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Combining Domain Adaptation and Spatial
Consistency for Unseen Fruits Counting: A
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Abstract—Autonomous robotic platforms can be effectively
used to perform automatic fruits yield estimation. To this aim,
robots need data-driven models that process image streams and
count, even approximately, the number of fruits in an orchard.
However, training such models following a supervised paradigm
is expensive and unpractical. Extending pre-trained models to
perform yield estimation for a completely new type of fruit
is even more challenging, but interesting since this situation is
typical in practice. In this work, we combine a State-of-the-Art
weakly-supervised fruit counting model with an unsupervised
style transfer method for addressing the task above. In this sense,
our proposed approach is quasi-unsupervised. In particular, we
use a Cycle-Generative Adversarial Network (C-GAN) to perform
unsupervised domain adaptation and train it alongside with
a Presence-Absence Classifier (PAC) that discriminates images
containing fruits or not. The PAC produces the weak-supervision
signal for the counting network, that can then be used on the
target orchard directly. Experiments on datasets collected in four
different orchards show that the proposed approach is more
accurate than the supervised baseline methods.
Index Terms—Agricultural Automation, Robotics in Agriculture and Forestry, Visual Learning

I. I NTRODUCTION
UTOMATION in agriculture is becoming increasingly
pervasive, from the to-date commonly used automatic
machinery to work in the fields and process the crop, to
the more recent trend of automatizing orchard monitoring
and providing support to management decisions. This last
aspect can be tackled by exploiting camera-equipped robots
to densely collect visual data in the orchard, and advanced
Computer Vision techniques to analyse those data. Among
the orchard management-related processes, yield estimation
plays a crucial role in harvesting operations planning and
income prevision. State-of-the-Art works [1], [2] already
demonstrated how to make yield sampling cost-effective by
using autonomous robots to collect images of the orchard.
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Fig. 1: After being trained on source orchard images with
weak ground truth (WS in the picture) and transformed target
orchard images with no ground truth, QU-COUNT can directly
count fruits from target orchard images.
However, fruit counting is still an open issue. In the case of
fruits, this task can be automated via algorithms to count the
fruits in the imagery collected by cameras in the fields, making
it accurate and cost-effective.
Recently proposed methods [3], [4] rely on heuristics and
strong supervision for fruit detection and counting. This limits
the application of such methods in real agricultural contexts
because of the required costs and time. Indeed, handcrafted
models and heuristics are fruit specific [3], and humangenerated ground truth can be unprecise [4], thus resulting
in unreliable supervision information. For this reason, we
follow the trend of applying the weak supervision paradigm
for yield estimation [5]. This reduces the labelling work and
time required to train the counting model.
Although being a more flexible approach, neither the weakly
supervised paradigm guarantees that the counting model would
work for fruits different from those used in training. However,
the ability to generalize on different types of orchards is
interesting from a commercial point of view, thus deserves
more attention. Possible strategies to tackle this problem are:
1) Directly applying on target fruit T the model trained on
source fruit S; 2) Finetuning on target fruit T the model
trained on source fruit S. Both approaches have some limitations. Approach 1) would result in poor performance, thus
being practically useless. Approach 2) would require strong
supervision, i.e., collecting and labelling image data. This is
costly and time-consuming, making the approach unfeasible
for agricultural applications, both because of the economic
disadvantages and the risk of producing obsolete estimations.

