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Abstract: The key to training deep learning (DL) segmentation models lies in the collection of
annotated data. The annotation process is, however, generally expensive in human resources. Our
paper leverages deep or traditional machine learning methods trained on a small set of manually
labeled data to automatically generate pseudo-labels on large datasets, which are then used to train
so-called data-reinforced deep learning models. The relevance of the approach is demonstrated in two
applicative scenarios that are distinct both in terms of task and pseudo-label generation procedures,
enlarging the scope of the outcomes of our study. Our experiments reveal that (i) data reinforcement
helps, even with error-prone pseudo-labels, (ii) convolutional neural networks have the capability to
regularize their training with respect to labeling errors, and (iii) there is an advantage to increasing
diversity when generating the pseudo-labels, either by enriching the manual annotation through
accurate annotation of singular samples, or by considering soft pseudo-labels per sample when prior
information is available about their certainty.

Keywords: traditional machine learning; segmentation; pseudo-label

1. Introduction

Semantic segmentation, which consists in a pixel-wise classification, is a fundamental
and essential task in the field of computer vision. With the recent development of deep
learning, automatic image processing has become accurate in many fields, at the cost of
the time-consuming annotation of large amounts of data [1–3]. To limit the annotation
time, semi-supervised approaches have received extensive attention [4–7]. The main idea
of semi-supervised methods is to learn a model using a small amount of labeled data and
a large amount of unlabeled data. The key to the success of this strategy lies in how to
leverage limited labeled data to generate pseudo-labels. Pseudo-labels are labels that are
automatically generated, based on the knowledge extracted from the few labeled data.
In contrast to ground-truth labels, pseudo-labels are subject to errors. Resorting to the
automatic generation of pseudo-labels is motivated by the fact that manual annotation of
the entire dataset is unrealistic in many practical applications, where the amount of data is
large and the annotation is pixel-wise.

In practice, semi-supervised training is implemented in two steps [8–12]. In the first
step, labeled data are used to train a relatively weak machine learning model. In the second
step, the weak model is used to assign (error-prone) labels to unlabeled data, which are
used to supervise the training of a hopefully more robust model as is shown in Figure 1.

This paper focuses on the cases where the manual annotation load is kept low. In this
specific case, traditional machine learning methods are known to achieve a good trade-off
in terms of accuracy and generalization capabilities [13–16]. Hence, our paper explores
how traditional machine learning models can be integrated in a semi-supervised training
approach either to facilitate the annotation of the few initial labeled data (first step) or to
predict the pseudo-labels of unlabeled data (second step).
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Figure 1. Overview of the envisioned semi-supervised framework. A small set of (semi-)manually
annotated samples are considered to train a relatively weak segmentation model. This weak model is
then used to annotate a potentially large set of unlabeled data, resulting in error-prone pseudo-labels,
which are used to supervise the training of a convolutional neural network. This neural network,
denoted CNN*, is named the data-reinforced model because it leverages the distribution of patterns in
the unlabeled dataset to distill the knowledge embedded in the strictly manually supervised model.

The envisioned semi-supervised framework is depicted in Figure 1. A small set of
(semi-)manually annotated samples are considered to train an initial and relatively weak
segmentation model. This initial model is then used to annotate a potentially large set of
unlabeled data, resulting in error-prone labels, which are used to supervise the training of
a convolutional neural network. This neural network is denoted CNN* in the following,
and is named the data-reinforced model because it leverages the distribution of patterns in
the unlabeled dataset to improve the strictly manually supervised model. In a sense, the
unlabeled data and associated pseudo-labels are used to distill the knowledge captured by
the supervised model.

Two flavors of the pseudo-label generation framework are presented in Figure 2a,b.
They differ in the way they exploit traditional machine learning approaches to collect
manual annotations and turn them into pseudo-labels. They have been designed to address
the specificities of the segmentation problem they are dealing with.

Figure 2a considers a scenario where the objects to segment are easy to delineate
manually. Hence, manual labels are assumed to be available for a few images and are
used to supervise the training of a conventional semi-naive Bayesian estimation model.
This model provides class probability estimates on unlabeled data, which are then used to
define pseudo-labels and supervise the training of the data-reinforced CNN* model. Our
experiments in Section 4 demonstrate that adopting a stochastic approach to randomly turn
the soft probabilities into pseudo-labels at each training iteration is advantageous since it
limits the potential bias induced by systematic errors of the Bayesian estimator.

In contrast, Figure 2b considers a case where objects have complex shapes, thereby
requiring some semi-automatic approach to be delineated. In our study, various machine
learning models (random forests, gradient-boosted detection trees, and even CNNs) have
been considered to assign labels a few initial images. In practice, those machine learning
models are trained interactively bymanually assigning labels to image parts (strokes or
blocks). This is performed either on individual images (one model per image) or jointly
on the whole set of initial images (one joint model for all images). When one model
is trained per image, a CNN is then trained from the whole set of labeled images to
aggregate the entire annotation knowledge in a single joint model. The gradient boosted
trees (GBT) model is quite attractive for handling an interactive annotation procedure
since it is convenient to update based on novel annotations. However, a single GBT has
appears to be unable to generalize to a set of pictures. Hence, we propose to interactively
learn one GBT per image, and then to use the resulting annotations to train a CNN as a
pseudo-label generator. In all cases, the joint model is used to generate the pseudo-labels on
unlabeled data. As a valuable and original outcome, our experiments reveal that the initial
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annotation methods that randomly select the manually annotated image part samples, or
tend to regularize the manual annotation inputs (by capturing their main average trends,
e.g., consequently to the use of Bayesian models), result in weaker data-reinforced models,
compared to methods that favor and are able to preserve the manual annotation diversity.

