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Introdução a visão computacional



Câmeras e Aquisição de Imagens

Câmera RGB

Especificar para sua aplicação:

• Campo de visão (distância focal da lente)
• Resolução da câmera (tamanho da imagem em pixels)

rehago.com.br

https://rehagro.com.br/blog/manejo-de-plantas-daninhas-na-cultura-do-cafe/


Câmeras e Aquisição de Imagens

Ray Asebedo
FLIR

Câmera Térmica

https://www.agupdate.com/livestock/thermal-cameras-arm-drones-for-cattle-scouting/article_7d600208-8013-5969-8fb9-5c168a08459f.html
https://www.flir.com.br/products/adk/


Câmeras e Aquisição de Imagens

MicaSense

Câmera Multiespectral

Azul (475nm) Verde (560nm)

Vermelho (668nm)

Vermelho (717nm)

Near IR (842nm)

RGB

https://micasense.com/rededge-mx/


Câmeras e Aquisição de Imagens

MicaSense

Câmera Multiespectral

Azul (475nm) Verde (560nm)

Vermelho (668nm)

Vermelho (717nm)

Near IR (842nm)

Mapa de Clorofila

https://micasense.com/rededge-mx/


Câmeras e Aquisição de Imagens

MicaSense

Câmera Multiespectral

Azul (475nm) Verde (560nm)

Vermelho (668nm)

Vermelho (717nm)

Near IR (842nm)

Normalized Difference Red Edge Index (NDRE)

https://micasense.com/rededge-mx/


Câmeras e Aquisição de Imagens

MicaSense

Câmera Multiespectral

Azul (475nm) Verde (560nm)

Vermelho (668nm)

Vermelho (717nm)

Near IR (842nm)

Normalized difference vegetation index (NDVI)

https://micasense.com/rededge-mx/


Câmeras e Aquisição de Imagens

MicaSense

Câmera Multiespectral

Azul (475nm) Verde (560nm)

Vermelho (668nm)

Vermelho (717nm)

Near IR (842nm)

Color Infrared (CIR)

https://micasense.com/rededge-mx/


Imagens Digitais

• Níveis de cinza:
1 canal (matriz 2D)
Pixel com valores de 0 a 255

226 239 237 237 236 233 236 238 232 229 229 227 228 231 238 244 237 226 225
230 245 212 191 190 201 225 225 222 222 224 221 224 237 232 217 204 201 220
234 255 223 159 117 151 201 207 210 217 223 220 223 233 194 137 123 152 202
238 250 230 131 71 121 176 198 207 217 221 218 213 187 102 47 88 166 214
232 237 223 153 95 84 125 184 206 219 224 213 165 90 31 58 141 207 224
215 218 222 198 135 78 94 151 184 197 202 164 86 39 70 148 195 205 205
204 204 207 196 139 112 114 122 152 164 164 101 31 51 143 211 218 208 200
204 196 198 195 163 157 159 127 112 102 79 48 55 115 188 224 219 211 203
198 191 189 193 193 198 207 149 72 31 0 31 121 188 211 214 211 209 204
193 191 190 194 202 211 219 159 56 1 1 69 161 200 208 211 214 217 208
197 197 197 206 221 219 180 101 30 22 61 103 127 164 200 208 217 221 209
197 202 204 209 207 167 95 48 63 111 152 139 111 128 148 177 211 212 205
193 204 208 205 165 84 28 60 139 198 210 175 159 128 79 135 196 196 200
191 207 215 181 105 45 49 111 174 207 215 196 191 154 93 111 153 174 192
192 206 192 124 51 52 121 176 188 191 200 205 206 187 146 95 92 143 178
194 200 169 84 50 108 175 201 197 196 199 201 201 194 168 102 86 142 173
190 192 177 129 131 185 207 207 203 201 198 196 193 191 176 141 139 172 180
186 190 188 182 203 221 210 202 202 201 196 193 190 186 179 173 176 186 187
183 187 193 188 189 198 195 191 191 194 195 191 188 184 183 184 185 185 184



