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A B S T R A C T   

Fruit ripeness estimation models have for decades depended on spectral index features or colour-based features, 
such as mean, standard deviation, skewness, colour moments, and/or histograms for learning traits of fruit 
ripeness. Recently, few studies have explored the use of deep learning techniques to extract features from images 
of fruits with visible ripeness cues. However, the blackberry (Rubus fruticosus) fruit does not show obvious and 
reliable visible traits of ripeness when mature and therefore poses great difficulty to fruit pickers. The mature 
blackberry, to the human eye, is black before, during, and post-ripening. To address this problem, this paper 
proposes a novel multi-input convolutional neural network (CNN) ensemble classifier (MCE) for detecting subtle 
traits of ripeness in blackberry fruits. The multi-input CNN was created from a pre-trained visual geometry group 
16-layer deep convolutional network (VGG16) model trained on the ImageNet dataset. The fully connected 
layers were optimized for learning traits of ripeness of mature blackberry fruits. The resulting model of about 
600 K trainable parameters served as the base for building homogeneous ensemble learners t ensembled using 
the stack generalization ensemble (SGE) framework. The input to the network are images acquired with a stereo 
sensor using visible and near-infrared (Vis-NIR) spectral filters at wavelengths of 700 nm and 770 nm. Through 
experiments, the proposed model achieved 95.1 % accuracy on unseen sets and 90.2 % accuracy with in-field 
conditions. Further experiments reveal that machine sensory is highly and positively correlated to human sen-
sory over blackberry fruit skin texture   

1. Introduction 

The blackberry fruit belongs to the class of soft fruits which is native 
to Europe, Asia, North, and South America.1 The word ‘soft’ or ‘hard’ in 
relation to fruits implies the storage requirements and shelf life of the 
fruit. Soft2 fruit examples, such as raspberry, blackberry, strawberry, 
and blueberry, usually require delicate handling and have a short shelf 
life compared to hard fruits2 like banana, apple, mango, or dragon fruit. 
It is also worth noting that soft fruits are generally considered non- 
climacteric or ethylene insensitive, so it is not possible to pick them 

unripe and schedule their ripening after a period of storage like it is 
possible with hard fruits. In 2018, in the United Kingdom alone, the 
market value of soft fruits was estimated at £670 million,2 which in-
dicates that there is an established and growing number of soft fruit 
consumers. Demand for soft fruit has risen, likely in part due to the 
promotion of eating healthy foods and the benefits of eating fruits rich in 
antioxidants (Zanini et al., 2015), and consumers expect excellent taste 
and quality. Typically, consumers associate the taste and quality of soft 
fruits with ripeness. Soft fruits, particularly blackberries, are best 
enjoyed when perfectly ripe. However, due to changes in growing 
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conditions and seasons, and the ripeness traits hidden in a mature 
blackberry (Mikulic-Petkovsek et al., 2021), it is difficult to visually 
differentiate between a mature ripe berry from a mature unripe berry at 
the point of picking from the plant. During the picking process, pickers 
need to make the decision on the berry to pick within approximately 3 s 
by evaluating the colour appearance and the size of the drupelet. This 
impacts growers’ ability to meet market needs and expectations. To 
measure the ripeness and overall quality of blackberries, many growers 
carry out sampling and targeted assessments on their harvested crop, 
testing samples for firmness, sweetness, and flavour (Cockerton et al., 
2020), and/or a biochemical analysis to measure the contents of sugar 
and organic acids (Mikulic-Petkovsek et al., 2021). The former is based 
on subjective sensory evaluation, while the latter is based on objective 
laboratory assays, which are more accurate but quite labour-intensive. 
Both types of measures can only evaluate a small subset of the har-
vested crops and are destructive, thus adding to food waste. 

Fruit ripeness estimation using non-destructive techniques is a well- 
researched area that has advanced from pure computational processes 
(Polder et al., 2002; Sinelli et al., 2008; Li et al., 2018; Beghi et al., 2013; 
Shah et al., 2020) to processes enhanced by intelligence. For example, 
(El-Bendary et al., 2015; Hamza and Chtourou, 2018; Sabzi et al., 2019). 
Other examples with ready tools for in-field usage are (Cho et al., 2020; 
Gutiérrez et al., 2019; Simonyan and Zisserman, 2014). 

Computational processes of ripeness estimation include methods that 
investigate and analyse fruit ripeness using Vis-NIR imaging and have 
utilized spectral indices (features) from fruit images to estimate ripe-
ness. This has been the line of study in fruit ripeness assessment for many 
years now. Polder et al. (2002) acquired images at 257 spectral bands 
which were averaged to obtain wavelengths of 396 nm and 736 nm 
corresponding to the ripeness stages of tomatoes. Using spectral features 
to train a linear discriminant analysis (LDA) model, they were able to 
show that spectral features reduced the classification error from 51 % 
(with RGB features) to 19 %. Sinelli et al. (2008) utilized near-infrared 
(NIR) spectroscopy to examine blueberry ripeness. Using partial least 
squares (PLS) regression algorithms, they showed that spectral features 
correlated with ripeness. Li et al. (2018) used two hyperspectral cameras 
covering the wavelength range between 600 and 1700 nm and applied 
multivariate statistical analysis to predict the fruit quality attributes 
including, firmness, colour, and soluble solid content which achieved 
good performance in fruit ripeness estimation. Beghi et al. (2013) ac-
quired blueberry images in field settings using spectral bands from 445 
nm to 970 nm. Using PCA, two spectral wavelengths, 680 nm, and 740 
nm were identified to correlate with ripe and near ripeness, respectively. 
The spectral features were further used to create a blueberry ripeness 
index which was integrated into the design of a micro-controller-based 
handheld optical device for assessing ripeness level. Several other 
studies can be found in the review work by Shah et al. (2020). 