In the sight of this, we propose to combine the recently
proposed weakly supervised fruit counting model presented in
[5] with an unsupervised style transfer method for addressing
the situation above. In this sense, our proposed approach
is quasi-unsupervised (see Fig. 1). In particular, we jointly
train a Cycle-Generative Adversarial Network (C-GAN) [6]
to transform images from a source orchard S into unpaired
images of a different target orchard T , and a Presence-Absence
Classifier (PAC) to discriminate between images that contain
fruits and images that do not contain fruits. The PAC is trained
on real source images and synthetic source and target images
from the C-GAN generators, and takes the source images
ground truth as supervision signal. The trained PAC generates
the weak supervision signal for the counting block, that is
now able to work directly on images from the target orchard.
The experimental results obtained on four different orchards
demonstrate that the proposed approach gives performance
comparable to a fully-supervised approach and requires shorter
deploy time. For this, the approach can be considered suitable
for real-world agricultural applications.
The remainder of this letter is organized as follows. In
Section II, an overview of the related work is given. In
Section III, the proposed approach is described. Section IV
provides a detailed description of the experimental results, and
conclusions are drawn in Section V.
II. R ELATED W ORK
Yield estimation via fruit counting from orchard images
is receiving growing interest in the Agronomics, Computer
Vision and Robotics communities. Among the proposed approaches to this task, the most commonly applied are: counting
by detection, counting by density estimation, and counting by
regression.
The counting by detection strategy involves summing the
instances detected by a class-specific object detector. This
strategy is implemented e.g., in [7], [8], which use lowlevel keypoints, in [9], [10], [11], [12], [13], which exploit
segmentation, and in [14], [15], [3], [16], [17], which apply
detectors based on Convolutional Neural Networks (CNN).
In the counting by density estimation strategy, object density
maps are estimated along with the counting output to incorporate spatial correlation information during the training. This
strategy is less applied for fruit counting. For example, in [18],
the density of pixels classified as belonging to wheat spikes
is estimated to infer the number of fruits.
The counting by regression strategy consists in training
models to count, i.e., to map image features into object
instances number. This strategy was applied e.g., in [19],
where the number of fruits is regressed based on fruits blobs
detected in the image, and in [20], where a modified version
of the Inception-ResNet CNN [21] is directly trained to count.
The approaches mentioned above either rely on fruit-specific
heuristics [9], [10] or on strong supervision (in the form of
bound boxes [15], [3], [19], [16], [13], binary masks [11],
[12], and counting labels [20], [4]), and most of them focus
on a single type of fruit [15], [11], [20], [16], [13]. Recently,

a weakly supervised fruit counting by regression strategy has
been proposed in [5]. In this strategy, the only supervision
signal needed regards simply the presence or absence of fruits
in the image. The counting task is learned by combining the
output of a presence-absence classifier at different locations
and scales of the image, with a spatial consistency term in
the training objective. This paradigm is more cost-effective
than fully-supervised counterparts, and its performance is
competitive.
A common situation in agricultural scenarios is the case
in which yield estimation has to be performed in an unseen
orchard, for a different type of fruit. In the sight of this,
having an automatic yield estimation system able to deal
with new domains is desirable. However, despite its practical
interest, this problem has been treated only marginally in the
research community. For example, in [20], synthetic images
are used to train a counting network, that is then applied to
real images. This approach is not flexible since it requires
careful synthetic data engineering, based on heuristics on
the operative conditions and the colour and shape of the
fruits. In [3], transfer learning is performed by initializing
the weights of a counting network for the target fruit with
the weights obtained by training on the source fruit and then
finetuning. However, the experimental results obtained show
that this procedure has limited benefits compared to initializing
the network with weights obtained by pretraining on general
objects images. Different from these approaches, in this work,
we treat the unseen fruit counting problem as an unsupervised
domain adaptation task. In particular, we follow the Stateof-the-Art adversarial domain adaptation paradigm [22], [23],
[24], [25], and exploit a C-GAN [6] for generating target
images. In the context of counting for agricultural applications,
adversarial domain adaptation has been applied at features
level in [26] for counting leaves. This approach is fullysupervised, i.e., it requires precise counting ground truth and is
tested in controlled environment. In contrast, the present work
builds upon the counting by regression weakly-supervised
method presented in [5], and extends it for the task of yield
estimation in the challenging scenario of an unseen open-field
orchard, for visually different types of fruits. To the best of our
knowledge, this work is the first combining weak-supervision
and adversarial domain adaptation for yield estimation.
III. P ROPOSED A PPROACH
This section describes the Quasi-Unsupervised Counting
(QU-COUNT) approach. First, a general overview of the
approach and the notation used are provided. Afterwards, the
architecture of QU-COUNT is introduced and discussed.
A. Notation and Overview
The application context addressed by QU-COUNT comprises a source scenario S and a target scenario T that differ
in the fruit species they represent. For the source scenario, we
S
assume that a set DS = {(IS1 , c1S ), (IS2 , c2S ), . . . , (ISNS , cN
S )}
i
is available. Each image IS depicting a tree canopy is associated to a supervision label ciS ∈ {0, 1}, which only indicates
the presence or the absence of fruits in the image. This label is