Imagens Digitais

• RGB
3 canais (R,G,B)
pixel com valores de 0 a 255

Imagem: Saha, S. (2018)

red

green

blue

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53


Imagem

• Níveis de cinza
1 canal
pixel com valores de 0 a 255

• RGB
3 canais (R,G,B)
pixel com valores de 0 a 255



Espaço de Cores

• RGB

• HSV ou HSI



Imagens Digitais

• HSV
3 canais (H,S,V)
pixel com valores de 0 a 255

10 < H < 30 32 < H < 90 95 < H < 115



Detecção de Bordas

Resultado do Sobel Resultado do Roberts



Detecção de Bordas

Resultado do Sobel



Convolução

fonte: GIPHY

1 0

0

0

0 1

1

1 1

Máscara ou Filtro

Imagem

Resultado da Convolução

https://giphy.com/gifs/blog-daniel-keypoints-i4NjAwytgIRDW


Convolução

Filtro Sobel:



Detecção de Retas e Círculos

Tomasz Kacmajor

Hough Transform - Lines

https://medium.com/@tomasz.kacmajor/hough-lines-transform-explained-645feda072ab


Detecção de Retas e Círculos

Mathworks

Hough Transform - Circles

https://ww2.mathworks.cn/matlabcentral/mlc-downloads/downloads/submissions/26978/versions/4/previews/html/circle_houghdemo.html


Detecção de Cantos

Método de Harris para Detecção de Cantos 

medium.comhttps://summervisionproject.com/harris-corner-detection/

https://medium.com/swlh/harris-corner-detector-an-overview-of-the-original-paper-cf20c502ab0f


Detecção de Cantos

Método de Harris para Detecção de Cantos 



Extração de Características (Features)

SIFT – Scale Invariant Feature Transform

David G. Lowe, "Distinctive image features from scale-invariant keypoints," International Journal of Computer Vision, 60, 2 (2004), pp. 91-110

VLFeat

https://www.vlfeat.org/overview/sift.html


Extração de Características (Features)

SIFT – Scale Invariant Feature Transform

David G. Lowe, "Distinctive image features from scale-invariant keypoints," International Journal of Computer Vision, 60, 2 (2004), pp. 91-110

Matching (Correspondência)



Extração de Características (Features)

• SIFT – Scale Invariant Feature Transform (2004)
• SURF – Speeded Up Robust Fetures (2006)
• FAST – Speeded Up Robust Fetures (2006)
• BRIEF – Binary Robust Independent Elementary Features (2010)
• ORB – an efficient alternative to SIFT or SURF (2010)
• LIFT - Learned Invariant Feature Transform (2016)
• SuperPoint (2017)
• LF-NET (2018)
• D2-NET (2019)
• R2D2 (2019)



Correspondência por Correlação



Segmentação de Imagens

Comaniciu, D.; Meer, P.; Mean Shift: A Robust Approach Toward Feature Space 
Analysis. IEEE Trans. on Pattern Analysis and Machine Intelligence, vol 24, no. 5, 
2002.

Mean Shift



Classificação e Detecção de Objetos

https://www.datacamp.com/community/tutorials/object-detection-guide



Aprendizado de Máquinas

Entradas

Saída 
Conhecida

Modelo 
(Parâmetros da 

Rede)

Atualização dos 
Parâmetros da 

Rede

Erro

Saída 
Inferida



Aprendizado Profundo

• Redes Neurais Convolucionais

A Comprehensive Guide to Convolutional Neural Networks — the ELI5 way

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53


Segmentação (SegNet)



Visão Estéreo



Visão Estéreo

Tsukuba Dataset



Visão Estéreo

Mapa de Disparidade



Visão Estéreo
Visão Estéreo
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plano epipolar

I Plano epipolar: plano formado pela linha de base e pelo ponto P , e contém p, p
0;

I Linhas epipolares: intersecção do plano epipolar com os planos de projeção ⇧ e
⇧0 definem as linhas l e l

0;

Prof. Dr. Valdir Grassi Jr / São Carlos School of Engineering / University of São Paulo 9



Visão Estéreo



Visão Estéreo



Mosaico de Imagens



Mosaico de Imagens



Mosaico de Imagens



Mosaico de Imagens



Mosaico de Imagens

https://diydrones.com/profiles/blogs/great-post-on-agricultural-drone-mapping



Aplicações na agricultura



Universidade de São Paulo
Brasil

4
5

Inscrição SIICUSP: 3931

Detecção de plantas utilizando algoritmos de segmentação e 
de constância de cor para navegação robótica

