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Abstract: Raspberries are fruit of great importance for human beings. Their products are segmented
by quality. However, estimating raspberry quality is a manual process carried out at the reception
of the fruit processing plant, and is thus exposed to factors that could distort the measurement.
The agriculture industry has increased the use of deep learning (DL) in computer vision systems.
Non-destructive and computer vision equipment and methods are proposed to solve the problem
of estimating the quality of raspberries in a tray. To solve the issue of estimating the quality of
raspberries in a picking tray, prototype equipment is developed to determine the quality of raspberry
trays using computer vision techniques and convolutional neural networks from images captured
in the visible RGB spectrum. The Faster R–CNN object-detection algorithm is used, and different
pretrained CNN networks are evaluated as a backbone to develop the software for the developed
equipment. To avoid imbalance in the dataset, an individual object-detection model is trained and
optimized for each detection class. Finally, both hardware and software are effectively integrated. A
conceptual test is performed in a real industrial scenario, thus achieving an automatic evaluation of
the quality of the raspberry tray, in this way eliminating the intervention of the human expert and
eliminating errors involved in visual analysis. Excellent results were obtained in the conceptual test
performed, reaching in some cases precision of 100%, reducing the evaluation time per raspberry
tray image to 30 s on average, allowing the evaluation of a larger and representative sample of the
raspberry batch arriving at the processing plant.

Keywords: raspberries; deep learning; disease and defect detection

1. Introduction

Raspberries (Rubus idaeus L.), as with other berries, are fruit of great importance for
human beings since they are a fundamental part of healthy nutrition and powerful allies
for human health; they are also good sources of nutrients and antioxidant phytochemicals
that contribute to the prevention of chronic diseases [1–3]. Even the wastes produced from
raspberry processing in the industry are rich in bioactive compounds, whose enhanced
downstream production processes have the potential to be used in the food and pharma-
ceutical industries, generating economic and environmental benefits [4,5]. According to the
Food and Agriculture Organization of the United Nations (FAO) [6], the world production
of raspberries is more than 800,000 tons, of which almost 98% is split between Europe and
the Americas, as shown in Figure 1.
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Figure 1. Production share of raspberries by region [6].

Berry production is of great importance in different regions of Chile. According to
the Fruit Bulletin of June 2021 published by the Chilean Office of Agricultural Studies and
Policies, during the period January–May 2021, a total of 1.74 million tons of fruit exports
was registered [7]. The raspberry is the second most important berry in Chile, which
currently ranks tenth in terms of raspberry production worldwide [6].

The market for raspberry products is segmented by quality standards. Fruit with the
highest quality is destined for export as fresh fruit, medium quality is destined for frozen
fruit, and low quality is used in the production of juice and jams. This quality assessment
defines the price of raspberries for both producers and exporters.

Currently, in the agro-industries, estimating raspberry quality is a manual process,
carried out by specialized personnel at the reception areaof the fruit processing plant, as
shown in Figure 2, this inspection takes between 5 and 10 min for each harvesting tray.
Raspberries arrive at the fruit processing plant in harvesting trays. The procedure is as
follows: (i) a random sample is taken from the batch of raspberries (harvesting trays) that
arrive at the fruit processing plant; then (ii) specialized personnel at the reception area carry
out an inspection, visually separating and counting the raspberries that present defects
or diseases; and (iii) the quality of the lot is defined according to parameters pre-set by
the food industry. Some critical defects or diseases to consider are fungus-rust, albinism,
overripeness, and peduncle attached to the fruit.

Figure 2. Manual quality measurement of raspberries in a harvesting tray.

The visual inspection process that is carried out has several drawbacks, such as being
subjective because it depends on the criteria of the expert present at the time, prone to
errors and not representative, since it usually considers a very limited sample of raspberry
trays per lot due to the slow measurement process. In addition, errors in the estimation
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of quality imply economic losses for both the producer and the exporter. Therefore, it is
proposed to resolve this problem, which consists of estimating or measuring the quality of
raspberries in harvesting trays, directly and automatically without the intervention of a
human expert.