considered weak with respect to the counting task since it does
not express the precise number of fruit instances in the image.
On the other hand, the target scenario is represented by an
unsupervised set of images DT = {IT1 , IT2 , . . . , ITNT }. Hence,
differently from the source domain, there is no information
about the presence or the absence of fruits in the images.
The driving objective of QU-COUNT is to achieve fruit
counting capabilities with respect to the unlabeled target
scenario T by using only weak knowledge about the source
context S. To fulfil this aim, it exploits two fundamental
data-driven paradigms: i) Weakly Supervised Learning and ii)
Unsupervised Domain Adaptation.

in this work, the MBC-CNN is modified by introducing a
Peak Stimulation Layer (PSL) inspired by [27] (see Fig. 2).
The PSL is placed after the response map layer (i.e., a 1 × 1
convolutional layer with 8 filters) on the branch that processes
the full image tile. The role of this layer is to facilitate the
detection of elements of interest in the image and, hence, ease
the counting task. To this aim, it enhances the local maxima of
the response maps and combines them to predict the presence
or the absence of fruits. A binary cross-entropy (BCE) loss
using the PAC prediction as the supervision signal is then
computed and used to perform back-propagation, enhancing
the fruit localization within the image.

B. Weakly-supervised counting

C. Domain Adaptation for Fruit Counting

Ideally, we want a network able to learn what and how
to count by only relying on fruit presence-absence labels.
As shown in [5], this could be achieved with a multi-branch
architecture whose optimization objective is constrained by a
Presence-Absence Classifier (PAC). In this work, we follow
the strategy proposed in [5].
In particular, we rely on a Multi-branch Counting CNN
(MBC-CNN), whose branches operate on different image tiles
extracted from the original image at three different scales,
i.e., the full image, and the 4 and 16 non-overlapping crops.
Each branch regresses the number of fruits for a given tile.
During the optimization phase, the count estimates at each
level are summed, and a constraint is imposed to ensure that
the total count at each scale is consistent with the others. This
is encoded by the following scale-consistency objective:

The strategy presented in the previous section requires
presence-absence supervision labels to train the PAC. However, as introduced in Section III-A, in this work, we assume
that the target scenario T is completely unsupervised. A naive
strategy would be to use the PAC trained on S to constrain
the optimization of the MBC-CNN on T . Unfortunately, the
two domains have different fruit species, thus, for example,
a presence-absence classifier trained on olives will perform
poorly on almonds or apples.
To tackle this issue, we design the QU-COUNT approach
with the capability to adapt the PAC trained on S to T without
the need for any supervision information associated with the
target domain. The key intuition behind our strategy is the
following: if we could translate images from S and change
the fruit appearance and shape to resemble the species in T ,
it would be possible to tune the PAC on the target domain
while continuing to benefit from the presence-absence labels
of the source domain.
Driven by the previous considerations, we take advantage
of the recent Cycle Generative Adversarial Network (GAN)
architecture [6] to achieve domain translation. The Cycle GAN
(C-GAN) is then combined during the optimization phase to
adapt the PAC to the target domain (see Fig. 3).
The aim of Cycle GAN is to learn two mapping functions
M : S → T and N : T → S that translate images from one
domain into the other. To learn these mappings, the standard
GAN loss is combined with a cycle-consistency objective [6]:
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where N indicates the number of training images, ŷ (·,·,·) is
the estimated fruit count for a given tile, and k and l index
the different scales.
However, the loss defined by Eqn. (1) is not sufficient to
avoid degenerative cases (i.e., the network could simply learn
to output the same value at each scale, regardless of the input
image), and to ensure that the network learns to count fruits.
Hence, an additional constraint is imposed by taking advantage
of the presence-absence classifier. First, the PAC is separately
trained by using images with the associated weak supervisory
signal ci . Afterwards, during the optimization of MBC-CNN,
for each tile j at a given scale k it provides a presence-absence
estimation ĉi,k,j . This information is used to impose coherence
between the PAC and the MBC-CNN predictions with the
following objective:
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The structures of the MBC-CNN and the PAC architectures
follow for the most part the ones proposed in [5] (the reader
could refer to the original paper for more details). However,

