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This research presents a deep learning approach to determine pineapple size from images, to identify 
the instances of pineapples, and subsequently to extract fruit dimensions. This was achieved by first 
detecting pineapples in each image using a Mask region-based convolutional neural network (Mask 
R-CNN), and then extracting the pixel diameter and length measurements and the projected areas from 
the detected mask outputs. Various Mask R-CNNs were considered for the task of pineapple detection. 
The best-performing detector (Model 4: COCO Fliplr Res50) made use of MS COCO starting weights, a 
ResNet50 CNN backbone, and horizontal flipping data augmentation during the training process. This 
model achieved a validation AP@[0.5:0.05:0.95] of 0.914 and a test AP@[0.5:0.05:0.95] of 0.901, and 
was used to predict masks for an unseen data set containing images of pre-measured pineapples. The 
distributions of measurements extracted from the detected masks were compared to those of the manual 
measurements using two-sample Z-tests and Kolmogorov–Smirnov tests. There was sufficient similarity 
between the distributions, and it was therefore established that the reported method is appropriate for 
pineapple size determination in this context.

Significance:
•	 The methods we applied are traditional CNN models. Our main contribution is testing the application of 

different starting weights with multiple augmentation techniques used under different CNN backbones, 
ultimately comparing seven different model specifications of Mask R-CNNs.

•	 We have validated the results against manually measured fruits using statistical techniques and show 
that fruit size can be confidently determined from images instead of manual measurement, which is 
very labour and time intensive.

•	 The method developed is currently being used within a factory.

Introduction
In recent years, there has been an increased interest in the use of machine vision approaches in fruit industries.1,2 
Object detection has played a crucial role in precision agriculture, enabling automated fruit counting, disease detection 
and yield estimation. Recent advancements in deep-learning-based object detection methods have significantly 
improved accuracy and efficiency in agricultural settings. Our study focused on the use of machine vision systems 
for fruit detection and measurement, particularly those making use of convolutional neural networks (CNNs).1

The development of a non-destructive pineapple fruit size determination approach based on images would 
be valuable in allowing the factory to obtain representative size data.1 This, in turn, would allow for a better 
understanding of the relationship between fruit size and juicing efficiency, which would better position factories to 
incentivise farmers to deliver optimally sized fruit by including a size-related factor into the pricing scheme.1

Fruit size is described by weight, or by some dimensional parameter such as length, diameter, volume, 
circumference, projected area, or some combination of these.1,3,4 In-field, size determination allows for yield 
prediction5,6 and can be used as a parameter in predicting optimum harvest time1,4. However, there is also a need 
for size determination post-harvest.1 Post-harvest size determination is important in several contexts, such as 
sorting fresh market fruits into size groups for packaging purposes, and for assigning prices.1,4 In the context of 
this work, the data were collected from a pineapple juicing factory in the Eastern Cape of South Africa, where size 
determination is not linked to any sorting activity, as all fruits are homogenised in the juicing process.1 However, the 
first processing step involves peeling of the pineapples, and it should be noted that the peelers remove a set width 
of peel from each pineapple, regardless of fruit size.1 Theoretically, this means that there is greater wastage with 
small fruits, as a larger percentage of the fruit is removed by the peeler.1 Hence, larger pineapple fruits with a lower 
ratio of peel to flesh are expected to have a higher juice yield per kilogram of fruit. In the context of this work, size 
determination is a necessary step towards being able to quantify the relationship between fruit size and juice yield.1

Considering the main aims of this study, there were two tasks that needed to be accomplished.1 The first task 
involved the training and evaluation of a pineapple detector, while the second task involved determining the fruit 
size based on the object mask output of the detector.1 Given these two tasks, two separate image data sets were 
used in this work.1

Methodology
The first task involved pineapple detection from images – an object detection problem. The goal of object detection 
is to locate all object instances in an image from a list of predefined classes.1,7 Hence, the problem involved 
both predicting the category and drawing a bounding box around each object in an image.1 A bounding box is 
the minimum-sized rectangular border that fully encloses an object and indicates its location within an image.1 
Figure 1 illustrates the bounding box coordinates (x,y,w,h) of the object of interest in an image, including the (x, y) 
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coordinates of the centre of the box, as well as the height (h) and width 
(w) of the box.1 By convention, the top left corner of the image has (x, y) 
coordinates of (0, 0).1

While classification and localisation problems tend to have only one 
object per image, object detection problems may have multiple objects 
and multiple classes represented in a single image.1,8 If one of those 
objects appears in a given input image, an object detector should draw a 
bounding box around the object and predict the category of the object.1,7 
In this study, we had multiple objects from a single class.