The development and application of non-destructive methods to streamline and auto-
mate the quality criteria of fruit for human consumption is of great interest [8]. Therefore,
non-destructive testing is considered one of the fastest and most efficient tests that do not
affect the appearance and quality of fruit by analyzing them [9]. In this sense, Computer
Vision Systems (CVS) are very useful for non-destructive testing. CVSs are being widely
used in agribusiness for quality control in the fruit packing process. CVSs are generally
made up of a controlled lighting environment, a sensor or camera to acquire images, and a
computer containing the algorithms for image processing.

Moreover, in recent years the agricultural industry has been progressively increasing
the practical use of Artificial Intelligence (AI) algorithms, such as Machine Learning (ML)
and Deep Learning (DL), in planting, harvesting and processing of fruit and vegetables, in
particular using computer vision systems (CVS), processing images of fruit or vegetables
to classify different types of fruit and vegetables, detection for harvesting, quality control
and accurate detection of diseases or defects in fruit [10].

Considering the above exposure, a prototype CVS equipment is proposed to solve
the problem of estimating the quality of raspberries in the harvesting tray at the entrance
of the fruit processing plant, contributing to a more objective estimation of the quality of
raspberries in the harvesting tray.

1. Develop and construct a controlled environment that allows imaging of the rasp-
berry trays.

2. Capture color images (RGB) in the controlled lighting environment.
3. Develop software to process the images with object-detection algorithms based on con-

volutional neural networks (CNN) and determine the quality of the raspberry trays.
4. Perform classification according to defects or diseases present in raspberries and

determine the quality of raspberry trays.

This article is organized as follows: Section 2 corresponds to related work. It first
shows some recent scientific papers using computer vision methods and DL algorithms
applied to fruit studies This is followed by a review of patents showing the different
existing solutions for quality control of fruit at different stages of processing Section 3
presents a description of the quality control prototype, an overview of the Faster R–CNN
object detector algorithm, and finally describes the dataset development process. Section 4
presents the results of the training and evaluation process of the object detector models for
each class of defect or disease to be detected. Then, with the trained models, the quantita-
tive evaluation of the best detector models for each class is presented, together with the
conceptual test. Section 5 presents the conclusions of the work carried out and the future
work to be developed.

2. Related Works
2.1. Scientific Publications

There are numerous previous studies using CNN-based DL models and algorithms
such as object detection, semantic segmentation, and instance segmentation applied to
different areas of the agricultural process, harvesting, disease control, and quality control,
among other applications [10,11]. Some of the recent scientific publications applying
object-detection models in agribusiness are reviewed below.

In [12] the authors propose to produce a real-time pear counter system for mobile
applications using RGB video and the variants of the YOLOv4 object detector model and
the multiple object-tracking algorithm Deep SORT, obtaining an accuracy of 98% with
a AP@0.50 with YOLOv4-CSP. They obtained better computational cost and speed with
YOLOv4-tiny, concluding that the best model is the YOLOv4 in accuracy and speed. In [13],
the authors properly evaluate various detector models based on the CNN, such as YOLO
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v4, region-based fully convolutional network (R–FCN) and Faster R–CNN, in order to
detect visible mechanical damage in sugar beet during harvesting in a harvester machine
from RGB videos images. The better experimental results showed a recall, precision and
F1-score of about 92, 94 and 93% respectively, and higher speed of around 29 frames
per second.

In [14], the authors propose an improved object-detection algorithm based on YOLOv3
for early real-time detection of tomato diseases and pests from video images. They used
a dilated convolution layer to replace the convolution layer in the backbone network.
The results obtained were an F1 value of 94.77%, an AP value of 91.81%, a false detection
rate of only 2.1%, and a detection time of 55 ms. In [15], in order to automatically recognize
the graspable and ungraspable apples in an apple tree image, an apple target detection
method was proposed for a picking robot using improved YOLOv5s and compared with
original YOLOv5s, YOLOv3, YOLOv4, and EfficientDet-D0 model. The experimental
results indicated that the graspable apples and the ungraspable apples could be identified
effectively using the proposed improved network model, with an average recognition time
of 0.015 s per image.

In [16], a synthetic image dataset of soybean leaf disease synthetic images is developed
to first address the problem of an insufficient dataset. The study designs a fusion of multiple
Faster R–CNN (MF3 R–CNN) functions. The results show average mean accuracy of 83.34%
on the actual test dataset. In [17] the improved Faster R–CNN algorithm with the ResNet-
50 network is proposed for the detection of maturity stages for coconuts. The detection
performance achieved using the improved Faster R–CNN model was better than that
single-shot detector (SSD), YOLO-V3 and Region-based Fully Convolutional Networks
(R–FCN).

