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Abstract: This work presents an advanced photogrammetric pipeline for inspecting apple trees in the
field, automatically detecting fruits from videos and quantifying their size and number. The proposed
approach is intended to facilitate and accelerate farmers’ and agronomists’ fieldwork, making apple
measurements more objective and giving a more extended collection of apples measured in the field
while also estimating harvesting/apple-picking dates. In order to do this rapidly and automatically,
we propose a pipeline that uses smartphone-based videos and combines photogrammetry, deep
learning and geometric algorithms. Synthetic, laboratory and on-field experiments demonstrate the
accuracy of the results and the potential of the proposed method. Acquired data, labelled images,
code and network weights, are available at 3DOM-FBK GitHub account.
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1. Introduction

The European Union (EU) adopted a series of special criteria concerning apples’
commercial quality to preserve the highest production standards and thereby provide
consumers with high-quality fruit [1]. These regulations prohibit the introduction of non-
compliant, low-quality goods into the market. According to Jideani et al. [2], the majority of
apples grown around the world are intended for the fresh produce market and are therefore
graded at harvest. Size, shape, colour and absence of injuries, spoilages and diseases are
of great importance to traders and consumers. Fruit quality for the fresh produce and
processing markets is closely linked to the stage of ripeness. In this context, fruit size and
shape are considered the most important quality parameters. According to Regulation (EU)
No 543/2011 [3], apples can be divided into three classes according to their size: “Extra”,
“I” and “II”. The maximum cross-section diameter or weight can be used to determine
size. When fruit size is measured by diameter, the minimum size for all classes is 60 mm.
Furthermore, in order to maintain package uniformity, the difference in diameter between
the individual fruits in the box amounts to

- 5 mm in the case of class extra, I and II apples packed in rows and layers.
- 10 mm in the case of class I apples packed loose or in retail packages.

Considering the above, precise knowledge about apple sizes is essential for farmers
when harvesting fruits. Current best practices for estimating fruit size in orchards involves
measurement by callipers, fruit sizing rings or circumference tapes [4]. These measures
require a certain level of operator attention and are based on a relatively small sample of
fruits.

This paper describes the implementation of a pipeline that, after performing a video
inspection of apple trees with a common smartphone, can automatically detect fruits in a
video sequence and accurately measure their size and number. The proposed solution is
intended to

• facilitate and speed up the field work of farmers and agronomists using a common
facility such as a smartphone;
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• make apple measurements objective;
• provide a more extensive set of apples measured in the field, enabling the estimation

of the harvesting/apple-picking date.

The aim of the article is not to introduce a new photogrammetric algorithm, but rather
to apply an integrated surveying technique to a field where it is still not widely used. As
demonstrated in the state-of-the-art section (Section 2), most of the studies in this field
are based on active sensors or stereo cameras. In our experiments, we promote the use of
standard instruments, like a smartphone, in order to achieve precise measurements. The
novelty of the work is therefore the application of photogrammetric methods, coupled with
neural networks, in the agriculture field for measuring apple sizes. The processing pipeline
could be assembled either as a Cloud-based service (and the results would be available
on the smartphone) or as a stand-alone application for custom systems (i.e., harvesting
robots).

After presenting some related works (Section 2), the paper introduces the developed
methodology, with its steps and algorithms (Section 3). Results and validations are given
in Section 4, and a discussion and conclusions are presented in Section 5.

2. State of the Art

“Smart Farming” is an emerging concept that indicates the management of farms
and cultivation using technologies like the Internet of Things (IoT) [5], geo-positioning
systems [6], sensors [7], Big Data [8], Unmanned Aerial Vehicles (UAVs) [9], robotics [10]
and Artificial Intelligence (AI) [11,12]. Smart Farming should provide the farmer with
meaningful added value and better decision-making or more efficient exploitation opera-
tions and management. The introduction of such technologies in the field is intended to
boost the quantity and quality of products while optimising the labour force required for
production.

In this section, a state-of-the-art review of topics related to the proposed pipeline
is presented. The literature has been divided into five sub-sections: in-field inspection
(Section 2.1), off-tree inspection (Section 2.2.), machine learning approaches (Section 2.3),
harvesting robots (Section 2.4), and fruit size measurement (Section 2.5).

