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Abstract— The abundance of unlabeled forest images on the
web is a powerful yet untapped resource to train forestry vision
models. Two key challenges limiting the use of these unlabeled
images are i) collecting the images and ii) obtaining the labels, as
supervised learning remains the prevailing approach for model
training. In this work, we address the first issue by providing
a dataset of 110k forest images sourced from a repository of
pictures taken by amateur photographers worldwide. To gen-
erate suplementary labels for supervised training, we propose
a two-step approach. First, we train a network on a small
labelled dataset, to generate pseudo-labels on the much larger,
unabelled one. Then, we leverage the zero-shot segmentation
capability of the Segment Anything Model to improve the
quality of these pseudo-labels. Our experiments demonstrate
that both the proposed dataset and the pseudo-labeling method
increase performance of a tree detector at no additional labeling
cost. This performance increase is particularly significant in
challenging scenarios, showing that training the model with bet-
ter segmentation masks notably helps disentangle overlapping
trees and detect odd-shaped ones, gaining between 3.3 AP,
7.7 AP*%9 or 1.6 AP®, 3.5 AP**Y percentage points depending
on the burn-in model. Code and dataset links are available at
https://github.com/norlab-ulaval/PercepTreeV1.

I. INTRODUCTION

Computer vision is a promising way to automate various
tasks traditionally performed by humans. Within forestry, the
necessity for accurate tree detection prevails across numerous
applications such as species classification, disease detection,
field surveying, and navigation [1]. To address these needs,
many recent research studies are using self-supervised or
semi-supervised learning to leverage data at scale. Semi-
supervised learning converts large image collections into a
training dataset that can surpass the diversity achieved by a
small, labeled counterpart. In this sense, the foundational
model Segment Anything Model (SAM) [2] has aroused
the interest of the computer vision community by its im-
pressive zero-shot generalization capabilities on new data
distributions and the introduction of a new training task:
promptable segmentation. However, obtaining high-quality
pseudo labels, even with SAM, is still a complex problem.
The authors notably report a decrease in Average Precision
(AP) when prompting SAM with a box detector specifically
designed and finetuned for object detection on COCO [3].
This approach is problematic because SAM must output
better segmentation masks than a finetuned detector
and achieve this without additional training data or
finetuning, i.e., zero-shot.
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Fig. 1: High-quality pseudo-labels using the Segment Anything Model. First row,
pseudo-labels (bounding box and segmentation mask predictions) from the burn-in
model are depicted. Second row showcases pseudo-labels produced by SAM utilizing
prompt inputs derived from the burn-in model. Stars correspond to the 5 point prompts
from our prompting strategy.

Although SAM generally exhibits inferior performance
compared to finetuned models, exploring its utility in pseudo-
label generation remains a compelling research avenue for
four key reasons. Firstly, the original experiments bench-
marked SAM against a model finetuned on a dataset compris-
ing over 100k labeled images. It is plausible that a model
finetuned on a smaller dataset, as in our test case, might
perform worse. Secondly, human evaluators consistently
rated SAM’s segmentation masks higher than hand-labelled
ground truth, demonstrating its potential to produce superior
quality pseudo-labels. Thirdly, SA-1B [2], the largest image
segmentation dataset with one B masks and 11 M images, is
entirely generated by SAM itself, highlighting its efficiency
in generating high-quality pseudo-labels for a substantial
volume of unlabeled images. Fourthly, the intuition behind
the promptable segmentation task of SAM was to enable
solving a range of downstream segmentation problems on
new data distributions through prompt engineering. In that
sense, the authors encourage composing SAM in a broader
system (e.g., where SAM acts as a combined component with
an existing object detector to prompt it for segmentation [2]).
Consequently, we developped a practical methodology to
streamline the generation of high-quality pseudo-labels
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with SAM on small labelled datasets, and applied it on a
forestry problem.