In [18], in order to detect tomatoes in environmental conditions, the authors use a
modified YOLOv3 model called YOLO-Tomato to be used in a harvesting robot. Results
show YOLO-Tomato-A at AP 98.3%, YOLO-Tomato-B at AP 99.3%, and YOLO-Tomato-C
at AP 99.5% with detection times 48 ms, 44 ms and 52 ms, respectively. In [19], the authors
apply YOLO v2 model (with different optimization algorithm and backbones), YOLOv3
model and Kalman filter, in order to automatically detect pear and apple in videos, man-
aging to automatically count pears and apples in the videos, with an absolute error of
10%. A YOLO v2 network with a larger input image size and data augmentation method
contributed to average precision of 0.97 in the pear and apple detection.

In [20], the authors apply instance segmentation on strawberry crops based on the use
of a fully convolutional neural network, adding two new channels to the network output so
that each strawberry pixel predicts the centroid of its strawberry comparing the results with
the Mask R–CNN algorithm, in order to improve the development of automatic harvesting
machines. The results show mAP and mean instance intersection over a union of 52.61
and 93.38, respectively, with a processing speed of 30 fps. In [21] the authors develop an
automated image-processing methodology to detect, count and estimate the size of citrus
fruit on individual trees, using images captured from an unmanned aerial vehicle (UAV)
from a commercial citrus grove. To carry out this, a Faster R–CNN Deep-Learning model
was used. The obtained result shows an average standard error of 6.59% between visual
counting and fruit detection by the model.

In [22] the authors use Mask R–CNN, YOLOv2 and YOLOv3 for wine grape cluster
detection. The dataset contains RGB images. The authors conclude that the Mask R–CNN
network shows the best results as compared to the YOLO networks. In [23] a deep-learning
approach for pixel-wise fruit detection and segmentation based on instance segmentation
with the Mask R–CNN algorithm is presented using RGB and HSV images of the scene
obtained from an orange grove under natural lighting conditions. The authors find that
inclusion of HSV data improves the precision to 0.9753 from 0.8947, after use of RGB data,
and obtained the overall F1 score of 0.89 using RGB + HSV.

In [24], the authors combine visual processing color-opponent theory in humans with
one-stage deep-learning networks to detect ripe soft fruit (strawberries) in orchards. They
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use the RetinaNet algorithm with the ResNet-18 network as feature extractor, achieving a
F1 score of 0.793 in controlled conditions and in the real-world dataset F1 score of 0.744.

As is clear from the previously analyzed articles and the summary shown in Table 1,
these recent studies applying object-detection methods to the study of fruit cover a very
diverse area. Most of them use different versions of the YOLO algorithm and adaptations
of it, because these applications need to detect objects quickly in videos, a task for which
the YOLO algorithm has been shown to be very efficient. However, in certain cases, it is
necessary to detect more accurately the objects in an image, in this case static RGB images,
the other widely used algorithms are the Mask R–CNN that allows the segmentation of
instances, and the Faster R–CNN algorithm.

Table 1. Summary of the reviewed studies.

Article Data Type Model

Parico et al. [12] RGB video YOLOv4, YOLOv4-CSP, YOLOv4-tiny.
Nasirahmadi et al. [13] RGB video YOLO v4, R–FCN and Faster R–CNN
Wang et al. [14] RGB video YOLOv3

Yan et al. [15] RGB video YOLOv5s, YOLOv5s, YOLOv3, YOLOv4
and EfficientDet-D0

Zhang et al. [16] RGB image Faster R–CNN
Parvathi et al. [17] RGB image Faster R–CNN, SSD, YOLOv3, R–FCN

Lawal et al. [18] RGB images YOLOv3 modified: YOLO-Tomato-A,
YOLO-Tomato-B and YOLO-Tomato-C

Itakura et al. [19] RGB video YOLOv2
Perez-Borrero et.al. [20] RGB video Mask R–CNN
Apolo Apolo et al. [21] RGB images Faster R–CNN
Santos et al. [22] RGB images Mask R–CNN, YOLOv2 and YOLOv3

Ganesh et al. [23] RGB and
HSV images Mask R–CNN

Kirk et al. [24] RGB video RetinaNet (ResNet-18 feature extractor)

The proposal developed in this article is based on automating a manual process that
takes up to 10 min to complete. As it is a process that does not need to be performed at
high speed, it is proposed to use the Faster R–CNN object-detection algorithm to detect
objects in real time, which has already been widely used [25–28].