2.1. In-Field Inspection

Farmers generally judge apple maturity by keeping track of the number of days since
a tree has bloomed, by opening the fruit and inspecting its seeds, or by checking maturity
metrics (e.g., size, colour, acidity, starch content, firmness, etc.) and chlorophyll (ChlF)
parameters [13]. Measuring fruit metrics is a valuable means to provide fruit growth rates
and timing of harvest, estimate packaging resource requirements, and inform marketing
decisions. Invasive penetrometers and testers are slowly becoming coupled (or replaced)
by non-invasive non-destructive remote-sensing methods [14,15]. Among these remote-
sensing non-invasive methods, spectrometers are used to study the UV fluorescence of
ChlF [16], and they have been recently miniaturised and connected to smartphones for
testing fruit maturity [17]. Thermal cameras [18], night imaging [19], ultrasonic sensors [20],
RGB-D sensors [21,22], stereo vision cameras [23] and a combination of active and passive
sensors [24] have been mounted on farm vehicles or coupled with robotic arms to inspect
fruit sizes and facilitate picking.

2.2. Off-Tree Inspection

Machine vision systems for in-line fruit inspection, classification, sorting and trace-
ability have been used for almost 50 years [25–27]. They are based on ultraviolet, visible,
near-infrared, hyperspectral or range sensors to explore features that human eyes would
not be able to see and overcome human capacity limitations to evaluate long-term processes
in an objective way. Sensors are typically mounted within boxes that are installed over
fast-moving fruit conveyors. This allows uniform and controlled lighting, fixed sensor
positions and stable fruit-to-sensor distance and angle.
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2.3. Machine Learning Approaches

In-field or in-line fruit recognition and classification using machine learning meth-
ods has received considerable attention. Image processing methods based on K-nearest
neighbour (KNN), support vector machine (SVM), artificial neural network (ANN) and
convolutional neural network (CNN) have been used to identify and count fruits in im-
ages or videos [28–33]. Challenges are presented by shape, colour and texture similarity
among numerous fruit species; hence, generalisation is difficult. Most state-of-the-art CNN
methods in this field are based on ImageNet pre-trained feature extractors and Fruit360,
a dataset with more than 90,000 images of fruits and vegetables spread across 131 labels,
which can be considered the most complete training set for fruit identification [34].

2.4. Harvesting Robots

Harvesting robots aim to bring automation and labour-saving practises to agriculture,
although mechanisation and reliability are very challenging and fruit-specific. In-field fruit
detection and picking depend on sensor integration and manipulators to harvest without
damaging the fruit and its tree [35]. Fruit- and vegetable-harvesting robot research began
more than 20 years ago and has resulted in a number of prototypes. The most recent
approaches for fruit detection are based on CNN, stereo cameras for fruit 3D reconstruction
and positioning, and inverse kinematics to drive a robotic arm to the picking location [36–39].

2.5. Fruit Size Measurement

Despite the fact that fruit size measurement is essential for selective harvesting of
mature and good-sized fruits, only a few studies have looked into automating the fruit
size estimate using machine vision systems. In Stajnko et al. [18], thermal imaging is
used to estimate the number and diameter of apple fruits. However, a weak correlation
coefficient (R2) was found between manual measurement and estimated diameters, as
the edges of fruits have sometimes lower temperatures or are hidden by leaves. In order
to measure mango fruits on trees, Wang et al. [22] employed an RGB-D camera, with
successful results. On the other hand, the accuracy of the results highly depends on the
distance between sensors and objects and the quality of the employed camera. A similar
approach is proposed in Gongal et al. [24], where 3D coordinate-based and pixel-size-based
methods are compared to estimate the size of apples in outdoor environments.

Unlike the above-mentioned methods, where measures are extracted from 2D or 2.5D
images, in our study, for the first time, we use photogrammetry and 3D point clouds.

3. Apple3D Tool for Smart Farming

This section briefly describes the key features of the proposed smart farming Apple3D
tool (Section 3.1) and then goes into detail about the various steps and algorithms used
(Sections 3.2 and 3.3).

3.1. Apple3D Overall Process

The proposed smart farming tool (Figure 1) is implemented in the following steps:

1. Data acquisition: using a smartphone (Figure 2a), a video of an apple tree is recorded,
trying to capture apples from multiple positions and angles. Some permanent targets
should be located over the plant in order to calibrate the phone’s camera and scale
the produced photogrammetric results.

2. Frame extraction: keyframes are extracted from the acquired video on the smartphone
in order to process them using a photogrammetric method. Numerous methods exist
in the literature for extracting keyframes. Starting with the performance analysis pre-
sented in Torresani and Remodino [40], our tool employs a 2D feature-based approach
that discards blurred and redundant frames unsuitable for the photogrammetric
process.
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3. Apple segmentation: a pre-trained neural network model is used for an apple’s
instance segmentation on keyframes (Figure 2c). The AI-based method is described
in Section 3.2.2 and compared with a clustering approach (Section 3.2.1).

4. Mask extraction: the instance segmentation results are converted into binary masks
(Figure 2d) in order to isolate fruits and facilitate a dense point cloud generation
within the photogrammetric process.

5. Image orientation: the extracted keyframes are used for photogrammetric recon-
struction purposes, starting from camera pose estimation and sparse point cloud
generation (Figure 3a).