However, the crux of the challenge lies in providing
SAM with input prompts that effectively represent the
object of interest without being too ambiguous or overly re-
strictive. Should the segmentation predicted by SAM differs
significantly from the ground truth, it risks negatively im-
pacting the segmentation performance. In order for SAM to
generate better pseudo-labels than the ones from a finetuned
model, the prompts must strike a delicate balance — precise
enough to delineate the object of interest and simultaneously
generic enough to refine the initial object segmentation by
expanding or contracting the segmented pixels. For instance,
point prompts excel in expanding initial detections but may
fall short when the object is partially occluded or composed
of distinct parts. For example, if a point prompt lies on a
part or subpart, SAM might return the subpart, part, or whole
object. Thus, it is preferable to use more than one point or
combine it with other prompt inputs. Box prompts effectively
delimit the object’s spatial extent but introduce ambiguity
when the box encompasses multiple objects. Mask prompts
yield a more comprehensive prompt, yet their standalone use
is worse than box prompts [4].

To the best of our knowledge, no previous research has
built upon SAM to turn a large dataset of unlabeled im-
ages into a large pseudo-labeled dataset. While numerous
papers have investigated different applications for SAM, very
few report performance improvements compared to finetuned
models [4]-[6]. On medical images, studies reveal a notable
disparity between SAM predictions and ground truth [6],
[7]1. When testing three modes of prompts, the finetuned
model outperformed SAM detections for all prompt modes,
indicating that the domain gap might be too substantial for
SAM on medical images without undergoing a finetuning
process [7]. Since no attempts to use this kind of approach on
forestry images has been explored before, one of our goal is
to asses how well SAM can perform tree trunk segmentation.

In this paper, we investigate how SAM can be used to
produce high-quality segmentation masks on tree trunks,
when the labelled dataset is small (100 images). Our method
extends the groundwork established by Kirillov et al. [2] by
prompting SAM with boxes, masks, and points derived from
the predictions of an object detection model. Notably, the
point prompts are strategically sampled to focus on locations
with the highest confidence, thus having a greater likelihood
of corresponding to a tree trunk. The proposed approach
can generate high-quality pseudo-labels (see Figure 1) that
are effective for model training, resulting in a noteworthy
enhancement of segmentation performances by 7.7 AP*¢9
percentage points on our most varied test set. In specific
instances where entangled trees were pseudo-labeled as a
single one, our method can effectively disentangle them,
showcasing improved detection, particularly in scenarios
involving grouped trees. Furthermore, we found that pseudo-
labels generated by SAM for trees with unconventional
shapes were segmented qualitatively better.

In short, the main contributions of our paper are:

1) A highly diverse unlabeled dataset comprising 110,000
forest images with pseudo-labels and a subset of 100
human-labeled images;

2) A comparative analysis on prompting methods and the
impact of dataset size on performances;

3) A strategy based-on SAM to successfully generate
high-quality pseudo-labels.

II. RELATED WORKS
A. Semi-Supervised learning

The conventional framework for semi-supervised learning
methods is a small set of labeled data and a more extensive
set of unlabeled data. Most existing works do this in two
stages [8]-[11]. The first stage is the burn-in, where an
object detector is trained on the small labeled dataset. The
mutual learning stage unfolds in the second stage, where
the burn-in object detector is duplicated into two models:
a student and a teacher. The student is trained on strong
image augmentations and uses the predicted output of the
teacher from the same but weakly augmented image as the
ground truth. The teachers’ weights are generally updated
using an exponential moving average, which helps stabilize
training [12].

Although successful, the mutual learning stage of these
approaches makes it difficult to leverage SAM’s zero-shot
segmentation, as it would require three models running
at once on the GPU. This is also why these approaches
generally involve models with smaller backbones, such as
ResNet-50 [13] with 23 M trainable parameters compared to
ViT-H [14] with 632 M for SAM.