Random fern model 
training

Few image samples 
with segmentation masks

Unlabelled 
Image

Grab-cut assisted 
pollen grains 
delineation

Pollen
probability 

estimate

Random 
thresholding

Pollen 
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=
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Random 
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Segmentation model from few annotations 

(a)

Few image samples 
with segmentation masks

CNN model training

CNN or RF
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Image
Error-prone 
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Segmentation model 
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Model-assisted interactive manual annotations.

Option 1:
One model (GBT) 
model per image

Option 2:
One joint model (RF or CNN)

for the set of images

(b)

Figure 2. Overview of the two scenarios envisioned in our study to collect the few manual annotations
needed to train the pseudo-label generator. (a) The object is easy to segment manually, and a few
manual labels are used to supervise the training of a conventional Bayesian estimation model
providing class-probability estimates on unlabeled data. Those class probabilities are then used to
define pseudo-labels and supervise the training of a CNN model. (b) The object has complex shapes
requiring some semi-automatic approach to be delineated. Two options are envisioned. In Option 1,
gradient-boosted detection trees are considered to interactively assign labels to a few initial images.
The trees, which are Bayesian estimators in essence, appear to poorly generalize to new data. Hence,
a CNN is considered to be trained from the few labeled data and is used to generate the pseudo-labels
on unlabeled data. In Option 2, one model (either CNN or random forest) is progressively trained
from the manual annotations that are interactively collected on a small set of images to correct the
current model predictions. This final model is the used as the pseudo-label generator.

In our experiments, the two scenarios correspond to pollen and crop images, re-
spectively. Through quantitative and qualitative analysis, we find that, in both cases, the
integration of conventional machine learning algorithms in the annotation process can
achieve good results with a moderate manual annotation effort. The main outcomes of our
study can be summarized as follows:

(1) Data-reinforced training based on large set of unlabeled data helps, even with
error-prone pseudo-labels. This is attested by the higher segmentation accuracy achieved
by the data-reinforced models, compared to their corresponding (error-prone) pseudo-
label generator.

(2) CNNs training is robust to labeling errors, especially when those errors do not
present systematic patterns.

(3) Adopting stochastic pseudo-labels or increasing the diversity of manual anno-
tations is shown to increase the benefit derived from data-reinforced training. This is
attested by our experiments, which reveal that best performance are obtained with CNN
pseudo-label generator, trained with samples that are interactively selected to correct its
prediction errors. Using a CNN avoids the dilution (of annotation information) inherent to
probability estimates manipulated by Bayesian models, while the interactive selection of
samples results in larger diversity than a random selection. Despite the fact that they are
consistent across all the methods and models tested on our two datasets, our experimental
results remain too preliminary to draw a definitive and general conclusion about the need
for diverse annotations and an expressive pseudo-label generator. Our study is, however,
sufficiently convincing to trigger further theoretical and experimental investigations.
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2. Related Work

Semantic segmentation currently plays a very important role in many fields, such as
medical image analysis, scene understanding, and robotic perception [17]. Although deep
learning models have achieved very good performance in semantic segmentation [18], they
require labeled data. The acquisition of annotations generally requires a lot of time and
manpower, and many fields require experts to do the work. Therefore, considering the use
of unannotated data in semantic segmentation has been investigated.

Many methods based on unlabeled data have been studied to improve the performance
of learning algorithms. Refs. [19–23] achieved good results in image classification using a
semi-supervised approach, consisting in assigning pseudo-labels to unlabeled data, using a
model trained from a few data. Ref. [24] has been a precursor in proposing to initially train
one classifier on a labeled dataset in order to make predictions on an unlabeled dataset,
which uses an initial small labeled dataset to train deep or shallow neural networks and
other non-interpretable but high-precision models on the self-training framework, thereby
obtaining an enlarged dataset, which is used to train interpretable models such as random
trees. In the first stage of this method, a certain amount of labeled data is needed to obtain
high accuracy based on CNN. Secondly, the simple model such as random trees has poor
generalization ability. Semi-supervised segmentation approaches usually augment manu-
ally labeled training data by generating pseudo-labels for the unlabeled data and using
these to generate segmentation models [25]. Consistency regularization and entropy mini-
mization represent two prevalent strategies in using unlabeled data [26]. Consistency-based
approaches [27,28] operate on the premise that the model’s output should remain stable un-
der input perturbations. Conversely, entropy minimization [29–31] suggests that unlabeled
data can be exploited in achieving clear class distinctions. Alternatively, refs. [9,12,32,33]
introduced methods where pseudo-labels are generated from a universal teacher model
to train a problem-specific student model. Those works assume that enough annotated
data are available to teach a high-quality teacher. Errors made in the early iterations can be
propagated and amplified in subsequent iterations, leading to a student model that may
become increasingly confident in incorrect predictions. Moreover, the model’s predictions
on unlabeled data may lack accuracy when the initial dataset labeled to train the teacher is
not sufficiently representative of the domain targeted by the student.