Ripeness estimation enhanced by artificial intelligence includes the 
fruit ripeness process researchers have approached by combining Vis- 
NIR or colour space conversion methods with machine learning. Here 
the discussion of the literature will progress from ripeness estimation of 
hard fruits to soft fruits. El-Bendary et al. (2015) converted RGB images 
of tomato fruit to the HSV colour space and extracted moment and 
histogram features which were further combined to form features, for 
discriminating between different levels of ripeness in tomato fruit. Using 
PCA, these features were downsampled and used as input to a support 
vector machine (SVM) classifier. The model achieved 84.30 % and 90.80 
% on one-against-all ripeness levels and one-against-one ripeness levels, 
respectively. Hamza and Chtourou (2018) after applying a segmentation 
algorithm to separate apple fruit from the background image, extracted 
mean, variance, chromaticity, standard deviation, and skewness fea-
tures which were trained using a multi-layered perceptron (MLP). Their 
method achieved a 98.33 % accuracy on the test set. Sabzi et al. (2019) 
also applied a segmentation algorithm to separate foreground apples 
from background images but extracted colour-based features in hue 
saturation and luminance (HSL) channels which were fed as input to an 

MLP classifier that was optimized using genetic algorithms (GAs). The 
classifier was able to classify the apples into their respective classes: 
unripe, half-ripe, ripe, and overripe with an accuracy of 97.88 %. A 
93.02 % classification accuracy was achieved (Castro et al., 2019) by 
combining colour space conversion and ML to cape gooseberry fruit 
classification. They extracted the mean values of RGB images as colour 
parameters and converted them to the L*a*b* colour space. Then, the 
colour features were combined with visual features for training on 
several ML algorithms, of which the SVM emerged as the best model. 
Steinbrener et al. (2019) captured images of different hard fruits using 
16 spectral bands ranging from 470 to 630 nm, which were compressed 
into three-band images. These were further trained on the GoogleNet 
model that was pre-trained on RGB image data to form what they 
referred to as a kernel model. This model achieved accuracies of 96.55, 
88.3 %, 100 %, 97.7 %, and 100 % for apples, avocados, bananas, 
mangoes, and tomatoes, respectively. Cho et al. (2020) argue that 
extracting the colour values in L*a*b* reveals firmness and translates to 
the ripeness of avocado fruit. The L*a*b* values were extracted from 
images of each avocado fruit collected with a smartphone camera and 
used as target values for their support vector regression (SVR) algorithm. 
After training the collected images, the SVR algorithm achieved a root 
mean squared error (RMSE) of 7.54. Worasawate et al. (2022) investi-
gated the ability of ML algorithms to classify mangoes based on fruit 
appearance in terms of average colour and weight along with electrical 
data like capacitance. Of all the ML algorithms compared, the 
feed-forward artificial neural network (ANN) emerged as the best 
model, with an accuracy of 93.6 % for a two-class (ripe, and unripe) 
classification experiment and 89.6 % for a three-class (ripe, overripe, 
and unripe) classification experiment. 

In (Worasawate et al., 2022) images of strawberries were acquired at 
19 spectral bands from 405 nm to 970 nm and principal features were 
extracted using PCA. The resulting features were trained on several ML 
algorithms, and 100 % accuracy was achieved with the SVM classifica-
tion model. Kangune et al. (2019) trained a CNN classification algorithm 
on extracted contour and histogram features obtained from RGB, and 
HSV grapefruit images acquired in the field to classify each fruit as either 
ripe or unripe. Steinbrener et al. (2019) extended their study to include 
different soft fruits and achieved ripeness accuracies of 100 % for both 
strawberries and grapes. Similarly, Gao et al. (2020) captured images of 
strawberry fruits using spectral bands ranging from 370 nm to 1015 nm. 
The spectral wavelengths of 530 nm and 528 were identified to clearly 
define bands of early ripe and ripe strawberries in the field and lab, 
respectively. Using PCA, they extracted three principal components and 
combined them as a three-channel image for detecting early ripe and 
ripe strawberries. These were further processed by training on an 
AlexNet model, pre-trained on the RGB ImageNet dataset, and achieved 
98 % and 100 % for field and lab-collected images, respectively. Simi-
larly, SVM and PCA were combined in Liu et al. (2014) for achieving 
100% accuracy in ripeness classification of multispectral strawberry 
images acquired at wavelengths in the range of 405–970 nm. In (Raj 
et al., 2022) they extracted spectral signatures related to strawberry fruit 
ripeness using a narrowband hyperspectral spectroradiometer. Using the 
spectral reflectance images as input to an SVM classifier, the proposed 
model was able to discriminate between ripe and unripe strawberries 
and achieved 98.2 % accuracy. 

Other research works such as (Saranya et al., 2021; Miragaia et al., 
2021) applied DL algorithms directly to RGB images to estimate the 
ripeness levels of fruits. In (Saranya et al., 2021), a CNN architecture was 
used to classify bananas into ripe, partially ripe, ripen, and overripe 
classes and achieved a 96.14 % accuracy on the test set. Miragaia et al. 
(2021) captured images of plum fruit in the field, cropped them to focus 
on the fruit of interest, and trained on the AlexNet model pre-trained on 
the ImageNet with modifications made to the dense layers. The proposed 
method in (Miragaia et al., 2021) was able to differentiate between three 
varieties of plums and classify them based on their levels of ripeness 
with a 92.83 % accuracy. 
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Some studies have extracted spectral indices generated by averaging 
pixels in each segmented fruit region. Others extracted colour-based 
features, such as mean, standard deviation, and skewness values of in-
tensity, colour moments, and/or histograms for training a classifier. The 
colour-based features are best established using laboratory-controlled 
images, given that stability is more likely to be achieved under such 
structured conditions rather than in field settings. The ripeness estima-
tion models which used images captured in the visible range (Saranya 
et al., 2021; Miragaia et al., 2021; Raj et al., 2022) achieved good ac-
curacies. Particularly, the high-performance accuracies of Vis-NIR im-
ages Gao et al. (2020), have shown they are better at overcoming the 
rigorous processes of extracting spectral features or visible colour-based 
features in the form of indices. Even though these lines of thought pre-
sent a promising direction for fruit ripeness estimation, neither visible 
range captured images nor colour-based features are suited to the 
challenges that mature blackberry fruit presents. The traits of ripeness in 
blackberry fruits at a mature stage are very subtle and cannot be dis-
cerned at the visible range. Therefore, it is necessary to explore the 
analysis of spectral images to advance the research in fruit ripeness 
assessment. The significance of spectral images compared to spectral 
indices has been shown by (Hong et al., 2023) to be substantially ad-
vantageous in spectral analysis, though for remote sensing downstream 
tasks such as single/multi-label pixel-wise scene classification, semantic 
segmentation, and change detection. 