2.2. Revision of Patents

In addition to the aforementioned items, there are several intellectual property so-
lutions (patents) that attempt to improve the fruit quality estimation stage. In particular,
the following patents can be mentioned:

WO2012039597 [29] relates to an oil palm fruit ripeness grading system using color
detection by computer vision. US6610953B1 [30] discloses a method and apparatus incor-
porating NIR and visible cameras for simultaneously capturing images of apples passing
through a packing line to be sorted according to their defects. CN101125333A [31] describes
a method for sorting fruit according to the colors presented. CN102928357B [32] presents
a technical solution of a non-destructive in-line detection system, from near-infrared and
visible light, to establish fruit quality. The solution comprises a mechanical transport device,
an illumination device and a detection device. CN205484102U [33] proposes a method
using computer vision processing but focuses specifically on finding scars on the fruit and
reducing these elements in the packing line.

Another solution is proposed by CN106568784A [34], which discloses a multispectral
imaging system for in-line detection of surface defects of fruit and vegetables. On the other
hand, CN101832941B [35] describes a quality assessment device based on multispectral
images, which tries to detect a certain content of a component inside some fruit. The idea
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is to perform an inspection that allows automatic sorting and packing. CN107833223A [36]
describes an image-processing method, and specifically a method of segmenting hyper-
spectral images of fruit based on spectral information. Developed primarily to assist
post-harvest processes and promote the development of post-harvest fruit treatments and
address quality, standardization and industrialization.

The solutions described above are related to the dynamic stage of the fruit, i.e., they
present control systems or elements associated with the stage of fruit movement in some
transport lines. However, there are no solutions associated with static fruit control, which
corresponds to the stage after harvesting and before the fruit packing line, specifically in
the quality control of fruit arranged in boxes or harvesting trays.

3. Materials and Methods
3.1. Description of the Prototype Quality Control Equipment

The prototype of the raspberry tray quality estimation equipment is a cubicle or
cabinet (patent process Application Number: 1570-2021). The dimensions of the prototype
are 1400 × 800 × 600 millimeters as shown in the isometric view of Figure 3, the plinth
measures 10 mm.

Figure 3. Isometric view of the raspberry tray quality estimation equipment.

The cubicle consists of a front door, a side door, and at the bottom of the cubicle a
drawer where a tray with fruit is mounted. Figure 4a shows a front view of the quality
control equipment, with the front door closed, Figure 4b shows the equipment with the
door open, and the interior of the equipment can be observed.
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(a) Front view of closed equipment. (b) Interior view of the equipment.
Figure 4. Front view of the raspberry tray quality estimation equipment.

The drawer that is observed in the lower front part of the equipment, when the
equipment is installed, is extracted and the harvesting tray containing the fruit is placed to
be introduced to the equipment with the objective of capturing the image. Figure 5a shows
a top view of the equipment with the drawer open with a harvesting tray placed, Figure 5b
shows a perspective front view of the equipment with the drawer open.

(a) Drawer top view. (b) Drawer perspective view.
Figure 5. Top and front view of the lower drawer of the raspberry tray quality estimation equipment.

An RGB camera is mounted on the inside of the unit at the top, arranged on a camera
support structure as illustrated in the image in Figure 6a. The RGB camera is positioned
so that it points towards the fruit on the tray placed at the bottom of the equipment.
The camera mounted on the device is an RGB camera in the visible spectrum Basler model
acA4024-8gc GigE with a SONY IMX-304 CMOS color sensor of a maximum resolution of
4096 × 3000 pixels with a pixel size of 3.45 mm.
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(a) RGB camera. (b) Illumination system
Figure 6. RGB camera and the illumination system of the raspberry tray quality estimation equipment.