Although the above methods achieve good results based on labeled and unlabeled
data, previous works have largely overlooked the relation between the strategy (including
the selection of manually labeled samples, and the pseudo-label generator model trained
from those samples) adopted to generate pseudo-labels and the benefit obtained when
using those pseudo-labels (at constant average quality) to train a data-reinforced model. We
propose integrating traditional machine learning methods with deep learning to address
the challenge of scarce labeled data. Semi-automatic interactive approaches are considered
to collect accurate labels on complex segmentation problems. Two distinct scenarios are
envisioned. In the scenario depicted in Figure 2a, the objects to segment are relatively
easy to discriminate from their background, and a simple Bayesian random fern model is
sufficient to capture the knowledge contained in manually annotated samples. When using
the random ferns to infer pseudo-labels on new data, prior information is available about
the class-label certainty/probability. As an original contribution, we propose to exploit
this prior to introduce diversity among the pseudo-labels. Specifically, each time a sample
is considered in a training iteration, the segmentation map of each class is defined based
on a random threshold, applied to the certainty level. In the second scenario, considered
in Figure 2b, the segmentation task is more complex, and a CNN is considered as an
alternative to the Bayesian pseudo-label generator, to capture the knowledge associated to
the (semi-)manual annotations, without ’averaging’ it in a Bayesian inference framework.
Moreover, in this second scenario, the samples to manually label are either selected ran-
domly or to correct the errors of the model trained from previously selected and annotated
data. As a main original outcome, our experiments reveal that, at constant pseudo-label
average accuracy, the models trained from pseudo-labeled data are more accurate when
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those pseudo-labels reflect the pseudo-label generator uncertainty (first scenario) and when
the pseudo-label generator preserves the diversity of annotations inherent to an interactive
selection of samples to manually annotate (second scenario, with the interactive selection
of samples and CNN aggregation of knowledge, without Bayesian dilution).

3. Methods

As explained in Section 1, our paper investigates how to leverage machine learning
models when resorting to pseudo-labels to train a deep learning model on a large dataset.

In this case, a small amount of manually annotated data is used to train a model, and
this manually supervised model is exploited for the automatic labeling of additional data.
Research questions of interest are related to (i) the selection of the data to manually annotate,
(ii) the choice of tools to manually annotate them, and (iii) the design of appropriate
methods to turn the (semi-)manually collected knowledge into pseudo-labels on novel
data samples.

Two distinct scenarios are considered in our experimental section. For each scenario,
the above questions are addressed differently, but common lessons can be drawn for both
of them, resulting in useful practical guidelines.

The rest of the section presents the multiple options envisioned by each step of our
framework, depicted in Figure 1. Section 3.1 considers the (semi-)manual annotation of a
data subset. Section 3.2 focuses on how to embed the knowledge captured through those
manual annotations into a machine learning model, in charge of transferring this knowledge
to novel data. Section 3.3 then introduces two strategies to pseudo-label additional training
data for the purpose of training more accurate models when considering a large set of (error-
prone) pseudo-labeled data than the accurately labeled but smaller initial set of samples.

3.1. (Semi-)Manual Annotation

Multiple approaches are considered to manually assign a background/foreground
segmentation mask to a given training sample. In practice, a specific off-the-shelf approach
will be selected based on the case at hand, i.e., on the shape of the foreground region to
discriminate from its background.

The investigated methods encompass the following:

• The manual delineation of the foreground object contours. This solution is suited to
smooth and regular object shapes, and is adopted in the following to delineate the
pollen grains in our first experimental scenario.

• Semi-manual methods, relying on interactive user annotations to refine and increment
the training set that is used to train a machine learning model. Those learning-based
methods are suited in cases where the foreground and background are visually dissimi-
lar but are separated by an irregular border, requiring time for fully manual delineation.

Among the interactive training methods, we differentiate methods that train a single
model to segment the whole set of images to manually annotate, from the ones that learn
a specific model to label each individual image. In the first category, the Ilastik 1.3.3 [34]
updates a random forest from user-defined foreground strokes until it achieves a sufficiently
accurate segmentation of the training data. Another approach investigated in our experi-
ments considers a set of small patches extracted randomly within the whole set of images, to
train a fully convolutional neural network (CNN). In contrast, the RootPainter approach [35]
selects the patches interactively. Specifically, it trains, jointly for all images, a CNN based on
the user interactive selection and labeling of patches that are wrongly predicted by the CNN
segmentation model at some point in the training.

In the second category, our LeafPainter method adopts gradient-boosted decision trees
(GBTs) [36], and the manual annotation of small patches that are interactively selected by
the user in response to the GBT prediction errors. One GBT model is learned for each image
(GBT has been implemented using the LightGBM library version 3.2.0 from Microsoft
(Ke et al., 2017) so as to support a fluid interactive annotation process. LeafPainter was cre-
ated with the Python 3.10 programming language, using the Flask library (Grinberg, 2018).