This paper proposes a non-destructive approach to in-field black-
berry ripeness assessment by utilizing the capability of hyperspectral 
imaging and deep learning for detecting the traits of ripeness in a mature 
blackberry fruit under in-field conditions. The former involves the uti-
lization of a line-scanning hyperspectral camera covering wavelengths 
ranging from 600 nm to 975 nm to experimentally determine the 
spectral wavelengths that best capture the reflectance characteristics of 
ripeness in mature blackberry fruit. This is to be used for acquiring 
images at the determined wavelengths instead of exploring the spectral 
indices of ripeness. The latter comprises the design of a novel multi- 
input CNN ensemble classifier that is capable of learning the intrinsic 
ripeness characteristics of mature blackberry fruit images. The multi- 
input CNN ensemble model optimises the fully connected layers of the 
VGG16 architecture pre-trained on the ImageNet dataset and serves as a 
base for the ensemble learners. The homogeneous ensemble learning 
with stack generalization ensemble (SGE) framework is explored. To the 
best of our knowledge, this is the first study to investigate automated 
ripeness detection of blackberry fruits, and in a field environment. This 
paper’s contributions includes:.  

• Customizing a stereo camera lens to filter light at wavelengths 
determined via analysis of acquired on-farm hyperspectral images. 

• Design of a novel multi-input CNNvgg16 ensemble (MCE) architec-
ture that adapts pre-trained weights to extract features that represent 
ripeness characteristics of mature blackberry fruits acquired at 
determined wavelengths. By optimising the fully connected layers of 
the network, their concatenated features are leverage for building a 
homogenous ensemble learners’ base model. Using a meta-learning 
algorithm within an SGE framework, the prediction results of each 
learner are leveraged for predicting the final class of a mature 
blackberry fruit, as ripe or unripe. The proposed model offers a new 
insight into fruit ripeness.  

• Adoption of a qualitative statistical method, like Pearson correlation 
to analyse the strength of correlation between the machine sensory 
and human sensory in fruit ripeness estimation. 

The rest of this paper is organized as follows. The proposed meth-
odology is presented in Section 2 and Section 3 is the experimental 
settings. Section 4 presents the experimental results and discussions 
while Section 6 concludes the paper. 

2. Materials and methods 

2.1. Data collection 

The experimental dataset consists of blackberry fruits acquired from 
two commercial blackberry farms located in the UK – one is the Wind-
mill Hill Fruits Ltd in Herefordshire (52.0564◦ N, 2.7160◦ W), UK, while 
the other is the Clockhouse Farm in Kent (41.71◦N 73.48◦W), UK. In this 
paper, these farms are identified as Farm-A and Farm-B, respectively. To 
select the spectral wavelengths that correspond to ripeness levels of 
blackberry fruit, the categories of raw (0), unripe (1), near ripe (2), ripe 
(3), and overripe (4) blackberry fruits are sampled and imaged using the 
IMEC Ltd (Gent, Belgium) line scanning hyperspectral camera which 
covered wavelengths from 600 nm to 975 nm. The camera operated 
under spatial resolution of 2048xlength and spectral resolution less than 
10 nm. The camera was set-up inside a stainless frame with six 12 Watts 
tungsten halogen lamps. Since this was a laboratory-driven experiment, 
the variability in spectral reflectance due to environmental factors 
(Hong, et al., 2018) remained unknown. It can be argued that if a fruit 
ripeness assessment model is capable of disentangling ripeness in an 
image of a blackberry fruit from constituent noise due to spectral vari-
ability, then the effect can be negligible. This is based on the fact that 
though the spectral variability introduces a decrease in reflectance 
spectra, the spectral wavelength remains the same as is seen in (Hong, 
et al., 2018). However, steps were taken to ensure only the blackberry 
fruit reflectance is considered. After imaging, subsequent processing 
include segmention to eliminate background noise which is preceeded 
by averageing of the intensities of the segmented berries to generate 
ripeness reflectance spectrumthrough a process termed linear mixing. 
Fig. 1 shows a significant difference in spectral reflectance of blacberry 
ripeness which ranges from 600 nm to 850 nm with the most significant 
from 700 nm to 850 nm. The ripeness characteristics of mature black-
berry fruits, near ripe (2) and ripe, show close reflectance characteristics 
over the spectral bands, even at near-infrared bands. However, a striking 
difference in the ripeness characteristics can be observed at a wave-
length of 770 nm. Therefore, this paper explores the near-infrared 
spectral wavelength that best reflects ripeness characteristics and a 
visible spectral wavelength to maximize their respective cues for 
detecting ripeness in mature berries. 

To acquire images in the Vis-NIR (bispectral images) wavelengths, an 
Arducam synchronized stereo 12 MP camera is fitted with filters at 
spectral wavelengths of 700 nm and 770 nm, respectively. The stereo 
cameras worked in synchrony, as can be seen in Fig. 2. Fig. 2 shows the 
on-farm use of the stereo camera, and its resulting image is a horizon-
tally aligned and placed side-by-side to each other. Since the challenge 
for pickers is discerning between a mature ripe berry and a mature 
unripe berry or over-ripe berry, only the mature berries were captured. 
The mature ripe berry implies blackberry fruits that show the appear-
ance and colour of a ripe berry and taste sweet, whereas the mature 
unripe berry implies blackberry fruits that show the same appearance 
and colour of a ripe berry but taste sour. In all, a total of 87 and 214 
blackberry fruit samples were collected from Farm-A and Farm-B, 
respectively. An RGB camera is used alongside the stereo camera for 
performance comparison purposes. 

2.2. Multi-input CNNvgg16 ensemble learner 

A multi-input CNNvgg16 ensemble learner (MCE) is proposed for 
classifying a blackberry fruit as ripe or unripe. This learner combines a 
multi-input CNNvgg16 architecture and ensemble learning. 

2.2.1. Multi-input CNNvgg16 
The multi-input CNNvgg16 architecture proposed in this work is 

structured on the strength of VGG16 (Simonyan and Zisserman, 2014) 
pre-trained on ImageNet. An illustration of the architecture can be 
observed in Fig. 3. The decision to use a pre-trained VGG16 model comes 
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from its performance in comparison to other pre-trained models, such as 
DenseNet (Huang et al., 2017), Xception (Chollet, 2017), InceptionV3 
(Szegedy et al., 2016), and MobileNet (Howard et al., 2017).They are 

chosen based on their complexity and depth. As observed through the 
experimental results in Table 1 and Fig. 5, the lesser the complexity and 
depth, the better the transferability from the source task to the target 

Fig. 1. Normalised reflectance spectra at different blackberry ripeness levels.  