B. Pseudo-labeling with SAM

Foundational models such as SAM can be described as
models "trained on broad data at scale and are adaptable to
a wide range of downstream tasks" [15]. These models are
thus particularly interesting for application in domains like
forestry, where training data has been relatively scarce so
far [16]-[19]. Because of its novel promptable segmentation
task objective to return a valid segmentation mask for any
given prompt, SAM can predict a plausible mask even when
the prompt could refer to multiple objects (i.e., is ambigu-
ous). Its zero-shot segmentation capabilities have made it
a handy tool to label image datasets, including the dataset
on which it underwent training, SA-1B. Although SAM was
not entirely trained on mask labels generated by itself, the
labels of SA-1B publicly released only include automatically
generated masks, without human annotator input. In fact,
the data engine operated in three stages: 1) model-assisted
manual labeling, 2) semi-automatic label generation with
model-assisted labels and automatically predicted masks, and
3) a fully automatic stage with no human intervention. In
other words, the majority ' (99.1 %) of the 1.1 B segmenta-
tion masks from 11 M images are automatically generated
by SAM, then retrained on them. This demonstrates that

IThe publicly available SA-1B ground truth annotations only includes
automatically generated masks label, meaning the human-made labels are
kept private.
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Fig. 2: Workflow of our proposed pseudo-label method using SAM. First, the burn-in stage involves training an object detector on a small labeled dataset D; of tree trunks (either
CANATREE100 or FLICKRTREE100). In the second stage, images from the unlabeled dataset D,, are inputted simultaneously to the burn-in model and SAM. The detections
from the burn-in model serve as inputs to the prompt encoder before generating a potentially improved segmentation mask.

even though generated automatically, the mask labels are
high quality and effective for model training. Similar to this
retraining scheme, Cut and Learn [20] proposed a multi-
round self-supervised training, where the model successfully
learns from its own predictions.

Other works have shown interest in applying SAM’s zero-
shot performance with the hope of surpassing the current
image segmentation techniques in their respective domains.
Cheng et al. [7] comprehensively studied three prompt modes
for medical image segmentation on 12 different datasets.
Among the auto-prompt, point, and box prompt modes, the
authors identify the box prompt with zero jitters as the
most effective, yielding results competitive with the state-of-
the-art. However, box jitter can significantly degrade mask
accuracy [4], [7]. For the work of Ke er al [4], SAM
often fails to segment intricate structures such as thin ropes,
mesh, or poles. Using HQSeg-44K, a dataset regrouping
six existing datasets totaling 44,320 meticulously annotated
image masks, they propose to replace SAM’s original output
token with a lightweight, high-quality output token trained on
HQSeg-44K. The authors named the model HQ-SAM, and
reported improvements on all the datasets they tested. This
was obtained without compromising zero-shot segmentation,
since they only finetuned output tokens: no other parts of the
initial model weights were modified.

In our case, the labeled datasets dedicated to tree detection
are significantly smaller in scale compared to HQSeg-44K,
i.e. 100 instead of 44,320 annotated images. This limits our
ability to train the lightweight, high-quality output token
module of HQ-SAM. Instead, we drew inspiration from the
methodology employed in the (mostly) automated labeling
of SA-1B: a burn-in stage to train a detector to subsequently
pseudo-label a large dataset. Since we do not have the
resources to have a human-in-the-loop correcting pseudo-
labels for our 110k images as in the work of Kirillov et al.
[2], we restricted ourselves to only one iteration of pseudo-
labels, without human-in-the-loop.

III. METHODOLOGY

Our semi-supervised object detection approach is depicted
in Figure 2. It uses either of two small labeled datasets
(CANATREE100, FLICKRTREE100) of forest images with
box and segmentation mask annotations for trunks, as well
as a large unlabeled dataset of forests (FLICKRTREE1 10K)
described in Section III-B. Next, a model is trained on one
of the labeled datasets, which we refer to as the burn-in stage
in Section III-C. Starting from the predictions of the burn-
in model, we aim to prompt SAM with said predictions to
produce a better segmentation mask and bounding box co-
ordinates on new data distribution. Using various prompting
configurations described in Section III-E, pseudo-labels are
generated for FLICKRTREE1 10K. The last step is to finetune
a detection model on FLICKRTREE110K’s pseudo-labels.