Appl. Sci. 2024, 14, 5156 6 of 16

The interface was implemented in HTML5, CSS, and Javascript. The code is available at
https://github.com/charlesro/LeafpainterQT (13 April 2022), and a visual demonstration
is available at https://www.youtube.com/watch?v=lMpzxDt40Lc (28 April 2022). GBTs
have the advantage of being computationally simple to update when new annotations
are provided by the user. They, however, suffer from a lack of generalization capabilities,
preventing the use of a single GBT for all images.

In the rest of the paper, those methods are denoted as sRF, CNN(sRP), sCNN, and
iGBT respectively. The s or i prefixes refer to the fact that a model is trained for the entire set
of images or for each individual image, respectively. Our experiments reveal that increasing
annotation diversity by learning a distinct model for each image or by interactively training
a CNN (i.e., a model offering a large expressivity) improves the benefit drawn from
unlabeled data (see Section 3.3).

3.2. Training a Pseudo-Label Generator

Once a number of images (or image patches) have been properly labeled, they are used
to train a machine learning model, using conventional supervised training. This model is
the one in charge of predicting pseudo-labels.

Two types of models are considered at this stage.
The first one follows a Bayesian approach. Several variants are available, including

random forests [37] and random ferns [38,39]. They can achieve good results with only
a small amount of labeled data. Moreover, since those methods naturally provide a class
posterior for each pixel, multiple pixel-wise segmentation masks can be generated by
thresholding the estimated probability map with more or less conservative thresholds. Our
experiments reveal that this diversity increases the benefit drawn from unlabeled data
when using them as training samples (Section 3.3). In practice, our experiments rely on
random ferns to segment pollen grain microscopy images. Random forests (RFs) have also
been trained from a set of canopy images, to be used directly as a pseudo-label generator
(see Table 1).

Table 1. Names of models on outdoor RGB canopy image dataset. X indicates that the test model has
been trained on manually labeled data only, without pseudo-labeled data exploitation.

(Semi_)Manual Annotation Pseudo-Label Generator Test Model

sRF [34] X sRF
sRF CNN*_sRF

sRP CNN(sRP) CNN*_CNN(sRP)
X CNN(sRP)

iGBT CNN(iGBT) CNN*_CNN(iGBT)
X CNN(iGBT)

sCNN [35] sCNN CNN*_sCNN
X sCNN

The second one adopts a recent convolutional deep learning model. These kinds of
models are more expressive and offer better generalization capabilities than conventional
machine learning models when dealing with ’in the wild’ observations [40–42], namely,
with observation conditions that are weakly constrained, as is the case for the canopy
images considered in our second experimental scenario. In this scenario, plant images are
(semi-)manually segmented, either using one GBT model per image or a single convolu-
tional network for the whole set of images (as proposed in [35] and presented in Section 3.1).
When one GBT is trained per image, which offers fluent interactions with the user given
the computational efficiency associated to GBT updates, the resulting segmentation masks
are used to supervise a convolutional neural network (denoted as CNN(iGBT) in Table 1).

3.3. Training a CNN from Pseudo-Labels

Given a segmentation model trained with manually labeled data, our study considers
the exploitation of this model to generate/predict pseudo-labels on unlabeled data so as to

https://github.com/charlesro/LeafpainterQT
https://www.youtube.com/watch?v=lMpzxDt40Lc
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train a so-called data-reinforced segmentation CNN model, denoted CNN* in the following,
with the * symbol indicating the use of pseudo-labels on a large dataset to train the model.

When the manually supervised model follows a Bayesian paradigm, a posterior back-
ground/foreground class probability map is predicted for each unlabeled image. Instead of
using a fixed threshold to turn this probability map into a foreground/background binary
mask, which is likely to induce systematic errors in the supervision, we envision the use
of distinct thresholds each time a sample is considered during training. Specifically, each
time unlabeled data are considered during training, a threshold is randomly selected using
a uniform distribution on a pre-defined range interval (a,b), to produce a corresponding
mask of pseudo-labels. In this way, the reference segmentation mask of the same picture is
different at distinct training iterations, thus increasing the diversity of labels. Our experi-
ments demonstrate that this supervision, named soft-supervision in the following, results
in improved generalization performance of the model trained on unlabeled samples (see
Tables 2 and 3).

Table 2. Foreground IoU of different methods on pollen test dataset as a function of the number of
manually labeled images. In total, 250 pseudo-label samples, and 50 test samples are considered.

Foreground IoU (%)

Method 1 Images 5 Images 10 Images 15 Images 25 Images 50 Images

CNN 37.4 58.9 69.9 72.4 80.4 81.6
Random Ferns 74.7 74.0 77.3 80.0 79.6 79.2
CNN*_0.45 72.2 76.0 76.0 73.7 74.7 74.3
CNN*_0.50 80.0 81.3 82.2 82.4 82.6 82.7
CNN*_0.55 75.0 73.3 76.2 80.3 79.7 78.2
CNN*_(0.45,0.55) 84.5 83.3 84.3 84.8 85.0 85.1
CNN*_CNN 45.7 65.9 73.8 75.7 82.8 82.9

Table 3. Pixel accuracy of different methods on pollen test dataset under different labeled images.