LGAN (M, DT , S, T ) =EITi ∼PT [log DT (ITi )]
+EISi ∼PS [log(1 − DT (M (ISi )))] (3)
Lcyc (M, N ) =EISi ∼PS [kN (M (ISi )) − ISi k1 ]
+EITi ∼PT [kM (N (ITi )) − ITi k1 ]

(4)

where DT aims to discriminate between images ITi ∈ T and
images translated from the source domain S. Notice that a loss
similar to (3) is formulated for the function N : T → S.
However, we argue that translating images with the C-GAN
framework is not sufficient to guarantee good performance
on the target domain. Hence, we devise an objective function
whose aim is to adapt the PAC to T . To do so, we leverage the
weakly-supervised information of source images and notice

Fig. 2: Overview of the weakly supervised architecture designed to learn to count starting from weak supervision labels.
Multi-branch Counting CNN processes the image at three different scales, namely the full image, and the tiles computed by
considering 4 and 16 non-overlapping crops. First, the images are forwarded through a ResNet101-based feature extractor.
Then, the features are fed to the peak stimulation layer (PSL) and the fully connected layers (FC). The output of the FC is
the count estimate associated with each input tile, which is used to compute the losses (1) and (2).
that the information about the presence of fruits does not
change when the image is translated. Thus, we can impose
cross-entropy loss functions on the three images produced
during the S → T → S cycle:
Ladapt
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The above equation combines three BCE losses that compare
the ground truth presence-absence labels with the PAC predictions on source-related images, i.e., IS , IS→T and IS→T →S
(see Fig. 3). F represents the function learned by the PAC
that maps images to presence-absence probabilities while
i
i
i
IS→T
= M (ISi ) and IS→T
→S = N (M (IS )). Intuitively, by
constraining the PAC to provide accurate prediction on the
translated images IS→T , we force it to generalize also with
respect to target domain images, provided that the S → T
mapping is effectively learned.
The three losses are combined in the following objective:
Ltot =LGAN (M, DT , S, T )
+LGAN (N, DS , S, T )
+Lcyc (M, N )
+Ladapt

(6)

Once the PAC is adapted to the target domain, it is used to
train the MBC-CNN network on T by following the strategy
described in Section III-B.
IV. E XPERIMENTS
This section describes the experiments made to validate
the QU-COUNT approach. First, the datasets used and the
experimental setup are illustrated. Afterwards, the results are

Fig. 3: Overview of the weak supervision signal generator
(PAC) training. The PAC and the C-GAN are trained jointly.
The C-GAN transforms the target orchard images in images
that could have been taken in the source orchard and viceversa. The PAC takes as input the source orchard images’
ground truth (i.e., presence-absence information), the source
orchard images, and the image obtained from the C-GAN.
analyzed and discussed. Finally, a possible application of the
proposed counting approach in a yield estimation system is
discussed and experimentally validated.
A. Datasets
The approach is evaluated on four different datasets containing images of three fruit species: two sets contain almond
images while the other ones provide olive and apple frames.
Apples and one of the almond dataset are presented in
[3]. They provide 1115 apple images at 308 × 202 pixels of
resolution and 555 almond images at 300 × 300 pixels. All the
samples are associated to manually labelled bounding boxes
that we use to obtain the fruit count ground truth information.
The olive images and the second almond set are presented in
[5]. In particular, 1158 almond images at 300 × 300 pixels are
created by cropping 17 high-resolution frames (5472 × 3078
pixels) collected with a DJI Phantom drone that flies over
almond trees. For olives, 1402 images with a resolution of

