprising various fruits, 
demonstrated the effectiveness of the 
proposed approach.

The article highlights the significance of 
HyperSpectral Imaging (HSI) in capturing 
material properties across a broad 
electromagnetic spectrum, particularly in fruit 
ripeness measurement. The HyperSpectral 
Convolutional Neural Network (HS-CNN) 
model, designed for hyperspectral recordings 
with around 200 channels of wavelengths, 
showed robust performance across different 
fruit types. The research not only adapted the 
AI model to Google Colab but also introduced 
enhancements like the optimal HyperSpectral 
Image selector and GLCM integration.

The dataset, collected from specialized 
hyperspectral cameras, covered the ripening 
process of avocados, kiwis, and other fruits. 
The HS-CNN model, tested alongside other 
machine learning models, demonstrated 
superior performance, achieving satisfactory 
ripeness values for avocados and kiwis.

The article further discusses the model's 
settings, including augmentation features, 
and highlights the importance of data 
preprocessing, especially in handling large 
amounts of hyperspectral imaging data. The 
integration of GLCM, generating statistical 
features to summarize textures, was explored, 
showing promising results in combination 
with hyperspectral data.

In summary, the presented system offers 
a sophisticated solution for fruit ripeness 
assessment, leveraging hyperspectral 
imaging and a tailored CNN architecture using 
Google’s Colab platform.

Hyperspectral imaging emerges as a 
transformative technology with versatile 
applications across industries.  Hyperspectral 
imaging has been applied to a wide range 
of scientific investigations at various 
scales, such as remote sensing, pigment 
determination in biology, medicine, coastal 
ocean imaging, water analysis, agriculture, 
cultural heritage and archaeology, and  
more.[7]
Beyond traditional applications, such as 
agriculture and environmental monitoring, 
we envision leveraging this technology for 
Base Station Tower Inspection in wireless 
communication. By employing hyperspectral 
imaging, we can enhance the efficiency and 
accuracy of tower inspections, ensuring 
optimal performance and reducing 
downtime.
Moreover, considering the rising concerns 
about skin cancer, there is an opportunity 
to integrate hyperspectral imaging for Skin 
Cancer Lesions Detection. The technology's 
ability to analyze subtle spectral variations 
could contribute to early and accurate 
detection, aligning with the broader focus on 
health and well-being.
In the field of mineral exploration, 
hyperspectral imaging can play a pivotal role 
in identifying Mineral Spectral Signatures. 
This not only streamlines mining operations 
but also aligns with the increasing emphasis 
on sustainable and responsible resource 
management.
To further augment our capabilities, the 
integration of LiDAR technologies with 
hyperspectral imaging opens avenues for 
Object Detection and Tracking, Object 
Classification, and Environmental Monitoring. 
The combination of these technologies offer 
a comprehensive solution that aligns with the 
evolving needs of managed services.
By strategically incorporating hyperspectral 
imaging, we position ourselves at the 
forefront of innovation, providing tailored 
solutions that not only meet current 
requirements but also anticipate and address 
future challenges in diverse industries.
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