Pixel Accuracy (%)

Method 1 Images 5 Images 10 Images 15 Images 25 Images 50 Images

CNN 75.2 86.2 94.6 95.1 97.3 97.4
Random Ferns 97.0 96.9 97.3 97.6 97.5 97.5
CNN*_0.45 90.1 94.4 96.0 96.2 95.5 95.7
CNN*_0.50 97.0 97.9 98.0 97.4 97.7 97.8
CNN*_0.55 97.6 97.4 97.6 98.1 98.0 97.9
CNN*_(0.45,0.55) 98.4 98.1 98.2 98.2 98.3 98.2
CNN*_CNN 73.5 83.3 91.9 92.7 98.2 98.1

With a CNN trained from manual annotation, the access to a probability map, whilst
possible [43–45], is less obvious since it requires multiple predictions to estimate the
prediction certainty. Therefore, in our experiments, we consider a single mask per image
when exploiting unlabeled data based on pseudo-labels generated with a CNN model.

4. Experimental Validation

This section considers semantic image segmentation in two use cases that significantly
differ in their image acquisition set-up, which is known to affect generalization, and in the
regularity of the shapes to be segmented, which directly affects the annotation strategy. For
both use cases, the section considers experiments to demonstrate that assigning pseudo-
labels to unlabeled data based on models trained on a few (semi-)manually annotated
samples improves the quality of the resulting data-reinforced CNN* segmentation model,
compared to a CNN model trained only on the manually labeled data.
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4.1. Datasets
4.1.1. Pollen Grain Microscopy Images

The proposed method is evaluated on a pollen dataset. The pollen files are scanned by
biologists in pure pollen files and uploaded to Cytomine [46]. The resolution of each file is
up to 30,000 by 30,000, which limits the training of the model, so we crop 800 by 800 images
in those large images. Fifty of these 800 × 800 images are extracted to be manually labeled.
An additional set of 300 images is extracted from other high-resolution original images. Of
these, 250 remain unlabeled, while the other 50 are manually labeled to define a test set.

4.1.2. RGB Canopy Images

The dataset consists of 2386 zenithal RGB images of experimental plots, each contain-
ing either a single vegetable species or a mixture of two different vegetables. From the
dataset, 280 images were randomly extracted to be manually annotated and serve as a test
set. There are four vegetable species in total: fennel, dwarf bean, cabbage, and kale. The
dataset includes images of each species in pure culture as well as all possible combinations
of two vegetables. We are interested in differentiating plant and non-plant pixels.

Each plot was photographed four times over the course of the four-month (July,
August, September, and October 2021) experiment, resulting in images of the plants at
different stages of growth and under varying sunlight conditions. The photos were taken in
Belgium at either the Lauzelle farm (50.680, 4.618) or one of 20 volunteer market gardeners’
plots. The resulting images exhibit a wide range of contexts, including variations in soil
types, crop arrangements, and non-plant objects present on the plots, as well as differences
in cultivation techniques among the market gardeners. The cameras used consist of 2 OEM
OV2640 (Omnivision) camera modules (OmniVision, Santa Clara, CA, USA), RGB, 2Mpixel,
embedded in an ESP32-Cam module (Espressif Systems, Shanghai, China),installed parallel
to each other.

4.2. Methods and Terminology

Several variants of the methods described in Section 3 have been considered for each
use case. They are summarized in Tables 1 and 4, and are presented below.

Table 4. Models considered on pollen grain microscopy image dataset. See Section 4.2 for a description
of the models associated to the terminology. X indicates that the test model has been trained on
manually labeled data only, without pseudo-labeled data exploitation.

(Semi_)Manual Annotation Pseudo-Label Generator Test Model

Manual Delineation

X CNN
X Random Ferns

Random Ferns τ CNN∗_τ
Random Ferns (τ1,τ2) CNN*_(τ1,τ2)

CNN CNN*_CNN

4.2.1. Pollen Grain Microscopy

The manual annotation of microscopy pollen grain images is implemented using
Grabcut [47], which is both efficient and effective given the simplicity of the image content.
Those manually labeled images are then used to train a random ferns model [48], which in
turn is used to assign pseudo-labels to the unlabeled images. In practice, we utilize 100
ferns and each fern consists of 10 tests. The point neighborhood is typically defined using
a small square window. This square window has a size of (2r + 1) by (2r + 1) pixels and is
centered around the pixel of interest. Within this window, binary tests are performed. Five
of them compare the absolute difference between two pixels with t, where t is derived from
the statistical distribution of the absolute differences between any two pixels in the 800 by
800 image, and t is randomly selected from the interval (20, 40). This choice is motivated
by the observation that the majority of difference values fall within the range of 0 to 20.
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Consequently, when two pixels exhibit difference values within this range, they are either
both part of the foreground or both part of the background. Therefore, these five tests are
capable of distinguishing edges from non-edges. The other five tests involve comparing
pixel value with the difference between the peak and the variance of the histogram of the 800
by 800 image. Given that most of the image area represents the background, the peak of the
histogram is indicative of the background location. As the pixel values of the background
exhibit slight variations, we utilize both the peak and the variance of the histogram to
characterize the background. Consequently, these five tests effectively distinguish between
the background and foreground.