The cubicle consists of a controlled illumination system arranged inside as shown
in the image of Figure 6b. This lighting system consists of LED lights, which emit the
illumination in a diffuse way to avoid light hits (white glows) and shadows (blacks) on the
fruit, as well as halogen lights. The equipment also includes a connection to the mains for
powering all internal systems; an electrical and communications systems assembly board
placed on the side door of the equipment; and a modular RJ45 socket for connection to the
computer that controls image capture and transfers to the computer for processing.

3.2. Object Detection—Faster R–CNN Algorithm

Object detection is the process of locating and classifying objects in an image. One
approach to DL is the regions with convolutional neural networks (R–CNN) algorithm.
This algorithm combines proposed rectangular regions with features extracted from con-
volutional neural networks. R–CNN is a two-stage detection algorithm. The first stage
identifies a subset of regions in an image that may contain an object. The second stage
classifies the object in each region.

The R–CNN family of object detectors uses region proposals to detect objects within
images. The number of proposed regions dictates the time it takes to detect objects in an
image. The most evolved and widely used version of the family is Faster R–CNN [37]. It
consists of two modules. The first module is a fully convolutional deep network proposing
regions called region proposal network (region proposal network—RPN) to generate region
proposals directly in the network. The second module is the Fast R–CNN detector [38] that
uses the proposed regions. The generation of region proposals in the network is faster and
better adapted to data. The whole system is a single, unified network for object detection
(Figure 7). The RPN module tells the Fast R–CNN module where to look.

Figure 7. Structure of the Faster R–CNN object detector.

A fundamental part of the Faster R–CNN algorithm is the convolutional network to
be used as the feature extraction network; it is typically a pretrained CNN. In this paper,
we evaluate some widely known pretrained CNN models, which are the following:

• Inception-v3 [39]: The network is 48 layers deep, the architecture is built progressively,
step by step, and has a combination of symmetric and asymmetric compiler blocks; it
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is the third edition of Google’s Inception Convolutional Neural Network, originally
presented during the ImageNet Recognition Challenge.

• ResNet (ResNet-101 and ResNet-50) [40]: these two networks are from the ResNet
family; both use residual blocks of direct access connections, reducing the number of
parameters to be trained, with a good compromise between performance, structural
complexity and training time.

• SqueezeNet [41]: the network is 18 layers deep, is a smaller network that was designed
as a more compact replacement for AlexNet. It has almost 50x fewer parameters than
AlexNet, yet it performs 3x faster.

• VGG-16 and VGG-19 [42] version, Developed by the Visual Geometry Group (VGG)
of the University of Oxford, is an AlexNet enhancement replacing large kernel-sized
filters with multiple 3 × 3 kernel size filters one after another, increasing network
depth and thus being able to learn more complex features.

The software for the evaluation of raspberry trays is developed with the objective
of classifying 4 classes of defects or diseases that occur in raspberries; all these classes
can be seen in Figure 8. Similarly, an object-detection model is trained and optimized for
each class. This facilitates the optimization of the parameters according to the class to
be detected.

(a) Albinism (b) Overripeness

(c) Peduncle (d) Fungus-Rust
Figure 8. Sample of the different classes of defects and diseases of raspberries.

3.3. Datasets

The process of capturing the images of the trays with raspberries was carried out
during the raspberry harvest period in Maule Region, Chile. In the reception area of the fruit
processing plant, the prototype of the equipment was strategically placed. Figure 9 shows
a diagram of the prototype and an example of the image capture setup and an example
of the captured images. Images of 286 raspberry trays were taken with a resolution of
3948 × 2748 pixels. Eight of these images were selected for use in the conceptual test to be
performed after proper training of the object detector models.
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Figure 9. Diagram of closed cubicle with the lighting system and example of tray with raspber-
ries photographed.

Labeled—Classes

Four classes of critical defects or diseases present in raspberries are properly con-
sidered for the labeling. These are albinism, overripeness, peduncle and fungus-rust. A
sample of each of these defects or diseases present in the raspberries can be seen in Figure 8.

4. Results

The process of training, optimization and testing of the Faster R–CNN model for the
different pretrained CNN networks by performing transfer learning by retraining the whole
network were carried out with a computer server of the following characteristics: 2x Intel
Xeon Gold 6140 CPU @ 2.30 GHz, 36 total physical cores, 24.75 MB L3 Cache157 Memory
126 GB, Operating System Debian GNU/Linux 10 (buster) Kernel 4.19.0-10-amd64×86-
64. We used the MatLab Deep-Learning Toolbox [43], which provides a framework for
designing and implementing deep neural networks with pretrained models.