Fig. 2. On-farm blackberry imaging using multiple-camera mount with a pointer to aid fruit identification. a) stereo camera and RGB camera, b) a horizontally 
aligned image which is a sample of the stereo camera imaging. 

Fig. 3. The proposed multi-input CNNvgg16 classifier for detecting ripeness in blackberry fruits. The input to the network is a pseudo-coloured 32 × 32 × 3 bispectral 
blackberry sample. 
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task. Though the experiment was constrained because it is task-specific, 
the grounds of the empirical analysis suggest the reasons might be 
because the target task is characterized by locally situated and less 
complex objects than the source task, and 2) the target task is of small 
sample size data. A summary of modifications made to the networks is 
presented in Table 1. 

As conventionally done in transfer learning, the learned weights 
generated at the convolutional layers from training VGG16 on the 
ImageNet dataset is frozen. Then through weight update at the fully 
connected (FC) layers, the network is able to learn the discriminative 
features of a mature ripe/unripe blackberry fruit. The VGG16 configu-
ration (Simonyan and Zisserman, 2014) changes with 1) the type of 
input to the network which in this case is the stereo (bispectral) images 
acquired with camera filters set to spectral wavelengths of 700 nm and 
770 nm. It has been shown that knowledge transfer from a domain of a 
different task and image format to another is feasible in transfer learning 
(Olisah and Smith, 2019); 2) the size of the input to the network is 
critical to the design. A 32 × 32 × 3 image size is considered to minimize 

Table 1 
Evaluation of different CNN models for blackberry ripeness detection.  

Model Depth Image Size FC Layer Precision Recall F1-Score Test Accuracy 

DenseNet 242 32 × 32 × 3 N512,256 0.872 0.735 0.772 0.878 
InceptionV3 189 75 × 75 × 3 N256,64 0.808 0.829 0.797 0.829 
Xception 81 71 × 71 × 3 N512,256 0.777 0.683 0.712 0.683 
MobileNet 55 75 × 75 × 3 N512,256 0.873 0.878 0.875 0.878 
Vgg16 16 32 £ 32 £ 3 N1024,1024 0.898 0.902 0.897 0.902  

Fig. 4. Homogenous ensemble of learners with stacking architecture. Using the blackberry fruit dataset, a bootstrap subset is created through bootstrap re-sampling 
with the multi-input CNNvgg16 as base learner. 

Fig. 5. Comparison of pre-trained CNN models performance on blackberry 
ripeness detection. The VGG16 emerged the best. 
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computational cost. The stereo camera introduced a slight positional 
difference, known as stereo disparity, between the berries and 
combining the images in the spatial domain distorts the berries. The 
registration techniques are ineffective in this case because of the varying 
degrees of intensity between the stereo images. Therefore, concatena-
tion of features in the feature space is prefered and it is achieved by a 
downsizing the image; 3) the number of neurons of the FC layers. The 
number of neurons is dynamically determined through stratified k-fold 
cross-validation to ensure the number of neurons in the FC layer is 
capable of learning the ripeness cues of blackberry fruits, and 4) the best 
hyperparameters which. are likewse determined through stratified 
k-fold cross-validation for the best configuration of the network. To 
compile the the multi-input CNNvgg16 training algorithm, the rectified 
linear unit (ReLU) activation function (Agarap, 2018), is preferred 
because it overcomes the vanishing gradient problem. The classification 
layer uses the sigmoid activation function to output values in the range 
[0,1], where values ≥ 0.5 indicate a mature unripe berry and values <
0.5 signify a mature ripe berry. During training, early stopping is com-
bined with model checkpoint to overcome overfitting. Overfitting re-
sults from the inability of the network to learn the relationship of 
significant within-class features, but rather learns the noise in the data. 
Transfer learning can address the overfitting problem, but the trans-
ferability of features decreases with dissimilarity between source task 
and target task (Yosinski et al., 2014). 

2.2.2. Ensemble learning 
With the best-performing hyperparameters, the multi-input 

CNNvgg16 of about 600 K trainable parameters serves as the base 
model for ensemble learning and is henceforth named MCE. This paper 
creates homogeneous ensemble learners, that is, learners that share the 
same learning architecture as depicted in Fig. 4. The concept of 
ensemble learning was first introduced in 1965 (Nilsson, 1965) and has 
gained popularity in the classification task, see for instance (Liu et al., 
2017; Shahhosseini et al., 2021). 

Given blackberry dataset, X→, a bootstrap subset (X∗[1],X∗[2],⋯,X∗[B])

is created through bootstrap resampling (Efron, 1992). This method 
involves resampling (with replacement) from a sample dataset to create 
the bootstrap subsets. Since the base learners were not generated by 
cross-validation, the minority class of the blackberry dataset is over-
sampled using the process of random oversampling (Menardi and Tor-
elli, 2014). Each bootstrap subset is trained using the base learner, 
multi-input CNNvgg16, and is mathematically expressed as: 

Ŷ
∗[i]
L =φ

(
∑

j,k=1
wj,k

(
x∗j,k

[i]
)
+ b

)

i={1, 2,⋯,B}, j={1, 2,⋯, n}, k={1, 2,⋯, n}

(1)  

where xj,k is the jth and kth vectorized bi-spectra samples from a bootstrap 
subset, wj,k represents the weights, b is the bias and φ is the activation 
function. Usually, the outcome, Ŷ , of the base learners, L, for ith boot-
strap subset, should be combined into a single prediction result, hence it 
is important to consider the integration technique applied to the base 
learner’s prediction. 