The last column in Table 4 presents the test models, i.e., the models whose performance
are measured on the test set and reported in our experimental section. The CNN and
random ferns models are trained on manually labeled data only, while the CNN∗ models
refer to data-reinforced models, meaning that they are trained on the entire training set
based on pseudo-labels derived either from the random ferns or the manually trained
CNN. When pseudo-labels are predicted by the CNN, the data-reinforced model is denoted
CNN*_CNN. When deriving pseudo-labels from the random ferns, the pseudo-labels
are generated either by thresholding the probability map predicted by random ferns at
a fixed threshold τ, leading to a trained convolutional model that is denoted CNN*_τ,
or by considering a uniform distribution of thresholds in an interval (τ1, τ2) to randomly
select the threshold each time an image is considered along the SGD training iterations (see
Section 3.2). This last definition of pseudo-labels results in a trained data-reinforced model
denoted as CNN*_(τ1, τ2)

4.2.2. Outdoor RGB Canopy Images

The (semi-)manual segmentation of leaves requires more elaborated tools than a
Grabcut method, due to the variation in illumination conditions, the presence of shadows,
and the frequent occlusions by background objects or plants. Therefore, machine learning
models are considered to label a subset of the training set through the iterative annotation
of image parts.

The subset of samples to label consists of 800 samples, corresponding to 800 × 600
images, extracted from full resolution images. Those samples are jointly considered by the
Ilastik software [34], which trains a random forest (RF) model (100 trees, with a maximal
depth of 50) based on foreground strokes that are interactively drawn by the user. This
approach is denoted sRF, with the prefix ’s’ referring to the fact that the whole set of images
to manually label is jointly processed. As an alternative, the sRP method randomly samples
patches in the same whole set and trains a CNN based on their annotation (see below for
CNN parameters). Two more methods are considered to manually annotate the 800 image
samples. They are interactive and proceed iteratively by adopting the corrective annotation
protocol recommended in [35]. A small subset of samples is first annotated (based on the
delineation of small patches corresponding to a single class), without referring to a model
prediction. Those annotations are used to train an initial version of the model. Subsequent
annotations correct the model predictions and are used to update the model. Two types of
image segmentation models are envisioned, resulting in two distinct methods. The first
one corresponds to the gradient-boosted decision trees [36] model, with default parameters.
In that case, due to the experienced lack of generalization capabilities of GBT, one model
is trained for each of the 800 images, and the method is denoted iGBT, with the ’i’ prefix
referring to the fact that one GBT is trained for each individual image. The second one is
a fully convolutional neural network (CNN). Its expressivity is sufficient to capture the
knowledge associated to the entire set of 800 images. Therefore, a single model is considered
for the whole set of manually labeled images. It is denoted sCNN. The notation CNN*_X
is adopted to refer to the data-reinforced convolutional network trained with pseudo-labels
generated by model X.
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4.3. Metrics and Implementation Details
4.3.1. Evaluation Metrics

In semantic segmentation, the intersection over union is a standard metric to assess
segmentation models. It calculates the intersection over union ratio of ground truth and
predicted binary masks for the foreground. Formally, it is defined as:

IoU =
|G ∩ P|
|G ∪ P| (1)

with G denoting the ground truth, and P the model prediction associated to the foreground.
Another metric used is pixel accuracy, which evaluates the model by calculating the

proportion of correctly classified pixels to the total number of pixels in the image as

PA =
∑1

i=0 pi i

∑1
i=0 ∑1

j=0 pi j
(2)

where pi i is the number of pixels whose prediction and ground truth are both i. pi j is the
number of pixels whose prediction is i and label is j.

4.3.2. CNN Network

The CNN network used in our work consists of an encoder and decoder, following
a U-Net shape [49,50]. Compared to the U-net introduced in [51], we use a seven-layer
network. Each layer in the network consists of a convolution operation, followed by batch
normalization and the Rectified Linear Unit (ReLU) activation function. The encoder is
composed of four layers, with each layer being followed by a downsampling operation.
Following the bottleneck layer, we have the decoder. In order to facilitate training with
larger batch sizes on the pollen dataset, we aim to minimize model parameters. To achieve
this, we simplify the decoder section by reducing the number of layers to two, each preceded
by an upsampling operation, compared to the classic U-Net architecture. And a ResNet50
(pretrained on ImageNet) is used as an encoder for the canopy images.

During the training, random rotate90, flip, transpose, and brightness contrast adjust-
ment are used as data augmentation methods.