The database is constructed from the images of the raspberry trays captured by the
equipment. To carry out the training of the object detector model, these images were
preprocessed before labeling the corresponding classes. Each image is divided into four
equal sections and resizing each of these sections to 680× 480 pixels. This facilitates memory
management at the time of training while maintaining good image quality. From this
division, a database with 1100 images is built.

The database is divided into an 80% training database and a 20% database. This
division is performed using a random permutation of integers from 1, . . . , n with no
repeated elements, using the same sets for each of the object detector model training
processes. The number of labeled objects for each class in the image set is shown in Table 2.

Table 2. Number of labeled objects for each class.

Class N° Training Object N° Test Object

Albinism 1978 577
Overripeness 452 104
Peduncle 348 73
Fungus-Rust 215 50

The number of objects for each class shown in Table 2 corresponds to those found in
the training and test sets, taking into account that there are not raspberries of all classes in
each image. As can be observed in Table 2, the number of objects contained in the images
of the training set is different for each class. In order to solve this imbalance problem,
an individual object-detection model is trained and optimized for each of the classes.
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4.1. Object-Detection Models Training

A Faster R–CNN network is created given a pretrained feature extraction network,
specifically one for each of the pretrained CNNs defined in Section 3.2. Network training
was performed using the Stochastic Gradient Descent (SGD) optimizer with momentum.
Parameter optimization is performed during training. The number of regions to sample,
which controls the number of image regions per image, varies between 128 and 256 regions.
Positive training samples used are those that overlap with the ground truth frames by
0.5 to 1.0, as measured by the intersection over union (IoU) metric of the bounding box.
Negative training samples are those that overlap between 0 and 0.4. Furthermore, a sweep
of anchor box pyramid scale factor values used to successively upscale anchor box sizes is
performed. The values are from 1 through 2. High values produce faster results and small
values produce greater accuracy.

The evaluation of the results of the object detector models trained for each class
individually is performed as follows:

• The Average Precision (AP) calculated from the area under the Precision–Recall curve
is determined.

• A value called Detection Rate (DR) is estimated; this value is given by:

DR =
number of Objects Detected

Objects Ground Truth
(1)

where the number of detected objects is formed by the sum of True Positive (TP) and
False Positive (FP). Thus, if DR < 1 indicates an underestimation of the number of
detected objects, if DR > 1 it would be overestimating the number of real detected
objects. Finally, DR = 1 or approximately one would be ideal in this case.

Table 3 shows a summary of the AP results obtained from the Precision–Recall curves
after the optimization of the parameters in the training of the object detector models for
each network used as the basis of the Faster R-R–CNN algorithm. The DR value obtained
for each class and network used is also shown.

Table 3. AP and DR values for each class according to the CNN network used in the object detector
training.

CNN
Albinism Fungus-Rust Peduncle Overripeness

AP DR AP DR AP DR AP DR

Inception V3 0.22 0.84 0.03 0.24 0.38 1.11 0.05 0.42
SqueezeNet 0.52 1.51 0.33 2.08 0.37 1.32 0.19 2.10
ResNet50 0.48 0.93 0.17 0.52 0.47 1.12 0.18 0.88
ResNet101 0.46 1.07 0.29 0.70 0.40 1.03 0.22 0.99
VGG16 0.55 1.10 0.42 0.90 0.46 1 0.27 1.33
VGG19 0.55 1.07 0.35 1.02 0.45 0.90 0.25 1.15

In the Albinism class, it can be seen from Figure 10 and the curves that the lowest-
performing network is Inception V3, as indicated by the values in Table 3 with an AP = 0.22
and a DR = 0.84 indicating a significant underestimation of the possible objects in the
images. SqueezeNet, with an AP = 0.52 is the second best in this class, but has a DR = 1.51,
indicating that it detects approximately 51% more objects than are labeled in the test
images, i.e., it produces a high number of FPs, making it unfeasible for use. ResNet50 and
ResNet101 present very similar results, with an AP of 0.48 and 0.46 respectively, and a DR
in both cases with an absolute deviation of 7%, being globally the second-best networks as
backbone of the Faster R–CNN for this class of raspberry. The VGG nets for this class are
the best choice. As can be seen in Figure 10 and Table 3, they present the best AP values
and their DR are among the most adequate.
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Figure 10. Precision–Recall curve for the albinism class.