606 × 403 pixels are extracted from 31 high-quality photos
taken with a professional camera. Both the sets are provided
with manually annotated bounding boxes that we use to infer
the counting ground truth values and the presence-absence
labels.
B. Compared Approaches and Experimental Setup
To highlight the advantages introduced by QU-COUNT, we
compare it against different baselines. The first one is the work
introduced by [3], which proposes a deep network architecture
based on FasterRCNN [28] to perform fruit detection. We
also compare QU-COUNT against WS-COUNT, a state-ofthe-art weakly-supervised approach presented in [5]. Both the
approaches are intended to be applied in the same application domain used for training. Nevertheless, for comparison
purposes, we also test them on domains that differ from the
training one. Another important baseline is the MBC-CNN
optimized with the PAC trained on the source domain. In
this case, the presence-absence classifier is not adapted, and
the images are not translated with the Cycle GAN. In the
experiments, this approach is referred to as MBC-CNN+PACS .
Furthermore, to provide a reference baseline, Bargoti et al. [3],
WS-COUNT [5] and MBC-CNN+PACS also are trained and
tested in the same domain.
One could also argue whether simply translating images
from S to T would be sufficient to improve the performance
or not. In other words, it is important to determine whether
the adaptation of the PAC adds benefits. For this reason, we
consider a baseline that does not adapt the PCA, and we refer
to it as MBC-CNN+GAN.
To provide an in-depth evaluation of QU-COUNT, experiments are designed to explore all possible source-target combinations of the four fruit datasets. In each test, we compute
the Root Mean Square Error (RMSE) between the predicted
count values and the ground truth ones. Results are statistically
verified by training multiple models for each approach with
different initialization seeds. The RMSEs associated with each
model are used to compute means and standard deviations. pvalues are also provided by using student’s t-test.
C. Implementation and Training Details
The supervision information needed to train QU-COUNT
and the baseline approaches is prepared by using the Pychet
Labeller toolbox [3]. For the method of Bargoti et al. [3] this
consists of bounding boxes for every fruit in the image, and its
preparation requires on average 24 hours for a 1000 images
dataset. On the other hand, the supervision signal for WSCOUNT and QU-COUNT solely consists of the indication
of the presence or absence of fruits in the image, and its
preparation requires less than 1 hour for a 1000 images dataset.
All the networks in the QU-COUNT framework (i.e., PAC,
MBC-CNN and Cycle-GAN) are implemented with the popular Pytorch framework and optimized with an Nvidia GeForce
RTX 2080 Ti with 11 GB of VRAM. As detailed in Section
III, the training procedure of QU-COUNT is organized into
two stages. In the first one, the PAC and the Cycle-GAN are
jointly optimized in order to adapt the former to the target

domain. In this phase, we use the ADAM optimizer with an
initial learning rate of 2 × 10−4 and a batch size of 2 samples.
The Cycle GAN + PAC network is trained for 200 epochs,
which takes approximately 48 hours to complete. Once the
PAC is adapted to the target scenario, it is used to optimize
the MBC-CNN. In this case, we train it for 40 epochs by
using the Stochastic Gradient Descend (SGD) optimizer with
an initial learning rate equal of 10−6 and setting the batch
size to 4 samples. The process takes 5 hours on average.
The ResNet101-based feature extraction block of the PAC
and the MBC-CNN networks [29] is pretrained on ImageNet
[30] and fine-tuned with a learning rate of 10−6 . At test
time, forwarding a single image to predict the fruit count
involves only the MBC-CNN network. This is the same as for
the WS-COUNT approach presented in [5]. For this reason,
QU-COUNT and WS-COUNT have the same computational
complexity in the test phase. In particular, the average test
time ranges from 0.02 seconds to 0.06 seconds per image,
depending on the image resolution.
The implementation of the approach from [3] makes use of
the Tensorflow implementation of Faster-RCNN. To achieve a
fair comparison, the VGG16 [31] backbone is replaced with
ResNet101 [29]. The detection network is initialized by using
the COCO dataset [32], and different models are obtained after
fine-tuning it on the fruit datasets used as source domains in
the various experiments. Faster-RCNN is optimized for 100
epochs by using SGD with an initial learning rate of 3 × 10−4
and a batch size of 1 image. The training phase requires 12
hours on average , while the average test time ranges from 0.4
seconds to 0.6 seconds per image, depending on the image
resolution. The implementation and the optimization of WSCOUNT follow the indications provided [5].
D. Results
Before delving into the quantitative analysis of the results,
we provide a qualitative discussion on the role of the image
translation step in relation to the adaptation of the PAC. Fig. 4
depicts some example of images translated across different
domains. It is possible to observe that the GAN network
performs two important operations: i) it adapts the image
condition (e.g., saturation, illumination, blur) to the target
domain ones and ii) it transforms colours and shades of fruit
instances to resemble the species of the target domain. Without
these transformations, the PAC would not be able to ”see”
the properties of the target domain. Hence, it would be very
challenging to detect the presence of almonds or olives if the
training (i.e., source) domain refers to apples (Fig. 4c and 4k).
The quantitative results are provided in TABLE I. Each one
of the table blocks refers to the set of tests associated with one
of the four possible target domains. Our approach assumes that
no information about T is available, hence, we highlight in
grey the performance obtained by training and testing Bargoti
et al. [3], WS-COUNT [5], and MBC-CNN+PACS on the
same domain, and use them as a reference.
The approach proposed by Bargoti et al. [3] achieves the
lowest errors in all the experiments where the source and the