The methods of object detection were based on CNNs that work 
particularly well for processing data with a grid-like topology such as 
images1,9, where the same feature needs to be detected in multiple 
places within the grid1,10. Just like a fully connected feed-forward neural 
network, CNNs consist of an input layer, several hidden layers and an 
output layer, which are shown in stages in Figure 2. Colour images of 
dimensions (​​n​ H​ 

[0]​ × ​n​ W​ [0]​ ×   ​n​ C​ 
[0]​​), where ​H​ and ​W​ denote height and width,  

and C represents the red, green and blue (RGB) channels, are input into 
the network (​l = 0, .., L​ the layer is denoted with a superscript [0]). Fully 
connected feed-forward neural networks are not well suited to image 
classification, because an image of size 970 x 605 RGB has around 
1.76 million pixel values as inputs to the network, which results in a large 
number of weights to be optimised, especially the weights from the input  
to the next layer. This process requires a very large data set with known 
classes, which is very impractical for an image classification problem. 
Moreover, such fully connected neural networks are prone to overfitting, 
which needs to be avoided by strict regularisation. CNNs, on the other hand, 
take advantage of image characteristics, such as spatial connectivity, 
to improve the overfitting and regularisation issues of fully connected  
feed-forward neural networks. The images pass through a series of 
sequential processing steps in the hidden layers1,11, which are also called 

convolutional and pooling layers and perform feature extraction, while 
the fully connected layer is responsible for classification1,12.

Convolutional layer
The convolution of the input image is implemented by using ​K​ filters of 
size ​f × f ×   ​n​ C​ 

[l]​​, where ​f​ is the height and width of the filters, which are 
smaller than the input image. While filter weights can be predefined by 
the researcher, they are often the hyperparameters which are learned 
using back propagation. After the filtering, padding of zeros is applied to 
the input image by appending ​p​ rows and columns to retain the original 
image size and to prevent the width and the height of the output from 
shrinking at each layer. Finally, stride (​s​), the number of horizontal or 
vertical pixel steps a filter makes over the input matrix, is used to reduce 
the number of parameters learned. After this process of the convolution 
of an input image, the linear activations in the feature map are passed 
through a non-linear activation. Typical activation functions are sigmoid, 
hyperbolic tangent (tanh), rectified linear activation (ReLU) and Leaky 
ReLU functions used to solve the problem of vanishing gradients.9 The 
training time for the ReLU activation function has been found to be much 
shorter than those for the sigmoid and tanh functions.13

Pooling layer
The height and the width of the output of the convolutional layer are 
reduced by the pooling layer in all the channels independently, by 
aggregating the low-level features over a small neighbourhood defined 
by the window size and the stride, which are the predefined parameters 
of the pooling process. The main purpose of the pooling layer is to speed 
up computation as well as to prevent overfitting. The most frequently 
used pooling functions are maximum and average pooling functions.1 
The representation is then flattened into a vector before the fully 
connected layer.1

Figure 1:	 An image containing an object of interest (left), and the same image with a bounding box drawn around the object (right).

Source: ©2021 Harris1 (reproduced with permission)

Figure 2:	 Structure of a convolutional neural network, showing the different types of layers and the dimensions of the data at each stage. Inspired by Gu et al.14

FC, fully connected
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Fully connected layer
The elements of the flattened vector are the nodes in one layer which 
are fully connected to the next layer. As in the fully connected neural 
networks, matrix multiplication is applied to the flattened vector.

Softmax layer
Finally, in the case of a classification task, a softmax layer with N nodes 
is used to classify images into one of N categories.1,13

The weights in the trainable filters are optimised using a backpropagation 
method which includes forward and backward propagation and weight 
update stages. The weights are initialised, generating a predicted class 
which is then compared to the actual classes using a loss function. The 
derivative of the loss function for each weight is computed via the chain 
rule to guide the weight update using gradient descent or other variations 
of gradient descent such as stochastic gradient descent, root mean 
square propagation (RMSProp), and adaptive moment estimation (Adam 
optimiser). Irfan et al.15 showed that Adam optimiser is superior in a 
classification problem,  followed by RMSProp and stochastic gradient 
descent. The ultimate goal is to find the optimal weights that minimise 
the loss function. The process is repeated until a predefined number of 
iterations is reached or the change in loss function is negligible.

In this study, the number of objects per image was not known beforehand; 
therefore, a standard CNN could not be used for object detection, as it 
would have had a fixed-length output.1 However, the CNNs can be adapted, 
and therefore used for tasks other than classification. One such task is 
object detection.1 While classification identifies a single main object in an 
image, object detection and instance segmentation both involve identifying 
all individual objects of interest in an image containing multiple objects.1 
In object detection, objects are classified and localised using bounding 
boxes, whereas in instance segmentation, all pixels belonging to an object 
are identified.1