In the Fungus-Rust class, Figure 11 shows the results for raspberries presenting fungus-
rust. For this type of defect/disease it is observed that almost all the nets lowered the yield
with respect to the AP values. VGG16 is the network that presents the best result for the
pair of AP and DR values, followed by VGG19. Therefore, for this case the most suitable to
test as the basis of the object detector model is the VGG16 network.

Figure 11. Precision–Recall curve for the fungus-rust class.

In the Peduncle class, the results as seen in Figure 12 and Table 3 are more similar to
each other. In this case the Inception V3 and SqueezeNet networks show the lowest AP
results, with the SqueezeNet network showing a significant overestimation of detected
objects. The ResNet50, Vgg16 and Vgg19 networks present the best AP values, highlighting
a value DR = 1 of VGG16 with the second-best AP = 1, making it the top choice.
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Figure 12. Precision–Recall curve for the peduncle class.

In the Overripeness class, in this case the results show how difficult it is for the
algorithm to detect raspberries with overripeness. The Inception V3 network with a
practically zero AP value and a very low object-detection value (as shown in Figure 13).
The squeezeNet network has a DR of 2.10 indicating that it detected more than twice
the number of objects that are actually labeled in the Test images with an AP of 0.19.
The 3 best APs correspond to the VGG16, VGG19 and ResNet101 networks in that order
of 0.27, 0.25 and 0.2 respectively; these networks are the possible candidates to use in the
object-detection model.

Figure 13. Precision–Recall curve for the overripeness class .

4.2. Quantitative Evaluation

The work process of the equipment once installed in the corresponding fruit reception
area in the processing plant is shown in the flow diagram in Figure 14. As shown in the
diagram, the process starts at the entrance of the fruit processing plant, and the shipment
of raspberry trays is received, followed by the random selection of the sample of the entire
shipment, i.e., the raspberry trays to be evaluated are selected. Next, once the sample
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trays have been selected, a tray is introduced into the equipment. At this point the process
is automatic, the image of the raspberry tray is captured, and the developed software
performs the classification and displays the results.

Figure 14. Flowchart of raspberry tray quality assessment team workflow.

4.3. Conceptual Test

A quantitative conceptual test is performed with eight images of raspberry trays.
The software was developed with the individual trained object-detection models was
implemented on a laptop connected to the equipment with the following characteristics:
i7-9th Gen processor 128 GB SSD/1TB HDD, 16 GB RAM, NVIDIA GTX 1660Ti 6GB.

The process is started by selecting a sample raspberry tray, then it is placed inside the
equipment and the RGB image capture system is activated. Next, the developed program
that processes the image is launched.

1. A window with the image of the original unprocessed raspberry tray opens
2. Starts the image processing with each of the modules trained for each of the classes to

be studied.
3. Once the image processing is done, a window opens for each of the classes defined

with the image of the raspberry tray with a “box” around the raspberry of the detected
class with a “label” with the name corresponding to the detected class.

4. Above the image in the window the class and the number of objects of that class
detected by the model are indicated.

The results before process was performed over the image of tray-1 (Figure 15) are
divided as follows: Figure 15a detects 105 raspberries of the class Albinism; those of the class
Fungus-Rust are shown in Figure 15b, showing that 2 were detected; Figure 15c corresponds
to the class Peduncle with 2 detected; and finally Figure 15d shows the class Overripeness
with 9 detected. The entire raspberry tray image evaluation process takes an average of
30 s, which is a substantial improvement over the manual evaluation process that is the
current industry standard, which takes approximately 5 to 10 min.
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(a) Albinism Detection. (b) Fungus-Rust Detection.

(c) Peduncle Detection. (d) Overripeness Detection.
Figure 15. Images of the results of raspberry detection according to classes in the image of raspberries
corresponding to tray-1.

Figure 16 shows the confusion matrices of the results for each of the images of rasp-
berry trays used in this test.