Autor: Gabriel Corrêa de Oliveira
Orientador: Marcelo Becker

29º SIICUSP - 2021



Universidade de São Paulo
Brasil

LabRoM
USP-EESC-SEM

Prof. Marcelo Becker - USP-EESC-SEM

Problema de pesquisa

Navegação autônoma do TerraSentia

Folhas obstruindo o caminho



Universidade de São Paulo
Brasil

LabRoM
USP-EESC-SEM

Prof. Marcelo Becker - USP-EESC-SEM

Método
Segmentação

Filtro e espaço 
de cor

Filtro gaussiano
e índice de cor

Superpixel

Folha, solo e céu

Descritores e 
machine learning

Fast-SLIC

Detecção folhas 
obstrutoras

Busca por 
superpixels fora 
da região usual

Pré-processamento

Progresso
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Odometria Visual

Figura 1. Trilha de um Milharal. Fonte: Veja, 2017
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Plantação de milho utilizada na pesquisa

Conduzir o robô de pequeno porte
(TerraSentia) por dentro dos 
corredores da plantação de milho
utilizando visão computacional.
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Método Aplicado

Filtro gauss aplicado Binarização e operação de abertura aplicadas Detecção de borda (Canny) aplicada
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Método Aplicado

Operação de invólucro convexo Transformada Hough aplicada Definição da direção
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Resultados

Direção definida pelo método em verde e 
resultado esperado em vermelho.

Direção definida pelo método em verde e 
resultado esperado em vermelho.
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Detecção de Ervas Daninhas

https://github.com/awangenh/Weed-Mapping



Detecção de Frutas
Sensors 2016, 16, 1222 19 of 23
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Figure 20. Eight instances (a–g), and (h) of orange detection (varying levels of ripeness). Images are
obtained from Google Images.
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(e) (f) (g) (h)

Figure 21. Eight instances (a–g), and (h) of strawberry detection (varying levels of ripeness). Images
are obtained from Google Images.

Sensors 2016, 16, 1222 19 of 23

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 20. Eight instances (a–g), and (h) of orange detection (varying levels of ripeness). Images are
obtained from Google Images.
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Figure 21. Eight instances (a–g), and (h) of strawberry detection (varying levels of ripeness). Images
are obtained from Google Images.
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Figure 18. Eight instances (a–g), and (h) of avocado detection (varying levels of ripeness). Images are
obtained from Google Images.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 19. Eight instances (a–g), and (h) of mango detection (varying levels of ripeness). Images are
obtained from Google Images.

Sa, I.; Ge, Z.; Dayoub, F.; Upcroft, B.; Perez, T.; McCool, C. DeepFruits: A Fruit Detection System Using Deep Neural Networks. Sensors 2016, 16, 
1222. https://doi.org/10.3390/s16081222



Estimativa Monocular de Profundidade

• Aprendizado profundo 
supervisionado para estimativa 
monocular de profundidade;
• Arquitetura proposta: 

DenseSIDENet;
• Parâmetros de treinamento: 2M 

até 12M;
• Predição entre 32fps a 88fps;
• Capaz de estimar profundidade 

e normal de superfícies;

Imagem de câmera embarcada no veículo

Resultado de estimativa de profundidade. 
Cores quentes indicam objetos mais próximos da câmera.

MENDES, R. d. Q.; RIBEIRO, E. G.; ROSA, N. S.; GRASSI JR., V. On deep learning techniques to boost monocular depth 
estimation for autonomous navigation. Robotics and Autonomous Systems, v. 136, p. 103701, 2021
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Fig. 4. Multi-task learning architecture for simultaneous learning of instance segmentation and depth estimation. (a) a shared ResNet-50 backbone is split into (c) two task specific
modules. These modules are combined using (b) our greedy approach and they are followed by (d)–(e) a sequence of layers responsible for estimating the final representations of
each task. The estimated outputs are integrated to perform (f) the spatial instance segmentation. See Section 3.2 for more details. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

For quantitative evaluations, we used the same metrics adopted
by Sener and Koltun (2018), Cipolla et al. (2018), the root mean square
error (RMSE) and mean intersection-over-union (mIoU):

RMSE =

yxxw1
n

n…
i=1

�
yi * Çyi

�2

IoUc =
y „ Çy
y ‰ Çy

=
≥n

i=1 min(yi, Çyi)≥n
i=1 max(yi, Çyi)

, (yi, Çyi) À {0, 1}

mIoU = 1
C

C…
c=1

IoUc

where Çy is the estimated value, y is the ground truth, n is the total
number of pixels in the evaluated images and C = 9 treats all classes,
i.e., 8 instances classes and background.