A. Preliminary

Our objective is to obtain high-quality pseudo-labels y* for
a large dataset of unlabeled images D,, = {x¥}'|. A small
labeled dataset D; = {x.,y!}2¥', is used in the burn-in stage
(Section ITI-C). For each labeled image x', the annotations y*
contain categories, bounding boxes, and segmentation masks
of all trees of interest in the images. N! and N refer to the

number of labeled and unlabeled images, respectively.

B. Datasets

The extensive variation in geographical locations, species
composition, weather conditions, seasons, sensors, and scales
introduces significant distribution shifts in forest datasets.
Some of these variations can be captured in synthetic forest
datasets [21], [22], but the scarcity of large, ground-based
labeled datasets documented in the literature still poses
a significant challenge. Our FLICKRTREE1 10K unlabelled
dataset adresses this diversity issue, as can be seen in
Figure 3 for a number of randomly-selected samples. On top
of this, we supplemented our existing labelled dataset CANA-
TREE100 [18] by curating and labeling an additional 100



Fig. 3: Randomly sampled images from our unlabeled dataset FLICKRTREE110K.

images extracted from FLICKRTREE1 10K, and nicknamed it
FLICKRTREE100 (see Table I). Doing so allowed us to test
the generalization capabilities of our approach, for instance
when the burn-in is performed strictly on CANATREE100 or
stricly on FLICKRTREE100.

TABLE I: Characteristics of the datasets used in our experiments.

Dataset # Images Size # Labels  Location
CANATREE100 100 1280 x 720 920 Québec
FLICKRTREE100 100 < 800 x 800 1463 World
FLICKRTREE110K 110 937 < 800 x 800 N/A World

In details, CANATREE100 [18] comprises 100 images
collected from public, private, and commercial forests in
Quebec, Canada. It contains 920 labeled trees, and the
images were sampled from videos at a lower framerate
than other annotated tree datasets such as [16], [17], [19].
In the case of FLICKRTREE100, it contains 100 images
sourced from Flickr’. The Flickr dataset exhibits various
images collected by amateur photographers, encompassing
different camera models, resolutions, geographical regions,
and other parameters. Unlike CANATREE100, the images
in FLICKRTREE100 are not sourced from videos, resulting
in a much broader diversity and absence of motion blur.
It showcases complex vegetation structures, intertwined and
overlapping trunks or crowns, and a wide diversity of species
and tree sizes (see Figure 3).

Our large dataset of images D, is also sourced from
Flickr. Using their APIL, over 110k images with the key-
words "forest" and "tree" were downloaded. Note that as
these images were not subjected to human verification post-
download, some may not necessarily feature trees, rendering

Zhttps://www.flickr.com/

them irrelevant for tree detection purposes. The licenses for
images on Flickr can vary, as users can choose from a range
of licenses when uploading their content. Consequently, the
dataset is not self-contained, and only links to the image
URLSs will be provided to the research community>.

C. Burn-in stage

The burn-in stage involves training the object detector
model ViTDet [23] on the small, human-labeled dataset D;.
The object detector is initialized from a COCO checkpoint
and trained with the three standard supervised losses for the
class, box, and mask predictions :

Lsup = Lcls + )\bobeoac + )\maskLmask~ (1)

D. Pseudo-label generation from burn-in model

After burn-in, the trained detector presented above is used
to generate pseudo-labels y%,,,.,, for our FLICKRTREE110K
unlabelled dataset D,,. For each unlabeled image =" € D,,
the image is processed through the burned-in model, yielding
a pseudo-label %;,,.,, with an associated confidence score
0. Based on previous research findings [8] and our own
experiments, a confidence threshold §th = 0.5 is set in order
to reduce the negative impact of noisy pseudo-labels. In gen-
eral, low confidence predictions § < 0.5 are more likely to
be associated with false positive Subsequent non-maximum
suppression is also performed to remove overlapping pseudo-
labels.