Object detection frameworks
There are two major types of detection frameworks: region-based (two- 
stage) and unified (one-stage) frameworks.1,7 Region-based frameworks 
(R-CNN, Fast R-CNN (RFCNN), Faster R-CNN, Mask R-CNN, Feature 
Pyramid Network (FPN), Relation Networks, Faster R-CNN+++, Deformable 
RFCNN, Cascade R-CNN, DCNv2+Faster R-CNN, PANet15) are referred to as 
two-stage frameworks as they involve first generating category-independent 
region proposals before applying a classifier to determine the category labels 
of the proposed regions.1 In contrast, one-stage detectors – You Only Look 
Once (YOLO)14,16-18 and its versions (YOLOv2-v8)19, single shot detection 
(SSD)20,21, Deconvolutional Single Shot Detector (DSSD), RetinaNet, M2Det, 
DCN, DCNv2, NAS-FPN, CornerNet512, EfficientDet and Fast-D – feed 
forward in a single pass1. As such, one-stage frameworks are often faster 
and more suited to online processing. Several review papers have been 
published that compare object detection frameworks in terms of advantages 
and disadvantages.20,22 However, an earlier study showed that one-stage 
frameworks had lower accuracy than two-stage frameworks.23

In our study, fruit detection and size determination were required for fruit 
quality evaluation. However, as no online sorting was required, a higher 
accuracy was desirable. As such, we used a two-stage detector. One 
of the earlier two-stage detectors is region-based CNN (R-CNN) that 
combines region proposals with CNNs.8,24 R-CNNs use a region proposal 
network to extract around 2000 region proposals from an input image. 
The rectangular window around each region is warped to 227 x 227 
pixels before a large CNN is used to compute features for each region.1 
Finally, each region is classified using class-specific linear support 
vector machines, and bounding box regression is used to update the 
bounding box coordinates.1

Another commonly used two-stage detector – Fast R-CNN – arose from 
extending R-CNN. With this detector, instead of processing each region 
of interest separately, the whole image is run through the CNN, resulting 
in a convolutional feature map that corresponds to the whole image.1,25 
Fast R-CNN processes the entire input image with a CNN to produce a 
feature map. Region proposals are projected onto the feature map and 
resized using a region of interest pooling layer. Each region of interest 

feature vector is passed through fully connected layers before branching 
into two output layers: one a softmax classifier and another that provides 
class-specific updated bounding box coordinates.1

While all the object detection methods discussed up to this point identify 
located objects using a bounding box, Mask R-CNN takes it a step 
further by predicting a pixel-level object mask indicating the location of 
each object.1,26 This is done by including a branch, in parallel to the one 
that performs bounding box regression and classification, which outputs 
a binary mask for each region of interest. As our main aim was to detect 
fruit size, we used Mask R-CNN, which predicts a pixel-level object mask 
indicating the location of each object.1,26

Fruit detection and classification
Several studies have applied CNN variants to detect occluded fruits, fruits 
on trees and fruits under low-light conditions, with the majority of studies 
focusing on apples, citrus and tomatoes. Fu et al.27 employed two Faster 
R-CNN based architectures (ZFNet and VGG16) for apple detection on 
trees with and without background trees. An average precision (AP) of 
0.893 was achieved with VGG16 on the original images, and removing 
background trees improved the  AP  values. Fuentes et al.28 used SSD 
MobileNet to detect seedlings using data from six crops and four types of 
trays. The accuracy results for different types of crops and trays ranged 
from 57% to 96%. A study by Yang et al.29 proposed the BCo-YOLOv5 
network model for fruit detection in orchards, with extensive experiments 
on citrus, apple and grape detection. Using YOLOv5s as the base model, 
the bidirectional cross-attention mechanism is integrated between the 
backbone and neck networks to strengthen feature relationships and to 
improve the low accuracy of fruit detection when the fruit is covered 
by leaves or the fruit target is too small. Yang et al.29 showed that the 
adapted method of the  BCo-YOLOv5 network can effectively detect 
citrus, apple and grape targets in fruit images, with a 97.70% mean AP 
after training and testing. A survey study by Espinoza et al.30 outlined the 
different aspects of deep learning in the analysis of fruit images.

Research on the pineapple fruit industry has included crown detection, 
detection of ripe pineapples, fruit classification and pineapple quality 
detection. Cuong et al.31 used an improved version of the YOLO-v4 
algorithm to determine when the pineapples were ripe. They used 
5 000 000 pineapples harvested from a pineapple farm in Vietnam’s 
central region and achieved a 98.26% accuracy. Syazwani et al.32 used 
artificial neural networks and various machine-learning classifiers 
to identify and recognise the pineapple’s crown images and to count 
the fruits obtained from aerial images. They showed that an effective 
image analysis of the pineapples could be achieved with high accuracy 
(94.4%). Kanjanawattana et al.33 demonstrated the use of AlexNet to 
classify pineapples into four different sweetness levels from photos and 
achieved an accuracy of 91.78% and an F1 score of 92.31%. Liu et al.34  
proposed an improved YOLO-v3 model by adding modifications on the 
backbone network and compared the detection result of this method 
against YOLOv3, Faster-RCNN and Mobilenet-SSD, showing that the 
improved YOLOv3 model performed the best. Chang et al.35 proposed 
the use of YOLO-v2 for detecting harvestable (ripe and ripening) and 
unharvestable (unripe) pineapples from single pineapple image data 
collected in the field for offline training. The proposed method achieved 
an accuracy of 95%. Most of these studies achieved high accuracy rates 
with different detectors and backbones used. These studies show that 
YOLO and its versions are the most commonly tested algorithms in fruit 
detection problems with varying environments and lighting conditions. 
Despite advancements, object detection in agriculture still faces the 
challenges of high computational cost and limited generalisation to new 
environments due to data set related differences. Apart from these, the 
lack of explainability and the high cost of implementation of these models 
limit the use of these deep learning methods by farmers. In recent years, 
we have seen many advancements in improving pineapple detection 
and classification methods, such as the integration of RGB images with 
thermal imagery with the use of unmanned aerial vehicles that can collect 
RGB, thermal and hyperspectral data.36 The high computational cost is 
dealt with through the use of lightweight models such as YOLO-v8 for 
mobile deployment. Furthermore, there have been attempts to remove 
the domain dependency by knowledge transfer from different fruit data 
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sets. In light of these advances, there are still very limited use cases in 
South Africa in the pineapple industry. The aim of this research was to 
raise awareness of the accurate use of these automated systems.