In addition to these metrics, the Average Precision (AP) metric is
also used to evaluate the instance segmentation task. This metric is
an extension of the commonly used object detection metric, Recall =

TP
TP+FN and Precision = TP

TP+FP , where TP is true positive, FP is false
positive and FN is false negative.

Given an image, the segmentation algorithm produces a set of
hypotheses, where each hypothesis is composed of a segmentation
prediction and a score. One hypothesis is considered correct if the IoU
between predicted instance mask and ground truth is greater than a
threshold, ↵. From this, the Precision–Recall (PR) curve and the area
under the PR curve, defined as Average Precision, are calculated. In
the CityScapes benchmark, the ↵ value ranges from 0.50 to 0.95 with a
step size of 0.05 to avoid bias in favor of a single threshold. Thus, the
Average Precision is calculated from the average over threshold values.

4.2. Ablation studies

Impact of weighting coefficients: In order to analyze the influence of
the weighting coefficients in the model convergence and allow a fair
comparison with (Sener and Koltun, 2018) in evaluating how different
objective functions are combined and optimized, we adopted the same
architecture as (Sener and Koltun, 2018). Thus, the encoder consists of
a ResNet-50 (He et al., 2016) initialized with ImageNet weights (Deng
et al., 2009), and each task decoder consists of a Pyramid Pooling
Module (Zhao et al., 2017). In this ablation study, we trained each
model during 200 epochs with L2 loss and without considering the
proposed sub-modules (Fig. 4(d)–(e)).

Table 1
Root Mean Squared Error (RMSE) of evaluated methods. Experiments were conducted
using the CityScapes validation set with resized resolution of 256 ù 512.

Instances error
[px]

Disparity error
[px]

Single task 9.7799 5.3242
Sener and Koltun (2018) 10.4987 5.2732
Uniform weighting 9.7490 5.4733
Greedy approach (ours) 9.7226 5.3766

Table 1 presents the evaluation results performed on the test set,
exactly as it has been done in Sener and Koltun (2018) and Cipolla
et al. (2018), i.e., evaluating the pixel direction estimation with respect
to the center of mass of each instance and the disparity estimations. We
report the Root Mean Squared Error (RMSE).

The first row shows the model’s performance when it is trained
individually for each task. We define these performances as our baseline
to evaluate the methods. Therefore, when we train multiple tasks
simultaneously, the model’s performance should be better than training
each task independently.

The performance obtained reproducing (Sener and Koltun, 2018)
is shown in the second row. As it can be seen, the method proposed
by Sener and Koltun (2018) resulted in the smallest disparity error
and the largest error related to instance segmentation task. This is
possibly because (Sener and Koltun, 2018) search for a common descent
direction between all tasks that generates the least magnitude vector.
Consequently, since we have tasks with different orders of magnitude,
this method underweighted the task related to instance segmentation so
that it does not dominate another task during training. However, this
made the disparity estimation task have greater importance during the
training process, making the model to converge only in relation to one
task.

On the other hand, when we define the same importance for both
tasks (i.e., kt = 1

T ,≈t À {1,… , T }) as adopted in most of the works
that perform multi-task learning, we can observe that this weighting
improved the performance related to instances regression. However,
regarding disparity estimation, the performance was worse than train-
ing a single-task model. This confirms that, in a uniform weighting,
the task with highest order of magnitude dominates the training and
convergence occurs mainly in relation to this task.

Finally, our greedy approach is shown in the last row, which re-
sulted in the best performance in the instances regression task. Al-
though it did not result in the smallest disparity estimation error, it

5

NAKAMURA, A. T. M.; GRASSI JR., V.; WOLF, D. F. An effective combination of loss gradients for multi-task learning applied on 
instance segmentation and depth estimation. Engineering Applications of Artificial Intelligence, v. 100, p. 104205, 2021.