(a) AL → ALISAR

(b) ALISAR → AL

(c) AP → AL

(d) OL → AL

(e) AL → AP

(f) ALISAR → AP

(g) AP → ALISAR

(h) OL → ALISAR

(i) AL → OL

(j) ALISAR → OL

(k) AP → OL

(l) OL → AP

Fig. 4: Examples of image translation between source and target domains. In each group of images, the leftmost one refers to
the original image from the source domain IS , while the rightmost figure is its translated version with respect to the target
domain, i.e., IS→T .
target domains are the same, with the only exception of the
OL → OL test, where WS-COUNT obtains slightly better
performance. These results are expected since the approach
from [3] uses strong supervision signals (i.e., fruit bounding
boxes) during training, hence, fruit detection is more robust.
On the other hand, WS-COUNT and MBC-CNN+PACS score
similarly.
However, when a different target domain comes into play,
the error of the aforementioned approaches rapidly increases
in almost all cases. As an instance, consider, the AP → AL
and OL → AL experiments, where the RMSE of Bargoti
et al. [3], WS-COUNT [5] and MBC-CNN+PAC are fairly
high, i.e., the count is more than 6.00 units different from
the ground truth one. Conversely, QU-COUNT provides lower
errors, which proves that adapting the PAC gives considerable
benefits. The same considerations apply for most of the other
tests, with the exception of ALISAR → AL, AL → ALISAR
and ALISAR → AP , where the best performance is achieved
by Bargoti et al. [3]. In the first two of them, this result can be
easily explained by noticing that source and target scenarios
share the same fruit (i.e., the almonds) and images differ only
in respect to colour balance and illumination conditions (see
Fig. 4a and 4b). Hence, the FasterRCNN detector trained on
AL can easily manage images that come from ALISAR and
vice versa.
On the other hand, the ALISAR → AP case can be
understood by observing Fig. 4f. In many cases, the shape
and colour of the almonds resemble those of the apple (in
the dataset provided by [3], the apples have green and red
shades, similar to the almonds). Thus, even if the source
domain refers to almonds, it is again easy for FasterRCNN
to detect the apples. Nevertheless, although in these cases the

best results are obtained by [3], QU-COUNT errors are only
slightly higher.
It is also important to compare the performance of MBCCNN+GAN and QU-COUNT. Interestingly, in all the experiments QU-COUNT achieves lower error than MBCCNN+GAN, which demonstrates that it is not sufficient to
only translate images with the GAN, but it is also crucial
to adapt the PAC with respect to the target domain. This is
particularly true, as an instance, in the experiments where the
target domain contains olives.
E. Fruit Counting for Yield Estimation
Although the focus of this work is on single image fruit
counting, to draw practical considerations is interesting to
show how QU-COUNT can be used to estimate the yield of an
entire orchard. To this aim, we build a yield estimation system
and compare the performance obtained when using either QUCOUNT or the approach from Bargoti et al. [3] as the single
image counting block.
In particular, the system processes image sequences depicting rows of fruit tree and outputs the estimated yield. First,
a canopy detector is run to detect trees on each frame of the
image sequence. The canopy detector is based on FasterRCNN
[28] with ResNet101 backbone [29], initialized by using the
COCO dataset [32] and finetuned on 1000 4096 × 2160
pixels images collected in the same orchards considered for
the datasets presented in [5]. The extracted canopy bounding
boxes are then divided into 300×300 pixels tiles, zero-padded
if necessary. Each tile is fed into the counting algorithm to
estimate the number of fruits in the tile. The predictions on the
tiles are summed to obtain the final fruit count associated with
the canopy. We associate the fruit count for each tree across
consecutive frames by using a Kalman-filter based tracker. The