Data
The image data used in this study came from a pineapple juicing factory 
in the Eastern Cape of South Africa, where two conveyor belts carry 
the fresh pineapples into the factory for processing.1 Video footage 
was collected during March–June 2020 using two progressive scan 
CMOS cameras (Hikvision DS-2CD2145FWD-I(S)) located above the 
two conveyor belts (Camera A and Camera B) delivering pineapples to 
the factory and positioned directly overhead and parallel to the belts to 
prevent perspective distortion.1 VLC Media Player37 was used to extract 
images from the video footage and the OpenCV library38 was used to 
crop the images to a size of 970 x 605 pixels1. In total, 160 images of 
size 970 x 605 pixels were extracted from the video footage.

These 160 images were randomly split into training, validation and test 
sets, ensuring that each set contained an equal number of images from 
each camera.1 A 70/20/10 per cent split was chosen for the training, 
validation and test sets.1 Due to resource limitations, only one validation 
set was used, rather than cross-validation. All images in the training set 
contained at least one fruit, and a total of 2138 pineapples were then 
manually labelled using the open-source VGG Image Annotator39 – a tool 
used to draw polygon shapes around objects (Figure 3)1.

In all cases, the polygon tool was used at 2.5x level zoom. VGG Image 
Annotator39 is a convenient tool as it runs in a web browser and does not 
require any installation or setup. The final output is a json file with the 
coordinates of each polygon shape. These polygon shapes are used to 
define the pixel-level binary masks required for training a Mask R-CNN: 
points located within the polygon are set to a value of one, indicating that 
an object is present at that location in the image, while pixels outside the 
polygon are set to zero.1

The number of pineapples per image varied between 2 and 30, with the 
number of pineapples per image being fairly similar throughout the three 
subsets.1 As the main aim of this research was to determine pineapple 
fruit size from images, it was necessary to assess whether the fruit size 
obtained from images was sufficiently similar to the fruit size obtained 
by manual measurement of each pineapple.1 Hence, for evaluation of 
the size determination approach, we obtained images of 120 pineapples 
that had previously been manually measured.1 The 120 pineapples had 
been pre-measured manually using a calliper system. The length and 
width of each fruit were recorded, as well as the weight, which was 

measured using a balance (CAS PR PLUS, accurate to 0.002 kg) for 
further evaluation.1

Implementation
Several instance segmentation models were considered in this work. The 
pineapple detection performance was assessed with respect to transfer 
learning using pretrained COCO and ImageNet weights, the choice of 
CNN backbone and data augmentation techniques.1

Transfer learning using pretrained COCO and ImageNet weights
In computer vision tasks, it has become common practice to pretrain a 
CNN on a large data set and then transfer the learned features to a new 
task that has a smaller number of labelled examples40 and fine tune it 
for the new task.1 In many cases, starting weights are readily available 
for different network architectures, particularly those pretrained on the 
ImageNet41 and MS COCO42 databases, which are commonly used in 
image recognition tasks1. ImageNet, for example, contains 1000 object 
classes and more than 1.2 million images43, while MS COCO contains  
1.5 million object instances from more than 330k images1,44. Neural 
network architectures that perform well on a given computer vision 
task often perform well on other computer vision tasks, as many of the 
features learned  during training, particularly lower-level features, are 
applicable across multiple applications.1 Tuning an existing architecture 
using its pretrained weights instead of random weight initialisations 
can reduce the time and computation requirements.1 In this study, 
these pretrained weights were used to initialise the parameters of the 
network before training on a new task. While low-level features are likely 
to be similar across different data sets, higher-level features learned 
by deeper layers in the CNN network are more specific to the task at 
hand.1,40,45 Therefore, the performance of an object detector is affected 
by the similarity of the new target classes to the base classes used for 
pretraining.1,45 In this study, we initially investigated the performance of 
the models with COCO and ImageNet weights and thereafter decided 
which weights to use with different suitable networks (backbones).1