Several base learners’ integration techniques exist, including 
bagging, boosting, and stacking (Sewell, 2008). The bagging method 
assigns equal weight to all base learners’ predictions, while the boosting 
method adjusts the weight of the training data of a prior base learner to 
improve on the prediction of a subsequent base learner. However, if a 
preceding base learner poorly performs, the performance of subsequent 
base learners cannot be guaranteed. Even though the multi-input 
CNNvgg16 architecture is optimized, which makes it appropriate for 
bootstrapping, the stacked generalization ensemble (SGE) framework, 
proposed by Wolpert in 1992 (Wolpert, 1992), is adopted. SGE combines 
the predictive accuracy of base learners to create a more powerful pre-
dictive ensemble learner. The SGE framework works by stacking the 

prediction results of base learners as feature vectors and uses a 
meta-learning algorithm to make a single prediction that is expected to 
outperform any of the base learner’s predictions. The meta-learning 
algorithm used is the logistic regression algorithm, and the process is 
mathematically expressed as: 

Ŷ E =
1

1 + e− (β1 Ŷ∗[i]
L +β0)

(2)  

where Ŷ∗[i] is a column feature vector with each column representing a 
base learner’s, L prediction, β1 is the regression coefficient of the feature 
vectors estimated using a method generally known as maximum likeli-
hood estimation, β0 is the intercept of the feature vectors, and Ŷ is the 
outcome of the ensemble learner, E. 

3. Experimental settings 

3.1. Dataset 

The blackberry fruit dataset comprises of blackberries assessed sub-
jectively through fruit quality assessment, with and without an expert 
assessors. . The expert assessors involvement at some point in the data 
collection is to analyse the performance of machine sensory, MCE, in 
comparison to the human sensory. Therefore, the following question is 
posed: Can the proposed blackberry ripeness detection algorithm 
differentiate between a mature ripe and unripe berry with comparable 
performance to laboratory-level fruit quality assessment based on 
human sensory evaluation? If the proposed blackberry ripeness detec-
tion algorithm performs comparably in the field or outperforms 
laboratory-level fruit quality assessment, then blackberry growers will 
be able to overcome the need to transport blackberries to the laboratory 
and can minimize the number of mature unripe blackberries making 
their way to the market. 

In all, the blackberry fruit images in RGB and bispectral formats from 
Farm-A and Farm-B used for the experiments are labelled as follows, 
FARGB, FBRGB, FAbispec, and FBbispec, and comprises of a total of 87, 97, 
82, and 119 samples, respectively. Their combination is labelled as FA +
BRGB and FA + Bbispec with a total of 187 (148 ripe and 39 unripe) and 
201 samples (164 ripe and 37 unripe), respectively, and split into 164 
and 37 for the class of mature unripe berries. The bispectral and RGB sets 
are cropped to the blackberry of interest and resized. To improve the 
contrast of berries captured at a spectral wavelength of 770, the histo-
gram equalization technique is applied. It should be noted that the 
assessment of the blackberry samples from Farm-A are without fruit 
quality expert involvement, while blackberry samples from Farm-B 
required assessment by fruit quality experts. The reason the total num-
ber of samples used for the experiment differs from the total number 
collected from both farms is due to the following:  

i. A visible unripe appearance – images of a berry that show visible 
unripe attributes such as a presence of green or red colour are 
disregarded because such berries are not yet mature and there-
fore are outside the scope of the project.  

ii. Motion blur – images were acquired during the harvesting season 
as pickers were harvesting. This resulted to some images being 
greatly affected by motion blur due to camera movement. For this 
reason, these images were discarded.  

iii. No reference berry – these are samples the pointer showed no 
reference berry. 

3.2. Classifier evaluation and optimization 

The experimental scenarios for evaluating the proposed algorithm 
are comprehensively presented as follows: 1) classification experiments 
on FARGB, FBRGB, FAbispec, and FBbispec, FA + BRGB, and FA + Bbispec using 
our multi-input CNNvgg16 classifier without optimization, 2) 
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Classification experiments on FA + Bbispec using our multi-input 
CNNvgg16 classifier with optimization, 3) Classification experiments on 
FA + Bbispec using the optimized multi-input CNNvgg16 with ensemble 
learning, and 4) proposed machine learning-based ripeness detector 
versus laboratory level fruit quality assessment using FBbispec. For each 
scenario, the data is split into training, validation, and testing sets in the 
ratio of 60:20:20. The performance metrics are weighted precision, 
weighted recall, weighted f1-score, and accuracy. Accuracy computes 
the ratio of correct prediction of mature ripe and unripe blackberries to 
the total number of mature blackberries. Weighted precision finds the 
ratio of mature ripe blackberries correctly predicted by computing the 
weighted percentage of true positives, (TP), for each class to the number 
of mature blackberries predicted, (TP), and false negative (FP), as 
mature ripe ones. Weighted recall finds the ratio of the number of 
mature ripe blackberries correctly predicted by computing the weighted 
percentage of true positives, (TP), for each class to the number of mature 
ripe blackberries comprising (TP) and false negatives (FN). The 
weighted f1-score is computed as the weighted average of weighted 
precision and weighted recall. These are mathematically expressed as 
follows. 

Accuracy=
TP + TN

TP + FP + TN + FN
(3)  

Precisionw =
TPweighted

TP + FP
(4)  

Recallw =
TPweighted

TP + FN
(5)  

F1 − scorew = 2 ∗

[(
Recallweighted ∗ Precisionweighted

)

Recallweighted + Precisionweighted

]

(6) 

The stratified random sampling cross-validation method is adopted 
for splitting of FARGB, FBRGB, FAbispec, and FBbispec, and FA + BRGB, FA +
Bbispec data into training, validation, and test sets. This method is for 
addressing the class imbalance between mature ripe and unripe black-
berry samples and to ensure that a balanced class ratio is maintained for 
each split. The optimization experiment uses the grid search algorithm 
for fine-tuning hyperparameters of the multi-input CNNvgg16 classifier 
with the stratified k-fold cross-validation method. Given that the pro-
posed classifier is of a multi-input structure, the grid search with a 
stratified k-fold cross-validation approach is implemented differently. 
For each experiment with a hyperparameter, other hyperparameters 
remain unchanged, then a discrete grid of hyperparameter values is set 
such that the stratified k-fold cross-validation method is implemented 
for each value of the grid. Using the stratified k-fold cross-validation 
method, the data is divided into k subsets to ensure that the class ratio 
remained the same in each fold - a fold for testing and the remaining k-1 
(k = 10) folds for training and validation. The performance of a 
hyperparameter is evaluated by averaging the results obtained in each k- 
1 experiment, then the process is repeated for a different value of the 
hyperparameter in the grid. In this paper, the fine-tuned hyper-
parameters are the number of neurons in the FC layer, optimization 
functions, batch size, and epoch. The descriptions and value settings of 
these hyperparameters, as used in the experimental scenario (1) for the 
combined dataset, are presented in Table 2, while the hyperparameters 
for the experiment scenario (2) are provided alongside their results in 
Table 4. 