Approach
Bargoti et al. [3]
WS-COUNT [5]
MBC-CNN+PACS
MBC-CNN+GAN
QU-COUNT

Approach
Bargoti et al. [3]
WS-COUNT [5]
MBC-CNN+PACS
MBC-CNN+GAN
QU-COUNT

Approach
Bargoti et al. [3]
WS-COUNT [5]
MBC-CNN+PACS
MBC-CNN+GAN
QU-COUNT

Approach
Bargoti et al. [3]
WS-COUNT [5]
MBC-CNN+PACS
MBC-CNN+GAN
QU-COUNT

Target domain T : Almonds
AL → AL
ALISAR → AL
AP → AL
µ
σ
p-value
µ
σ p-value µ
σ p-value
2.19 0.13
0.97
3.24 0.30 0.99 6.69 0.38 0.99
4.39 1.49
0.99
4.9 1.17 0.99 6.71 0.78 0.98
3.15 0.17
0.99
4.07 0.29 0.99 6.62 0.67 0.99
n.a. n.a.
n.a.
6.63 0.72 0.99 4.93 0.26 0.96
n.a. n.a.
n.a.
4.14 0.15 0.95 3.69 0.13 0.99
Target domain T : AlmondsISAR
ALISAR → ALISAR AL → ALISAR
AP → ALISAR
µ
σ
p-value
µ
σ p-value µ
σ p-value
1.33 0.20
0.98
2.18 0.20 0.98 3.11 0.11 0.99
2.2 0.5
0.97
2.58 0.49 0.97 3.27 0.47 0.99
1.96 0.10
0.85
2.43 0.14 0.99 3.45 0.35 0.96
n.a. n.a.
n.a.
3.35 0.23 0.96 2.69 0.04 0.57
n.a. n.a.
n.a.
2.49 0.07 0.98 2.49 0.03 0.78
Target domain T : Apples
AP → AP
AL → AP
ALISAR → AP
µ
σ
p-value
µ
σ p-value µ
σ p-value
1.55 0.12
0.99
3.83 0.36 0.99 2.32 0.08 0.97
2.58 0.75
0.99
4.66 0.56 0.98 4.67 0.97 0.99
2.36 0.05
0.69
4.98 0.48 0.99 4.75 0.65 0.99
n.a. n.a.
n.a.
3.00 0.19 0.93 3.38 0.27 0.96
n.a. n.a.
n.a.
2.81 0.10 0.94 2.56 0.07 0.98
Target domain T : Olives
OL → OL
AL → OL
ALISAR → OL
µ
σ
p-value
µ
σ p-value µ
σ p-value
2.32 0.18
0.99
4.16 0.27 0.97 3.35 0.38 0.99
2.21 0.36
0.96
5.75 0.54 0.98 5.81 0.6 0.98
2.24 0.06
0.89
5.97 0.40 0.98 5.57 0.70 0.99
n.a. n.a.
n.a.
4.55 0.06 0.72 4.77 0.21 0.96
n.a. n.a.
n.a.
3.49 0.61 0.99 2.80 0.08 0.94

OL → AL
µ
σ p-value
6.40 0.24 0.98
6.93 0.77 0.99
6.64 0.88 0.99
5.55 0.54 0.98
4.20 0.07 0.87
OL
µ
3.45
3.2
3.62
2.79
2.62

→ ALISAR
σ p-value
0.14 0.98
0.32 0.98
0.28 0.99
0.11 0.98
0.04 0.82

OL → AP
µ
σ p-value
3.72 0.29 0.98
4.36 0.32 0.99
4.82 0.18 0.95
3.51 0.46 0.96
2.60 0.05 0.85
AP → OL
µ
σ p-value
4.34 0.40 0.99
5.13 0.77 0.99
4.72 0.16 0.97
4.87 0.03 0.64
3.32 0.15 0.95