E. Pseudo-label generation from SAM

One key aspect of our work is demonstrating how we
can improve the quality of these pseudo-labels y;: . . To

3Note that there is no guarantee that the URL links will exist or remain
in the future.
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this effect, we used SAM to segment trees, hoping to
attain a greater accuracy across geographically diverse forests
compared to what can be achieved by a burn-in model trained
on a small amount of domain specific data (i.e., Canadian
forests in the case of CANATREE100). We refer to a pseudo-
label generated by SAM as y¢ 4,,. Since we do it on the
entire dataset FLICKRTREE1 10K, the resulting pseudo-labels
are denoted y&,, ..

Different prompt configurations can be used to input SAM
with a prompt representative of the target object to segment.
We explored three strategies:

1) Bounding box prompt from a detector;

2) Bounding box, segmentation mask from a detector;

3) Bounding box, segmentation mask from a detector, and
five point prompts.

The first strategy is the same as the one used in [2], [7],
where a tree detector is used to feed the predicted bounding
box as prompts. The second strategy adds the segmentation
mask logits predicted by the tree detector as prompts. The
third strategy combines the first two, by adding point prompts
sampled from the predicted mask logits. To sample point
on regions that are likely trees, we use the max logits of
the mask. We posit that they correspond to areas with high
likelihood of being a tree according to the burn-in model.
The sampling strategy can be observed in Figure 4, the
vertical split was beneficial as it forces SAM to also segment
small regions at the tree’s end. In our experiments, using
a bounding box, mask, and five points per detected tree is
the best strategy to generate high-quality pseudo-labels with
SAM, and this strategy will be used in Section IV-B.

Ablation results for these three strategies are presented
in Section I'V-C.
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Fig. 4: Our proposed point prompt sampling strategy. The binary mask of the image
is split into five equal vertical areas to encourage SAM to segment the tree trunk in
its entirety, not just at a local area. A point is sampled from each area based on the
maximal logit value in this area.

F. Finetuning on pseudo-labels

Once pseudo-labels are generated, a ViTDet architecture
initialized on COCO is trained on D, with either the set
of pseudo-labels y3., .., or ¥4,,,.- The pseudo-label can be
directly from the burn-in model or generated by SAM.

Fig. 5: Examples of mask and box pseudo-labels generated by SAM using our proposed
prompting method with box, training soley on labeled and points. Top, middle: SAM
exhibits the capability to disentangle some of the wrongly segmented trees by re-
mapping the mask used as a prompt to the correct tree. This can turn false positives
into true positives. Bounding box coordinates are also readjusted to fit the entire trunk
detected by SAM if it was not the case. Bottom: Error case where SAM wrongly
associates background branches to the tree. It also correctly associates some of the
lower branches, causing the bounding box to cover a much larger area, which can hurt
the performances on the test set if the labels do not include branches.

IV. EXPERIMENTS

A. Implementation details

The ViTDet implementation and the initial COCO check-
point used are from the Detectron2 [24] library. We chose
a ViT-H backbone architecture since it is the largest and
highest scoring for object detection available from the check-
point list. It is also the same architecture used by SAM. The
burn-in model is trained on the train set of 60 images from
CANATREE100, referred to as CT-Train, and the validation



TABLE II: Experimental results on our two test sets. It shows performances without pseudo-labels (yl), with pseudo-labels (y;,,,.,), and with pseudo-labels refined by SAM
(Y& um)- Abreviations for CanaTree (CT) and FlickrTree (FT) are used. The prompt strategy to generate SAM’s pseudo-labels was a bounding box and a segmentation mask