Choice of CNN backbone
A CNN backbone is the feature extraction part of the network which takes 
an input image and extracts features before passing them to later layers. 
There are various types of backbones specific to object detection and 
instance segmentation, such as AlexNet, VGGs, ResNets, Inceptions, 
Xception, DenseNets, Inception-ResNet, ResNeXt, SqueezeNet, MobileNet, 
EfficientNet, RegNet, and many others.46,47 Differences, and advantages 
and disadvantages of each network are detailed in Elharrouss et al.46 The 
choice of CNN backbone is mainly decided based on the Matterport Mask 

Figure 3:	 Screenshot showing annotation using the open source VGG Image Annotator tool.39 Polygons were drawn around each pineapple visible in the 
image.1 Two sections of the conveyor belt are visible in each frame.1

Source: ©2021 Harris1 (reproduced with permission)
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R-CNN48 implementation1. In this work, ResNet-50 and ResNet-101 CNN 
backbones were chosen.1 A ResNet is a residual network, characterised 
by residual blocks containing shortcut connections that perform identity 
mapping.1,49 Prior to the introduction of ResNet, very deep networks 
suffered from a problem of vanishing gradients, which resulted in deeper 
networks having higher training errors than their shallower counterparts.1 
However, the introduction of residual blocks ensures that information 
from earlier layers is retained.1,49 ResNet-50 and ResNet-101 have similar 
structures, with both employing the concept of residual blocks; however, 
ResNet-50 has 50 layers, while ResNet-101 has 101 layers.1 The models 
initialised with COCO weights were implemented with ResNet-50 and 
ResNet-101 backbones. Thereafter, data augmentation techniques were 
applied to the chosen weights and CNN backbone.1

Data augmentation techniques
Data augmentation techniques are applied in cases in which not much 
labelled training data is available.1 This is a common method to avoid 
overfitting on the available data to artificially enlarge the data set, 
and the variability thereof, using label preserving transformations13,40 
and can be performed using a Python library such as imgaug (image 
augmentation for machine learning experiments).1 Frequently used 
augmentation techniques include horizontal mirroring, random cropping, 
rescaling and colour shifting.1,40 Distortions to the colour channel help 
the model become more resistant to changes in illumination.1 While it is 
possible to use data augmentation to expand the data set with copies 
of the augmented versions, it is preferable to randomly augment the 
data with each training epoch.1,40 We investigated the effect of Gaussian 
blurring and noise, horizontal flipping and colour shifting augmentation 
techniques1 and discuss the performance of the different models 
considered using validation and test sets in the next section.

Results and discussion
The aim of the first task in this study was to train an instance segmentation 
model to effectively localise pineapples within images.1 To this end, several 
Mask R-CNN models, as described in Table 1, were considered and 
were assessed using several evaluation metrics such as multitask loss, 
intersection over union (IoU) and AP.

During the training of Mask R-CNN, a multitask loss is defined for each 
region of interest. The multitask loss (Equation 1) is the combination of 
the losses associated with the tasks of classification (​​L​ cls​​​), localisation  
(​​L​ bbox​​​) and instance segmentation (​​L​ mask​​​)

1,25:

​L = ​L​ cls​​ + ​L​ bbox​​ + ​L​ mask​​​	 Equation 1

IoU is another metric that can be used to describe how similar the 
predicted bounding box is to the groundtruth bounding box. IoU is 
defined as the ratio between the intersection (​∩​) and union (​∪​) of the 
predicted bounding box (​​B​ P​​​) and the groundtruth bounding box (​​B​ GT​​​), as 
shown in Equation 21,50,51:

Model # Model name Starting weights CNN backbone Data augmentation

1 ImageNet_NoAug_Res101 ImageNet Res101 None

2 COCO_NoAug_Res101 COCO Res101 None

3 COCO_NoAug_Res50 COCO Res50 None

4 COCO_Fliplr_Res50 COCO Res50 Horizontal flip

5 COCO_GaussNB_Res50 COCO Res50 Gaussian noise and blur

6 COCO_Colour_Res50 COCO Res50 Lightening and darkening

7 COCO_All_Res50 COCO Res50 All of the above

Table 1:	 Different model specifications for the investigation of different convolutional neural network (CNN) backbones1

​IOU = ​ 
Area { ​B​ P​​ ∩ ​B​ GT​​}  ____________  
Area { ​B​ P​​ ∪ ​B​ GT​​}

 ​​	 Equation 2

where 0 ≤ IoU ≤ 1. The IoU is essentially a measure of the overlap of 
the predicted bounding box and the groundtruth bounding box.1 A perfect 
detection would have an IoU of one, while a predicted bounding box that 
does not overlap at all with the groundtruth bounding box will have an 
IoU of zero.1 The IoU is used to determine whether a detection is a true 
positive or false positive.51 A predicted bounding box is considered to 
be a true positive if the IoU is greater than some user-defined threshold, 
usually at least 0.5.1,50  For a given IoU threshold, the true positive 
(TP) and false positive (FP) predictions can be used to determine the 
recall (Equation 3) and precision (Equation 4)1:

​Recall = ​  TP _ 
TP + FN

 ​​	 Equation 3

​Precision = ​  TP _ 
TP + FP

 ​​	 Equation 4

Recall is the true positive rate divided by the ratio of true positive 
predictions to the number of actual (groundtruth) positives, while 
precision is a measure of how many of the positive predictions are true 
positives.1 Each predicted bounding box has an associated confidence 
level, which can be used to rank the output.1,50 A precision/recall curve 
can then be computed from the ranked output.1,50 The AP summarises 
the shape of the precision/recall curve.1,50 The MS COCO Benchmark 
challenge averages the AP over a range of IoU values, from 0.50 to 0.95 
at intervals of 0.05, denoted as AP@[0.50:0.05:0.95]. This rewards 
detectors with better localisation. In this work, the MS COCO metric was 
used to evaluate the performance of object detectors.1

To investigate the effect of employing different CNN backbones, a 
combination of the previous implementation structures was investigated.1 
The setup of different models is provided in Table 1.

The first three models in Table 1 have no augmentation applied to the 
data sets. The main decision is based on starting weights and CNN 
backbone. The training and validation losses associated with Model 
2, initialised with COCO pretrained weights, are considerably lower 
than those of Model 1, which was initialised with ImageNet weights.1  
This may be due, in part, to the fact that the ImageNet data set has an 
average of only 1.5 objects per image, while the COCO data set has 
an average of 7.3 objects per image, which is more comparable to 
the average number of objects per image in the pineapple data set (an 
average of 13.4 pineapples per image).1

The AP performance of the two models on the validation set is 
summarised in Table 2.1 Both models have a ResNet101 CNN 
backbone without data augmentation and performed well in terms of 
AP@0.51. However, the COCO-initialised model, COCO NoAug Res101, 
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achieved an AP@[0.50:0.05:0.95] value of 0.892, compared to the 
ImageNet-initialised model, ImageNet NoAug Res101, which achieved 
an AP@[0.50:0.05:0.95] value of 0.860.1 As the MS COCO features 
were better suited to the task of identifying pineapples, these were 
chosen as starting weights for all subsequent networks.1

A comparison of the AP performance of Model 2 (COCO NoAug 
Res101) and Model 3 (COCO NoAug Res50) (Table 3) shows that both 
models  performed well in terms of AP@0.5.1 Interestingly, Model 3 
(COCO NoAug Res50) performed almost as well as its larger counterpart 
in terms of AP@[0.50:0.05:0.95] (Table 3), achieving a value of 0.884, 
compared to Model 2 (COCO NoAug Res101), which achieved an AP@
[0.50:0.05:0.95] value of 0.892.1 As Model 3, with its smaller CNN 
backbone, had comparable performance to that of the larger network, 
it was chosen for subsequent steps in this work.1 The remainder of the 
models considered were initialised using MS COCO starting weights and 
a Res50 CNN backbone with different augmentation techniques, such 
as horizontal flip, Gaussian noise and blur, lightening and darkening, 
and all the augmentation methods applied together. The use of data 
augmentation resulted in a decrease in both training and validation set 
losses, although all augmentation strategies appear to have a similar 
performance (Figure 4).1

A summary of the average training and validation set losses in Table 4 
shows that Model 4 (COCO Fliplr Res50) had the lowest training loss and 
validation loss, on average.1 All models had a ResNet50 CNN backbone 
and were initialised with MS COCO starting weights.1 The average 
training and validation losses were calculated across all 30 epochs.1 For 
each model, the minimum validation loss is reported, together with the 
epoch in which the minimum value was achieved.1

Table 5 confirms that Model 4 had the best performance, with an 
AP@[0.50:0.05:0.95] of 0.914.1 Model 3 (COCO NoAug Res50) was 
considered the best model that did not make use of data augmentation, 
while Model 4 (COCO Fliplr Res50) was identified as the overall best 
pineapple detector considered in this work, based on validation AP values.1 
As such, the performance of these two models on the withheld test set 
was evaluated.1 The pineapple detector Model 3 (COCO NoAug Res50) 
achieved a test AP@0.50 of 0.997 and a test AP@[0.50:0.05:0.95] of 
0.874.1 However, as expected, Model 4 (COCO Fliplr Res50) improved 
upon this, achieving a test AP@[0.50:0.05:0.95] of 0.901.1

As Model 4 (COCO Fliplr Res50) was determined to be the best 
pineapple detector considered in this work, it was the model chosen 
for determining the size of pineapples from images.1 As such, Model 4 