6. Dense image matching: using the previously created masks within an MVS (Multi-
View Stereo) process, the 3D geometry of the apples is derived (Figure 3b,c). The
masking allows for removal of all unwanted areas and partly visible apples. The
resulting point clouds are the main product where all measurement experiments are
performed.

7. Apple size measurement: fitting spheres to the photogrammetric point cloud, sizes
and number of fruits are derived (Figure 3d). Two different measuring approaches
are presented in Section 3.3.

Remote Sens. 2021, 13, x FOR PEER REVIEW  4  of  18 
 

 

performance analysis presented in Torresani and Remodino [40], our tool employs a 

2D feature‐based approach that discards blurred and redundant frames unsuitable 

for the photogrammetric process. 

3. Apple segmentation: a pre‐trained neural network model is used for an apple’s in‐

stance segmentation on keyframes (Figure 2c). The AI‐based method is described in 

Section 3.2.2 and compared with a clustering approach (Section 3.2.1). 

4. Mask extraction: the instance segmentation results are converted into binary masks 

(Figure 2d)  in order  to  isolate  fruits and  facilitate a dense point  cloud generation 

within the photogrammetric process. 

5. Image orientation: the extracted keyframes are used for photogrammetric reconstruc‐

tion purposes, starting from camera pose estimation and sparse point cloud genera‐

tion (Figure 3a). 

6. Dense image matching: using the previously created masks within an MVS (Multi‐

View Stereo) process,  the 3D geometry of  the apples  is derived  (Figure 3b,c). The 

masking allows for removal of all unwanted areas and partly visible apples. The re‐

sulting point clouds are the main product where all measurement experiments are 

performed. 

7. Apple size measurement: fitting spheres to the photogrammetric point cloud, sizes 

and number of fruits are derived (Figure 3d). Two different measuring approaches 

are presented in Section 3.3. 

 

Figure 1. The Apple3D tool framework. 

 

Figure 2. The first part of our framework: video acquisition (a), frame extraction (b), apple detection with 

an AI method (c) and image mask generation (d). 

Figure 1. The Apple3D tool framework.

Remote Sens. 2021, 13, x FOR PEER REVIEW  4  of  18 
 

 

performance analysis presented in Torresani and Remodino [40], our tool employs a 

2D feature‐based approach that discards blurred and redundant frames unsuitable 

for the photogrammetric process. 

3. Apple segmentation: a pre‐trained neural network model is used for an apple’s in‐

stance segmentation on keyframes (Figure 2c). The AI‐based method is described in 

Section 3.2.2 and compared with a clustering approach (Section 3.2.1). 

4. Mask extraction: the instance segmentation results are converted into binary masks 

(Figure 2d)  in order  to  isolate  fruits and  facilitate a dense point  cloud generation 

within the photogrammetric process. 

5. Image orientation: the extracted keyframes are used for photogrammetric reconstruc‐

tion purposes, starting from camera pose estimation and sparse point cloud genera‐

tion (Figure 3a). 

6. Dense image matching: using the previously created masks within an MVS (Multi‐

View Stereo) process,  the 3D geometry of  the apples  is derived  (Figure 3b,c). The 

masking allows for removal of all unwanted areas and partly visible apples. The re‐

sulting point clouds are the main product where all measurement experiments are 

performed. 

7. Apple size measurement: fitting spheres to the photogrammetric point cloud, sizes 

and number of fruits are derived (Figure 3d). Two different measuring approaches 

are presented in Section 3.3. 

 

Figure 1. The Apple3D tool framework. 

 

Figure 2. The first part of our framework: video acquisition (a), frame extraction (b), apple detection with 

an AI method (c) and image mask generation (d). 
Figure 2. The first part of our framework: video acquisition (a), frame extraction (b), apple detection with an AI method (c)
and image mask generation (d).



Remote Sens. 2021, 13, 3960 5 of 18
Remote Sens. 2021, 13, x FOR PEER REVIEW  5  of  18 
 

 

 

Figure 3. The second part of our  framework:  image orientation  (a), dense point cloud generated without masking  the 

keyframes (b), dense point cloud generated applying masks (c) and fitting spheres on apple instances to derive fruit sizes 

(d). 

As  the aim of  the work  is not  to  introduce a new photogrammetric algorithm but 

rather to assemble an integrated surveying technique coupled with neural networks in the 

agriculture  field  for measuring apple sizes,  the  reader can  find more details about  the 

above‐mentioned photogrammetric steps (#2, #5, #6) in the literature [40–43]. 