4. Experimental results and discussion 

Experiments were carried out in the order of the experimental sce-
narios and therefore results, and discussions, are reported accordingly. 

4.1. Multi-input CNNvgg16 classifier without optimization 

The results of applying the multi-input CNNvgg16 classifier on the 
FARGB, FBRGB, FAbispec, FBbispec, FA + BRGB, and FA + Bbispec, respec-
tively, are presented in Table 3 and Fig. 6. It can be observed in Table 3 
and Fig. 6 that the multi-input CNNvgg16 classifier which takes as input 
the bispectral images of a blackberry fruit acquired at two spectral 
wavelengths, 700 and 770 nm, can detect the ripeness of mature 
blackberry fruits than the RGB images from Farm-A and Farm-B. The 
average level of performance of the RGB-based model for both indi-
vidual and combined Farm-A and Farm-B datasets is not surprising 
because mature ripe and unripe blackberry fruits are not visually 
discernible from each other. 

The multi-input CNNvgg16 model can be observed in Table 3 to overfit 
to FARGB and FBRGB training sets, but it is addressed with more examples 
of ripe and unripe class when the combined FA + BRGB data set is used. 
However, accuracy remained a little above average and skewed toward 
the ripe class. On the other hand, a stable performance is observed with 
FAbispec and FBbispec data sets. The 6.9 % increase in accuracy achieved 
with the FBbispec set might be because the samples from Farm-B were 
subjectively assessed by expert fruit assessors and therefore were more 
correctly labelled. 

With the bispectral combined dataset, FA + Bbispec, the multi-input 
CNNvgg16 achieved 90.2 % accuracy. However, precision and recall 
present interesting accuracies, which are 90.2 % and 89.8 %, respec-
tively. Given that the mature unripe berries constitute about 20 % of the 
set and the remaining 80 % for the mature ripe berries, both metrics are 
useful for evaluating the model’s performance. The precision gives more 
insight into the performance of the model on the unripe class, while the 
recall on the ripe class. A 90.2 % recall shows the model correctly 
classified the ripe class, and a precision value of 89 % shows the model 
performed equally well on the unripe class. It should be noted that the 
true class was assigned to the unripe blackberry fruits and the ripe 
blackberry fruits, the negative class. This ordering was automatically 
defined by the order of the sample folders, but does not in any way affect 
the result of the model. Overall, it can be concluded that the spectral 
filters of wavelengths, 700 nm, and 770 nm, are useful for uncovering 
the hidden ripeness features of mature berries. 

Table 2 
The multi-input CNNvgg16 classifier hyperparameters.  

Hyperparameter Description Initial 
Values 

FC Layer The fully connected (FC) layer defines the 
number of neurons connected to each input 
from the last convolutional layer of the pre- 
trained VGG16 network for the weights of the 
target task to be learned. 

N1024,1024 

Optimization 
Function 

An algorithm that minimizes the loss function 
of the network during training. 

Adam 

Batch Size The number of samples utilized in one 
iteration. 

10 

Epoch Defines the number of passes made through the 
entire training dataset during training. 

20  

Table 3 
The ripeness detection performance of the multi-input CNNvgg16 classifier on 
different farm datasets.  

Data Set Precision Recall F1- 
Score 

Train Accuracy Test Accuracy 

FArgb 0.556 0.556 0.556 0.783 0.556 
FBrgb 0.700 0.700 0.700 0.974 0.699 
FAbispec 0.882 0.824 0.827 0.985 0.824 
FBbispec 0.889 0.893 0.889 0.938 0.893 
FA + Brgb 0.623 0.789 0.696 0.792 0.789 
FA + Bbispec 0.898 0.902 0.897 0.963 0.902  
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4.2. Multi-input CNNvgg16 classifier with optimization 

The multi-input CNNvgg16 hyperparameters are optimized through 
grid search and stratified k-fold cross-validation. The hyperparameter, 
its corresponding values and performance across different metrics, are 
presented in Table 4 and discussed in subsequent paragraphs. It should 
be noted that the best value of each hyperparameter, based on the 
performance metrics - precision, recall, and f1-score, feeds into the 
multi-input CNNvgg16 for computing the next hyperparameter. 

To determine the best hyperparameters for the FC layers of the multi- 
input CNNvgg16 classifier, the experiments included fine-tuning the FC 
layers to, 1) have the same number of neurons at each FC layer, and 2) to 
vary the number of neurons of the second FC layer while keeping con-
stant the number of neuron in the second FC layer. It is interesting to 
observe from the experiments that expanding the feature space at the FC 
layer to twice its input size increased the proposed model’s discrimi-
native capability. The best results were recorded across the performance 
metrics of train accuracy, test accuracy, precision, recall, and F1-score as 
highlighted in Table 4. The obvious logical explanation might be twice- 
in-size increases the significance of relevant features. However, with 

varying-size FC layer, that is,the first FC layer equalled the size of the 
input to the layer, and the second FC layer is half its size, higher results is 
observed across all the performance metrics. By comparison, the preci-
sion and test accuracies of the twice-in-size FC layer are 92.1 % and 91.5 
%, and the varying-size FC layer are 92.3 % and 91.7 %, respectively. 
The varying-size FC layer feeds into the multi-input CNNvgg16 architec-
ture for obtaining the next best hyperparameter because it performed 
better by 0.2%. 

To determine the best optimization function for the multi-input 
CNNvgg16, experiments included comparing several optimization func-
tions. They are the Adam optimizer (Kingma and Ba, 2014), stochastic 
gradient descent SGD (Sutskever et al., 2013), and adaptive gradient 
AdaGrad (Duchi et al., 2011) optimization functions with their learning 
rate set to 0.01, 0.01, 0.001, and 0.001, respectively. Adam being a 
second-order optimizer uses two exponential decay rates which are set 
to 0.9 and 0.999 for the first and second moments, respectively. The 
Adam optimizer performed better in comparison to the SGD and Ada-
Grad optimizers with a 91.50 % precision. The AdaGrad showed the 
least performance because it is particularly suited to sparse data. 

Using the Adam optimizer, the values of 16 and 40 for batch size and 

Table 4 
The Multi-input CNNvgg16 hyperparameter optimization evaluation. The best hyperparameter feeds into the next experiment.  