(COCO Fliplr Res50) was used to predict masks for pineapples in the 
previously unseen data set of pineapple images to post-validate the size 
determination approach.1 Two approaches to size determination were 
employed.1 The first approach involved extracting the diameter and 
length of pineapples from the predicted masks. In this approach, the 
Mask R-CNN trained to identify pineapples was used to predict masks 
for pineapples in the previously unseen data set of pineapple images.1 
The model outputs a binary mask for each detected object and OpenCV 
library’s38 findContours() function was first used to extract the coordinates 
of the points describing the polygon outline of the binary mask.1 After the 
coordinate extraction, the minAreaRect() function was used to find the 
diameter and length measurements of each fruit by fitting a minimum 
area rotated rectangle to the mask.1 The dimensions obtained by manual 
measurement using callipers were compared to the dimensions extracted 
from the predicted object masks by visual inspection and by performing 
a Z-test and a two-sample Kolmogorov–Smirnov test.1 Beyond visual 
assessments which revealed similarity, for both the fruit diameter and 
fruit length, two-sample Z-tests were used to indicate whether the mean 
of the dimensions obtained by manual measurement was equal to the 
mean of the dimensions extracted from the predicted object masks.1 The 
two-sample Z-tests for both the mean diameter and mean length had very 
high p-values (p >> 0.10), indicating that there is not enough evidence 
to suggest that the two population means are different.1

To further investigate whether the distribution of predicted fruit dimensions 
was the same as the distribution of actual, hand-measured dimensions, 
we considered the empirical cumulative distribution functions shown 
in Figure 51. Visually, the empirical cumulative distribution functions 
for the predicted measurements seem similar to those of the actual 
measurements.1

A two-sample Kolmogorov–Smirnov test was performed to compare the 
measured and the predicted distributions of both the pineapple diameter 
and the length measurements. The two-sample Kolmogorov–Smirnov 
test showed that the distributions of the measured and predicted 
diameters were found to have a Kolmogorov–Smirnov value of 0.083, 
and a p-value of 0.801.1 As the Kolmogorov–Smirnov test had a high 
p-value (p >> 0.10), there is not enough evidence to reject the null 
hypothesis that the two distributions are equal.1 According to this test, 
the difference between the two distributions is not significant enough 
to say that they are explicitly different.1 The two-sample Kolmogorov–
Smirnov test showed that the distributions of the measured and predicted 
lengths were found to have a Kolmogorov–Smirnov value of 0.058, and 
a p-value of 0.987.1 The high p-value indicates that there is not enough 

Model # Model name Starting weights # Epochs Validation AP

IoU 0.5 IoU 0.50:0.05:0.95

1 ImageNet_NoAug_Res101 ImageNet 30 1.000 0.860

2 COCO_NoAug_Res101 COCO 30 0.998 0.892

IoU, intersection over union

Table 2:	 Validation average precision (AP) summary of two Mask region-based convolutional neural networks (R-CNNs) for pineapple detection trained 
using different transfer learning procedures.1 Model 1 was initialised with ImageNet starting weights, while Model 2 was initialised with MS COCO 
starting weights.1

Model # Model name CNN backbone # Epochs Validation AP

IoU 0.5 IoU 0.50:0.05:0.95

2 COCO_NoAug_Res101 ResNet101 30 0.998 0.892

3 COCO_NoAug_Res50 ResNet50 1.000 0.884

IoU, intersection over union

Table 3:	 Validation average precision (AP) summary of two Mask region-based convolutional neural networks (R-CNNs) for pineapple detection with 
different CNN backbones.1 Model 2 has a ResNet101 backbone, while Model 3 makes use of ResNet50 architecture.1 Both models were initialised 
with MS COCO starting weights and did not employ data augmentation.1
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evidence to reject the null hypothesis that there is no difference between 
the two distributions.1 Therefore, from both tests we conclude that the 
measured and predicted diameters and lengths are similar.

The second approach to size determination involved finding the projected 
area of each fruit.1 As the mask output of the Mask R-CNN model 
contains a binary mask for each object instance, this can be achieved 
by summing pixels over each mask layer.1 To evaluate this method, the 

pixel area of the detected mask was compared to the pixel area of the 
hand-labelled groundtruth mask.1 As the groundtruth mask is labelled by 
a human using VGG Image Annotator39, this method gives an indication 
of the best human performance in terms of determining fruit size 
from images.1 Moreover, as the predicted masks are being compared 
to the groundtruth masks rather than the actual fruit measurements, 
differences in metrics should not arise due to the orientation problem 
when some pineapples stand upright.1 In these cases, the longitudinal 

Figure 4:	 Training and validation set losses for Mask region-based convolutional neural networks (R-CNNs) employing different data augmentation 
strategies.1 Training losses are shown in the top panel, while validation losses are shown in the bottom panel. Models 4–7 were trained using data 
augmentation and had lower training and validation losses than Model 3, which did not make use of data augmentation.1

Source: ©2021 Harris1 (reproduced with permission)

Model # Model name Data augmentation Average training loss Average validation loss

3 COCO_NoAug_Res50 None 0.261 0.25

4 COCO_Fliplr_Res50 Horizontal flip 0.158 0.146

5 COCO_GaussNB_Res50 Gaussian noise and blur 0.161 0.151

6 COCO_Colour_Res50 Lightening and darkening 0.174 0.164

7 COCO_All_Res50 All the above augmentations 0.179 0.155

Table 4:	 Summary of training and validation set losses for Mask region-based convolutional neural networks (R-CNNs) using different data augmentation 
strategies1
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section of the pineapple is not visible, resulting in underestimation of 
length measurements.1 Hence, in these kinds of images, comparison of 
the projected areas is useful, as the groundtruth area gives an indication 
of what the human performance would be in this task of determining fruit 
size from images.1