3.2. Apple Segmentation 

The ultimate goal of the proposed pipeline is to accurately measure apple sizes using 

photogrammetrically derived point clouds. In order to optimise these measurements, it is 

desirable to minimise all possible noise around the fruits. Associating masks to frames to 

block out all but the single apples during the dense image matching process is an appro‐

priate way to accomplish this. 

Two different techniques are tested to automate the apple masking process: a clus‐

tering (Section 3.2.1) and a neural‐network‐based (Section 3.2.2) approach. 

3.2.1. Clustering Approach (K‐Means) 

K‐Means Clustering [44] is an unsupervised learning algorithm used for segmenting 

an unlabelled dataset into K groups of data points (called clusters) based on their similar‐

ities. In image segmentation, colour similarities are the most important features. However, 

due to the high variance in lighting conditions and changes in fruit attributes such as col‐

our and  texture, apple segmentation  is challenging  for  in‐field acquired  images where 

light and illumination conditions are variable. 

Typically,  the  colour  information  of  images  or  three‐dimensional data  are  repre‐

sented using the RGB space. Such a colour space is not suitable for colour‐based segmen‐

tation processes because spatial proximity, which corresponds to the geometric distance 

between colour‐values, is not coherent with perceptual similarity among colours [45]. 

Based on these considerations, we converted the video RGB keyframes to CIE L*a*b* 

colour space [46] before running  the unsupervised clustering.  In  this colour space, one 

channel is for Luminance (L), and the other two (a* and b*) are known as chromaticity 

layers. The a* layer indicates where the colour falls along the red‐green axis, while the b* 

layer indicates where it is on the blue‐yellow axis. Furthermore, depending on whether 

the apples were yellow or red, channels a* and b* were used (Figure 4b). For the consid‐

ered scenario, with a K = 3, frames were automatically segmented into three clusters that 

could be associated with the “apples”, “leaves”, and “context” classes (Figure 4d). Some 

morphological operations (erosion and dilation) were then applied to hold only the “ap‐

ples” class and exclude small items (peduncle, twigs, leaves, etc.) (Figure 4d,e). In partic‐

ular: (i) all the white segments smaller than 5000 pixels in size were removed and (ii) after 

finding contours, the contours corresponding to small black holes surrounded by white 

regions were filled in. 

Figure 3. The second part of our framework: image orientation (a), dense point cloud generated without masking the
keyframes (b), dense point cloud generated applying masks (c) and fitting spheres on apple instances to derive fruit sizes (d).

As the aim of the work is not to introduce a new photogrammetric algorithm but
rather to assemble an integrated surveying technique coupled with neural networks in
the agriculture field for measuring apple sizes, the reader can find more details about the
above-mentioned photogrammetric steps (#2, #5, #6) in the literature [40–43].

3.2. Apple Segmentation

The ultimate goal of the proposed pipeline is to accurately measure apple sizes using
photogrammetrically derived point clouds. In order to optimise these measurements, it
is desirable to minimise all possible noise around the fruits. Associating masks to frames
to block out all but the single apples during the dense image matching process is an
appropriate way to accomplish this.

Two different techniques are tested to automate the apple masking process: a cluster-
ing (Section 3.2.1) and a neural-network-based (Section 3.2.2) approach.

3.2.1. Clustering Approach (K-Means)

K-Means Clustering [44] is an unsupervised learning algorithm used for segmenting
an unlabelled dataset into K groups of data points (called clusters) based on their similari-
ties. In image segmentation, colour similarities are the most important features. However,
due to the high variance in lighting conditions and changes in fruit attributes such as colour
and texture, apple segmentation is challenging for in-field acquired images where light
and illumination conditions are variable.

Typically, the colour information of images or three-dimensional data are represented
using the RGB space. Such a colour space is not suitable for colour-based segmentation
processes because spatial proximity, which corresponds to the geometric distance between
colour-values, is not coherent with perceptual similarity among colours [45].

Based on these considerations, we converted the video RGB keyframes to CIE L*a*b*
colour space [46] before running the unsupervised clustering. In this colour space, one
channel is for Luminance (L), and the other two (a* and b*) are known as chromaticity
layers. The a* layer indicates where the colour falls along the red-green axis, while the b*
layer indicates where it is on the blue-yellow axis. Furthermore, depending on whether the
apples were yellow or red, channels a* and b* were used (Figure 4b). For the considered
scenario, with a K = 3, frames were automatically segmented into three clusters that
could be associated with the “apples”, “leaves”, and “context” classes (Figure 4d). Some
morphological operations (erosion and dilation) were then applied to hold only the “apples”
class and exclude small items (peduncle, twigs, leaves, etc.) (Figure 4d,e). In particular:
(i) all the white segments smaller than 5000 pixels in size were removed and (ii) after
finding contours, the contours corresponding to small black holes surrounded by white
regions were filled in.
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3.2.2. Neural-Network-Based Approach (Mask R-CNN)

Object detection is a computer vision task that involves both the location of one or more
objects within an image and the classification of each of these objects [47]. Once located, a
bounding box is drawn around each item in the image. An extension of object detection
involves marking the specific pixels in the image that belong to each detected object instead
of using coarse bounding boxes during object localisation. This harder version of the
problem is generally referred to as object segmentation or instance segmentation.