predicted by the burn-in detector, along with five point prompts

Test set | Train set | AP .. APRS  AP;(%. AP;Y | ARRS .. ARYS  ARZY.  ARZY
v, 69.6 914 64.2 89.3 78.1 96.9 70.5 95.0
Y burm 70.4 92.8 64.3 92.0 78.4 97.8 69.4 96.6
CT-Test | Yetsam 69.6 92.4 63.8 91.4 78.3 97.5 69.5 96.4
ylft 65.4 89.4 57.9 88.2 76.5 97.5 65.6 95.5
Y4 burn 66.0 90.1 52.4 87.9 76.8 98.3 60.7 95.5
Y44 sam 66.0 89.9 57.0 87.8 76.8 98.0 64.5 953
v, 46.5 75.0 34.5 65.0 55.6 81.3 43.8 73.8
Y burm 54.6 80.9 454 76.2 63.6 87.8 53.8 83.3
FLTest | Yetsam 57.9 81.8 53.1 80.7 66.8 88.4 61.6 87.1
ylft 61.8 87.3 56.5 85.8 69.8 92.9 65.3 927
Y4 burn 63.0 89.9 57.1 87.5 714 95.8 64.2 93.7
Y44 am 64.6 90.1 60.6 88.7 72.3 95.8 66.9 94.2

TABLE III: Comparison of prompt methods used to generate SAM’s pseudo-labels,
evaluated on FT-Test.

Prompt APES  APRD o5 APSRY  APri%
Box 54.2 79.7 43.1 77.8
Box, mask 54.7 81.3 45.9 78.2
Box, mask, 5 points 57.9 81.8 53.1 80.7

set is used to monitor the model training. The burn-in model
is trained for 4500 iterations, with a batch size of 4. The
learning rate is le-4, multiplied by a 0.1 factor at steps [800,
2600]. We used the same data augmentation as in the original
implementation of ViTDet [23].

To generate SAM’s pseudo-labels, the HQ-SAM variant of
SAM was used as it Ke et al. [4] empirically demonstrated
better segmentation mask and robustness to noisy box prompt
inputs. For the sake of brievty, we refer to HQ-SAM as
SAM in our results. The model’s parameters used for SAM’s
pseudo-labels are a threshold of 86 for the intersection over
union (IoU) prediction score, single mask output, and no
post-mask refinement.

To measure the impact of training on pseudo-labels, we
re-initialize ViTDet from the COCO checkpoint. It is trained
for 50k iterations, with a batch size of 4, a learning rate of
le-4 multiplied by a 0.1 factor at steps [2000, 10000].

B. Results

We measure the quality of a pseudo-labeling method
by evaluating performance of an objector detector model
(ViTDet) trained on either y%, ., or y4,,, pseudo-labels.
Table II shows the detection results when i) only training
on a labeled dataset, ii) training on pseudo-labels y%,,.,
generated by the burn-in model, and iii) training on pseudo-
labels y% 4,, refined by SAM. For this experiment, the
prompt strategy to generate y§ 4,, was a bounding box and
a segmentation mask predicted by the burn-in detector, along
with five point prompts sampled from the mask as described
in Section III-E and Figure 4.

From Table II, we observe that training solely on labeled
data yields competitive results on CT-Test, albeit slightly
underperforming the other training methods by less than
0.9% AP/AR. We did not see a significant performance

TABLE 1V: Effect on performance for reduced dataset size, evaluated on FT-Test. It
shows performances with pseudo-labels (yy,,,.,,). and with pseudo-labels refined by
SAM (Yeom)

Size  Trainset | AP2 . AP AP Y. AP..Y
v, 546 809 454 76.2
100% ™™ | 579 818 531 80.7
0% Yoo | 342 806 455 76,7
ve, oMl 575 815 518 79.5
s Yoo | 346 807 454 763
ve | 575 811 518 78.5
T Vi | B3 717 443 745
©yET | ssa 717 S04 76.8

improvement on CT-Test, possibly because CANATREE100
mainly contains straight tree trunks with minimal branches
(i.e., easy FLICKRTREE1 10K samples).

However, when evaluated on a test set containing an
array of diverse and complex images such as Flickr-Test,
we observe a significant gain in detection and segmentation
preformance for models trained on pseudo-labels generated
with or without SAM. Quantitatively, we observe that models
burned-on CANATREE100 and trained on the pseudo-labels
YY sum generated by SAM see an improvement of 3.3
AP o= and 7.7 AP:(%. when tested on FT-Test. For the
models burned-on FLICKRTREE100, the improvement is 1.6
APY o5 and 3.5 AP:;%- when tested on FT-Test.