Segmentação de Instância e 
estimativa de profundidade;



Manipulação Robótica

• Rede neural convolucional para detecção 
de pontos de preensão robótica.

Pontos de preensão detectados em azul

RIBEIRO, E. G.; MENDES, R. d. Q.; GRASSI JR., V. Real-time deep learning approach to visual servo control and grasp 
detection for autonomous robotic manipulation. Robotics and Autonomous Systems, v. 139, p. 103757, 2021.
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Mapeamento de Florestas

Pgap z; θð Þ ¼ 1−

Z z¼rcosθ

0
ρapp rð Þ dr

ρaG θð Þ2
ð10Þ

where ρa is the normal reflectance of the target. An assumption
of the appropriate G function and some scaling of Pgap are
generally applied [29••]. At the base of the canopy z=0, no
canopy elements have been detected by the TLS instrument so
Pgap=1. At the top of the canopy z=h, in theory, all elements
that are within the field of view have been detected and

Pgap h; θð Þ ¼ e−G θð ÞL=cosθ ð11Þ

Thus, Pgap (z, θ) is a monotonically decreasing function
with increasing height, which leads to a monotonically in-
creasing function describing the cumulative leaf area:

L zð Þ ¼
−ln Pgap z; θð Þ

! "
cosθ

G θð Þ
ð12Þ

The foliage profile is simply the derivative of this cumula-
tive leaf area:

f zð Þ ¼ dL zð Þ=dz ð13Þ

Foliage profiles derived from TLS have been published by
many authors since those demonstrated by Lovell et al. [19••].
Their value over and above the estimation of L is clear, since
they include information on canopy height and relative areal
density of canopy elements within strata (e.g. Fig. 2). Work
continues to improve the retrieval of these profiles by address-
ing issues of canopy clumping [41], to address influence of
topography [42] and to test new instrument types [43].

The measurement of gap can also be used to determine the
woody structure within a forest. Assuming a random distribu-
tion of tree stems and no occlusion by undergrowth and
branches, Lovell et al. [44] describes the gap probability for
a forest in the horizontal plane at breast height as

Pgap r; θ ¼ π
2

# $
¼ e−ψDBHr ¼ e−2

ffiffiffiffiffiffiffiffi
ψ BA

π

p
r ð14Þ

This measurement of gap is a useful structural metric in
itself, although it is a function of traditional metrics. To deter-
mine ψ, DBH or BA, DBH can first be estimated from
unoccluded trees. Once DBH is known, ψ and then BA can
be determined from measured Pgap. Conversely, ψ can be
estimated based on the expected number of unoccluded trees
as a function of r, allowing DBH or BA to be computed.

Both Strahler et al. [28••] and Lovell et al. [44] describe the
use of TLS to replicate Bitterlich [9] angle count methods to
estimate BA directly. In the case of [44], the intensity as the
beam traverses a stem along the horizontal plane was used to
determine angular span. Yao et al. [45] used these methods
and existing allometric equations to determine stand biomass,
explaining 85 % of the variance in those derived from field
survey methods.

Assessment of BA using TLS is of limited use if estimates
cannot be extrapolated over the landscape. One of the key
values of the foliage profile f(z) is the fact that it provides a
direct link to airborne lidar surveys. In theory, the vertically
projected foliage profile is equivalent to those derived from
airborne lidar [19••, 46, 47]. This provides a unique way to
scale up the detailed multi-angular assessments from TLS
[48•]. For example, if the form factor for a given forest type
is known and height can be measured directly using airborne
lidar data, isometric or allometric relationships between f(z)
and BA can be used to map timber volume at compartment or
landscape scales (Eq. 2).