4.3.3. Loss

The loss function adopted to train the CNN is defined in Equation (5) as the Log-Cosh
Dice Loss [52]:

coshx =
ex + e−x

2
(3)

DiceLoss = 1 −
2 ∑N

i=1 ∑C
c=1 yc

i · pc
i

∑N
i=1 ∑C

c=1 yc
i
2 + ∑N

i=1 ∑C
c=1 pc

i
2 (4)

Loss = log(cosh(DiceLoss)) (5)

In Equation (4), yc
i is a binary indicator (0 or 1) indicating whether pixel i lies in class c

or not, and pc
i is the softmax output of the network for pixel i and class c.

4.3.4. Training

Stochastic gradient descent algorithm with 0.9 momentum and 0.0001 weight decay
is used with a batch size of 4. In total, 100 training epochs are considered. We use 0.01
as the initial learning rate, and an exponential learning rate scheduler is implemented:
lr = lrinit · 0.97epoch. We save the last 10 models from a training session and use the mean
prediction as the result. All models are trained with Pytorch [53] on Nvidia GeForce GTX
1080 Ti 11Gb GPUs (Nvidia, Santa Clara, CA, USA).
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4.4. Results and Discussion

The methods in Tables 1 and 4 and were experimentally tested on the pollen grain
microscopy image dataset and the outdoor RGB canopy image dataset.

4.4.1. Pollen Grain Microscopy

In Tables 2 and 3, we present the results of our experiments on the pollen grain mi-
croscopy dataset. The results obtained with the models trained only from manually labeled
data are provided as a baseline but also because they reflect the level of error affecting
the pseudo-labels. They indicate that the random ferns method performs significantly
better than the CNN method when only one annotated image is available. However, as
the annotated data increase, the CNN method overcomes the random ferns. Specifically,
when using 50 annotated images, the CNN achieves a foreground IoU result of 81.6%,
surpassing random ferns, which achieves 79.2%. The pixel accuracy is also comparable,
with values of 97.4% for CNN and 97.5% for random ferns. When using random ferns and
CNN as pseudo-label generators, even with only one annotated image, the CNN*_0.50
yields an IoU result of 80.0%, outperforming random ferns, which achieves 74.7%. The
experimental results clearly indicate that leveraging unlabeled data through pseudo-labels
enhances CNN* model quality compared to a model (either random ferns or CNN) trained
solely on manually labeled samples. Interestingly, Tables 2 and 3 also demonstrate that
CNN*_(0.45,0.55) consistently outperforms CNN*_0.45, CNN*_0.50, and CNN*_0.55, indi-
cating that increasing the diversity of pseudo-labels is beneficial. Additionally, Figure 3
illustrates the predictions of various methods on the pollen test set. The models depicted in
the figure are trained using only a single labeled image. Through the comparison between
the predictions and the ground truth, it is observed that employing a fixed threshold to
generate pseudo-labels causes a bias in training [10] , resulting in inferior predictions
compared to using a varying threshold.

Image CNN*_0.45 CNN*_0.50 CNN*_0.55
CNN*_(0.4

5,0.55)
CNN CNN*_CNN

Random 

Ferns

Figure 3. Qualitative results on pollen test dataset. See Table 4 for model names definition. All models
are trained using 1 labeled image. Red contour is ground truth.

4.4.2. Outdoor RGB Canopy Images

Table 5 shows the foreground IoU for various methods on the outdoor RGB canopy
image dataset under different manual annotation times. Here, the manual annotation time
denotes the time needed to annotate the training set used to learn the pseudo-label generator.
It includes both the time to manually correct the errors affecting the current model prediction,
and the (computational) time to update the model. Table 6 presents the corresponding pixel
accuracy. The results indicate that the data-reinforced CNN* consistently outperforms the
methods that are solely trained on manually labeled data. This demonstrates that leveraging
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unlabeled data through pseudo-labels is beneficial. Note that the quality of pseudo-labels is
measured by the test performance obtained by models trained from manually labeled data.
Without surprise, for a given pseudo-label generator model, the higher the pseudo-label
quality, the higher the CNN* quality.

A similar observation can be made in Figure 4a, where each CNN* model achieves
test performance that is generally superior to that obtained by the model from which the
CNN* training pseudo-labels have been predicted. Hence, we conclude that resorting to
pseudo-labels helps in reducing the human annotation workload. This is confirmed by
Figure 4b, which compares the pixel accuracy on the test set between the CNN* model and
its corresponding pseudo-label generator. The points in the figure are consistently located
above the diagonal, emphasizing that leveraging unlabeled data through pseudo-labels
improves the model quality compared to a model trained only on manually labeled samples.

Figure 4a also clearly reveals that the boost obtained by the CNN* compared to the
model used to predict the pseudo-labels is much larger for CNN(iGBT) and sCNN than for
CNN(sRP) and sRF. For example, when the model trained on manually labeled samples
reaches about 83%, CNN*_CNN(iGBT) reaches 94.5%, while CNN*_sRF only reaches 88.6%.
This observation was not expected, and is thus quite interesting.
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Figure 4. (a) Test accuracy vs. manual annotation time on RGB canopy images, for the models defined
in Table 1. (b) CNN* test accuracy vs. test accuracy obtained by its corresponding pseudo-label
generator on RGB canopy images, for the models defined in Table 1.