In recent years, deep learning techniques have achieved state-of-the-art results for
object detection and semantic segmentation [48,49]. Among the most notable algorithms,
we identified the Mask R-CNN [50] as the most suitable for our purposes, as it generates
not only a bounding box around the objects but also a pixel-based mask (Figure 5). In our
framework, we use the Mask R-CNN model provided by Matterport_Mask_RCNN [51]
because it has already been pre-trained on the large-scale object detection, segmentation,
and captioning dataset “COCO” [52]. Among the 80 classes included in COCO, there is a
specific class for apples, but tests showed that the network was not sufficiently accurate
for our scope (see Section 4.3). Starting from the pre-trained weights, a total of about 700
apple instances were manually labelled (using the VIA annotation tool [43]) and used for
additional training in order to increase the neural network’s performance.
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3.3. Apple Size Measuring

In this section, two different methods for measuring the maximum cross-section
diameter of the apples are presented: Least Square Fitting (Section 3.3.1) and Random
Sample Consensus (RANSAC) (Section 3.3.2).
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Both methods are based on the concept of fitting a geometric primitive, i.e., a sphere,
to the apples. Figure 6 shows that, independently of apple type and shape, fitting a circle
to an apple in an image allows for the extraction of the maximum cross-section diameter.
Hence, this principle was extended to the third dimension by fitting spheres to 3D point
clouds.
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diameter of the fruit.

3.3.1. Least Square Fitting

The Least Square Fitting method [43] is a statistical approach that finds the best fit of a
primitive (e.g., a line, a sphere, etc.) for a set of data (e.g., points) by minimising the sum of
the offsets (or residuals) of the data from the fitted primitive.

One of the main advantages of the Least Square Fitting is that it does not require any
parameter tuning. On the other hand, it has to work on the single apple instances, though
there could be groups of apples that are not always easy to separate. Errors in the instance
segmentation would negatively affect the fitting.

3.3.2. RANSAC

The RANdom SAmple Consensus (RANSAC) algorithm [53] is a general parameter
estimation approach designed to cope with a large proportion of outliers in the input data.
The RANSAC method is used to extract shapes by randomly drawing minimal data points
to construct candidate shape primitives. Then, the candidate shapes are checked against
all points in the dataset to determine a value for the number of points representing the
best fit [54]. Unlike the Least Square Fitting approach, the RANSAC algorithm requires the
setting of three parameters:

(a) maximum distance to primitive
(b) sampling resolution
(c) minimum support points per primitive

Considering the desired degree of accuracy, (a) and (b) are set at 3 mm and 6 mm,
respectively. In addition, (c) is empirically calculated as follows:

Min support points per primitive = points per apple × 1/3 (1)

To estimate the number of points per apple, the camera poses derived in the image
orientation step are used to reproject every 3D point over the masked images. Then, for
each image, the number of points that fall in each apple instance is counted. A median of
these values is then computed for the entire dataset of images to estimate the number of
points per apple.

4. Experimental Results

In order to assess the proposed pipeline, three types of datasets and scenarios are
used:

• synthetic (Section 4.1);
• laboratory (Section 4.2);
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• on-field (Section 4.3).

The synthetic datasets are used to evaluate the performance and reliability of the fitting
methods, whereas the laboratory and on-field datasets are used to test the effectiveness
and accuracy of the entire pipeline.

4.1. Synthetic Datasets

Several experiments were carried out to assess the reliability of the fitting approach
for estimating the maximum cross-section diameter. To do this, a set of synthetic apples
of various sizes and shapes was built; different 3D models were generated using the
open-source software Blender [55], then the meshes were converted into point clouds (i.e.,
the same outcome of the proposed pipeline). For the sake of completeness, the response
of both LSF and RANSAC was tested through various forms of apples (Section 4.1.1),
different levels of completeness (Section 4.1.2) and diverse levels of noise in the 3D apples
(Section 4.1.3).

4.1.1. Shape (LSF vs. RANSAC)

Starting with four different shapes of apples (Figure 7A–D), the fitting process was
evaluated by comparing the radius of the spheres fitted on the point cloud by the LSF
and RANSAC algorithms and the actual measurement of the apples (ground truth—GT).
According to the results, both RANSAC and LSF established good estimates for apples A,
B, and D, while for apple C the RANSAC measurement was more precise than the LSF,
whose error was above the 5 mm threshold given by the EU Commission.
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4.1.2. Level of Completeness (LSF vs. RANSAC)

The ability of LSF and RANSAC to give accurate measurements with reduced portions
of the fruit was tested on the synthetic apples. Each apple was measured either as a whole
or cut in 3/4, 1/2 and 1/4.