Geometrical Modelling

In parallel to the development of Pgap methods for assessing
forest structure, methods were also being developed that at-
tempt to model the geometrical structure of forest objects.
Geometrical modelling approaches exploit the structure of

Fig. 1 Dual-wavelength Echidna lidar (DWEL) scan of an open
eucalyptus forest at Tumbarumba, Australia. The image uses a blue–red
colour table applied to the normalised difference index (NDI), which uses

the wavelength combination (1064–1548)/(1064+1548). The distinction
between woody and non-woody material can clearly be seen in the level
of the NDI irrespective of range from the instrument

Curr Forestry Rep

Dual-wavelenght Echidna LiDAR (DWEL)

Newnham, G.J., Armston, J.D., Calders, K. et al. Terrestrial Laser Scanning for Plot-Scale Forest Measurement. Curr Forestry Rep 1, 239–251 
(2015). https://doi.org/10.1007/s40725-015-0025-5
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SLOAM: Semantic Lidar Odometry and Mapping
for Forest Inventory

Steven W. Chen1⇤, Guilherme V. Nardari2⇤, Elijah S. Lee1, Chao Qu1, Xu Liu1, Roseli A. F. Romero2, and Vijay
Kumar1

Abstract—This paper describes an end-to-end pipeline for

tree diameter estimation based on semantic segmentation and

lidar odometry and mapping. Accurate mapping of this type of

environment is challenging since the ground and the trees are

surrounded by leaves, thorns and vines, and the sensor typically

experiences extreme motion. We propose a semantic feature based

pose optimization that simultaneously refines the tree models

while estimating the robot pose. The pipeline utilizes a custom

virtual reality tool for labeling 3D scans that is used to train a

semantic segmentation network. The masked point cloud is used

to compute a trellis graph that identifies individual instances and

extracts relevant features that are used by the SLAM module. We

show that traditional lidar and image based methods fail in the

forest environment on both Unmanned Aerial Vehicle (UAV) and

hand-carry systems, while our method is more robust, scalable,

and automatically generates tree diameter estimations.

Index Terms—Robotics in Agriculture and Forestry, SLAM,

Deep Learning in Robotics and Automation, Virtual Reality and

Interfaces

I. INTRODUCTION

O
BTAINING accurate timber inventory is crucial for
forest managers. Foresters currently use Terrestrial Laser

Scanning (TLS) sensors [1], [2] to extract tree metrics with
high accuracy and reduced manpower [1]. However, these
sensors need to be moved around to measure the timber
inventory at multiple locations for full coverage of the forest,
requiring additional time and manpower. We propose a robotic
timber cruise involving a robot navigating a stand of timber,
measuring samples, and estimating the total forest volume.
Fig. 1 shows our Unmanned Aerial Vehicle (UAV) used in this
work, and the resulting estimated timber map. This approach
provides increased data granularity allowing foresters to make
optimized management and harvesting decisions.

Deploying UAV systems is appealing for a variety of
applications including fruit counting [3], [4], disaster manage-
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Fig. 1: Our UAV performing a timber inventory acquisition
by simultaneously estimating its state and the tree diameters.
Bounding boxes are manually added to illustrate the same
landmarks in the 3D point cloud and the 2D image.

ment [5], and penstock inspection [6]. Previous works [7]–
[10] focus on autonomous navigation in cluttered [10] or
GPS-denied environments [7]. Many works employ UAVs
in forests [8]–[14]. Most enable autonomous navigation by
detecting and following forest trails using learning-based ap-
proaches [9], [11], [12]. Cui et al. [8] uses a 2D laser range
finder to navigate autonomously, but makes the assumption
that the UAV height does not drastically change. More re-
cently, [10] develops a UAV platform equipped with a 3D lidar
and IMU for navigating in timber environments and building
point cloud maps, and [13], [14] review the UAV applications
in forestry. None of these prior works focus on the problem
of estimating timber volume.

Reche et al. [15] addresses the timber inventory problem
by modeling trees from photographs, and Fritz et al. [16] uses
photogrammetric point clouds collected over canopy to map
tree stems. Other works estimate tree attributes using TLS [1],
[2]. Relying on photography or TLS can be time consuming,
and capturing data over dense forest canopy may not provide
accurate tree diameter at breast height (DBH).

Our work leverages UAVs and lidars for measuring timber
inventory, particularly tree DBH estimation, by focusing on
solving the simultaneous localization and mapping (SLAM)
problem. Previous methods, such as lidar odometry and
mapping (LOAM) [17], rely on texture-based features that
are brittle in forest environments. Our goal is to develop a
Semantic LOAM (SLOAM) algorithm that extends ideas from
semantic SLAM [18] for forestry applications. Our key idea
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(a) A-LOAM: Line and plane feature points
are green (bottom).