This unexpected discrepancy is attributed to the combination of two factors. First,
compared to CNN(sRP), the sRF, CNN(iGBT), and sCNN models benefit from more diverse
manually labeled samples since those samples are not randomly selected but instead chosen
interactively as image parts where the current state of the model fails. Second, compared
to sRF, CNN(iGBT) and sCNN build on a CNN model, which is known to have sufficient
expressivity to capture a large annotation diversity without regularizing it [54], i.e., without
aggregating the annotation cues through average probabilities, as done by Bayesian models
like random ferns or random forests. While the enriched representation captured by a
CNN model does not necessarily translate into improvements on the test images (e.g., 83%
test accuracy both for the CNN(iGBT) and sRF models), it proves to be beneficial when

Figure 4. (a) Test accuracy vs. manual annotation time on RGB canopy images, for the models defined
in Table 1. (b) CNN* test accuracy vs. test accuracy obtained by its corresponding pseudo-label
generator on RGB canopy images, for the models defined in Table 1.

This unexpected discrepancy is attributed to the combination of two factors. First,
compared to CNN(sRP), the sRF, CNN(iGBT), and sCNN models benefit from more diverse
manually labeled samples since those samples are not randomly selected but instead chosen
interactively as image parts where the current state of the model fails. Second, compared
to sRF, CNN(iGBT) and sCNN build on a CNN model, which is known to have sufficient
expressivity to capture a large annotation diversity without regularizing it [54], i.e., without
aggregating the annotation cues through average probabilities, as done by Bayesian models
like random ferns or random forests. While the enriched representation captured by a
CNN model does not necessarily translate into improvements on the test images (e.g., 83%
test accuracy both for the CNN(iGBT) and sRF models), it proves to be beneficial when
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confronted with the distribution of unlabeled data, i.e., when leveraging their predicted
labels to train a data-reinforced CNN*.

Figure 5 displays the visual results of different models on the test set. From the results,
it is evident that CNN*_CNN(iGBT) exhibits superior segmentation performance.

Table 5. IoU results on RGB canopy images under different annotation times (minutes). In total, 280
test samples are considered.

Foreground IoU (%)

Annotation Time 6.75 12.5 25 50 75 100

sRF 63.0 69.5 72.3 81.7 83.3 84.2
CNN*_sRF 79.6 80.2 81.8 82.8 83.5 83.7
CNN(iGBT) 69.5 72.4 81.8 83.5 84.3 86.9
CNN*_CNN(iGBT) 88.7 89.2 89.6 89.9 90.7 90.8
CNN(sRP) 42.9 67.2 74.2 78.7 79.9 82.2
CNN*_CNN(sRP) 61.3 68.1 78.6 80.2 81.8 83.5
sCNN 69.3 72.6 81.9 83.3 84.3 86.9
CNN*_sCNN 89.0 89.4 89.6 89.9 90.8 91.0

Table 6. Pixel accuracy results on RGB canopy images under different annotation times (minutes).

Pixel Accuracy (%)

Annotation Time 6.75 12.5 25 50 75 100

sRF 78.3 83.2 85.1 89.7 91.0 91.8
CNN*_sRF 88.1 88.6 89.1 90.0 91.1 91.2
CNN(iGBT) 83.1 85.2 90.1 91.5 92.0 93.5
CNN*_CNN(iGBT) 94.5 94.6 95.0 95.1 95.5 95.6
CNN(sRP) 61.1 75.9 81.3 85.2 87.8 88.1
CNN*_CNN(sRP) 75.2 80.5 85.1 88.2 88.9 90.3
sCNN 82.1 85.9 90.0 91.7 92.3 93.4
CNN*_sCNN 94.3 94.7 95.1 95.1 95.5 95.5

CNN*_sCNN CNN*_CNN

(iGBT)
CNN(iGBT) CNN*_CNN

(sRP)

Ground

truth
CNN(sRP)Image

Figure 5. Qualitative results on RGB canopy images as obtained with a 6.75 min annotation time. See
Table 1 for the model names definition.

5. Conclusions

In our quest to address the challenge of training CNN models with limited manual
annotation resources, we delve into the fusion of traditional machine learning techniques
with deep learning, focusing on predicting pseudo-labels. We investigate two scenarios
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that are representative of typical simple (no occlusion, reasonably stable appearance) and
complex (shape variations and occlusions) object image segmentation problems. Through
experiments across two datasets, we discover that integrating unlabeled data via pseudo-
labels emerges as a potent strategy, markedly enhancing model efficacy compared to
models trained solely on manually labeled samples. We extensively investigate the relation
between (i) the strategy adopted to collect manual annotations and turn them into a pseudo-
label generator, and (ii) the benefit drawn from pseudo-labels. Our study underscores
the significance of pseudo-label diversity. Enriching the pseudo-label generator can be
achieved explicitly by considering multiple pseudo-labels per image or implicitly through
interactive annotation methods to select and annotate diverse samples to train a pseudo-
label generator that offers high expressivity (thereby avoiding regularizing/averaging
the diversity inherent to selected samples). These insights collectively enrich our under-
standing of the advantages and tactics associated with harnessing pseudo-labels, offering
valuable guidance for improving model performance when human resources are limited
for annotation.
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