Table 1 summarises the study results. Unlike the LSF algorithm, the RANSAC al-
gorithm continues to perform even if the fruit completeness decreases. The measuring
inaccuracy is less than one mm, even when only a quarter of an apple is utilised.
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Table 1. Measurement (mm) comparison between LSF and RANSAC approach for different synthetic
apples (Figure 7) as the completeness of fruits decreases.

Completeness GT A (60.13) B (70.46) C (66.51) D (60.13)

1 (i.e., 100%)
LSF 60.22 (+0.09) 68.55 (−1.91) 61.44 (−5.07) 58.72 (−1.41)

RANSAC 59.79 (−0.34) 69.80 (−0.66) 65.22 (−1.29) 59.24 (−0.89)

3/4
LSF 60.2 (+0.07) 68.52 (−1.94) 61 (−5.51) 58.36 (−1.77)

RANSAC 59.8 (+0.33) 69.54 (−0.92) 68.1 (+1.59) 59.2 (−0.93)

1/2
LSF 58.88 (−1.25) 64.92 (−5.54) 57.9 (−8.61) 58.8 (−1.33)

RANSAC 59.9 (−0.23) 71.66 (+1.2) 63.5 (−3.01) 59.34 (−0.79)

1/4
LSF 51.02 (−9.11) 67.24 (−3.22) 48.66

(−17.85)
49.46

(−10.67)
RANSAC 59.54 (−0.59) 71.84 (+1.38) 65.78 (−0.73) 59.74 (−0.39)

4.1.3. Occlusions and Noise (RANSAC)

Synthetic data are further elaborated to recreate datasets as close to reality as possible,
including occlusions (Figure 8b) and noise (Figure 8c) in the point clouds. Contrary to
the previous experiments where the apples were treated separately, in this case, only the
RANSAC algorithm was tested over the fruit composition (Figure 8a). Indeed, such a
configuration is not suitable for the LSF method, which works only on single fruits. As
shown in Figure 8d, RANSAC was able to fit a geometric primitive (sphere) to each apple.
Table 2 reports the diameters of the fitted spheres, with comparisons with ground truth
(GT) values. Of the six apples, the one with the most significant measurement error is
number five, which deviates by 1.46 mm from the ground truth. Due to the position of
the fruit and the presence of occlusions, this inaccuracy is still well below the acceptable
threshold given by the EU Commission (5 mm). In addition, the root mean square error
(RMSE) with respect to the calliper measurements was calculated, and its value was around
0.84 mm.
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Figure 8. Generation of a synthetic dataset and testing of the fitting approach: group of synthetic
apples (a), introduction of occlusions and not-completeness (b), generation of noise in the point
cloud (c), RANSAC fitting results (d).
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Table 2. Fitting results (RANSAC) for each apple of the synthetic dataset (Figure 8). Measurements
in mm. RMSE = 0.84 mm.

Apple ID 1 2 3 4 5 6 RMSE

GT size 69.06 69.43 65.56 65.05 68.72 74.37 -

RANSAC 68.45
(−0.61)

68.43
(−1.0)

65.80
(+0.24)

65.60
(+0.55)

70.18
(+1.46)

75.00
(+0.63) 0.84

4.2. Laboratory Tests

An apple tree was built in our laboratory (Figure 9a,b) in order to perform experiments
in a controlled environment similar to a real scenario. Before placing the eight apples on
the mock plant, each fruit was measured in two ways:

• with a Vernier callipers, taking the average of four measurements for each apple;
• with an accurate photogrammetric survey, placing the apples on a turntable (Ground

Sample Distance—GSD—on the apple of approx. 0.1 mm) (Figure 9c), deriving a
dense cloud for each apple (Figure 10a,b) and sectioning the cloud to measure the
largest diameter (Figure 10c).
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Once apples were placed on the tree, the entire pipeline was tested. First, using a
Samsung S10 smartphone, a 50 s HD video was captured, and approximately 120 keyframes
were extracted. Masks were then generated with both a K-means and mask R-CNN
approach. Results showed a decisive improvement in mask R-CNN results after integrating
new labelled images into the training (Figure 11).
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Figure 11. Comparison of masking performances between K-means and mask R-CNN (True Positive in green, False
Negative in red) for the lab images. The re-trained mask R-CNN method delivers better results.