(b) SLOAM (Our Method): Explicitly detects
and models semantic landmarks.

(c) GICP: No distinction made between
points.

Fig. 5: SLOAM is the only method succeeds in handling aggressive motions (yaw). Top Row (UAV dataset): Colored by
z-axis. A-LOAM and GICP maps are blurry, indicating failure in mapping. Bottom Row (Handheld dataset): Colors illustrate
the different ways each method treats the points.

Fig. 4 displays each method’s trajectory on the UAV dataset,
and Table II quantifies the drift error between start and end.
SLOAM achieves the lowest drift. A-LOAM clearly drifts,
while the T265 outright fails. The VIO failure is expected, as it
cannot handle extreme rotations. According to these trajectory
metrics and plots, GICP seems to track closely with SLOAM,
and achieves a similar magnitude of drift.

However, Fig. 5 demonstrates that GICP also has difficulty
with these datasets. The top row demonstrates the differences
in the point cloud maps for each of the lidar based methods.
Both A-LOAM and GICP produce blurry maps with frequent
ghosting of trees. This blurring is unacceptable when we
need to estimate the diameter of the trees with high accu-
racy. SLOAM, on the other hand, produces a crisp map that
preserves fine details in the tree shapes. The fact that GICP
performs comparably to SLOAM in the trajectory metrics, but
much worse when viewing the point cloud maps, indicates that
it has difficulty with rotation motions such as yaw, since the
trajectory only measures x,y, and z positions.

SLOAM outperforms A-LOAM and GICP because our
semantic features are more reliable than texture-based lines
and planes. Specifically, for both ground and tree features,
data association is more robust since it inherently filters out
noise, and the resulting cost function is more informative due
to the use of landmark shapes. While these texture features
are reliable in man-made environments, they are problematic
in natural environments which lack clear planar and edge
surfaces. The bottom row of Fig. 5 illustrates the different
ways each method treats the points. SLOAM detects each
semantic landmark, indicated by the different colorings of each
tree instance. On the other hand, the A-LOAM features appear
random, indicating that they are not distinctive and are thus
prone to frequent data misassociation. Finally, GICP does not
make a distinction between the points. This approach works
well when the motion is slight, but it is also susceptible to

Detected Trees Mean Median Max Min
29 0.67 0.6 1.4 0.1

TABLE III: DBH Metrics in hard UAV experiment

data misassociation during extreme rotations.
Compared to SLOAM which uses a point to cylinder cost

function, both A-LOAM and GICP only utilize a point to
plane or point to line cost functions to compute the pose trans-
formation. These approaches force a false planar model onto
the cylinders, and will introduce slight errors that manifest as
wider, blurry trees. While these small errors will not lead to
an outright failure in the sensor state estimates, they are still
unacceptable due to the high precision and accuracy necessary
to measure tree diameters.

We next evaluate how well SLOAM can estimate the DBH
of the tree landmarks. We obtain these estimate for free, as
we can use the semantic models and features to extract out
the diameter for each landmark. For the hard UAV dataset
described in the previous section, we manually measured 35
trees that were in the path of the robot and use the models
generated by our method to estimate DBH. We summarize the
DBH estimation results compared to human measurements in
Table III. SLOAM detected 29 trees with an average error is
0.67 in, which falls within the desired accuracy as typically
in industry the measurements are taken to the nearest inch.

We found that using the diameter parameter of our cylinder
models to estimate the DBH had a few large outliers. Instead,
we found that it was more effective to take the median of
all the radii estimates across all beams in all scans, which
yielded the results presented in Table III. This process still
requires accurate registration from SLOAM to group these
beams together. We believe that since only half of the cylinder
can be viewed from the lidar at a single scan, the presence
of noise or insufficient features can cause instability in the
geometric least squares optimization process. It does not seem
to affect the pose estimation optimization process, as the

S. W. Chen et al., "SLOAM: Semantic Lidar Odometry and Mapping for Forest Inventory," in IEEE Robotics and Automation Letters, vol. 5, no. 2, pp. 612-
619, April 2020, doi: 10.1109/LRA.2019.2963823.
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