Hyperparameter Value Precision Recall F1-Score Train Accuracy Test Accuracy 

FC Layer N256,256 0.910 ± 0.048 0.905 ± 0.051 0.893 ± 0.061 0.959 ± 0.039 0.905 ± 0.048  
N512,512 0.913 ± 0.044 0.900 ± 0.056 0.888 ± 0.064 0.961 ± 0.032 0.900 ± 0.053  
N1024,1024 0.921 ± 0.041 0.917 ± 0.038 0.911 ± 0.043 0.968 ± 0.029 0.915 ± 0.049  
N2048,2048 0.920 ± 0.035 0.909 ± 0.042 0.899 ± 0.056 0.964 ± 0.024 0.895 ± 0.048  
N256,256 0.883 ± 0.099 0.898 ± 0.060 0.882 ± 0.079 0.961 ± 0.048 0.898 ± 0.058  
N512,256 0.923 ± 0.048 0.922 ± 0.043 0.914 ± 0.048 0.973 ± 0.017 0.917 ± 0.037  
N1024,256 0.887 ± 0.096 0.900 ± 0.052 0.887 ± 0.073 0.963 ± 0.049 0.888 ± 0.043  
N2048,256 0.876 ± 0.087 0.887 ± 0.045 0.873 ± 0.064 0.961 ± 0.048 0.900 ± 0.039 

Optimization Function Adam 0.915 ± 0.056 0.913 ± 0.054 0.910 ± 0.034 0.970 ± 0.029 0.915 ± 0.060  
SGD 0.872 ± 0.084 0.876 ± 0.044 0.845 ± 0.069 0.927 ± 0.043 0.876 ± 0.041  
AdaGrad 0.799 ± 0.105 0.826 ± 0.017 0.764 ± 0.037 0.861 ± 0.022 0.827 ± 0.017 

Batch Size 4 0.909 ± 0.049 0.907 ± 0.044 0.899 ± 0.049 0.972 ± 0.018 0.907 ± 0.042  
6 0.903 ± 0.049 0.902 ± 0.047 0.893 ± 0.056 0.963 ± 0.033 0.902 ± 0.045  
8 0.910 ± 0.052 0.907 ± 0.049 0.897 ± 0.058 0.966 ± 0.038 0.807 ± 0.047  
10 0.902 ± 0.058 0.897 ± 0.057 0.890 ± 0.067 0.966 ± 0.028 0.897 ± 0.053  
12 0.909 ± 0.054 0.905 ± 0.051 0.893 ± 0.059 0.963 ± 0.031 0.910 ± 0.048  
14 0.903 ± 0.054 0.900 ± 0.053 0.888 ± 0.063 0.965 ± 0.032 0.900 ± 0.051  
16 0.918 ± 0.056 0.917 ± 0.054 0.911 ± 0.057 0.975 ± 0.018 0.917 ± 0.051 

Epoch 20 0.909 ± 0.053 0.907 ± 0.047 0.903 ± 0.050 0.971 ± 0.032 0.902 ± 0.048  
40 0.957 ± 0.026 0.954 ± 0.029 0.949 ± 0.036 0.980 ± 0.016 0.919 ± 0.046  
60 0.898 ± 0.039 0.893 ± 0.035 0.879 ± 0.043 0.961 ± 0.029 0.893 ± 0.033  
80 0.955 ± 0.032 0.951 ± 0.035 0.945 ± 0.042 0.948 ± 0.058 0.885 ± 0.053  
100 0.923 ± 0.054 0.919 ± 0.048 0.914 ± 0.078 0.964 ± 0.028 0.907 ± 0.032  

Fig. 6. The Multi-input CNNvgg16 performance on different farms, Farm-A and Farm-B, datasets.  
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epoch, respectively, were determined to be the values to best update the 
weights of the network towards a global minimum. Across the batch size 
and epoch experiments, the highest scores of 91.80 % and 95.70 %, and 
91.70 % and 91.90 %, were observed for precision and test accuracy. . 

4.3. Ensemble learning with optimized multi-input CNNvgg16 

The MCE model performance can be observed in Fig. 7, Fig. 8 and 
Table 5. The MCE model achieved a 95.10 % accuracy on the test set, as 
can be observed in Table 5 which is a 2.8 % increase in performance to 
the optimized multi-input CNNvgg16 model. Using area under the curve 
(AUC) and precision-recall curve as shown in Fig. 7, the performance of 
MCE under class imbalance further confirms that the stratified random 
sampling cross-validation used for building the base model addresses the 
class imbalance problem. Further, experiment is extended to investigate 
the impact of unforeseen on-farm environmental factors on MCE model. 
This is motivated by 1) the varying view angles of the blackberry fruit 
during harvesting, 2) change in fruit picker viewpoint relative to the 
fruit position, and 3) changes in environment lighting due to weather 
conditions (cloudy, sunny, or rainy) or time of day. These factors were 
modelled using augmentation techniques such as rotation, zoom, and 
brightness and are significant towards validating the model’s capability 
to withstand unforeseen environmental factors. With a 10◦ rotation, 0.2 
to 1.0 zoom values, and 0.2 to 0.1 brightness values, MCE achieved a 
performance accuracy of 90.2 % as can be observed in Fig. 8. Even 
though the complexity of the environmental factors decreased the ac-
curacy of the model, it is still above 90 %. 

Further evaluation includes visualising MCE performance using the 
confusion matrix. Likewise, the model’s performance in the presence of 
environmental factors, as investigated using the augmentation tech-
niques, is visualised using the confusion matrix. The MCE without 
augmentation is presented in Fig. 9 (a) and with augmentation in Fig. 9 
(b-c). The confusion matrix reveals the impact the environmental factors 
have on the proposed model’s performance. 

4.4. Human ripeness detection vs machine ripeness detection 

Humans have evolved very sensitive and specialized sensory organs, 
which give them the ability to test fruit quality through a process called 
sensory evaluation. This innate ability can be further trained, and 
detailed sensory evaluation can be carried out by expert panels who are 

adept at using sensory attributes such as odour, flavour, taste, and 
texture/appearance to describe and quantify fruit quality attributes. 
Typically, most blackberry fruit growers would subject some of the 
harvested berries in any given pick throughout the season to some de-
gree of organoleptic evaluation to ensure that the berries meet consumer 
requirements. Additionally, Brix is usually measured internally and by 
or at the request of retailers. In this paper, expert sensory evaluations 
assessed berries sampled from Farm-B. The evaluation involved a 
trained evaluator who measured berry fruit quality using sensory attri-
butes and a scoring system as follows: shininess (1 = dull, 5 = shiny), 
uniformity of colour (1 = uneven, 5 = even), firmness (1 = soft, 5 =
firm), skin strength (berry skin broken after manipulation = Y/N), flavor 
(1 = aromatic, 5 = poor), sweetness (1 = sweet, 5 = sour), texture (1 =
melting, 5 = crunchy), and human colour ripeness (0 = green, 1 = red, 2 
= black but underripe, 3 = fully ripe, 4 = overripe). Based on these 
factors, the human ripeness decisions are recorded as human ripeness in 
Table 6. 