An explanation for this increase in performance on FLICK-
RTREE100 and not on CANATREE100 is that the labels
generated by SAM for straight, normal-looking trees are
often very similar to those without SAM. As can be observed
in Figure 5, the main difference arises when trees are close
to each other in a bunch, but also when they are inclined
like in Figure 1. In these cases, it appears that the model
learned from SAM’s pseudo-labels y% ,,, new correlation
and patterns that generalize better than y%,,,,, generated by
the burn-in model.

These results indicate that training on pseudo-labels y¢ 4,
generated by SAM can improve detection results, highlight-
ing the benefits of foundational models to generalize on
diverse images, including forests. Another takeaway is the
importance of the burn-in dataset, where burning a model



on FLICKRTREE100 generalizes significantly better.In fact,
a model burned on CT-Train drops from 69.6 AP to 46.5 AP
when tested on CT-Test and FT-Test, respectively. That is a
23.1 AAP percentage points drop compared to a 3.8 AAP
percentage points drop (from 65.4 to 61.8 AP) for the model
burned on FT-Train.

C. Prompting method

To demonstrate the effectiveness of our prompting method,
we compared it with two other variants. The first is prompt-
ing SAM with the detected box only, and the second is with
the box and detected mask.

Table III shows the importance of using point prompts in
addition to the box and mask prompt, gaining 3.2 AP -
and 7.2 AP;;%; percentage points over the second best
method, box and mask. We conjecture that point prompts
guide SAM into segmenting the specific object of interest
inside the bounding box without being as restrictive as
the mask prompt. As Ke ef al. [4] noted before us, more
prompt information means less object ambiguity, and leads
to performance increase.

D. Impact of pseudo-labeled dataset size

To evaluate sample efficiency, FLICKRTREE110K is split
into subsets of varying proportions [10, 5, 1] %, with their
corresponding pseudo-labels y',,,.., Or ¥4, As before, a
ViTDet detector is initialized from a COCO checkpoint but
is trained on each subset’s pseudo-labels instead of the entire
pseudo-labeled dataset.

From the results in Table IV, we see that even when re-
ducing to 1 % of FLICKRTREE1 10K dataset size, the models
trained on SAM’s pseudo-labels consistently outperform the
ones without. Interestingly, the impact of reduced dataset
size is more pronounced for segmentation mask predictions.
In fact, the model performances scale significantly better
with dataset size when the pseudo-labels are provided
by SAM. When using 100 % of the labeled data versus 1 %,

we observe an improvement of 2.5 AP% .. and 2.7 AP:(%:,
compared to gains of 1.3 AP and 1.1 AP:(? percentage

points (on scores that are already worse) for pseudo-labels
generated without SAM.

V. CONCLUSION AND FUTURE WORKS

To the best of our knowledge, the proposed dataset of
110k images, along with our pseudo-labeling method based
on SAM, is the first attempt to leverage unlabeled images
in forests for tree detection and segmentation. Our principal
contributions are the unlabeled dataset FLICKRTREE110K,
FLICKRTREE100, along with FLICKRTREE100, which is a
subset of 100 manually labeled images, a practical point
prompt sampling strategy that improves the quality of
pseudo-labels generated by SAM, and a comparative anal-
ysis of different prompting strategy and unlabelled dataset
size. Overall, both the dataset and pseudo-label generation
method significantly impacted the zero-shot detection and
segmentation performances of the ViTDet models trained on
them. We believe that our datasets will be a great addition to

the research community as abundant training data in forests,
even unlabeled, is lacking.

In future works, we plan to improve on the pseudo-labels
released with the dataset or even provide additional human-
labeled images so future research can benchmark their results
on a large, statistically significant test set. It would also be
interesting to finetune HQ-SAM on forest images so it learns
to output correctly segmented trees even with noisy prompt
inputs.
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