Similar tests have been applied to projected area comparisons and 
the two-sample Z-test for projected area had a fairly high p-value  
(​p > 0.10​), indicating that there is not enough evidence to reject the 
null hypothesis that the two population mean areas are equal.1 A 
two-sample Kolmogorov–Smirnov test showed that the distributions of 
the groundtruth and predicted projected areas were found to have a very 
small Kolmogorov–Smirnov value (0.117) with a high p-value (0.389)1. 
As the p-value is large, there is no strong evidence to indicate that the two 
distributions are not the same. The results achieved in this study were 
satisfactory; however, there were a few limitations, as discussed below.1

Summary and conclusion
We have presented an approach1  to determine pineapple size from 
images, using Mask R-CNN to identify the instances of pineapples 
and subsequently extract fruit dimensions using the OpenCV library38. 
Several Mask R-CNNs were trained on the pineapple data set. Analysis of 
transfer learning showed that Model 2 (COCO NoAug Res101), initialised 
with MS COCO features, performed better than Model 1 (Imagenet 
NoAug Res101), which was initialised with ImageNet weights.1 Both 
ResNet101 and ResNet50 CNN backbones were considered for the Mask 
R-CNN pineapple detector.1 It was found that Model 3, with the smaller 
ResNet50 backbone, performed almost as well as its larger counterpart.1 
The pineapple detector Model 3 (COCO NoAug Res50) achieved a 

satisfactory performance, with a validation AP@[0.50:0.05:0.95] of 
0.884 and a test AP@[0.50:0.05:0.95] of 0.874.1 This performance 
was, however, improved upon by including data augmentation.1 Model 4, 
which made use of horizontal flipping during the training process (COCO 
Fliplr Res50), achieved a validation AP@[0.50:0.05:0.95] of 0.914 and 
a test AP@[0.50:0.05:0.95] of 0.901.1 Model 4 (COCO Fliplr Res50), 
having been identified as the best performing detector, was then used 
to predict masks for pineapples in the previously unseen data set of 
pineapple images, to post-validate the size determination approach.1 The 
distributions of the predicted fruit dimensions were found to be equal to 
the manually measured fruits using two-sample Kolmogorov–Smirnov 
tests.1 It was, therefore, established that this method is appropriate for 
pineapple size determination, in this context.1

While the results achieved in this work were satisfactory, there were a 
few limitations.1 Firstly, cameras were not installed at the same height 
as each other from the conveyor.1 If these heights were adjusted, the 
size determination accuracy could be increased.1 Secondly, a relatively 
small data set was used to train the Mask R-CNNs to detect pineapples.1 
Additionally, these data were acquired using convenience sampling during a 
short period of time, due to delays associated with the start of the COVID-19 
pandemic in 2020.1 While convenience sampling was used in this work, 
future work could employ an experimental design approach, incorporating 
data from different seasons, as well as night shifts.1 Utilising training data 
obtained throughout the year might provide a detector that is more robust 
to variation in seasonal colour changes.1 Finally, the training data could be 
extended to include different lighting conditions and examples of foreign 
objects that are sometimes deposited onto the conveyor belts along with 
the fruit.1 Foreign objects may damage the peeler, resulting in downtime 

Model # Model name Data augmentation Minimum validation loss Validation AP

IoU 0.5 IoU 0.50:0.05:0.95

3 COCO_NoAug_Res50 None 0.192 1.000 0.884

4 COCO_Fliplr_Res50 Horizontal flip 0.113 1.000 0.914

5 COCO_GaussNB_Res50 Gaussian noise and blur 0.110 1.000 0.905

6 COCO_Colour_Res50 Lightening & darkening 0.119 1.000 0.898

7 COCO_All_Res50 All of the above 0.107 1.000 0.898

Table 5:	 Validation average precision (AP) summary of Mask region-based convolutional neural network (R-CNN) pineapple detectors employing different 
data augmentation strategies during training.1 All models had a ResNet50 CNN backbone and were initialised with MS COCO starting weights. For 
each model, the weights associated with the epoch with lowest validation loss were used to determine the AP.1

Figure 5:	 Empirical cumulative distribution functions for the scaled diameter (left) and scaled length (right).1 The dimensions obtained by manual 
measurement using callipers are shown by the blue lines, while the dimensions obtained from the predicted object masks are shown in orange.1

Source: ©2021 Harris1 (reproduced with permission)
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that negatively affects operating efficiency.1 If this could be implemented 
on a real-time basis, an auto-stop function could be incorporated to avoid 
damage to equipment.1 In future work, the size data obtained from images 
could be used in conjunction with information about the growing conditions 
of the pineapple plants to better understand the factors that affect fruit size, 
and to allow for more accurate yield predictions.1
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