The machine does not have all the sensory organs as the human, but 
it tries to compensate for it by maximizing what resembles the visual 
senses using MCE. This is to enable it to learn characteristics of the 
blackberry fruit such as points, lines, edges, textures, shapes, and a 
combination of other factors that correlates to ripeness. To be able to 
compare machine sensory to the human, the confidence score obtained 
through evaluating the MCE is used because it measures how confident 
the model is in its prediction of a given class. There are two classes, ripe 
and unripe, which are represented as 0 and 1. Each blackberry fruit is 
labelled under target according to human ripeness, as given in Table 6. 

To qualitatively analyse the MCE performance, the Pearson corre-
lation matrix is observed for MCE confidence against the human sensory 
variables. As can be observed in Fig. 10, it is evident that the machine 
sensory is highly and positively correlated to the human sensory eval-
uation over blackberry fruit texture. A detailed analysis, using Table 6, 
shows that the texture scores of berries vary with ripeness levels. For 
example, the machine reached a 99 % confidence score for an unripe 
berry with a texture score of 5 and a ripeness level of 1.5. Additionally, 
the human classified one of two unripe berries with texture scores of 4, 
to be ripe and the other unripe. However, the machine considered both 
berries to be of different unripe degrees with confidence scores of 78.48 
%, and 96.85 %. Machines are designed to complement human efforts in 
automation and outperform humans in a task requiring efficiency. The 
MCE model demonstrated this capability in two ways. Berries 3D9262 

Fig. 7. Evaluation of MCE performance under class imbalance using AUC (a) and precision-recall curve (b).  
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and 976122 were labelled unripe based on their human ripeness scores, 
however, the machine considered them to be near-ripe by confidence 
scores of 2.49 % and 1.09 %, respectively. Another scenario where the 
human scored a berry, 7DE558, as ripe, the machine classified it to be 
unripe with a 96.85 % confidence score. 

5. Conclusion 

The traits of ripeness of mature blackberry (Rubus fruticosus) fruits 
are very subtle and renders the task of visual assessment of mature 
blackberry difficult for growers and pickers. Therefore, this paper pro-
posed a novel multi-input CNN designed from a VGG16 model pre- 
trained on the ImageNet dataset, and the fully connected layers were 
optimized for learning and served as the base model for ensemble 
learning. The ensemble learning comprised homogeneous ensemble 
learners and their predictions were ensembled using the SGE framework 
for meta-learning in order to classify a blackberry fruit image as ripe or 
unripe. The input to the classifier was the blackberry fruits acquired 
from a stereo sensor with Vis-NIR spectral filters at wavelengths of 700 
nm and 770 nm. This paper presented the first research to investigate 
blackberry fruit ripeness, and the novel multi-input CNN ensemble 
(MCE) classifier proposed in this paper extends the possibilities of 
assessing fruit ripeness using hyperspectral images instead of their 
indices. Through experiments, the proposed model achieved 95.1 % 

Fig. 8. The MCE performance without and with augmentation. The rotation, zoom and brightness transformations test model capability to withstand unfore-
seen challenges. 

Table 5 
Experimental results of the multi-input CNNvgg16 ensemble learner with on-farm 
environmental factors.  

State Precision Recall F1- 
Score 

Test Accuracy 

No augmentation 0.954 0.951 0.948 0.951 
Rotation + Zoom 0.933 0.927 0.919 0.927 
Rotation + Zoom + Brightness 0.913 0.902 0.889 0.902  

Fig. 9. The confusion matrix of MCE using Farm A + Bbispec dataset. (a) no augmentation (b) with rotation and zoom augmentation, and (c) with rotation, zoom, and 
brightness augmentation. 
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accuracy on unseen sets and 90.2 % accuracy with increased environ-
mental challenging factors These results are an 11.3 % and 16.2 % in-
crease in accuracy compared to the RGB-based model. Further 
experiments compared machine ripeness sensing capability with the 
human sensory ability, and it was interesting to observe that the ma-
chine sensory was positively correlated to the human sensory evaluation 
of ripeness over blackberry fruit. It was also efficient in overcoming the 
fuzzy limitations of the human sensory. However, since the hyper-
spectral imaging in this paper was laboratory-driven, the variability in 
spectral reflectance due to environmental factors was not considered. 
Meanwhile, it will be worth investigating the interaction of the envi-
ronmental factors on reflectance spectra in on-farm settings. Further 
consideration for future work includes enhancing the stereo camera lens 
based on the outcome of the on-farm hyperspectral imaging and vari-
ability impact analysis. This will likely increase the possibilities of 
generating numerous samples of better-quality images in a more effi-
cient way, thereby increases the robustness of the proposed model to on- 
farm spectral variability. There is also room to expand the samples to 
include the overripe cases which extends the work beyond a binary 
classification task. With an end goal to develop an ergonomic non- 

destructive tool for on-farm fruit ripeness assessment, the study will 
investigate the applicability of the proposed system on a robot picker, or 
augmented reality headset for human pickers 
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ripeness analysis in real environments using deep learning with convolutional neural 
networks. Agronomy 11 (11), 2353. 

Nilsson, N.J., 1965. Learning Machines Foundations of Trainable Pattern Classifying 
Systems. McGraw-Hill, New York.  

Olisah, C.C., Smith, L., 2019. Understanding unconventional preprocessors in deep 
convolutional neural networks for face identification. SN Appl. Sci. 1 (11), 1511. 
https://doi.org/10.1007/s42452-019-1538-5. 

Polder, G., van der Heijden, G.W., Young, I.T., 2002. Spectral image analysis for 
measuring ripeness of tomatoes. Trans. ASABE (Am. Soc. Agric. Biol. Eng.) 45 (4), 
1155. 
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