After the image orientation, masks were included in a MVS photogrammetric algo-
rithm to extract the individual 3D fruits (Figure 12). Then, on the generated point clouds of
the fruits, both the LSF (after separating the single apples) and RANSAC algorithms were
tested to extract the apple measurements. Results (Table 3) show that RANSAC was able to
estimate more accurate sizes (except for number three, where both methods failed as the
large occlusion prevented a correct fitting).
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Table 3. Measurements (mm) for each apple of the lab tree. RMSEs are calculated with respect to the calliper measurements.

1 2 3 4 5 6 7 8 MEDIAN RMSE

Callipers 79.64 79.01 79.55 80.14 79.69 79.25 79.42 79.56 79.55 -

Ph
ot

o-
gr

am
m

et
ry

Camera Reflex
+ Turn table 79.69 79.86 80.28 79.41 80.08 79.59 79.84 79.23 79.75 1.53

Phone + apple tree
LSF 79.96 74.72 / 77.78 77.96 81.58 76.96 78.52 78.08 6.26

RANSAC 79.70 78.68 / 78.70 80.92 81.48 78.48 82.43 79.87 4.22

4.3. On-Field Tests

Finally, experiments were carried out in the field. First, coded targets were placed in a
stable manner on the trees to (i) scale the photogrammetric projects after the survey and
(ii) facilitate the phone’s camera calibration (Figure 13).

Remote Sens. 2021, 13, x FOR PEER REVIEW  12  of  18 
 

 

Table 3. Measurements (mm) for each apple of the lab tree. RMSEs are calculated with respect to 

the calliper measurements. 

  1  2  3  4  5  6  7  8 
ME‐

DIAN 
RMSE 

 
Callipers  79.64  79.01  79.55  80.14  79.69  79.25  79.42  79.56  79.55  ‐ 

P
H
O
T
O
G
R
A
M
‐

M
E
T
R
Y
 

Camera Reflex 

+ Turn table 
79.69  79.86  80.28  79.41  80.08  79.59  79.84  79.23  79.75  1.53 

Phone

+ ap‐

ple 

tree 

LSF  79.96  74.72  /  77.78  77.96  81.58  76.96  78.52  78.08  6.26 

RANSAC  79.70  78.68  /  78.70  80.92  81.48  78.48  82.43  79.87  4.22 

4.3. On‐Field Tests 

Finally, experiments were carried out in the field. First, coded targets were placed in 

a stable manner on the trees to (i) scale the photogrammetric projects after the survey and 

(ii) facilitate the phone’s camera calibration (Figure 13). 

 

Figure 13. Examples of targets placed on the apple trees in the field. 

For the lab experiment, videos were then recorded and keyframes extracted. Since 

fruit colours and lighting conditions fluctuate substantially between situations, the two 

distinct masking procedures were compared. In particular, in order to identify the best 

approach, for a set of 30 frames, the masking outputs were compared with the manually 

annotated masks, and the following accuracy metrics were calculated: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  
𝑇𝑝

𝑇𝑝  𝐹𝑝
  (2)

𝑅𝑒𝑐𝑎𝑙𝑙  
𝑇𝑝

𝑇𝑝  𝐹𝑛
  (3)

𝐹1 𝑠𝑐𝑜𝑟𝑒 2  
𝑅𝑒𝑐𝑎𝑙𝑙 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑅𝑒𝑐𝑎𝑙𝑙  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

  (4)

where  𝑇𝑝  = True positive,  𝐹𝑝  = False positive and  𝐹𝑛  = False negative. 
Precision gives information about a classifier’s performance with respect to false pos‐

itives (how many apples are found), while Recall provides information about its perfor‐

mance with respect to false negatives (how many apples are missed). If the goal is to min‐

imise False Negatives, then Recall should be as near to 100% as possible without signifi‐

cantly reducing the Precision, whereas if we prefer to minimise False Positives, then Pre‐

cision should be as close to 100% as possible. 

Figure 13. Examples of targets placed on the apple trees in the field.

For the lab experiment, videos were then recorded and keyframes extracted. Since
fruit colours and lighting conditions fluctuate substantially between situations, the two
distinct masking procedures were compared. In particular, in order to identify the best
approach, for a set of 30 frames, the masking outputs were compared with the manually
annotated masks, and the following accuracy metrics were calculated:

Precision =
Tp

Tp + Fp
(2)

Recall =
Tp

Tp + Fn
(3)

F1 score = 2 × Recall × Precision
Recall + Precision

(4)

where Tp = True positive, Fp = False positive and Fn = False negative.
Precision gives information about a classifier’s performance with respect to false

positives (how many apples are found), while Recall provides information about its per-
formance with respect to false negatives (how many apples are missed). If the goal is
to minimise False Negatives, then Recall should be as near to 100% as possible without
significantly reducing the Precision, whereas if we prefer to minimise False Positives, then
Precision should be as close to 100% as possible.