TABLE I: Quantitative results achieved by the different approaches in various source-target tests. Each refers to tests on a
given target domain. For each experiments, multiple models trained with different initialization seeds are used and the errors
are provided as the mean RMSE (µ), its standard deviation σ and the associated p-value. The tests with same source and target
domain are highlighted in gray and used as a baseline reference.
final count estimation for each tree is obtained by averaging
the five highest count estimations, which reasonably have been
obtained in frames where the canopy is fully captured. Finally,
the total yield is simply the sum of the estimated count for
each tree.
The yield estimation system is tested in two experimental
sessions, in which a DJI Phantom 4 aerial drone equipped
with a 4K camera captures two image streams of the same
almond tree row, one from the front and the other from above.
The drone flight duration is 60 seconds during which 1500
images of 4096× 2160 pixels are captured. Each sequence has
been manually annotated with the ground truth information
about the total number of fruits. Note that the experiments
are performed in the same orchard where the AlmondsISAR
dataset was collected. However, the image sequences acquired
for this test are not used for training QU-COUNT and Bargoti
et al. [3]. To estimate the domain adaption capabilities of
our approach and compare it to a baseline method, as the
counting block of the yield estimation system we integrated
QU-COUNT and the method of Bargoti et al. [3], both trained
either on the apple or olive domains. As an additional baseline,
we considered the fully supervised method of Bargoti et al. [3]
trained on the same almond domain. The results of these ex-

periments are expressed in terms of predicted count value and
absolute error in comparison with the true count and reported
in TABLE II. It is observed that, when the target scenario differs from the source one, QU-COUNT allows obtaining a more
precise estimation of the fruit count compared to [3]. Note
that the performance improvement in this experimental setup is
even more evident than in the counting-only setup (see TABLE
I). This suggests that QU-COUNT is robust and effective as
the counting block of a complete yield estimation system.
Qualitative results can be found in the video attachment and
online at https://www.youtube.com/watch?v=FONROzizlZo.
V. C ONCLUSION
In this work, we introduced QU-COUNT, a novel framework whose objective is to perform fruit counting in scenarios
for which no knowledge is available by exploiting a source
domain where only weak presence-absence labels are given.
To this aim, we take advantage of a weakly supervised formulation and, most importantly, a domain adaptation strategy. The
former ensures that the network learns to count by constraining
the optimization with a Presence-Absence Classifier and multiscale losses. The latter is responsible for the adaptation of the
PAC with respect to the target domain. The benefits of QU-

Approach
QU-COUNT
QU-COUNT
Bargoti et al. [3]
Bargoti et al. [3]
Bargoti et al. [3]
Ground Truth

Target Domain T : AlmondsISAR
Source
Sequence from Front Sequence from Above
Prediction
Error
Prediction
Error
Domain S
OL
778
112
997
370
AP
874
208
991
364
OL
65
601
97
530
AP
41
625
108
519
ALISAR
594
72
675
48
666
627

TABLE II: Quantitative yield estimation results achieved on
the two experimental sessions on the almond orchard. The
results are expressed in terms of count prediction and absolute
error. The tests with same source and target domain are
highlighted in gray and used as a baseline reference.
COUNT are proven with experiments on four different fruits
datasets, where our approach is compared against State-ofthe-Art works and baselines. Furthermore, to prove that QUCOUNT can be effectively used to estimate the total yield
of an orchard, we integrate it into a yield estimation system
and show that it achieves top performance with respect to the
State-of-the-Art baseline proposed in [3].
Future works will focus on improvements of the image
translation process to ease the adaptation of the PAC and
make it more robust to scenarios that considerably differ from
the source one. In particular, more challenging scenarios will
be addressed, such as cluster fruits and fruits with different
shapes, e.g., grape and bananas. Furthermore, new loss terms
based on geometrical properties and location constraints will
be considered to strengthen the capability of detecting fruits
and, hence, improve the counting accuracy.
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