Figure 16a shows the confusion matrix resulting from the evaluation of tray-1. The di-
agonal, highlighted, represents the number of hits or the raspberries correctly detected
and labeled by the system. The system managed to correctly detect 105 raspberries with
albinism out of the 110 visually counted, with a precision of 95.5%. There are no raspberries
with fungus-rust. The peduncle class with two correctly detected obtains 100% precision.
Finally, the overripeness class detected nine correctly and two not detected, achieving 82%
detection precision.

Figure 16b corresponds to tray-2. This tray does not contain raspberries of the classes
fungus-rust, peduncle and overripeness. Effectively the models did not detect raspberries
of this class. The albinism class detected in 14 of 16 raspberries, achieving a precision of
87.5%. In the confusion matrix corresponding to tray-3 (Figure 16c) there are no raspberries
of the classes fungus-rust, peduncle and overripeness. Of the albinism class it detected 9,
which was the total of those present, giving a precision of 100%.

The confusion matrix in Figure 16d corresponding to tray four does not have raspber-
ries of the Moho–Fungus class. It is observed that nine of the albinism class were detected
and one was not detected, obtaining an accuracy of 90%. The raspberries with peduncle
were all detected, 5 in total, achieving an accuracy of 100%. The overripe class detected
12 correctly, and 2 were not detected with an accuracy of 85.7%.

The confusion matrix corresponding to tray-5 is shown in Figure 16e. It can be seen
that it classified or detected four raspberries as albinism correctly and 2 were not detected.
The classes fungus-rust and peduncle show no elements in this tray of raspberries. Finally,
the overripeness class managed to detect 11 and failed to detect four at this point. We
observe for this image a decrease in the percentages of accuracy with respect to the previous
images in the case of albinism and overripeness.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 16. Confusion matrices of the results of the evaluation of the conceptual test images of
raspberry trays.

The confusion matrices for tray-6, tray-7 and tray-8 are shown in Figure 16f–h, respec-
tively. In these images it can be observed that for the albinism class the results present an
accuracy always higher than 90%; in the case of tray-7, the result reaches 98% precision.
The fungus-rust class in the three confusion matrices has good results, especially for tray-8,
which reaches 87.5% of accuracy by detecting 14 correctly and only one undetected, and for
tray-6, it is observed that it detects 4 correctly of the 7 present in the tray, classifying one
with albinism; this occurs due to the similarities between the raspberries that present
albinism and fungus-rust in some cases, failing to detect 2 raspberries with this class.

5. Conclusions and Future Work

It can be concluded that the main objective of the project was fully met. It was
possible to develop functional equipment to determine the quality of raspberry trays using
computer vision techniques and convolutional neural networks from images captured in
the visible RGB spectrum. Effectively integrating both hardware and software and thus
achieving an automatic onboard evaluation of raspberry tray quality.

The software developed based on object-detection algorithms, originally designed for
autonomous driving, is able to adapt appropriately for the detection of raspberries with
defects or diseases present in the harvesting trays with raspberries on entering the fruit
processing plant, according to the parameters and standards of agribusiness, obtaining the
quality of the fruit accurately, automatically and in real time.

For this, individual object detectors are trained for each class to be detected; in this
case, we trained 4 detectors for 4 predefined classes. This process is done in this way,
because each object detector can individually adjust its training parameters, optimizing the
model training process. These class-based raspberry detection models generally achieve
excellent results. Another important advantage of the modular per-class development
of the software is that another model can be incorporated that has better results for a
particular class, without affecting the models of the rest of the classes.

Regarding future work for the optimization of the complete system, it is necessary
to work together with the industry, placing the device in the reception area of the fruit
processing plant and jointly performing the evaluation with a human expert from the
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company to evaluate the prototype quality for the raspberries in trays. In this way, we create
a comprehensive database, having the image capture available together with evaluation
made by an expert and jointly evaluate the results of both estimates, detailing similarities
and errors to optimize the process, both in handling the equipment and in the accuracy of
the quality assessment performed by the software.

Likewise, regarding future work with the objective of improving the detection of
objects in the raspberry tray, the adaptation of depth cameras (RGB-D) is proposed. These
would provide additional information for better image processing. Along with providing
the image in the visible spectrum, it would provide the distance from the camera to the
object, which would allow definition of a structure and achieve better segmentation or
detection of edges of each object in the tray, and thus improve the results of the classification
of raspberries contained in the tray.
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