In contrast to the laboratory experiment, the K-means algorithm struggled to dis-
tinguish between foliage and apples when data were collected in the field, especially in
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the case of green apples (Figure 14). Results showed that the re-trained Mask R-CNN
outperformed the COCO-based network.
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The accuracy metrics reported in Table 4 show two differing situations. On the one
hand, the K-means with high Recall but low Precision returns many apples, but most of its
predictions are inaccurate compared to the ground truth labels. On the other, the re-trained
Mask R-CNN with high Precision but low Recall returns fewer apples, but the majority of
its predictions are correct.

Table 4. Accuracy metrics achieved for the masking process using K-means and Mask R-CNN
approaches.

Precision % Recall % F1-Score %

K-means 73.97 87.30 80.08

Mask R-CNN
(COCO-based) 49.30 81.16 52.20

Mask R-CNN
(re-trained) 95.18 78.34 85.95

Given that the same apple to be reconstructed in the photogrammetric process would
appear in multiple frames, the fact that an algorithm occasionally misses some fruits is not
a major issue because the likelihood that it will occur in nearby frames is very high. It is
critical that the reconstructed point cloud only includes fruits and not foliage, as this could
affect the accuracy of the fitting measurement. Given these factors, it was determined that
the mask R-CNN was the optimum method for the case study.

Once the extracted and masked frames were processed, we could compare the on-field
measurements (acquired by callipers) with the ones extracted by fitting the spheres to
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the 3D point clouds (Figure 15). Even in the field, errors persist in the order of a few
millimetres, i.e., within the expected errors given by the EU regulations.
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5. Discussion and Conclusions

The paper presented a new framework to measure apple sizes from smartphone-based
videos, exploiting photogrammetric and artificial intelligence methods. Different types of
tests were performed to validate the methodology, with both synthetic and real data in the
lab and in the field.

In the image masking phase, the comparison between K-means and Mask R-CNN
showed that under ideal lighting conditions and with red apples, the two systems are
almost equivalent. However, field tests shows that the R-CNN approach is more reliable
in terms of light and fruit colour changes. Moreover, the results displayed that the re-
trained network outperformed the COCO-based network. Nguyen et al. [21], in their study,
reported 100% precision in detecting fully visible apples and 82% for partially occluded
apples. In our case, 85% of occluded apples were detected and correctly masked.

In terms of measurement approaches, LSF proved to be inadequate when fruit portions
were small (e.g., occluded by leaves). On the other hand, RANSAC allowed correct
measurements to be extrapolated in the presence of various varieties of apples, both for
occlusions and completeness. For the synthetic dataset, the RMSE was below 1 mm while
for the laboratory dataset it was around 4 mm. These results are in line with or even better
than those specified in the literature: Stajnko et al. [18] reported a RMSE of 7 mm, whereas
Regunanthan et al. [20] achieved 4 mm. Wang et al. [22] achieved similar results, measuring
mango fruits with a RMSE of 4.9 mm along the length and 4.3 mm across the width.

The achieved results show how the use of new technologies could provide support to
farmers. The strengths of the presented framework are:

• The achievement of precise measurements using 3D point clouds.
• The use of low-cost and common instruments (smartphones) for fruit surveying.
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• The introduction of a less subjective approach for measuring fruits compared to
callipers, providing at the same time a more extensive set of apples measured in the
field (Figure 16).
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Figure 16. Experiments in the field: a keyframe extracted from a short smartphone video (37 sec) (a), the photogrammetric
dense point cloud with (b) and without (c) masking the images, and the output from the RANSAC fitting, which allows
quantification of the number of fruits on the tree (d).

• The availability of videos for experiments, masking code, labelled images for re-
training, and network weights at 3DOM-FBK-GitHub [56].

The weaknesses of the presented framework are as follows:

• The sensitivity to illumination variations and changes in the apple shapes: when
the video is captured around midday or in cloudy conditions, the lighting issues are
minimised.

• The need of placing a target in the field to derive metric results from the photogrammet-
ric processing: the authors are planning new acquisitions with an in-house developed
stereo-vision system [57], which does not require in-field targets to scale the results.

• The reliability in masking green apples, as their colour is very similar to the leaves:
the authors are planning to refine the masking method, enriching the neural network
with more training images.

As future research lines, the following aspects may deserve attention and further
development:

• Verifying the application of the method to similar fruits (i.e., pears, kiwi, etc.).
• Using colour information, available in the videos, to support analyses related to fruit

maturation.
• Adapting the proposed framework to on-field quality control, inspection and detection

of damage over the fruit surface due, for example, to bad meteorological conditions.
• Finalization of the deployment of the entire framework in Cloud so users can ac-

quire videos with a smartphone in the field and access Cloud resources to derive
measurements almost in real time.
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